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ABSTRACT

Without doubt, Internet has made for people to communicate easily with
others because it is cheap and convenient. Besides, today's world has a growing
demand for immediate and accurate information. However, language remains an
important barrier that prevents all information from being spread across different
cultures because of the high cost in terms of money and time that human translation
implies. Therefore, the demands and challenges for translation from one language to
another language is steadily growing. To overcome this demands and challenges, the
researchers do research the machine translation to easily translate one language to
several languages for the user. Therefore, machine translation is becoming a popular
field in research trends and it make smaller the language barrier.

Machine Translation (MT), which is also known as Computer Aided
Translation, is the task of specifically designing to translate both verbal and written
texts between natural languages by a computer system. MT uses a machine translation
engine to perform substitution of words or phrases or any other in one language for
words or phrases or any other in another language. MT was one of the first conceive
computer applications in the 1950°s and there is still many challenges. MT is widely
used in Natural Language Processing tasks such as online translation services
applications in information extraction, document retrieval, intelligence analysis,
electronic mail, and much more. Today, some machine translation applications are
available in the market. The most widely used being applications are Statistical
Machine Translation (SMT), Rule-Based Machine Translation (RBMT), Hybrid
Systems, which combine RBMT and SMT and Neural Machine Translation (NMT).

Today, there have been very few studies on the machine translation from
Myanmar language to another language. And Myanmar machine translation is still in
its early stages and researchers are faced with many difficulties such as the lack of
resources and there is only less amount of data corpus. Furthermore, the techniques
for performing as pre-processing step for Myanmar language, such as segmentation
are also currently in the process of being developed. Existing research on Myanmar
translation has been either rule-based or more recently phrase-based techniques have
been tried.

The research aims to develop Neural Machine Translation system for

Myanmar to English language pair. In this work, there are two main parts. The first
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one is the building the Myanmar-English parallel corpus and Myanmar monolingual
corpus. Although Myanmar language is one of the low resource languages, bilingual
sentences are collected from the website and eBooks by crawling or copying. The
second part introduces the attention-based neural machine translation system for
Myanmar-English language pair. The experiments of the proposed model are done
based on word-based neural machine translation model, Myanmar character-based
neural machine translation model and Myanmar syllable-based neural machine
translation model. Moreover, Myanmar monolingual corpus is also used to improve
Myanmar syllable-based neural machine translation model. The experimental results
show that Myanmar syllable-based neural machine translation model outweighs over

other models.

v



TABLE OF CONTENTS

ACKNOWLEDGEMENTS i
ABSTRACT iii
TABLE OF CONTENTS \%
LIST OF FIGURES viii
LIST OF TABLES X
LIST OF EQUATIONS xi
1. INTRODUCTION
1.1 Problem Statement ..........cccceeinintiiiiiii e 2
1.2 Motivation of the Research ..., 3
1.3 The Objectives of the Research ..., 4
1.4 Contributions of the Research..................ooi i 5
1.5 Organization of the Research .................ccoooiiiiiiiiieeeee, 5
2. LITERATURE REVIEW
2.1 Natural Language Processing ..........cccocereeeiieniieenienieenieeieesee e 7
2.1.1 Statistical Natural Language Processing .................ccee. 9
2.2 Machine Translation SysStems ............coovviiiiiiiiiiiiieiiieiiiieeee, 9
2.2.1 Rule-based Machine Translation System ..........cccccceevueennn. 9
2.2.2 Transfer-based Machine Translation System .................. . 10
2.2.3 Direct Machine Translation System ............cccccecevvvevene. 11
2.2.4 Interlingua Machine Translation System ............cccceeeeeee. 11
2.2.5 Example-based Machine Translation System .................. 11
2.2.6 Statistical Machine Translation System ...............c.ceeee. 12
2.3 Existing Myanmar-English Machine Translation Systems ................. 12
2.4 Creation Of COTPUS ..uvvinniieie et ee e e eree e 14
2.5 Neural Machine Translation Systems ...............cccoeviiiiiiiiiieeeeeeee. 16
2.5.1 Word-based Neural Machine Translation System ............. 18
2.5.2 Character-based Neural Machine Translation System ........ 18
2.5.3 Subword Level Neural Machine Translation System ......... 21
2.5.4 Low Resource Neural Machine Translation System ........... 22
2.5.5 Evaluation Metrics for Machine Translation Systems.......... 26
3. MYANMAR LANGUAGE
3.1 Introduction to Myanmar Language ..........ccccceeveeevveenciieeniiee e 27



3.2 Nature of Myanmar Language .........ccccccveeviieeeiiieesiieeeiie e eevee e

3.3 Myanmar GramIMaT. . ........cccccveeeereueeeeeniieeeesnneeeessssreeesssseeeessssseeesannns

335 AdVEID..ciiiii e
3.3.6 PartiCle.....couueiiieiiiiiiecc e
3.3.7 POSt-pOSTtional.........cceeeviieeiiiieeiiieeiie e
3.3.8 CONJUNCHION. c..cueiiiiieeiieeiteie ettt
3.3.9 INteIJECHION. ...cuviieiiieeeiieiiecie ettt e ene
3.4 Introduction of UniCode ........cccceviriiriinieniiiienieieeeeeeeee e
3.5 Importance of Unicode..........covuieiiiiiienieniierieeieese e
3.6 Myanmar UNiCOAE .......cccuerueiviiriiniiiiieienieeieneenieete et
4. BUILDING MYANMAR-ENGLISH PARALLEL CORPUS AND
MYANMAR MONOLINGUAL CORPUS
4.1 Existing Myanmar-English Parallel Corpus...............c..cooeiiii
4.2 UCSY-corpus: Myanmar-English Parallel Corpus.........................
4.2.1 Data Collection............couiitiiiiiiiieieee e
4.2.2 Creation Process of UCSY-COTpus.......ccccvvervuvreerieeerieeennnnn
4.3 Building of Myanmar Monolingual Corpus..............ccocveieinene.
5. ATTENTION-BASED NEURAL MACHINE TRANSLATION
SYSTEM
5.1 Encoder-Decoder Approach...........ccccveeeieeeeiieeeiiieeriee e
5.2 Adding an Alignment Model.............ccocoeeriiiiiiiniiiieeeee e
5.2.1 ENCOTRT.....couiiiiiiiiiieieeiieteeeeeee et
5.2.2 DECOMRT ...ttt e
5.2.3 Attention MechaniSm..........cccceieeniiniiiniiiiienieeceseeeeeee
6. EXPERIMENTAL RESULTS
6.1 Experimental Setting.........cccccvveeiieiieniieiieeie e
6.1.1 DAtaset......ccooviiiiiiiiiiiieee e
6.1.2 Preprocessing TOOlS........cccuiieeiieeriieeieeeiee e

0. 1.3 MOAEIS..ccoiiiiieieie

vi

29
29
31
31
32
33
33
33
35
36
36
37
37

39
39
39
41

51
53
53
54
56



6.1.3.1 Word-based NMT System..........ccceeevvrereuveercnnennns
6.1.3.2 Myanmar Character-based NMT System.............
6.1.3.3 Myanmar Syllable-based NMT System...............

6.2 Myanmar to English NMT System Results and Details..................

6.3 Eng

lish to Myanmar NMT System Results and Details ......................

6.4 Using Monolingual Data for Improvements of Myanmar Syllable-
based NMT MOdel ......coovoriiiiiiiiiieiicieeeeee e

6.5 Error ANALYSIS ....vieiiiiiieiieeiiece et
7. CONCLUSION AND FUTURE WORK

7.1 Limitations of the System............cc.iiiininiinceceee e
T2 Future WOork.......cooiiiiiiiniiiiiiccccc

AUTHOR’S P

UBLICATIONS . ...ttt

BIBLIOGRAPHY .....oooiiiiiiiie ettt s
APPENDICES

APPENDIX A
APPENDIX B
APPENDIX C

vil

74

77
78
79
80

93
95
97



LIST OF FIGURES

2.1

3.1

3.2

33

4.1

4.2

5.1

5.2

53

54

5.5

6.1

6.2

6.3

6.4

6.5

6.6

6.7

6.8

6.9

Types of Machine Translation................cooviiiiiieriie e

Myanmar Character Patterns .............cocooiiiiiiiii i e,

Positioning of Characters in a Myanmar Syllable ...............................
Nine Main Parts of Speech in Myanmar Grammar .............................

Proportion of Different Domains of UCSY Parallel Corpus.......................

Creation 0Of UCSY -COTPUS ..ceuvintiiiiinttiiieiieee ettt

Myanmar to English Sequence-to-sequence Encoder-decoder Model........
Bidirectional Recurrent Neural Network Encoder and Two Hidden States
OUtPULt DECOAET. ...ttt e
Attention Model ... ...,

Fully Computation Graph for Training Example with 7 Input Tokens and

5 0UPUL TOKENS. .. ettt e e et

The Process of Word Level Segmentation ...............c.oiviviiiiieieenieenen.

Sentence that are Manually Segmented. ...............oiiiiininnnininee
Sentence that are Manually Segmented.................coiiininininiinene

The Process of Character Level Segmentation ...............cccooviviiiienen.

The Process of Syllable Level Segmentation...................ccoevviivevieeenee.

The Comparison of Myanmar to English Translation in BLEU .................
The Comparison of Myanmar to English Translation in RIBES ...............
The Comparison of English to Myanmar Translation in BLEU .................

The Comparison of English to Myanmar Translation in RIBES ................

viil

10

27

29

30

42

43

52

54

55

56

57

61

61

61

62

62



6.10

6.11

6.12

6.13

The Comparison of Myanmar to English Translation Using Monolingual

Data in BLEU ..o e e e

The Comparison of Myanmar to English Translation Using Monolingual

Data In RIBES ... e e e

The Comparison of English to Myanmar Translation Using Monolingual

Data in BLEU .. ..o e

The Comparison of English to Myanmar Translation Using Monolingual

Data in RIBES ..ot e e

X

73

73

74

75



LIST OF TABLES

2.1 Hyper-parameters of Hybrid Word-Character NMT System ................ 18
2.2 Hyper-parameters of Character-level NMT System ............ccccoeveeneee. 20
23 Hyper-parameters of Character-to-Character NMT System .................. 21
3.1 Formation of Myanmar SeNtence...........ccceevverevrerieeeriienieenirenieenieeeneennes 28

32(@) Noun PPM......oo e erveeesvee e 34

3.2(D)  Verb PPMu ..ottt ettt 35
4.1 The Names of the Collected Website.............c..ccoveevvevcncencceiesceneeee. 40
4.2 Statistics of UCSY Parallel Corpus...........cocovviiiiiiiiieniiciiencieenee. 41
4.3 Common Spelling Error..........c.ocooiiiiiiiiiiiiiiiiicieeiee,. 43

4.4 Myanmar-English Parallel Corpus..............coocoiiiiiiiniininiiieicee. 49

4.5 Statistics of Monolingual Corpus .........cecceevviieiiiininniniiniiinieneee.. 50
6.1 Data Statistics of the COrpus. .......cocieriiiiiiiiieieetee e 60
6.2 Evaluation Results of Myanmar to English NMT Models...................... 64
6.3 Examples of Translation on Myanmar to English NMT Models............ 66
6.4 Evaluation Results of English to Myanmar NMT Models...................... 68
6.5 Examples of Translation on English to Myanmar NMT Models............ 70
6.6 Evaluation Results of Myanmar to English NMT Models Using 72
Monolingual Data. ........cccceeiiiiiiiieeiieceeeee e
6.7 Evaluation Results of English to Myanmar NMT Models Using 74
Monolingual Data. ..........cccceeiiiiiiiiiee e



LIST OF EQUATIONS

Equation 5.0 ..o e 52
EqUuation 5.2, ... i e 52
EqQuation 5.3 ..o e 52
EqQuation 5.4 ..o i e 53
EqQuation 5.5 ..o e 54
EqQUation 5.6 ... e 54
EqQUation 5.7 ..o e 55
Equation 5.8 ..o e 56
Equation 5.0 ... 57
Equation 5.10 ... e e 58
Equation 5.11 .« 58

X1



CHAPTER 1
INTRODUCTION

Machine Translation (MT) is the automatic translation mechanism from one
natural language into another language by means of a computerized system. In the late
twentieth, the translation of natural languages by machine has been popular in the real
world.

Generally, machine translation starts in the 1950s, although the researcher
found the machine translation trend from earlier periods. During a long time from
1950 to 1980, machine translation was done using the linguistic information. Then, it
generates the translations based on the dictionaries and grammars rules. This method
is called rule-based machine translation (RBMT). Since initially documented,
machine translation has revealed to be one of the most complex tasks to carry out in
the field of natural language processing (NLP), considered one of the Al-hard
problems. Therefore, machine translation is increasingly popular since then.

With the development of Statistics, Statistical Machine Translation (SMT) is
becoming a popular research area in the late 1980s. SMT also translates based on the
parallel corpora. This method achieved the better performance than other method such
as RBMT. From the 1980s to until now, SMT controlled the machine translation field.
Word-based, phrase-based, syntax-based and hierarchical phrase-based are the
approaches based on SMT. Among them, phrase based statistical machine
translation(PBSMT) also became a popular trend over the last few years[37].

Later in 2003, the researchers improved the language model by applying on
neural networks models. These models addressed the data sparsity problem of
previous SMT models. They decided to apply a foundation of neural networks for
machine translation in future. Therefore, Neural Machine Translation(NMT) became
a very popular research title now[1].

For Myanmar-English machine translation, the previous research mostly learnt
by using rule-based as well as statistically based approach. However, the translation
performance is not sufficient to be good accuracy due to the lack of a huge amount of
corpus. Myanmar language is an under-resourced language (known as low-resource
language) and there were not many parallel corpus or monolingual corpus. There are

existing parallel corpora for Myanmar-English languages pair. They are Basic Travel



Expressions Corpus(BTEC) and Asian Language Treebank(ALT) Corpus. Both
corpus are not more than 20,000 parallel sentences. Actually, the performance of the
NLP tasks is depending on the size of the data.

In this research, firstly, large-scale Myanmar-English parallel corpus and
Myanmar monolingual corpus are built. Myanmar-English parallel corpus, called
UCSY-corpus, is a general domain which includes the parallel sentences of local
news, travel domain, school text book and spoken text. There are over 200K parallel
sentences in total. And Myanmar monolingual corpus is local news data and consists
of 170K Myanmar sentences. These sentences are collected by crawling from the
bilingual websites, by downloading from the websites and by copying from the
eBooks.

Then, neural machine translation with attention models are built for Myanmar-
English language pair in both directions. As a baseline systems, word to word NMT
model are trained applying OpenNMT toolkits for Myanmar to English and English to
Myanmar neural machine translation systems. In addition, Myanmar character-based
NMT model and Myanmar syllable-based NMT model are also trained. For word to
word neural machine translation model, UCSY NLP lab segmenter is used to
segment Myanmar sentences into word level. For Myanmar character-based neural
machine translation model, python programming code is applied to segment Myanmar
sentences into character level. For Myanmar syllable-based neural machine translation
model, syllable segmenter is used to segment Myanmar sentences into syllable level.
All models are trained on default setting of OpenNMT [80].

Moreover, Myanmar Monolingual Data are also used to improve the Myanmar
syllable-based NMT model. When monolingual data is used, it is tested with two
ways. They are copy monolingual data usage and other monolingual data usage for

Myanmar-English neural machine translation models in both directions.
1.1 Problem Statement

Neural machine translation is an end-to-end architecture to translate by
substitution of words or characters or any other in one language into another
languages. Any machine translation systems, especially statistical machine translation

system and neural machine translation system, requires a large amount of parallel



corpus. Lack of large amount of parallel corpus for system development is the main
issue in developing machine translation.

All other applications for Myanmar-English language pair are still very much
at an early stage, and fall far short of yielding consistently accurate translation results.
Although Myanmar NLP is struggling to be developed at the present time, large
amount of resources available are very insufficient. Since the parallel corpus is the
most important component of the system, obstacles were present right from the outset.
This is due to the fact that there are very few available resources necessary for the
construction of an effective system.

Myanmar language and English language are vastly different languages not
only in terms of basic sentence structure but also in grammar, syntax, and
morphology. This can cause great complications in any natural language processing
task. Previous Myanmar-English machine translation system translate only the short
sentences well because the existing corpus collected mostly short sentences.

NMT has seen very limited use with the Myanmar-English language pair, and
there was no documented research work. Word level are considered as basic training
unit in nearly all previous work in machine translation. To deal with unknown word
problem, character level is used as units input and output. In Myanmar language,
word level also used as basic training unit in a baseline system. However, Myanmar
language is a morphologically rich language and it is necessary to deal with unknown
words problems (UNK). Therefore, not only character level but also syllable level are
used to address unknown words problems (UNK).

According to the mentioned problems, neural machine translation system is

still necessary to develop in the area of Myanmar NLP research.
1.2 Motivation of the Research

One of the reasons why it is tried to research the machine translation is to
generate the accurate translation results for Myanmar-English neural machine
translation system in both direction. Furthermore, the lack of large scale parallel
corpus is to be motivate to do the research. Although there are many data resources
for other languages, there is no available parallel corpus for low resource languages,
especially Myanmar language. For this reason, building a large scale Myanmar-

English parallel corpus is prepared to construct.



Another point is that the previous studies on Myanmar-English machine
translation system had mainly focused on rule-based and statistical approaches. In the
current, there is no Myanmar-English machine translation system based on neural
method. Besides, neural machine translation system has not been published for
Myanmar-English language pair.

Therefore, this research is to build Myanmar-English parallel corpus,
Myanmar monolingual corpus and to develop the Myanmar-English Machine

Translation system.
1.3 The Objectives of the Research

The main objective of this research is to develop Myanmar-English neural
machine translation system through the various experiments. Today, statistical
approach or neural approach are usually used in machine translation system.
However, these approaches need to train the many bilingual sentences. Myanmar-
English machine translation is still at an early stage and requires to produce the
improving translation results. This is due to the fact that does not have a few available
parallel sentences for the Myanmar machine translation model. Therefore, a
Myanmar-English parallel corpus have been concentrated to prepare in this system.
By using these large-scale corpus, various experiments have been tested based on
neural machine translation system for Myanmar-English language pair to get high
result. The objectives of this research area are as follows:

(1)  To build a Myanmar-English parallel corpus

(i1))  To build a Myanmar monolingual corpus

(ii1)) To support the corpus into the other natural language processing(NLP)
tasks

(iv)  To train the corpus for Myanmar to English machine translation system

(v)  To develop Myanmar-English neural machine translation model in both
directions

(vi) To discover the best performance of neural machine translation model for

Myanmar-English language pair



1.4 Contributions of the Research

Until recently, there were not many available Myanmar-English parallel
corpora. There was an only several thousand sentences and this is too small to use in
NLP tasks. Especially, Machine translation between Myanmar and English languages
has so far been limited by a lack of parallel corpora. Actually, the parallel corpus is
the most important component of the NLP tasks. Therefore, a number of large-scale
parallel Myanmar-English sentences have been prepared. These data is from the local
news, international news and Myanmar to English speaking sentences available from
online. So, the first contribution is to build a large scale Myanmar to English parallel
corpus.

Not only there is no sufficient resources but also no current machine
translation system based on neural method for Myanmar-English language pair. These
points are contributions of this systems. Therefore, the second contribution is to build
the translation model based on NMT with attention for Myanmar-English language
pair.

Neural machine translation reaches the great success of performance in some
languages to translate by substitution of word or character or any other level. For
Myanmar-English language pair, not only word level and Myanmar character level
but also Myanmar syllable level has been investigated. Therefore, the third
contribution is to introduce the Myanmar syllable-based neural machine translation

model for both language pair.
1.5 Organization of the Research

This dissertation is organized with seven chapters, including introduction of
machine translation, the existing Myanmar-English machine translation systems,
about this research, objectives and contributions of the research work. The literature
reviews on neural machine translation(NMT), and related words concerning existing
Myanmar to English machine translation systems are described in Chapter 2. In
Chapter 3, the nature of Myanmar language and the structure of Myanmar language is
presented. Chapter 4 describes the building a parallel corpus called UCSY -corpus and
Myanmar monolingual corpus for Myanmar-English language pair. In Chapter 5,

encoder-decoder models, attention-based neural machine translation models are



explained. The evaluation results are shown according to the experimental results in

Chapter 6. Chapter 7 concludes with the limitations of the work and the future work.



CHAPTER 2
LITERATURE REVIEW

This chapter describes an introduction to natural language processing, machine
translation systems, the literature review of existing Myanmar-English machine
translation systems. In addition, the current different approaches on neural machine

translation system are reviewed.
2.1 Natural Language Processing

Natural language processing (NLP) forms the backbone of every human
language technology application. Natural language processing is concerned with
natural or human languages which human beings use for day-to-day communications.
Natural language processing is a subdivision of an artificial intelligence and
computational linguistics. It learns the problem of natural human languages that is the
automated machine generation and machine understanding. Natural language
processing is concerned with the design and implementation of effective natural input
and output components for computational systems. Therefore, the common critical
problems is to work with the natural input and output.

Language is a system for communication. It embodies both verbal and written
expression to help us communicate our thoughts and feelings. Language uses a wide
range of sounds, sings, and symbols to create words, sentences, paragraphs and other
media. Whether written or spoken, language is the medium we use for expression and
organization what we know, think and feel.

In fact, most languages continue to evolve as society changes, as new
technologies developments occur, and as changes in customs dictate. Formal
languages are artificial or contrived languages deliberately developed for a special
purpose. A good example is a computer language. If used properly, the language will
permit a limited form of communication between people and computers.

The system of rules for putting words together to form complete sentence and
thoughts is called grammar. Grammar is composed of two basic parts: syntax and
semantics. Syntax arranges the words and phrases to form the sentences. It is a

subfield of grammar that deals with the adding and sequencing of various words in the



language such as nouns, verbs, adjectives and so on. Syntax is a method of putting
words in a specific order or they will have the correct form according to the language.

Semantics refers to meaning in language. It is the study of relationships
between words and the way they are assembled to present a particular through.
Semantics provides us with ways of analyzing and interpreting what is being said. To
keep in mind that meaning is also a function of syntax. The way words are used and
ordered very much determined the meaning of the combination.

What we form sentences in a certain way and use specific words, we are
referring to a certain model of the world that we have in mind. The mapping between
a sentence and the conceptual mental model is the role of semantics. We usually
speak or write in complete sentences. Each sentence expresses one complete thought.
We then string the sentences together forming a paragraph to convey a particular idea.
As a whole, the paragraph makes sense. But if we pull one sentence out of the
paragraph and look at it in isolation, its meaning may not be fully understood. We say
that the sentence is out of context.

Context refers to the complete idea or though surrounding any sentence in a
paragraph. Together, all the sentences add up and make sense. Alone, each sentence
contains only a piece of the whole and is often subject to interpretation is needed
when the sentences are looked at together. Context clarifies meaning by explaining
circumstances and relationship. Therefore, it is an important part of language and
understanding.

Pragmatics refers to what people really mean by what say or write. Often, we
say or write one thing but mean another. You may ask "what time it is", but you really
mean "am [ late for the meeting". Pragmatics tries to get at the true meaning or
feeling. Both context and pragmatics play a major role meaning in understanding. It is
one thing to communicate, but another to know the real meaning of the message.
Context and pragmatics fill in the gaps often left by syntax and semantics.

The aim of natural language processing research is to create the computational
models. The final goal is to be able to specify models that learn the human activities
in the linguistics tasks of reading, listening and speaking.

In theory, natural language processing is a substitute method between human
and computer. natural language processing do machines to understand human
activities with intelligence. In order to do so, "Understanding" of the natural language

sentences plays a vital role in the development of natural language processing

8



program. Therefore, the primary goal of natural language processing was to

understand how exactly the human beings understand, generate and learn languages

[3].
2.1.1 Statistical Natural Language Processing

The statistical approaches to natural language processing have been
remarkably successful over the past two decades. The availability of corpus has
played a vital role in their success. And statistical methods rely on the amount of data.
Statistical approaches work various mathematical techniques. It is often use corpora to
generalize the models approximately. Natural language processing tasks requires to
decide the annotations of the language normally. A statistical-based natural language
processing approaches is good in predictions of the language annotations such as
word sense, syntactic structure and etc. And, the statistical approach is able to learn
the lexical and structural preferences from corpora [17]. Statistical models are robust,
generalize well and behave gracefully in the presence of errors and new data [21].
Therefore, statistical models on natural language processing have led to provide the
successful disambiguation in large scale systems with naturally occurring text. In
addition, the parameters of statistical natural language processing models can often be
estimated from text corpora. This reduces the human effort in producing natural
language processing systems. And it raises interesting scientific issue regarding

human language acquisition.
2.2 Machine Translation Systems

Machine translation is a computerized automated translation between the
languages. Machine translation has a long history and researches sine 1950s various
ups and downs. It has been steadily evolving with many new approaches and
techniques until now. Over the years, researchers have applied different techniques to
the face the challenge of machine translation. The most significant of these are

outlined in the following subsections.
2.2.1 Rule-based Machine Translation System

In the field of machine translation, the rule-based approach is the first method

that was developed. A rule-based machine translation system consists of collection of



rules. These rules are called grammar rules and also called a bilingual or multilingual
lexicon rules. Another called software programs to process the rules. Nevertheless,
building rule-based machine translation system requires a human assistant to generate
all of the linguistics resources such as part-of-speech taggers, syntactic parsers,
bilingual dictionaries and source to target transliteration. Therefore, rule-based
machine translation system always is extensible and maintainable. Building rules play
a vital role in syntactic processing, semantic interpretation, contextual processing and
etc., which are various stages of translation. Generally, ruled are generated with the
linguistic information. Therefore, this approach is based on dictionary entries, word-
by-word translation. The meanings of these words are not always interchangeable.
Rule-based machine translation system is categorized into three different approaches.
They are transfer-based machine translation, dictionary-based machine translation and

interlingua machine translation.

Machine Translation Systems

|
| l

Rule-based Machine Empirical Machine
Translation System Translation System
Transfer- Dictionary- Dictionary- Example- Statistical Neural
based MT based MT based MT based MT MT MT

Figure 2.1 Types of Machine Translation
2.2.2 Transfer-based Machine Translation System

Transfer-based machine translation based on the idea of interlingua and an
intermediate representation. It collects the meaning of source sentence and generates
the correct translation. Transfer-based approaches locate between interlingua and
direct machine translation. Syntactic transfer-based approach is closer to the direct

approaches and analysis on the source sentences to generate the syntactic
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representations and target sentences output. Semantic transfer-based approach is
closer to the interlingua approaches and copes the ambiguities after syntactic semantic

analysis.
2.2.3 Direct Machine Translation System

Another type of machine translation is direction machine translation. Direct
machine translation approaches directly translate from source language into target
language by word-to-word. The advantage of this approach is that they do not need
sophisticated syntactic and semantic analysis generally. However, it often ignores the
meaningful linguistic information. This approach requires a large amount of bilingual
sentences. To train translation models, these bilingual sentences are used. Example-
based machine translation and statistical machine translation are typical approaches in

this category.
2.2.4 Interlingua Machine Translation System

Interlingua-based approaches consists three steps. The first step is to analyze
the source sentences. In the next step. it generated Interlingua which means a
language independent semantic representation. The last step is to produce the target
language translation which is based on the semantic representation. This approach is
appropriate for multilingual translation language pairs where Interlingua analysis and
language generation are developed for each language only once. However, the
disadvantages of interlingua machine translation system requires human effort when
the domain is getting larger and broader. Therefore, interlingua machine translation
system is only suitable for specific domains. Typical Interlingua-based systems

include [23, 66, 97, 100].
2.2.5 Example-based Machine Translation System

In 1994, Nagao Makoto firstly proposed the example-based machine
translation system. Exampled-based approach is often use the bilingual corpus at run
time as its main knowledge base. It is essentially a translation by analogy. And this
approach can be viewed as an implementation of the case-based reasoning approach.

Firstly, people translation decomposes a sentence into certain phrases. And then it
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translates these phrases and finally composes the properly translated phrases into one

long sentence.
2.2.6 Statistical Machine Translation System

The statistical approach derives from the empirical machine translation (EMT)
systems. These systems rely in the large amount of parallel aligned corpora. Statistical
machine translation system is a framework for translating text from one language to
another. These are based on the knowledge and statistical models extracted from
parallel corpora. In statistical machine translation system. bilingual or multilingual
sentences of the source and target language or languages are entailed. A statistical
machine learning algorithm is used to build the statistical tables. This process is called
the training and the statistical tables consists of statistical information. In the decoding
step, these statistical information is used to find the best result. There are three
different statistical approaches in machine translation. They are word-based

translation, phrase-based translation, and hierarchical phrase based model.
2.3 Existing Myanmar-English Machine Translation Systems

The research of automatic translation on Myanmar-English language pairs
begins 2010. However, the study of automatic translation of Myanmar to English is
quite few. Most of all previous research is applied to the rule-based and the statistical
based approaches.

Thet Thet Zin et al. [120,121] presented improving Myanmar to English
translation model. Baseline system used N-gram that are based target and source
language model. To reformulate the translation probability of phrases, Bayes rule is
also used. This system use the small amount of training data, so morphological
analysis is also applied to solve the Myanmar morphological problems. Their results
presents that half of the tested dataset are the Out-of-Vocabulary (OOV) words in
2000 training sentences. Therefore, translation model used syntactic structure to
reduce the number of OOV words in translation. By adding these features. it had
shown that the system can achieve a better result. The system showed that the
proposed method improved over the baseline system.

Soe and Thida [89] presented the Myanmar verb phrase identification and

Myanmar to English translation. For Myanmar verb phrase identification, the system
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uses rule-based maximum matching approach. For Myanmar to English verb
translation, Markov model is used to reformulate the translation probability. And the
system is based on syntactic structure and morphology of Myanmar language by using
Myanmar-English bilingual lexicon. The results showed that the proposed system
improves the translation quality by applying morphological analysis on Myanmar
Language.

Ye Kyaw Thu et al. [93] used the statistical machine translation approach to
contribute the first large scale evaluation of translation between Myanmar and twenty
other languages, in both directions. The twenty languages are Arabic, Chinese,
English, German, Hindi, Indonesian, Italian, Japanese, Korean, Malaysian,
Mongolian, Nepali, Portuguese, Russian, Sinhala, Spanish, Tagalog, Thai, Turkish
and Vietnamese. The system experimented three different statistical machine
translation approaches. They are phrase-based, hierarchical phrase-based, and the
operation sequence model (OSM) between Myanmar and twenty languages from the
multilingual Basic Travel Expressions Corpus (BTEC). For Myanmar sentence
segmentation, three different segmentation schemes are used. They are syllable
segmentation, maximum matching word segmentation with dictionary, and CRF word
segmentation. The hierarchical phrase-based statistical machine translation system
(HPBSMT) showed the highest translation quality in almost all language pairs.

Win Pa Pa et al. [74] studied the five-state-of-the-art statistical machine
translation methods for under resourced languages. The five-state-of-the-art methods
are phrase-based, hierarchical phrase-based, the operational sequence model, string-
to-tree, tree-to-string statistical machine translation methods. And the under resourced
languages are Lao, Myanmar and Thai. The system translated between English and
these under resourced languages in both directions. The system trained these
statistical machine translation systems using the ASEAN-MT parallel corpus for each
language pair. The main motivation is to investigate machine translation performance
with the dominant statistical machine translation(SMT) approaches on under
resourced languages. In their experiments, the phrase-based statistical machine
translation (PBSMT) method generally gave the highest BLEU scores.

Hammam Riza et al. [81] introduced the ALT project, Asian Language
Treebank. ALT project includes six institutes such as, Indonesian, Japanese, Khmer,
Malay, Myanmar and Vietnamese. The project was to make a parallel treebank for

these languages and English. The texts were about 20,000 sentences sampled from the
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English Wikinews. These sentences were translated into the six languages. ALT
includes word segmentation, POS tagging, syntax analysis annotations, together with
word alignment links among these languages. A survey of Asian natural language
processing resources was also presented to highlight the contributions of ALT to the
community.

Thandar Nwet and Khin Mar Soe [71] performed the Myanmar-English
translation model. And the system performed the comparative study using Asian
Language Tree-bank (ALT) corpus. The main motivation is to investigate the
statistical based- Myanmar-English machine translation system. In Myanmar
language, words are not delimited by spaces. Therefore, in the preprocessing step, the
system used Myanmar Language Segmenter which was implemented by UCSY NLP
Lab [73].

2.4 Creation of Corpus

The quality of neural machine translation systems is strongly depended on the
size of parallel corpus. Although there is a lot of parallel sentences in rich resource
languages, poor resource languages have little or no readily available parallel
sentences. As a result, most machine translation researchers focus on the collecting of
large amounts of parallel sentences.

Liang Tian et al. [96] constructed a large scale and high quality parallel
corpus, UM-Corpus, for English and Chinese language pairs. The constructed corpus
is designed to eight different kinds of domains and contain about 15 million parallel
sentences. Eight different kinds of domains are News, Spoken, Laws, Thesis,
Educational Materials, Science, Speech/Subtitles, and Microblog. Therefore, UM-
Corpus i1s a multi-domain and balanced parallel corpus. The system aimed to create a
large-multi-domain for statistical machine translation models. And this corpus is to
serve as an important resource of the study of statistical machine translation domain
adaptation. To construct UM-Corpus, the first step is to identify the appropriate
bilingual websites and crawl. The second step is to extract the content and the next
step is to aligned the document and the sentences. Finally, the collected data is
cleaned by the removing of noisy text and duplication sentences with human experts.

In total, there are 15,792,666 sentences.
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Matt Post et al. [79] constructed a collection of parallel corpora between
English and six low-resource and under-studied languages. These languages are
Bengali, Hindi, Malayalam, Tamil, Telugu, and Urdu. For each parallel corpus, the
system first manually assigned each of the Wikipedia documents for each language
with nine categories. They are events, language and culture, people, places, religion,
sex, technology, things or misc. The system collected the parallel corpus with three
steps. The first step was to build a bilingual dictionary. And these dictionaries were
used to bootstrap the experimental controls in the collection of four translations of
each source sentence. Finally, as a measure of data quality, the system independently
collect votes on the which of the four redundant translations is the best.

Huidan LIU et al. [54] built a large scale text corpus for Tibetan language. The
system found the Tibetan web pages with a crawler. And the system select the three
biggest sites and topic pages with a rule based method by checking the url. The three
biggest sites were China Tibet New, China Tibet Online and Tibetan's web of China.
And the different domains are art, culture, economy, education, finance & economy,
history & geometry, music, news, photo, picture, policy, politics & law, rural life,
social life, special issues, technology & education, Tibetan Buddhism, Tibetan food,
Tibetan medicine, tour, video and other. And then the selected pages are analyzed and
extracted related topic information. Implementing this method, the system collected
the parallel sentences starting on 12" January in 2011. Consequently, the system
collected more than 65 thousands documents. Nearly 1.59 million sentences and 35
million syllables existed in this corpus.

Aditya Kumar Pathak et al. [77] created automatic parallel corpus for Hindi-
English language pairs. The parallel corpus was created from a comparable corpus by
crawling from the web news translation tasks with the fuzzy string matching
algorithm. Firstly, the system extracted Hindi news according to the range of month
and year. It took as an input and these data are cleaned. And then the crawled news
were translated English language using Google translate. After that, this translated
English news was used as a baseline system. In the next step, English news contents
were extracted. Ant then, the respective news documents are aligned manually on
Hindi news documents, translated English news and English news documents. The
token length, abbreviations and numbers synthesize using a rule based system by the
system. Parallel corpora with respect to different threshold values based on the fuzzy

string matching algorithm.
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Eray Yildiz et al. [110] studied the effect of English-to-Turkish parallel corpus
quality and size in the statistical machine translation model. English-Turkish parallel
corpus consists of one million sentences. These sentences were from the various
sources such as news text, literature text, subtitles text and web crawled text by
varying quality levels. The system applied a machine learning based classifier to a

parallel corpus to classify as high or poor quality.
2.5 Neural Machine Translation Systems

Machine translation is regarded as one of the most challenged and difficult
tasks in natural language processing literature. In statistical machine translation
settings, the problem is treated as calculating the probabilities of the target language
model and the translation model of the language pair separately. Furthermore, the
translation model has to deal with alignment problems and so on. However, in neural
machine translation (NMT) , it is made possible to use a general, end-to-end model to
solve this task. Now, it will review on some research neural machine translation
methods; especially for attention-based neural machine translation.

Dzmitry Bahdanau et al. [4] first introduced the Attention mechanism. This
approach learns a alignment model between the source and target characters or words.
Neural machine translation has been developed in recent years and shows sufficiently
results in full resources languages. Many neural machine translation models based on
the encoder and decoder framework. This framework consists of one encoder and one
decode recurrent neural networks (RNNs). The attention-based neural machine
translation models proposed recently by a family of encoder and decoders framework.
The encoder do to encode a source sentence into a fixed-length vector and the decoder
generates a translation from it. Attention mechanism aims at building a single neural
network. This can be jointly tuned to maximize the translation performance. The
proposed model searches the most appropriate information in a source sentence for
each time and predicts a target word according to these source information and all the
previous generated target words. The system evaluated on the tasks of English-to-
French translation with the parallel corpora, contained 850M words in total, provided
by ACL WMT'l4. The system train two types of models: RNN Encoder-
Decoder(RNNencdec) and the proposed model(RNNsearch) with the same settings.

Each model twice trained : first with the sentences of length up to 30 words and 50
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words. The encoder and decoder of both model have 1000 hidden units each, and
minibatch of 80 sentences. It takes approximately for 5 days for each model. The
proposed models yield the good result on longer sentences. Unlike with the traditional
machine translation systems, all of the pieces of the translation system, including the
alignment mechanism, are jointly trained towards a better log-probability of
producing correct translations. And The proposed RNNsearch outperforms the
conventional encoder—decoder model (RNNencdec) significantly.

Jing Wu et al. [105] applied three methods of subword training, monolingual
data and a neural machine translation correction model. The system aims to boost the
low-resource Mongolian-Chinese language pairs bases on the attention-based neural
machine translation models. A public Mongolian-Chinese parallel corpora
CWMT’2009 is used which is the only public Mongolian-Chinese. It consists of 65K
parallel sentences and the length is 50. The system also built phrase-based statistical
machine translation model using Moses toolkits. The alignment is performed by
GIZA++ toolkit and the decoder is performed by MERT. For attention-based neural
machine translation, open-source GroundHog is used as Baseline 2. The system
trained the attention-based neural machine translation with 1024 dimensional for word
embedding, 1024 hidden units per layer for both encoder and decoder, the source
vocabulary to 50K, the target vocabulary to 10K and beam search is 10 on GPU of
NVIDIA Tesla K80. The proposed methods were effective to improve the Mongolian-
Chinese neural machine translation model.

Yonatan Belinkov and James Glass [7] compared the phrase-based statistical
machine translation system and neural system. The systems experimented the
external segmentation tools and subword modeling by character-level neural models
on Arabic-Hebrew translation tasks. All models were trained with a number of large-
scale parallel Arabic-Hebrew corpora, OpenSubtitles which is mostly from spoken
language. For phrase-based statistical machine translation, the system use Moses
toolkit and grow-diag-final for word alignment, lexical reordering follows msd-
bidirectional-fe and sentences are longer than 80 words. The system trained a 5-gram
language model using KenLM and tune with MERT to optimize BLEU. For neural
machine translation, the system use a Torch OpenNMT with the default settings.
Although phrase-based statistical machine translation system and neural machine
translation system reached the comparable performance, the neural machine

translation has a small advantages in this system.
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2.5.1 Word-based Neural Machine Translation System

The word-based neural machine translation model is the very first attempt in
the neural methods. The disadvantage of this system may reduce the performance of
the translation system because it translates the word by word translation of sentences.
Luong and Manning [55] presented hybrid word-character neural machine translation
system. This system mostly translates the word level and the character components
for rare words to achieving open vocabulary neural machine translation system. The
system trained three types with the WMT’15 English to Czech translation task: purely
word-based, purely character-based, and hybrid by following the global attention

mechanism together with similar hyper parameters. It is shown in Table 2.1.

Table 2.1 Hyper-parameters of Hybrid Word-Character NMT System

Hyper-parameter NMT models
Number of hidden units | 1024 cells
embeddings 1024-dimensional
epoch 6

learning rate 1.0

mini-batches 128

dropout 0.2

The gradient is rescaled whenever its norm exceeds 5. The hybrid approach
offers an addition boost of BLEU points over models that already handle unknown

words. The best system achieves 20.7 BLEU score.
2.5.2 Character-based Neural Machine Translation System

Nowadays, the popular machine translation systems, phrase-based or neural-
based, have made experiments on word-level model basically. In neural machine
translation, the result has reached to the great success. Despite their remarkable
success, word-level neural machine translation models suffer from several
weaknesses. The researchers addresses for this weaknesses with rare word model, out-

of-vocabulary words model in rich morphology languages such as Czech, Finnish and
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Turkish. In addition, they have tried to solve this issues bases on the character level
neural machine translation systems.

Wang Ling et al. [52] introduced character-based on both side of source and
target sides neural translation system using attention model. The system is capable of
interpreting and generating unseen word forms and removes the challenges of
tokenization of preprocessing step. The system implements in two datasets. In the
English-Portuguese language pair, there are 600K sentence pairs for training from
Europarl, 500 sentence pairs for development and 500 sentence pairs for testing. In
the English-French language pair, there are 20K sentence pairs for training from
BTEC, development sets is from CSTARO3 and test sets is from IWSLTO04
,;respectively. The system showed that its methods can improve over equivalent word-
based neural translation models.

Junyoung Chung et al. [13] experimented a subword-level encoder and a
character-level decoder with an attention-based mechanism. The system trained with
four language pairs. using the parallel corpora from WMT'LS. In this corpus, they
contained 12.1M, 4.5M, 2.3M and 2M sentence pairs, respectively. And the system
tested three models settings: BPE!BPE, BPE!Char (base) and, BPE!Char. For forward
direction and reverse direction, the encoder has 512 hidden units. For forward
direction and reverse direction, the decoder has 1024 hidden units per layer. Each
model is computed using a minibatch of 128 sentence pairs and trained using
stochastic gradient descent with Adam. The system showed that the models with a
character-level decoder outperform on a subword-level decoder.

Marta R. Costa-juss’a and Jos’e A. R. Fonollosa [15] proposed the standard
encoder and decoder neural machine translation system with attention, and introduce
the character-based source word embedding to use unlimited-vocabulary. The system
used the German-English WMT data. For preprocessing step. the system used
tokenizing, truecasing, normalizing punctuation and filtering sentences. For phrase-
based system, it is built using Moses with grow-final-diag, Good-Turing smoothing of
the relative frequencies, 5-gram language modeling using Kneser-Ney discounting,
and lexicalized reordering, among others. The neural-based system was built using
DLAMT?2 tool. The system used an embedding of 620, a dimension of 1024, a batch
size of 32, and no dropout, vocabulary size of 90 thousand words in German-English.

The system showed that the proposed method is improved.
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Shenjian Zhao and Zhihua Zhang [116] presented an efficient architecture to
train a character-level neural machine translation by introducing a decimator and an
interpolator. Before encoding, the decimator is used for the source sequences and the
interpolator is used to resample after decoding. The system implemented the model
using Theano tool and Blocks tools. The system train on the task of English-to-French
translation, which is the bilingual, parallel corpora provided by ACL WMT’14.
contains totaling 850M words. The system used newstest2013 as the development set
and evaluate the models on the newstest2014 which consists of 3003 sentences not
present in the training data. Preprocessing consists only the usual tokenization. The
detailed trainings are shown in Table 2.2. As a result, the character-level modeling

had solved the out-of-vocabulary (OOV) issue that word-level models suffer from.

Table 2.2 Hyper-parameters of Character-level NMT System

Hyper-parameter NMT models
Number of hidden units | 1024 cells
word embedding 620

frequent words 30,000
character embedding 64

frequent characters 120
mini-batches 80

Zhen Yang et al. [109] proposed a novel character-aware neural machine
translation mode that learn to encode at the character level. The proposed model is
also applied to the language without explicit word segmentation, because this model
did not rely on the boundaries. The model was trained on Chinese-English translation
tasks which consists of 2.3M parallel sentences and use the open-source neural
machine translation system, GroundHog, as the baseline system. The system tested
the four model, namely, RNNsearch-Word, RNNsearch-Char, character-aware-
forward and character-aware-recurrent. The system used the BLEU metric to evaluate
the translation quality and test the translation. Experimental results on Chinese-
English translation tasks show that the proposed character-aware neural machine
translation model can achieve comparable translation performance with the traditional

word based neural machine translation models.
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Table 2.3 Hyper-parameters of Character-to-Character NMT System

Hyper-parameter bpe2char char2char

Vocab size 54,544 400

Source embedding 512 128

Target embedding. 512 512

Pool stride - 5

Highway - 4 layers

Encoder 1-layer 512 GRUs 1-layer 512 GRUs
Decoder 2-layer 1024 GRUs 2-layer 1024 GRUs

Jason Lee et al. [48] introduced a character-to-character neural machine
translation model without any segmentation. The character-to-character model
outperforms a recently proposed baseline with a subword-level encoder on WMT’15.
And it gives comparable performance on FI-EN and RU-EN. The system experiment
two different scenarios: a bilingual setting and a multilingual setting. The system
trained on a single language pair for bilingual setting and a single model on data from
all four language pairs for multilingual setting. A single language pairs are German-
English, Czech-English, Finnish-English and Russian- English. A single model to
translate four languages pairs are German, Czech, Finnish and Russian to English,
called multilingual setting. The system used all available parallel data on the four
language pairs from WMT’15 and tested (a) bilingual bpe2bpe, (b) bilingual
bpe2char, (c) bilingual char2char, (d) multilingual bpe2char and (e) multilingual
char2char. Table 2.3 show the detail training settings. In this multilingual setting, the
character-level encoder significantly outperforms the subword-level encoder on all the

language pairs.
2.5.3 Subword Level Neural Machine Translation System

One of the main problems of machine translation systems is the out of
vocabulary(OOV) problem. Most languages are restricted to the fixed size
vocabulary. One of the common solutions is to use back-off methods and subword
unit model. The same problem also appears in neural machine translation.

As a consequence, Ilya Sutskever et al. [58] proposed and implemented an

effective techniques to address the rare word problem in neural machine translation
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system. The system presents a simple alignment-based technique. The system train an
neural machine translation system on data that is augmented by the output of a word
alignment algorithm, allowing the neural machine translation system to emit, for each
OOV word in the target sentence, the position of its corresponding word in the source
sentence. They had demonstrated empirically that on the WMT’14 English-French
translation task. And the system showed that their technique outputs a consistent and
substantial improvement of up over various neural machine translation systems. The
hyper parameter that is used in the training multi-layer deep long short-term
memory(LSTMs). Each of LSTM has 1000 cells with 1000 dimensional embeddings.
And the parameters are initialized uniformly in [-0.08, 0.08] for 4-layer models and [-
0.06, 0.06] for 6-layer models. SGD has a fixed learning rate of 0.7, 8 epochs and 128
batch size. Training takes about 10-14 days on an 8-GPU machine.

In recent year, Rico Sennrich et al. [85] first described a byte pair encoding
approach. This approach is to aggregate frequent adjacent characters into n-grams
subwords. This is based on the various word classes that are translatable via smaller
units than words. The paper contributed that neural machine translation systems can
translate rare and unseen words as a sequence of subword units. The system showed
that subword models improve over a back-off dictionary baseline. And the system
also showed performance gains over the baseline with both BPE segmentation, and a

simple character bigram segmentation.
2.5.4 Low Resource Neural Machine Translation System

The quality of machine translation models relies exclusively on available
parallel sentences. When large quantities of parallel sentences is not available,
machine translation quality tends to be poor. In recent years, neural machine
translation model has achieved a great success in rich resources languages, which has
a great deal of parallel corpora. However, it does not work well for under resource
languages. In order to solve this problem, the researchers had tried with the various
ways such as using the monolingual corpus, training a transfer learning method, etc.

As mentioned in section 2.4, construction of parallel corpus is expensive and
expertise. And there are often nonexistent for low-resource languages. Conversely,
monolingual corpus is much easier to collect and the significant amounts of

monolingual data are in many languages. Caglar Gulcehre et al. [26] used
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monolingual corpus in neural machine translation system. The system proposed two
methods, shallow fusion and deep fusion, for adding monolingual data into an existing
neural machine translation system. The system applied the proposed approaches on
four language pairs: Czech to English, Turkish to English, German to English and
Chinese to English. Chinese to English language pairs from OpenNMT'l5 are
sentence-aligned pairs from three domains such as SMS/CHAT, conversional
telephone speech and newsgroups/weblogs. The training set consists of 430K
sentence pairs in total. Turkish to English languages pairs use WIT parallel corpus
and SETimes parallel corpus. These corpus are as a part of IWSLT’14 and consists of
the sentence-aligned subtitles of TED and TEDx talks. The training data for German
to English and Czech to English languages pairs is from WMT'l5, and these
languages pairs are high-resource languages. The monolingual corpus is the English
Gigaword corpus by the Linguistic Data Consortium (LDC), which mainly consists of
newswire documents. The system shows that incorporating monolingual corpora can
improve a translation system on a low-resource language pair (Turkish-English) and a
domain restricted translation problem (Chinese-English SMS chat). In addition, they
showed that these methods improve the performance on the relatively high-resource
German-English and Czech-English translation tasks.

Rico Sennrich et al. [84] investigated the use of target side monolingual data
for neural machine translation system. The system explored strategies to train with
monolingual data without changing the neural network architecture of the previous
work. By pairing monolingual training data with an automatic back translation, the
system can serves it as additional parallel training data, and they obtain substantial
improvements on the WMT 15 task English-German, and for the low-resourced
IWSLT 14 task Turkish-English, obtaining new state-of-the-art results. The system
also shows that small amounts of in domain monolingual data, back-translated into
the source language, can be effectively used for domain adaptation.

Previous researchers have proven that the target-side monolingual data can
greatly improvement for neural machine translation. Jiajun Zhangt and Chengqing
Zong [115] proposed two approaches: a self-learning algorithm and a new multi-task
learning framework, to use the source side monolingual data in neural machine
translation systems. The self-learning algorithm generates the synthetic parallel
corpus and enlarge the bilingual training data to enhance the encoder model of neural

machine translation. The multi-task learning framework performs machine translation
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on bilingual data and sentence reordering on source-side monolingual data by sharing
the same encoder network. The dataset is performed two tasks on Chinese-to-English
translation: one for small data set (0.63M sentence pairs) and the other for large-scale
data set (2.1M sentence pairs including the small training data). For the source-side
monolingual data, there are about 20M Chinese sentences. Each neural machine
translation model is trained on GPU K40. The system used mini batch size of 32, the
word embedding dimension of source and target language is 500 and the size of
hidden layer is set to 1024. The training time for each model ranges from 5 days to 10
days for small training data set and ranges from 8 days to 15 days for large training
data set8. We use case-insensitive 4-gram BLEU score as the evaluation metric. The
extensive experiments demonstrate that the proposed methods obtain significant
improvements over the strong attention-based neural machine translation. And the
proposed multi-task learning framework performs better than the self-learning
algorithm at the expense of low efficiency. Furthermore, the experiments also
demonstrated that neural machine translation is more effective for incorporating the
source-side monolingual data than conventional statistical machine translation. It is
also observed that more monolingual data does not always improve the translation
quality and only relevant data does help.

Guillaume Lample et al. [47] presented a new approach where translation
model is learned using monolingual corpus only, without any aligned sentences or
documents for both source side and target side monolingual corpus. The principle of
the approach is based on word-by-word translation model. The model is trained on
two widely used datasets and two language pairs. And this system had shown that the
proposed model get BLEU scores up to 32.8.

Another way to resolve the problem of lack of the resources in low resource
languages is to use the transfer learning method. Generally, transfer learning method
is to first train a high-resource language pair, called the parent model. And then these
model parameters are transferred to the low-resource language pair, called the child
model to initialize and constrain training. Therefore, Barret Zoph et al. [119] firstly
described a transfer learning method for improving low resource neural machine
translation systems. In this paper, the system used French to English language pairs
for parent model and Hausa to English, Turkish to English, Uzbek to English, and
Urdu to English languages pairs for child model. For parent model training, it is

trained with a dropout probability of 0.2. The learning rate is 0.5, decay rate is 0.9,
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minibatch size is 128, hidden size is 1000, a target vocabulary size is 15K and a
source vocabulary size is 30K. For child model training, it is trained with a dropout is
0.5, the learning rate is 0.5, decay rate is 0.9, minibatch size is 128, hidden size is
1000, a target vocabulary size is 15K, a source vocabulary size is 30K and 100
epochs. Overall, the transfer learning method improves neural machine translation
scores on low-resource languages. Our experiments suggest that there is still room for
improvement in selecting parent languages that are more similar to child languages,
provided data for such parents can be found.

Tao Feng et al. [24] exploited encoder-decoder framework with attention
mechanism for parent model and takes some parameters of the parent model to
initialize the child model. There are two language pairs on transfer learning method.
The first one is that French-English neural machine translation model is the parent
model and Vietnamese-English model is child model. In the other one, English-
Chinese model is the parent model and Mongolian-Chinese model is the child model.
French-English corpus contains 2 million sentence pairs, 50 million English words
and 52 million French words, that is from the WMT14 workshop. English-Chinese
corpora contains 2 million sentence pairs, 22 million English words and 24 million
Chinese words from the WMT2017. Vietnamese-English corpora contains 133K
sentence pairs, 2.7 million English words and 3.3 million Vietnamese words, is
provided by IWSLT2015. Mongolian-Chinese corpus contains 67K sentence pairs,
848K Chinese words and 822K Mongolian words, is provided by CWMT 2009. The
system used a two-layers bi-directional RNN in the encoder, another two-layers uni-
directional RNN in the decoder, LSTM cells with 1024 units, the dimensionality of
word embedding is set to 1024, minibatch size is 128, sentence length of 50, dropout
for parent model is a probability of 0.2 and 0.5 for child model. The experiments
demonstrated that the proposed method can achieve the excellent performance on
low-resource machine translation by weight adjustment and retraining.

Toan Q. Nguyen and David Chiang [70] presented a simple method to
improve neural translation of Turkish-English and Uyghur-English languages pairs
with the help of Uzbek-English neural translation model. The system did the
experiments the models based on word-level translation, but not always significantly.
In advance, the system firstly split words into subwords using Byte Pair Encoding to
increase vocabulary overlap in not only source languages but also target languages.

And then it trained a parent model and transfer its parameter to a child model. When
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used of a much stronger BPE baseline, it yields larger and statistically significant
improvements. The system trained the models with a minibatch size of 32 and dropout
rate is 0.2. For the Uzbek-English to Turkish-English experiment, the parent and child
models were trained for 100 and 50 epochs, respectively. For the Uzbek-English to
Uyghur-English experiment, the parent and child models were trained for 50 and 200,
respectively. As mentioned above, the BPE models were trained for half as many

epochs because their data is duplicated.
2.5.5 Evaluation Metrics for Machine Translation Systems

Human evaluations of machine translation are extensive but expensive [118].
There are many evaluation metrics for machine translation: BLEU, EBLEU, NIST,
METEOR, METEOR-PL, TER and RIBES. Previously, BLEU (Bilingual Evaluation
Understudy) was one of the popular evaluation metrics. Alternatively, the
RIBES(Rank-based Intuitive Bilingual Evaluation Score ) evaluation metrics is more
sensitive for reordering and has shown to have better correlations with human
judgements. BLEU scores can be computed either at a document level or at a sentence
level. They range between 0 (or 0% — lowest quality = completely irrelevant to the
reference) and 1 (or 100% — highest quality = same as the reference). RIBES score
was introduced by adding a rank correlation coefficient prior to unigram matches. The
focus of the RIBES metric is word order. It uses rank correlation coefficients based on
word order to compare statistical machine translation and reference translations. In
this research, BLEU and RIBES are used to evaluate the quality of neural machine

translation systems.
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CHAPTER 3

Myanmar Language

This chapter presents the introduction to Myanmar language. In addition,,
nature of Myanmar language and Myanmar grammar. Introduction of Unicode,

Importance of Unicode and Myanmar Unicode are also discussed.
3.1 Introduction to Myanmar Language

Myanmar language is the official language of Republic of the Union of
Myanmar. And it is also the native language of Myanmar. Myanmar is a group of the
Tibeto-Burman group. Myanmar language is spoken about 34.5 million people as
their first language. Although ethnic groups have their own mother tongue, they speak
the Myanmar language as the second language. Myanmar Language has its own script

and it is syllable based.
3.2 Nature of Myanmar Language

According to the history, the Myanmar script was originally adopted from the
Mon script. This Mon script was derived from Pali that is the ancient Indian language

of the text of Theravada Buddhism.

oo ® o] Lo c
@ =] @ ) g/ pe
=1 ] g 2 by
oo oo a =] &
] ] © o =]
oo 8 oo o a0
oo & =2
My anmar Consonants
L R N I P 0 R R N R
Dependent Vowels Signs
(= Imleile 8 =5 E0) [ 1]
Independent Wowels Punctuation
[E s [a]=] [alEls 7]
Dependent Various 51gns Medials
[efolyl=zls[alB]2]e]e]
Dngits

Figure 3.1 Myanmar Character Patterns
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Myanmar script consists of (33) consonants, Independent vowels, Dependent
consonant signs (also known as Medials), Dependent vowels signs, Dependent
various signs (also known as Parli Word), punctuation and digits. They can be seen in
Figure 3.1. Myanmar language is written from left to right. There are two language
styles: Spoken style and Written style. And the structure of the sentences is subject-
object-verb (SOV). Like other Southeast Asia languages, Myanmar language does not
define how to place the spaces between words. It is usually written continuously

without using space. Sometimes, it is written in spaces between phrases. Sentences

can be easily determined with sentence boundary maker "1" which is called (BSG and

1

pronounced as "Pou ma ". However, there is no rule how to write definitely in

Myanmar language[67].

Table 3.1 Formation of Myanmar Sentence

English The doctor gave me this prescription.

Sentence

Myanmar 8@90:93$:maoepo$c](§eom%cﬁory)u

Sentence

Myanmar | Noun Noun Noun | Verb Punc-

Phrases or | Phrase Phrase Phrase | Phrase tuati-

clauses on
8@90:93$:(D aospo$ c°o% Go:cxc?’orgooo [

Myanmar | § Gao:aﬁ:m aoepo$ c](r% GO:C\%OSOOO [

Word

Myanmar | § | eso: 93$: ™| 0| o$ cl 093 cos C\%(YS om |1

Syllables

Myanmar |3 soo0s ma qocoom denary Saodlg o

Characters

A word consists of one or more syllables. And a syllables is composed of one
or more character. But sometimes, a word may be only consonant without any vowel.
The formation of Myanmar sentence is shown in Table 3.1 and the positioning of

characters in a Myanmar syllable is shown in Figure 3.2.
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Figure 3.2 Positioning of Characters in a Myanmar Syllable

3.3 Myanmar Grammar

Morphologically, Myanmar words can be combined to make new word.
Therefore, Myanmar language may be agglutinative and inflective language. Like
Chinese, morphemes can be combined freely with no changes. However, Myanmar
language is syntactically quite similar to Japanese and Korean languages because
Myanmar language is typically head-final language.

Grammatically, there are nine main part-of-speeches in Myanmar language,
which are shown in Figure 3.3. They are Noun, Pronoun, Adjective, Verb, Adverb,

Particle, Post-positional, Conjunction, and Interjection.
3.3.1 Noun

In general, nouns refer to a person, an object, or abstract ideas. Nouns can be a
word or compound word. Nouns in Myanmar grammar are classified into two types.

They are the four types of meaning or representation and the four types of
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constructions. The four types of meaning or representation are proper noun, abstract
noun, common noun and collective noun. The four types of construction are

indivisible noun, compound noun, verb modification noun and qualitative noun.

\\‘/

Parts of

s

/\\

Figure 3.3 Nine main parts of speech in Myanmar Grammar
In Myanmar language, some nouns are usually started with :39(:39@)[:2 smile)
and  ended  with  g(cpog=beauty),  [(gS:(0q§:00(gS:=  health),
Ge‘l:(d{ﬁ:eoeq.:health), ql(ﬁ(m:§é:q|(73= weakness). In Myanmar language,
plural nouns are formed by suffixing the particle "qulo%lcog " into singular noun.

"gp:" is used in written style. "oﬁéleog" is used in spoken style. The Myanmar

language recognizes no grammatical or artificial gender, but that only which consists

in the distinction of the sexes, viz, the masculine and the feminine. Particles as gender

. . Q (o] c 9o
indicators are prefixed before noun. "d:1071660C100:"

is used for male gender and
"eal1e" is used for female. Particles are suffixes to the noun to describe the type of

C 9 .
noun, known as measure words. For example, "e0o00519:" is used for people.

c . . . . ° .
"eomoC" is used for animals. "9" is used for the general classifiers. "0Q:" is used for
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round objects. "E)o: " is used for flat objects and "@" is used for group objects. And,

some nouns are identified with the combination of particle to the verb or the adjective.
Likewise the particles, post-positional makers (PPM) are also suffixed to the end of

the noun. They are explained in the postposition.
3.3.2 Pronoun

Pronoun is used to address or refer to people or things. In Myanmar language,
there are four classifications of pronouns: personal pronoun, referential pronoun,

question pronoun and mathematical pronoun.

Personal pronoun is used in place of a person. "I= (QJ$GODSJ”, "You= 20¢",
"He= 0", "She= ope", "It= qé:" is the Personal Pronoun in Myanmar language.
Referential pronoun means the pointing to something or someone such as, "this = Qﬁ

", "that= oc% ". Question pronouns refers to question words that are equivalent to

n n

English words such as "what", "who", "where". For example, in the Myanmar

question: "What does she like?", "what= 020" refers to "the thing that she likes"
(noun), and it is considered a question pronoun. By the same logic, "where" in the

question: "Where did he go?", "where= »0S" refers to "the place that he went"

(noun), and it is a question pronoun. Mathematical pronoun equivalent to "one

nn

person", "three cups", "four items", "some", "few", "all", "half", etc.
3.3.3 Adjective

Adjective is a word used to modify the noun. Myanmar adjectives are usually

ended with the particles "e202". Myanmar adjectives are classified into 3 levels. In
normal adjectives is ended with "e002". In comparative adjectives, the particles "(céﬁl

oooej" is prefixed to the adjectives. In superlatives adjectives, the particles "af?:” is

suffixed to the adjectives.

Adjectives in Myanmar grammar are classified into two types. They are the
four types of meaning or representation and the two types of constructions. The four
types of meaning or representation are qualitative adjectives, referential adjectives,

mathematical adjectives and questionnaires of adjectives. The two types of
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construction are indivisible adjectives (fast= @$GOJO) and compound adjectives
(clear= oo$ ﬂce::eoao).

Qualitative adjectives are words used to modify the quality of the noun as how
to something or someone is. For example (“rich= qlézoaoeooo”). Referential

adjectives are words that make reference to something or someone. @ﬁ/this, ooé/this,

O(c?’/that, Sa@oz/other, etc., are referential adjectives. Mathematical adjectives are

words used to describe "how many" of something or someone, "what position" in an
ordered list of the something, and unspecified numbers are in this category.
Furthermore, it is classified into three types. They are quantitative, ordinal numbers

and unspecified numbers. Quantitative adjectives are the words that described

numbers followed by measure words. For example: (two cats= G@Oé:}ogeooocc:).
Ordinal numbers are the words that show position in the ordered list of numbers such
as "first, second and third." For example: (21* birthday= Jo@é‘e@'xﬁeg:ei ), there,

e@oorg is an ordinal number of adjective. Unspecified number of adjectives is the

words that are used as quantifiers without numbers. ssoch?:/all, :raq(jL/some, etc are

unspecified number of adjectives. Questionnaires of adjectives are equivalent of

English words. eég_]/how many, eéo%eoao/which, etc., are questionnaires of

adjectives.
3.3.4 Verb

Verb is a word that shows the action, event, and condition. Myanmar verb can
usually be identified by the combination of root word, prefix and suffix. In Myanmar
language, the roots of verbs are always followed or suffixed with one or more particle.

These particle conveys tense information, intention information, politeness

. . . . N [~]
information, mood information, etc. The suffix ":D&ltsﬁ |Lq" can be used as a marker

making the present tense statement and also as a verb postpositional marker. The

suffix "éwéléeﬁ IQ@" can be used as a marker making the past tense statement and
as a verb postpositional marker. The suffix "Gc?ooé" can be used to describe an

action in progression of happening and equivalent to the English ‘-ing’.
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< Q¢ N o o .
The suffix "epd10506p31c0QY 132" can be used as a marker making the future

tense statement and as a verb postpositional marker. Myanmar verbs are negated by

the particle "o", and "e" is prefixed or infixed to the verb. Usually the marker
"O']IUTE: " are used with negative verb. For example; (090: =go, ©ag2: = does not go),(

@066 = write, ®2066): =does not write).

3.3.5 Adverb

Adverb is a word used to modify the verb. Myanmar adverbs are usually
ended with the particles "g>". There are five types of Myanmar adverbs.

coocoo/early, @o@égo/so long time, e@oam/sometimes, q_ltrgqlé:/at
once, ooeco:/previously are identified as time indicator of adverb.
%G:Dgo/respectfully, C\qjce:@$go/quickly, aé@lz@[:/smiley are Manner indicator of
adverb. eoo$/surely, o>c°:®03/surely, ©g|/surely, oaé:oo%g’)/heavily are situational
indicator of adverb. 33(\3$/V€ry, §é:§éz/a little, d?:o/all are quantity indicator of

adverb. And eé%/how many, eéo%/which, oooScx%/how, :DOSC\%/hOW are

questionnaires indicator of adverb. Additionally, some adverbs are formed by

combining opposite words: positive and negative. For example, comnéieemad:/ good

or bad and QPaoocEeQBSa)cE/should do or not.

3.3.6 Particle

Particle is a word that are serving to qualify on a noun, pronoun, adjective,

verb, and adverb. Particles are suffixes that after noun, pronouns, verb, adjective and

adverb. And particles are untranslatable words. Some Particles are qpPs, orcé, GO0,
C N C C o N C [N ’] <

009, ©pQ, 279, G, 0C, Q, §7, §p, 607, &¢, §|pd:, O, &5 and etc.

3.3.7 Post-positional(PPM)

Post-positional are a word that are followed or suffixed to a noun, pronoun and

verb. Noun with PPM and pronoun with PPM designate as the subject and object.
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Verb with PPM indicate time and mood. Although the particles are untranslatable
words, some post-positional makers are translated words except subject maker and

object maker. The following Table 3.2(a) is post-positional makers of the noun.

Table 3.2(a) Noun PPM

No | Makers PPM Examples

1. | Subject Makers oaéloolej)o ('yal$gg)%wé(l)

2. | Object Makers (yc?) §.é:ago$:or%(rose)

3. | Receiver Makers 303 QP §2320: (patient)

4. | Place Makers(Location) é | 60! ogé, 0uS| oo | at, on, in

5. | Place Makers(Departure) Q1 from

6. | Place Makers(Destination) of-é | o% to

7. | Place Makers(Direction) of-é | o% | 983% to, towards

8. | Place Makers (ycéé(y.éé | 303 until, till
(Continuation of place)

9. | Time Makers ?0|Uo)8 at, on, in

10. | Continuous of Time of?’éof?’é 13203 up to, till

11. | Instrumentality Makers @95 |§c§3gce by, with

12. | Cause Makers G@oé |go[§§ because, because of

13. | Possessive Makers N g\l 's

14. | Accordance Makers 39(\%0& 34 as, according to

15. | Accompaniment Makers §c°°: |§cc°;sgdn).| ,?53989 and, with

16. | Choice Makers 088 |39§(y8|?|q\)? between, among

17. | Purpose Makers % |3908(y§|q$ to, for

34



There are two kinds of verb PPM. They are three types of tense and four kinds
of types. Verb PPM is showed in Table 3.2(b).

3.3.8 Conjunction

Conjunction is a word to connect between words, phrases, and sentences. To

join similar items, conjunctions are used. They are also used to show continuity
things in English. For example "and= .§1(§ ", "with= §c§390f£", "moreover= o%ss@é",

. . . o C
etc. To describe contrasts, conjunctions are also used such as "however= :)?ospogc",

(®] < ¢c o ¢ o . . .
"but= 09c0ew)" and "nevertheless= ©pOVVCQEOMQ". Besides, conjunctions are
also used to express constraints and challenges like the English words. For example
. Q C . . [N N . .
"despite= aa@oeoooog" and "in spite of= 205c0pd:". Conjunctions are also used to
. . (o] <
show "or else" choice, logical consequence such as "therefore= ocae@oco: ", and "as a

result= qm§396§[§90f ", or to describe the desired end result such as "in order to=

QH

[gsocaeosﬁ " and "so that= coqs".

Table 3.2(b) Verb PPM
No Makers PPM

Three types of tense

1 Present Tense wélsﬁ |[§

2 Past Tense 300p513eN 13(3

3 Future Tense eé|c\%§eé|mg§°
Four types of tense

1 command [literary] Maker GO

2 Consensus Maker 3iqeané

3 | sympathy and mercy Maker o']clgo

4 Judgment Maker co




3.3.9 Interjection

An interjection expresses some emotional word. An interjection can be used as
filler words. Interjections do not have rule related to a grammatical function of the
sentence. Moreover, these words are not related to the other parts of the sentence. If

an interjection word is omitted in the sentence, this sentence still makes meaningful. It

is able to stand alone. For example: (3306c0:=Alas!, 8:....8:, C\%(TSO') ..... C\%OSOO ..... ,

3%=Oh!, oM, ooc°:).

3.4 Introduction of Unicode

Unicode is a standard character set encoding. It is developed and implemented
by the Unicode consortium. It is computing for industry deployment. The Unicode
character set is the capacity to support over one million characters. And the Unicode
character set aims to support from all scripts and many symbols as a single character
set. The Unicode is used around the world today and in the past. And it is well on the
way to become a dominant and ubiquitous standard. Currently, the standard character
set encoding supports over 96,000 characters that are from a large number of scripts.
Computers represent a character that are stored as numbers. And these characters are
provided by Unicode as a unique. It is platform, and language independent.

Unicode achieved success at unifying character sets. It is widespread and
predominant used around the world in computer field. The Unicode standard has been
implemented in many technologies. The Unicode standard has been developed in
modern operating systems, XML, programming languages, and the .NET Framework.
The Unicode standard can be defined by several character encodings. The common
usages are UTF-8, UTF-16, and UTF-32. The most commonly used encodings are
UTF-8. UTF-8 is the dominant character encoding on the World Wide Web.

To support Myanmar language, Unicode fonts required Zawgyi-One and other
pseudo-Unicode fonts twice as many characters sets. Unicode font is unlike Zawgyi-
One and other pseudo-Unicode fonts. It uses intelligent rendering to stack consonants

and combine diacritics[98].
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3.5 Importance of Unicode

Unicode is an critical step towards standardization from a translation point of
view. Unicode is a single software product. This is designed for multiple platforms,
languages and countries. These can lead to a signification reduction in cost over the
use of legacy character sets. And Unicode can be used in many systems that do not
corrupt data. Therefore, Unicode represents a single encoding scheme for all
languages and characters. It is the preferred encoding scheme used by XML-based
tools and applications. Therefore, Unicode is an important for translation

applications[98].
3.6 Myanmar Unicode

The Myanmar Unicode Code defined in Unicode 5.1. And the Myanmar
Unicode Code points in the code space from U+1000 to U+109F. Unicode always
uses the same code point for the same character or semi-vowel, even if it changes
shape depending on the context. Myanmar font scripts which follow Unicode rules are
Myanmar3, Parabaik, Padauk, Thanlwin, Winunilnnwa, Win Myanmar, MyMyanmar,
Yunghkio, Panglong, and Tharlon. It is the international accepted standard by the
World Wide Web Consortium, the main international standards organization for the
World Wide Web. The fonts necessary to view and edit are freely available. Search is
seamless with Unicode. Unicode makes it extremely easy to translate the Wikipedia's
interface. Unicode fonts support 11 languages that use the Myanmar script: Burmese,
2 liturgical languages: Pali and Sanskrit, 8 minority languages: Mon, Shan, Kayah,

four Karen languages and Rumai Palaung.
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CHAPTER 4
Building Myanmar-English Parallel Corpus and

Myanmar Monolingual Corpus

A corpus is a very large collection of text or speech produced by real users of
the natural language and may contain texts or speech in a single language, called
monolingual corpus or in two languages, called parallel corpus or in many languages,
called multilingual corpus. The scope of the corpus is endless in computational
linguistics and natural language processing[32].

Monolingual corpus is the most frequent type of corpus and contains texts in
one language only. A parallel corpus is a collection of text or speech in one language
and their translation languages. Parallel corpora can be bilingual corpus or
multilingual corpus. In most cases, parallel corpora contain data from only two
languages, the texts of one corpus are the translation of another corpus. The order of
the translation may be sentence by sentence, phrase by phrase, and word by word and
the sentences, phrases, and words are needed to be aligned and matched. A parallel
corpus is very useful for language learning process, cross-language information
retrieval, and electronic dictionary; especially for machine translation system.

Creation of parallel corpus is an essential step for machine translation
systems[109]. It is also the first step in building a translation model for low resource
languages where there is no pre-created parallel corpus. Although there are many
parallel corpus available for high resource languages, creation of large one manually
is hard and time consuming. And creation of small parallel corpora is manually
simpler and easier, but it is a very tedious, time consuming and expensive task for
large one manually[77]. As a consequence, the researchers use comparable corpora as
a resource which affects the performance and accuracy of the system.

Nowadays, the machine translation is a very challenging research task in NLP
and the demand of it is growing in the world. Lots of machine translation systems
have been developed all over the world using several pairs of major natural languages,
such as English to (Arabic, Bengali, Chinese, French, Hindi, Japanese, Spanish, and
Urdu)[32]. Myanmar language is one of the low resource languages and there is no

proper data for Myanmar-English machine translation system.
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4.1 Existing Myanmar-English Parallel Corpus

Today, there are already many parallel corpora in many languages, especially
for rich resource languages. However, only a few parallel corpora for Myanmar-
English language pairs are publicly available because Myanmar language is one of the
low resource languages. And there were not many available parallel corpora between
Myanmar and English languages.

There are existing parallel corpora for Myanmar-English languages pair. They
are Basic Travel Expressions Corpus(BTEC) and Asian Language Treebank(ALT)
corpus. BTEC corpus is collected about travelling data and it consists of nearly about
20,000 sentences. The ALT corpus is one part from the Asian Language Treebank
project[81]. The ALT corpus began about 20,000 sentences from English Wikinews,
and then these sentences were translated into other nine languages such as Filipino,
Indonesian, Japanese, Khmer, Laotian, Malay, Myanmar, Thai, and Vietnamese.
Nevertheless, the size of these corpus are not more than 20,000 parallel sentences.
Actually, the performance of the NLP tasks is depending on the size of the data.

Therefore, the performance of natural language processing tasks is still low.
4.2 UCSY-corpus: Myanmar-English Parallel Corpus

The UCSY-corpus is built aiming to promote machine translation research on
Myanmar language. The UCSY-corpus is a general domain. The corpus consists of

200K Myanmar-English parallel sentences collected from different domains.
4.2.1 Data Collection

Myanmar language is regarded as a low resource language, so there are some
difficulties to build a parallel corpus. Creating a Myanmar-English parallel corpus for
Myanmar language is conditioned by various factors like the availability of the texts
in that language.

Some parallel sentences are crawled electronically. If blogs and websites are
available in both language (Myanmar and English), then crawl the data. And manual
sanitization shall be needed to weed out insignificant data. Table 4.1 shows the names

of the websites that are data collected.
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Table 4.1 The Names of the Collected Websites

No | Website Name

1. www.president-office.gov.mm
2. www.pyidaungsu.hluttaw.mmthe
3. www.pyithuluttaw.gov.mm

4. www.amyotha.gov.mm

5. www.mofa.gov.mm

6. www.myanmarmoha.org

7. www.ucsb.gov.mm

8. WWWw.0ag.gov.mm

9. WWwWw.unionsupremecourt.gov.mm
10. | www.moe.gov.mm

11. | www.statecounselloe.gov.mm
12. | www.moi.gov.mm

13. | www.myanmar-now.org/mm
14. | www.moi.gov.mm/npe/mal

15. | www.moi.gov.mm/npe/nlm
16. | www.ibiblio.org/obl/show.php
17. | www.english4mm.org

18. | www.bumarlibrary.org

Because there are not so many Myanmar-English bilingual websites and
bilingual web pages are distributed, it is practical to use manually one site by site and
one book by one book. Some parallel sentences are collected by downloading from
the websites and copying form the eBooks. Some parallel sentences are collected
from newspapers that write in the language in its script. This is a little hard because it
might need to type the sentences in hand.

All the sources of the collected websites that contain Myanmar and English
sentences are carefully selected and manually verified. The parallel sentences
obtained from local news, Wikipedia news, travel domain, school text books and
spoken text. Local news is from the government official websites such as Myanma

Alin, The Global New Light of Myanmar. It starts to collect from January 2016 to
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December 2017. Travel domain contains about people (greeting, introduction and
communication), survival (transportation, accommodation and finance), food (food,
Beverage and restaurant), fun (recreation, traveling, shopping and nightlife), resource
(number, time and accuracy), and special needs (emergency and health). School text
books and spoken text mainly contain the widely used spoken English. We get more
than 200K sentences. Table 4.2 shows the statistics of UCSY parallel corpus. The
corpus may be used to make many kinds of experiments such as word-based,
Myanmar character-based and Myanmar syllable-based for translation models.
Moreover, these corpus can also be used for other language processing tasks. Figure

4.1 shows the proportion of different domains of UCSY parallel corpus.

Table 4.2 Statistics of UCSY Parallel Corpus

Domain Number of | Number of Word Number of Myanmar
Sentence Myanmar | English Syllable tokens
pair

Local News | 72,720 1,902,346 | 1,500,305 | 3,675,211

ALT 20,123 698,347 436,923 1,138,297

domain

Travel 94,414 830,925 567,151 1,263,330

domain

School Text | 19,433 173,676 122,842 273,962

Book

Spoken Text | 17,971 135,188 107,979 218,617

Total 224,661 3,740,482 | 2,735,200 | 6,569,417

4.2.2 Creation Process of UCSY-corpus

The creation process of UCSY corpus follows as illustrated in Figure 4.2. The
creation process of UCSY-corpus has five major steps generally.

The initial step is to select the appropriate resources. These resources contain
the Myanmar and English parallel sentences.

In the second step, these data are downloaded and copied or crawl the

documents. These documents are ready for bilingual sentences.
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And then, the type of documents is categorized into different domains types.

M Local Mews W ALT domain B Traveldomain B School Text Book B Spoken Text

Figure 4.1 Proportion of Different Domains of UCSY Parallel Corpus

In order to be useful, a parallel corpus must be aligned at a certain level such
as document level, paragraph level, sentence level or word level. A parallel corpus
should be aligned at least at the sentence level. Sentences in a raw corpus are
sometimes misaligned sentences[106]. As a result, the translated sentences do not
corresponded with these sentences. Collected sentences are separated into sentences
one per line. In this work, sentences are aligned manually. Therefore, sentences
alignment stage is needed in the creation of parallel corpus.

The collected sentences include sometimes noise data. So, collected data is
needed to be clean.

“Noise” not only can refer to the extraneous information in the plain texts, but
also can indicate the illegal data[96]. Web pages often contain HTML tags, the color,
font, style attribute of each piece of text and etc., This kind of noises can be removed.
The next task, before sentence segmentation, is to remove the extra spaces in the
collected sentences.

Although English or other similar language could only have a single space,
Myanmar language does not define how to write these spaces. Therefore, the removal
of extra whitespaces is important in Myanmar language. By removing such extra

whitespaces, it not only can transform the various text formats into a unified one, but
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also can improve the accuracy of natural language processing tasks that use this

corpus. And the duplicate sentences are also removed.

Source Selection

;

source Downloading or Crawling

i

sentence Level Alignment

J

MNoise Filtering

J

Parallel Corpus

Figure 4.2 Creation of UCSY-corpus

Another problem is that this dataset contains spelling errors. Therefore, the
spelling errors are modified. The common spelling errors are shown in Table 4.3 and

modified according to [122].

Table 4.3 Common Spelling Error

No. | Common Spelling Error | Common Spelling Word

RE n§200SBER ==> 0
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Finally, more than 200K sentences (204,539) are collected for the UCSY-
corpus after filtering, and shown in Table 4.4. The corpus preparation is a very
important task to train the NLP tasks. All Myanmar-English parallel sentences have
been converted into UTF-8 text file format and Myanmar3 font. After further cleaning
the UCSY-corpus, it is ready to use in the research of the Natural Language

Processing tasks.
4.3 Building Myanmar Monolingual Corpus

Myanmar monolingual corpus is constructed to improve the performance of
machine translation systems. The collected sentences of Myanmar monolingual
corpus is local news data and 170K Myanmar sentences. These sentences are
collected from the government official websites. This corpus is also removed the
noise and extra spaces. Spelling errors in this corpus are also modified. All Myanmar
sentences have been converted into UTF-8 text file format and Myanmar3 font. This
corpus is also ready to use in the research of the Natural Language Processing tasks.

Table 4.5 shows the monolingual data about the corpus.
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Table 4.4 Myanmar-English Parallel Corpus

Myanmar Sentences

English Sentences
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The ceremony was opened by singing
the song titled, virtue of scout — Kin
Htauk Gonyi composed by Hinthada
Myint Ngwe.
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Activity of scout youths is a kind of
nurturing moral development among
youths.
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Collective contribution in a good cause
is a kind of finding life-long comrades
or alter egos.
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Nothing can supersede collective
contribution in a good cause.
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Therefore, I am very glad to see our
scout youths assemble like this.
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Standardized attitudes and mindsets
indoctrinated since young age can
impress anyone's mind for ever.

These will surely benefit not only
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The Myanmar scouts movement was
formed in 1916.
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Table 4.5 Statistics of Monolingual Corpus

Domain Number of | Number of Myanmar | Number of Myanmar
Sentence word tokens Syllable tokens
Local News | 179,443 4,378,522 7,924,296
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CHAPTER 5

Attention-based Neural Machine Translation System

Neural Machine Translation (NMT) is a new technology to remarkably
improve the machine translation. Previously, sequence-to-sequence models are
developed and nowadays improved upon into attention-based models. Therefore,
neural machine translation has now become a popular method to success for machine
translation, as well as serves for other related NLP tasks.

Neural machine translation is designed as the entire machine translation
process and it requires a parallel corpus like statistical machine translation (SMT).
Moreover, there is a few preprocessing steps before a translation model can be built.
And the neural machine translation is end-to-end architecture so it can remove the
problem of sub components in SMT systems. This chapter presents the encoder and
decoder approach. "An alignment model" is added to it, that is, the advanced methods

of the encoder-decoder approaches.

5.1 Encoder-Decoder Approach

Encoder-decoder models consist of two parts: an encoder and a decoder. The
encoder reads the whole input sequence. And then it encodes into the representation
of the input sequence. The decoder uses the encoded representation as the decoder
inputs to produce the output sequence.

The encoder-decoder models based on recurrent neural networks (RNNs)
are sequence to sequence models. An RNN encoder-decoder consists of two parts. An
RNN encoder takes input to a sequence. An RNN decoder outputs to another
sequence. For example, a sentence in Myanmar can be considered as a sequence
which can be input, and English translation of the sentence is generated as an output
which again is a sequence of words.

From the perspective view of machine translation, the task of translation learns
the conditional distribution p(f | e) of a target sentence f given a source sentence e.
Generating all previous words, a model predicts the next word. When reaching the
end of the sentence, the translation of the sentence is proceeded to predict, one word
at a time. Figure 5.1 shows Myanmar to English sequence-to-sequence encoder-

decoder model. Once processing having predicted the end of the input sentence
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marker </s>, the hidden state encodes its meaning. In other words, the vector holding
the values of the nodes of this final hidden layer is the input sentence embedding. This
is the encoder phase of the model. Then this hidden state is used to produce the
translation in the decoder phase. During the decoder phase, not only does it need to
have enough information to predict each next word, there also needs to be some
accounting for what part of the input sentence has been already translated, and what

still needs to be covered [43].

w & & d gf oxb 1 <> 1 love you
Given - - -
words
Embedding
Hidden
-l |, 4 \
states = I::/ ] —
e N |
Predicted
words

L 0% cl éjds o 1 </g> I love you i <fg>

Figure 5.1 Myanmar to English Sequence-to-sequence Encoder-decoder Model

From the mathematical view of machine translation, an encoder reads the

input sentence, a sequence of vectors x = (xl, ey xTx), into a vector c:

he = f(xp he_y) Equation (5.1)
and

¢ =q({hy, .., hr,}), Equation (5.2)

where h.e R™ is a hidden state at time t, and c is a vector generated from the sequence
of the hidden states. f and g are some nonlinear functions. The decoder is often
trained to predict the next word y;, given the context vector ¢ and all the previously
predicted words {y, ... ....,y;/_1}. In other words, the decoder defines a probability
over the translation y by decomposing the joint probability into the ordered

conditionals:

T
p0) = | [p0el 00 veab 00 Equation (5.3)
t=1
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where y = (yl, e, yTy). With an RNN, each conditional probability is modeled

as

Pel ) vve ey Vem1b €)= g(e—1, 51,0, Equation (5.4)
where g is a nonlinear, potentially multi-layered, function that outputs the probability
of y;, and s; is the hidden state of the RNN.

In practice, the encoder-decoder models well translate only for short sentences
up to, say, 10—15 words and fails for long sentences. Although there is a different way
to enable the translation the long sentences, another idea is to reverse the order of the
output sentences. In this way, the last words of the input sentences are close to the last

words of the output sentence.

5.2 Adding an Alignment Model

Alignment is the one problem in machine translation problems. Alignment is
identifying the relationships information between the input words and output words
whereas translation is the process to use these information to select the appropriate
output. In the neural machine translation field, this alignment is called "attention" and
encoder-decoder model with attention is widely used in these days. Previous approach
in section 5.1 contains encoder and decoder. Now these versions contain not only

encoder and decoder but also attention mechanism[43].

5.2.1 Encoder

In this model, the encoder takes an input sequence x like [xq,.....,xr, ] and
summarize both of the preceding words and the following words. In this model,
bidirectional recurrent neural network (BiRNN) is also used especially. A BiRNN

consists of forward recurrent neural network and backward recurrent neural network.

The forward recurrent neural network ? takes the input sequence of words as in

direction from left to right. And then it calculates a sequence as forward hidden
states(h—lj ...... ,h—T;). The backward recurrent neural network 7 also takes the

sequence in the reverse order that is direction from right to left. More precisely, it

means from the end of the sentence to the beginning. And it results in a sequence of

backward hidden states (71_1, - ,(h_Tx) An annotation for each word x; is obtained by

joining the forward hidden state and the backward hidden state, i.e., h; = [ﬁ, (i?]T
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In this way, the annotation h; contains the summaries of both the preceding words and
the following words. Due to the tendency of RNNs to better represent recent inputs,
the annotation h; will focus on the words around x; . This sequence of annotations is
used by the decoder and the alignment model to compute the context vector. In the
equation mentioned above, a generic function f for a cell is used in the recurrent
neural network. This function may be a typical feed-forward neural network layer —
such as f(x) = tanh(Ax + b)—or the more complex gated recurrent units (GRUs) or
long short term memory cells (LSTMs). The original paper proposing this approach
used GRUs, but lately LSTMs have become more popular[43].

L] ! e
= g J = r’_‘}‘d-‘ JT l_u' I_U ) Leﬂ;;;}l?ight
1L 1L 1L E o ML
: r_r r_}_ , J— Rjgf;;_?\i]"eﬁ

Figure 5.2 Bidirectional Recurrent Neural Network(BiRNN) Encoder and Two
Hidden States

5.2.2 Decoder

The decoder is also a recurrent neural network. It takes some representation of
the input context, the previous hidden state and output word prediction as inputs. And
then it generates a new hidden decoder state and a new output word prediction.

In a new model architecture, each conditional probability are defined as:

P il vy s Yic, %) = gio1, S0, 60, Equation (5.5)
Mathematically, recurrent neural network maintains a sequence of hidden states s;
which are computed from the previous hidden state s;_;, the embedding of the

previous output word y;_;, and the input context c;

si = f(sicyYicn € Equation(5.6)
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Figure 5.3 Output Decoder

Again, there are several choices for the function f that combines these inputs
to generate the next hidden state: linear transforms with activation function, GRUs,
LSTMs, etc. Typically, the choice here matches the encoder. So, if LSTMs are used
for the encoder, then LSTMs for the decoder are also used. From the hidden state, the
output word is now predicted. This prediction takes the form of a probability
distribution over the entire output vocabulary. The prediction vector t; is conditioned
on the decoder hidden state s;_; and, again, the embedding of the previous output

word y;_; and the input context c;.

t; = softmax(W(s;_1 + yi_1 + ¢)) Equation (5.7)

Note that we repeat the conditioning on y;_4 since we use the hidden state s;_4
and not s;. This separates the encoder state progression from s;_; to s; from the
prediction of the output word ¢;.

The softmax is used to convert the raw vector into a probability distribution,
where the sum of all values is 1. Typically, the highest value in the vector indicates
the output word token y;. Its word embedding y;_; informs the next time step of the
recurrent neural network. During training, the correct output word y; is known, so

training proceeds with that word. The training objective is to give as much probability
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mass as possible to the correct output word. The cost function that drives training is
hence the negative log of the probability given to the correct word translation.
cost = —logt; |y;l Equation (5.8)
Ideally, we want to give the correct word the probability 1, which would mean
a negative log probability of 0, but typically it is a lower probability, hence a higher
cost. Note that the cost function is tied to individual words, the overall sentence cost
is the sum of all word costs.
During inference on a new test sentence, we typically chose the word y; with
the highest value in t; use its embedding y; for the next steps. But we will also
explore beam search strategies where the next likely words are selected as y;, creating

a different conditioning context for the next words.

5.2.3 Attention Mechanism

Attention model was first presented by Dzmitry Bahdanau, et al., which
proposed the alignment model as a natural extension of their previous work on the
Encoder-Decoder model. Attention model addresses as a solution to the limitation of
the Encoder-Decoder model encoding the input sequence to one fixed length vector
from which to decode each output time step. This issue is believed to be more of a
problem when decoding long sequences. Therefore, attention model is proposed as a

method to both align and translate[43].

Encoder States

| Attention

Input Context

Hidden State

Output Words

Figure 5.4 Attention Model
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The decoder gave the output as a sequence of word representations h; =
(E, E;) and the decoder expects a context c; at each step i. Figure 5.4 gives at least
an idea what the input and output relations are. The attention mechanism is informed

by all input word representations (E, E) and the previous hidden state of the decoder

s;_1 and it produces a context state c;.

Hidden State

Output Word
Prediction

Given
Words
QOutput Word
Embedding

</s> I love you <>

Figure 5.5 Fully Computation Graph for Training Example with 7 Input Tokens
and 5 Output Tokens.
Mathematically, this association with a feedforward layer is computed firstly
a(si—1, b)) = 0si—y + uTh; + b° Equation (5.9)
The output of this computation is a scalar value, indicating how important
input word j is to produce output word i. And then, this attention value is normalized,

so that the attention values across all input words j add up to one, using the softmax.
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I exp(a(si_l,hj))
U Srexp(a (si-1,hi)

Equation (5.10)
Now the normalized attention are value use to weigh the contribution of the
input word representation h; to the context vector ci and are done.
Ci = Z a;jh; Equation(5.11)
J
Simply adding up word representation vectors may at first seem an odd and
simplistic thing to do. But it is a very common practice in deep learning for natural
language processing. Researchers have no qualms about using sentence embeddings
that are simply the sum of word embeddings and other such schemes. The fully
computation graph for a short sentence pair is shown in Figure 5.5. Practical training
of neural machine translation models requires Graphics User Interfaces (GPUs)

which are well suited to the high degree of parallelism inherent in these deep learning

models.
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CHAPTER 6
EXPERIMENTAL RESULTS

In this chapter, the dataset, preprocessing tools and Myanmar-English neural
machine translation with attention models are described in both directions. In both
direction of Myanmar-English neural machine translation models, word-based model
are described as a baseline system. And Myanmar character-based model and
Myanmar syllable-based model are presented. Moreover, the results and evaluation
details of the systems are described. In order to improve the performance of Myanmar
syllable-based models, the experiments are done by adding the monolingual data into

existing training data.
6.1 Experimental Setting

The attention-based neural machine translation approach has been evaluated
on the task of Myanmar-English language pair in both directions. This section

describes the dataset, preprocessing tools and the neural machine translation models.
6.1.1 Dataset

Myanmar language is regarded as a low resource Asian language, so there are
not many Myanmar-English parallel sentences. In the experiments, two parallel
corpora are used: the ALT corpus and the UCSY corpus. ALT corpus consists of
twenty thousand Myanmar-English parallel sentences from Wiki news articles. The
UCSY corpus consists of 200K Myanmar-English parallel sentences collected from
different domains, including Local news, Travel Domain, school text books and
spoken text. There are 220K parallel sentences in total. The corpus is randomly
divided into training data, development data and test data. Therefore, the data for
Myanmar-English and English-Myanmar translation tasks is a mix domain data
collected from different sources. Besides, this corpus is general corpus covering

difference domains. Table 6.1 shows data statistics used for the experiments.
6.1.2 Preprocessing Tools

Myanmar Language is an unsegmented language and there is no clear

definition of word boundaries. As it does not contain white space to delimit the words
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like English, the proper text segmentation is essential for Myanmar Language. It is
also essential for every language as it is the fundamental step for linguistic processing.
It may also be necessary to allow multiple correct segmentations of the same text,
depending on the requirements of further natural language processing steps, such as
Machine translation from Myanmar to other languages. In the experiments, three
neural machine translation models are tested with attention: Word-based model,

Myanmar character-based model, and Myanmar syllable-based model.

Table 6.1 Data Statistics of the Corpus

Domain No. of Training | No. of Development | No. of Test
Sentences Sentences Sentences

Local News 72,190 300 230

ALT domain 19,683 300 140

Travel domain 93,314 800 300

School Text Book 18,733 400 300

Spoken Text 17,271 400 300

Total 221,191 2200 1270

Word Segmentation is not a trivial task for Myanmar text, same as other Asian
languages. It is necessary for high level language analysis including name entity
recognition and syntactic parsing that are used in many natural language processing
(NLP) applications such as machine translation system. For word-based neural
machine translation model, UCSY_ NLP lab segmenter [73] is used to segment the
Myanmar sentence into word level. UCSY NLP lab segmenter is implemented a
combined model, bigram and word juncture. This segmenter works by longest
matching and bigram method with a pre-segmented corpus of 50,000 words collected
manually from Myanmar Text Books, Newspapers, and Journals. The corpus is in
Unicode encoding. After segementing the Myanmar sentence by UCSY NLP lab
segmenter, the “ ” from the result is removed and replaced with space. Figure 6.1
shows the process of UCSY NLP lab segmenter. It is not able to segment when "?"
and "%" contains in Myanmar sentences. Examples are shown in Figure 6.2 and

Figure 6.3. These sentences are segmented manually.
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Before Segmentation : Balnz8on[gacgauli
After Segmentation :Bd3l_oo_m8m_[oowgn_ ol

Processing Step : B3l o 28m [goo0en ol i

Figure 6.1 The Process of Word Level Segmentation
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. . [
After Segmentation 1 00000 _ I

cl ead 0%_(5]_”

Figure 6.2 Sentence that are Manually Segmented

. . c Ly c
Before Segmentation ; qupc:mmo%mcd]mmu
After Segmentation : Enter English Text

Figure 6.3 Sentence that are Manually Segmented

For Myanmar character-based neural machine translation model, python
programming code is used. After segementing the Myanmar sentence into character
segmentation, the ', ', [' and '] from the result is removed and replaced with space.
Figure 6.4 shows the process of character segmentation for Myanmar character-based

NMT model.

For Myanmar syllable-based neural machine translation model, "sylbreak"
[92] 1s used to segment the Myanmar sentence into syllable level. Syllable
segmentation is an important preprocess for many natural language processing (NLP)
such as romanization, transliteration and grapheme-to-phoneme (g2p) conversion.

"

"sylbreak" is a syllable segmentation tool for Myanmar language (Burmese) text
encoded with Unicode (e.g. Myanmar3, Padauk). After segmenting the Myanmar

sentence into syllable segmentation, the "|" from the result is removed and replaced
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with space and leading the trim process. Figure 6.5 shows the process of syllable

segmentation for Myanmar syllable-based NMT model.

Before Segmentation : mqa‘f)p@cﬁ@ﬁmﬂ@n

Af[f:l'Sf:g]]]f:ﬂ[zl[i(m [ml ISI et |m| |0| ro! |J| Iﬁ)‘ |§| ! | v |§'| |m| st |_.0|? ICOI, '-:I:-O',
' I, |.:]|5 IOI, |E|E |?|5 ' |

Processing Step wesolyjesreimEmomodofz

Figure 6.4 The Process of Character Level Segmentation
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Figure 6.5 The Process of Syllable Level Segmentation

6.1.3 Models

Myanmar-English neural machine translation models are built with attention
in both directions. A year later, in 2016, a neural machine translation system won in
almost all language pairs. In 2017, almost all submissions were neural machine
translation systems. At the time of writing, neural machine translation research is
progressing at rapid pace. There are many directions that are and will be explored in
the coming years, ranging from core machine learning improvements such as deeper
models to more linguistically informed models. More insight into the strength and
weaknesses of neural machine translation is being gathered and will inform future
work.

There is an extensive proliferation of toolkits available for research,
development, and deployment of neural machine translation systems. At the time of
writing, the number of toolkits is multiplying, rather than consolidating. So, it is quite
hard and premature to make specific recommendations. Nevertheless, some of the
promising toolkits are: Theano, Torch/pyTorch, Sockeye and Tensorflow. Many other

systems such as GroundHog, Blocks, tensorflowseq2seq, lamtram, and seq2seq-attn,
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exist mostly as research code. These libraries provide important functionality but
minimal support to production users. NMT toolkits can provide a foundation to build
upon. A toolkit should aim to provide a shared framework for developing and
comparing open source systems, while at the same time being efficient and accurate
enough to be used in production contexts. Currently there are several existing NMT
implementations.

With these goals in mind, Pytorch OpenNMT [80] available in GitHub is
applied, to build the Myanmar-English neural machine translation models. Three
models with attention, namely, word-based NMT model(baseline system), Myanmar

character-based NMT model and Myanmar syllable-based NMT model are trained.
6.1.3.1 Word-based Neural Machine Translation System(Baseline System)

As a baseline system, word-level neural machine translation model is built in
both directions. For the translation system, the sequence-to-sequence model are
trained with attention and a 2-layer long short-term memory with 500 hidden units
each on both the encoder/decode are used. Drop-out was set to 0.3. Each direction is
computed using 1.0 learning rate, 64 batches size. A vocabulary size of 26,133 words
and 50,004 words for Myanmar to English NMT model respectively and 50,002
words and 26,135 words for English to Myanmar NMT model are used. This model is
trained for at least one day with Tesla K80 GPU.

6.1.3.2 Myanmar Character-based Neural Machine Translation System

Myanmar Character-based Neural Machine Translation Systems is a re-
implementation of Myanmar character and English word level with attention model.
This model is trained with Pytorch openNMT [80] toolkit in both directions. All
weights are initialized from a uniform distribution. Each model is trained on Tesla
K80 GPU. The following settings are generally used: 2-layer long short-term
memory, 500 hidden units, 1.0 learning rate, 64 batches size and 0.3 dropout. And 198
characters and 31,976 words for Myanmar to English NMT model are also used. For
English to Myanmar NMT model, 31,974 words and 200 characters are used,

respectively.
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6.1.3.3 Myanmar Syllable-based Neural Machine Translation System

The further investigation is the usage of Myanmar syllable and English word
level NMT model with attention in both directions. The vocabulary size 5,072
syllables and 50,004 words for Myanmar to English NMT model have also been used
respectively and 50,002 words and 5,074 syllables are used for English to Myanmar
NMT model. For the experiment, the following settings are also used: 2-layer long
short-term memory, 500 hidden units, 1.0 learning rate, 64 batches size and 0.3
dropout.

6.2 Myanmar to English Neural Machine Translation System Results and Details

Two automatic criteria for the evaluation of the translation output are used.
One is the de facto standard automatic evaluation metric Bilingual Evaluation
Understudy (BLEU) and the other is the Rank-based Intuitive Bilingual Measure
(RIBES). In Myanmar to English neural machine translation, it is clear that the
evaluation results of Myanmar Syllable-based neural machine translation model are
much better than those of the others. Table 6.2 shows the evaluation result of
Myanmar to English neural machine translation models. It is observed that Myanmar
syllable-based translation is surprisingly effective when translating into English,
obtaining a BLEU score of 21.88 and RIBES score of 0.640361. Generally, it
improves the performance of machine translation up to 5 BLEU over baseline

systems.

Table 6.2 Evaluation Results of Myanmar to English Neural Machine

Translation Models

Model BLEU RIBES
word-based NMT 16.94 0.581001
Myanmar Character-based NMT | 15.18 0.543013
Myanmar Syllable-based NMT 21.45 0.638706
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Figure 6.6 The Comparison of Myanmar to English Translation in BLEU
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Figure 6.7 The Comparison of Myanmar to English Translation in RIBES

Compared with word-based NMT, Myanmar character-based NMT and
Myanmar Syllable-based NMT, Syllable-based NMT generates a better translation.
Though word-based NMT keeps most meaning of the source sentence, it fails to
identify the subject of the whole sentence. Although it is expected Myanmar
character-based NMT model to handle novel and unseen morphological inflections
well, the translation output is not sufficient to address this problem. On the other
hand, a character-level model has a much better chance recovering the original word
or sentence. Indeed, the proposed model is robust against a few spelling mistakes and

inaccurate translation. The Myanmar syllable-based model performs better on these
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long, concatenative words with ambiguous segmentation. Myanmar syllable-based
model is capable of achieving compared to the other systems. Figure 6.6 and 6.7 show
the comparisons of models in BLEU and RIBES in Myanmar to English translation,
respectively.

As a human translator, Myanmar syllable-based model has an impact in
learning a better translation which includes better alignment, reordering,
morphological generation and disambiguation. Mainly, Myanmar syllable-based
neural machine translation system reduces the source unknown words and handles the
morphological variations. Examples of translation on Myanmar to English NMT

models are shown in Table 6.3.

Table 6.3 Examples of Translations on Myanmar to English Neural Machine

Translation Models

N OCo c o Q C [}
1| Source &?oeoe?cceﬁ 0000C0GC§IMYD DY 3YCIGE): )
NS < (0] N (9] N
Gm:m:e&@@e@oc:mm@[ooo:w@u?a?ooau
Word-based It is a violation of human rights.
NMT
Myanmar The issue of the country is found to respect the human

Character-based NMT | rights.

Myanmar It is said that the Telenor of Norway will respect

Syllable-based NMT | human rights.

Reference The Telenor of Norway says its commitment to

respecting human rights.

2| Source §oComeaodesopt(asendiiel meagaogey:
Gmocrsgcr%cqlézoe&gu
Word-based It is to amend the 2008 constitution.
NMT
Myanmar It is the issue of Myanmar infrastructure.

Character-based NMT

Myanmar The Myanmar’s general elections will be held on

Syllable-based NMT | November 8.
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Reference

Myanmar's general election on November 8 will be

held.

Source 326§60203]§6025033: §60looud1
Word-based In fact, we are very afraid of this.
NMT

Myanmar But we are very worried.

Character-based NMT

Myanmar

Syllable-based NMT

Of course, we are worried.

Reference Of course, we're worried,".

Source sso%:qmoKIOo%oocp:eoésagsawé:33[59030303?03
000:0lon oS

Word-based But the government has failed to support the Kachin

NMT independence organization (KIO).

Myanmar The government is constituted as the state.

Character-based NMT

Myanmar

Syllable-based NMT

The government considers the KIO an unlawful

association.

Reference The government considers the KIO an unlawful
association.

Source BLcedge03000E3(8:eg005mecn:e0zd, 0pyo6a: M
3204 50539603(d 3005 cSonemegadopdI

Word-based She said the children had become very difficult and

NMT <unk>

Myanmar It started the picturesque of the urban war.

Character-based NMT

Myanmar

Syllable-based NMT

After the civil war began, children's education became

very difficult, she said.

Reference

After the civil war began, children's education became

very difficult, she said.

Source

©50305¢:030005¢060,§8de(o(gulanoz i
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Word-based Would you tell me where to find the post office?
NMT

Myanmar Could you tell me where to get to the post office?

Character-based NMT

Myanmar Could you tell me where to find the post office?
Syllable-based NMT

Reference Could you tell me how do I get to the post office?

In the examples 3,4,5,6, the translation results of Myanmar Syllable-based
NMT model is correct exactly. Although the translation results of example 1 and 2 are

not same to the references exactly, their results are meaningful.
6.3 English to Myanmar Neural Machine Translation System Results and Details

In English to Myanmar neural machine translation, the evaluation results of
Myanmar Syllable-based neural machine translation models are the best. Table 6.4
shows the evaluation result of English to Myanmar neural machine translation
models. In this experiment, Myanmar syllable-based NMT model is surprisingly
improved and obtained a BLEU score of 28.70 and RIBES score of 0.793571.
Myanmar syllable-based NMT improves the performance up to 15 BLEU over

baseline system.

Table 6.4 Evaluation Results of English to Myanmar Neural Machine

Translation Models

Model BLEU RIBES
word-based NMT 13.38 0.692246
Myanmar Character-based NMT | 26.18 0.783013
Myanmar Syllable-based NMT 28.70 0.793571
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Figure 6.8 The Comparison of English to Myanmar Translation in BLEU

RIBES
0.8 /
0.78 ?
0.76 - /
0.74 -
0.72 /
07 - = RIBES
0.68 -
0.66 -
0.64 T r
word-based Myanmar Myanmar
NMT Character-based Syllable-based
NMT NMT

Figure 6.9 The Comparison of English to Myanmar Translation in RIBES

Table 6.5 summarizes the translation results of English to Myanmar NMT
model for all the three models. Myanmar Syllable-based NMT model is capable of
achieving compared to baseline systems. Though the work-based NMT model and
Myanmar character-based NMT model translate the same part of the sentence twice,
Myanmar syllable-based NMT model translates generally. Figure 6.8 and 6.9 show
the comparisons of three models in BLEU and RIBES in English to Myanmar

translation respectively.
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Table 6.5 Examples of Translation on English to Myanmar Neural Machine

Translation Models

[a—y

Source What are the women in important decision-making
roles?

Word-based GE: 0pS [g§e08E¢ 03¢ @m|:00d:qp: @ cloé

RMT o8008 ¢ B Bmun§z0: G860 SloopS i

Myanmar mqermmm[zdareo gl 2e &

Character-based

NMT

L 38 0 O ‘? 38 0 0D o

Myanmar

Syllable-based NMT

saeq:@:a@:e@:@orgql(ﬁqlsp?osgé’u:wg:

N
GOg(YJC(’!)TrD(YJUDOGOgC\DII

Reference 360:{08:03eh:(g03q 036099 e 064 PR 92C0R:
sge%[:oogzeogsimc(g;mmd)u
2| Source But I have lost this chance due to the situation.
Word-based sleod § sggcfageq: orc% coé: ) é_’”:e@oorg s I
NMT
Myanmar P oo 60§ G Od 0D 6T WSS

Character-based
NMT

L (A '.J,' [ANO) LI (A8 Ne 0 AR ¢ IERESIES N (') [: @ 20D s

Myanmar

Syllable-based NMT

N C < C o N
31@0@33?336@336§G[:(7)’3908J§GU)0339§C‘

3 ce 0%9? ﬂ oo 003 I

Character-based

Reference sleogmamae(amese(nnc8agéance:aday§eor5ed:
3| Source Sayargyi U Hla comes back from school.

Word-based §:C\P oaé eoqpé: ¢ [§$ coooaé I

NMT

Myanmar § G8Q0 100G elaaC c 200 PO c (6] [: $ c QO D
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NMT

OD&CII

Myanmar

Syllable-based NMT

%0 qp [03: B2 0p 20ps G0PS: ¢ (G oo 2opd

Reference 206p[08:8: 000005 ey 60§ coo0loopSi

Source I wanted to attend Myitkyina university.

Word-based mnadeqpad o 0 KIO o3udenceos eoy m

NMT E: C C N (o] N C c
Co:q0:66): 6aQ16§:Q GOR OF 0DMDEEPAD ODWD i

Myanmar mggstmezmimmemasodmls

Character-based < < c o

NMT

Myanmar

Syllable-based NMT

Reference 1§ 60258603 2: RS MB0005eaPad6§ 508§
30003l

Source He lost both his legs.

Word-based ) G@G(DOCTS §.c§ §C\.? eqpo% ogo: 0loooS i

NMT

Myanmar 20 00 PO & o0 Boe [: c § 0 O &a glewanc & o

Character-based

NMT

? '.j.' Q QO DO 61 '.j.' [~ IS o [op OO SN |

Myanmar

Syllable-based NMT

2 00p5 03 & &g §6 605 8 §: 3 6 S i

Reference

no0p5are(88000580:4:3600051

model

6.4 Using Monolingual Data for Improvements of Myanmar Syllable-based NMT

In this section, Myanmar syllable-based NMT model is described using

monolingual data. Using monolingual data aims to improve the performance of

Myanmar-English neural machine translation systems in both directions. Myanmar
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language is one of the low resource languages and there is no corpus that contains
millions sentences. Using monolingual data helps to improve the performance of
machine translation systems in low resource languages.

In this research, two ways are used in Myanmar syllable-based NMT model
using monolingual data. The first way is the copying monolingual data from the
existing training data. Firstly, Myanmar syllable-based NMT model are trained.
Secondly, Myanmar sentences of the trained data copy and translate these copy
sentences into English language using Myanmar syllable-based NMT model that are
previous step. In addition, these translate sentences added to the existing training data.
Finally, the Myanmar syllable-based NMT model using monolingual data is trained
again. The other way is using other monolingual data. In this way, Myanmar syllable-
based NMT model is trained. Then, other monolingual sentences are translated into
English sentences using Myanmar syllable-based NMT model that are previous step.
In addition, these translated sentences are added to the existing training data. Finally,
the Myanmar syllable-based NMT model using monolingual data is trained again.

Both ways do not changed the configuration setting.

Table 6.6 Evaluation Results of Myanmar to English Neural Machine

Translation Models using Monolingual Data

Model BLEU RIBES
Myanmar Syllable-based NMT 21.45 0.638706
Myanmar syllable-based NMT | 21.15 0.652204

model + copy monolingual

Myanmar syllable-based NMT | 21.88 0.642924

model + monolingual

Table 6.6 and 6.7 are the Evaluation results of Myanmar-English NMT models
in both directions using Monolingual data. In Myanmar to English NMT model using
Monolingual data, Myanmar syllable-based NMT model with other monolingual data
is a little improvement in both of BLEU score and RIBES score. In Myanmar
syllable-based NMT model with copy monolingual data, BLEU score does not
improve but RIBES score does a little improve. Figure 6.10 and 6.11 show the
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comparisons of three models in BLEU and RIBES in Myanmar to English translation,

respectively.
BLEU

n
218 %
21.6 - /
21.4 -
21.2 A

21 1 = BLEU
20.8 -
20.6 . .

Myanmar Myanmar Myanmar
syllable-based syllable-based syllable-based
NMT model NMT model + NMT model +

copy monolingual
monolingual

Figure 6.10 The Comparison of Myanmar to English Translation Using
Monolingual Data in BLEU

RIBES
0.655 /
0.65 /
0.645 -
0.64 -
0.635 - m RIBES
0.63 . .
Myanmar Myanmar Myanmar
syllable-based syllable-based syllable-based
NMT model NMT model + NMT model +
copy monolingual
monolingual

Figure 6.11 The Comparison of Myanmar to English Translation Using
Monolingual Data in RIBES

In English to Myanmar NMT model with monolingual, Myanmar
syllable-based NMT model with other monolingual data are significantly improved up
to 5 BLEU score over the baseline system. In Myanmar syllable-based NMT model
with copy monolingual data improves in both of BLEU and RIBES scores. Figure
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6.12 and 6.13 show the comparisons of three models in BLEU and RIBES in English

to Myanmar translation, respectively.

Table 6.7 Evaluation Results of English to Myanmar Neural Machine

Translation Models using Monolingual Data

Model BLEU RIBES
Myanmar Syllable-based NMT 28.70 0.793571
Myanmar syllable-based NMT | 29.39 0.800856

model + copy monolingual

Myanmar syllable-based NMT | 33.17 0.758152

model + monolingual

BLEU
34 %
317
2
31 - /
0 {7
29 A
28 - EBLEU
27
26 . .

Myanmar Myanmar Myanmar
syllable-based  syllable-based syllable-based
NMT model  NMT model + NMT model +

copy monolingual
monolingual

Figure 6.12 The Comparison of English to Myanmar Translation Using
Monolingual Data in BLEU

6.5 Error Analysis

The most common problems of NMT are that it translates the duplicate words
and unknown words. Previous approaches to unknown word problems are roughly
categorized into three types: character-based, subword-based, and copy-based
approaches. Although the unknown problem can be dealt with by using character-
based and subword-based, there still remains the unknown words. When 1270
translated sentences of the test data have been manually checked, it is found that there

are 250 unknown words of 132 sentences.
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Figure 6.13 The Comparison of English to Myanmar Translation Using
Monolingual Data in RIBES
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CHAPTER 7
CONCLUSION AND FUTURE WORK

This chapter describes summarization of the research work and its limitations.
It also indicates promising avenues for future research on Myanmar-English neural
machine translation systems.

In this research, large scale Myanmar-English parallel corpus is built and
proposed the neural machine translation system with attention model for Myanmar-
English language pairs.

Myanmar is being regarded as a low-resourced language[93]. And there is no
freely and commercially available Myanmar-English parallel corpus. Myanmar-
English machine translation is still at an early stage and require to produce the
improving translation results. This is due to the fact that do not have a few available
parallel sentences for the Myanmar machine translation model. Therefore, the work
on the thesis started with the collection of parallel sentences. In this work, large-scale
Myanmar-English parallel corpus and Myanmar monolingual corpus that serves for
the natural language processing tasks are built. The parallel corpus, called UCSY-
corpus, is a general domain which includes the parallel sentences of local news, travel
domain, school text book and spoken text. These parallel sentences are collected
from the government official websites, online speaking websites and eBooks by
crawling, downloading and copying manually. Therefore, the 200K parallel sentences
are collected. And Myanmar monolingual corpus is local news data and consists of
170K Myanmar sentences.

As a next work, three NMT model with attention, namely, word-based NMT
model(baseline system), Myanmar character-based NMT model and Myanmar
syllable-based NMT model are trained. And the experimental results shows that the
BLEU and RIBES of Myanmar syllable-based NMT models are the best performance
in both directions.

To improve the baseline system, Myanmar Monolingual corpus is also used on
Myanmar syllable-base NMT model, which is the best performance of Myanmar-
English language pair. This setup contains two tasks for Myanmar-English Neural
Machine Translation models in both directions. One is copy monolingual data usage

and other is outside monolingual data. Monolingual data is trained without changing
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the existing neural network architecture. In Myanmar to English neural machine
translation model, not only the BLEU score of Myanmar syllable-based NMT model
with outside monolingual data is rarely higher but also the RIBES score of Myanmar
syllable-based NMT model with copy monolingual data is rare higher. Moreover,
both the BLEU score of Myanmar syllable-based NMT model with copy monolingual
data and outside monolingual data are higher then the baseline system. The BLEU
score of Myanmar syllable-based NMT model with outside monolingual data improve
up to 5 BLEU over the baseline system. In the RIBES scores, the Myanmar syllable-
based NMT model with copy monolingual data is the highest, while Myanmar
syllable-based NMT model with outside monolingual data does not have much

improvement than the baseline system.
7.1 Limitations of the System

The most common problems of NMT are that it translates the duplicate words
and unknown words. To address the unknown word problems, the researchers solve
with the previous approaches. These approaches are roughly categorized into three
types: character-based, subword-based, and copy-based approaches. Although the
unknown problem are addressed by using character-based NMT model, there still
remains the unknown words. When 1270 translated sentences of the test data have
been manually checked, it is found that there are 250 unknown words of 132
sentences.

It is also found that the third one of the training data is long sentences and
phrases, and the other is only long sentences. In the translation results, the short
sentences can translate well. Although the longer sentences cannot translate well
exactly, their translation meaning understand as a human translator.

When Myanmar-English machine translation system outputs are carefully
studied, Myanmar language is difficult from basic level. The difficulties are starting
from its writing system up to linguistic structures including morphology information
and the syntactic structures. In addition, all ways are complex to discourse the
language structures. If there is the integration the source-side sentences information
such as named entities and morphological analyzer, the performance of Myanmar-

English machine translation system will further improve.
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7.2 Future Work

To improve the quality of machine translation, large amount of training data
are needed. By collecting the new bilingual training data, the translation results would
significantly increase for training NMT as well as SMT systems. However, although
the sheer amount of data, the quality of the data is important to be the best. To reach
this purpose, the good quality and cleaned data should be collected to improve
translation quality. In the future, existing Myanmar-English parallel corpus and
monolingual corpus are not sufficient to train the translation model. Therefore, the
collection of more data and more work of other neural models are necessary to
increase the translation performance.

And UCSY-corpus is general domain and the data is mix in this corpus.
Therefore, the bilingual sentences will be collected as the dominant corpus in the
future.

In the area of the Myanmar-English NMT model, it is necessary to increase
the improvement and to decrease the loss of accuracy. Thus, researchers have been
trying to use the enriching bilingual dictionary in machine translation systems such as
OOV remover and morphological analyzers as well as in the training data for

Transliterator.
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APPENDICES

Pytorch OpenNMT toolkit is used to implement the Myanmar-English Neural
Machine Translation models in both directions. In this section, we will present how to
implement the Myanmar-English neural translation models including the
Experimental setup for Neural Machine Translation System, creation of Myanmar-
English parallel corpus and Myanmar monolingual corpus, data preprocessing step,

training models and translation steps.

Appendix A: Experimental Setup for Neural Machine Translation

Systems

All experiments were conducted on Nvidia Tesla K80 GPU. As requirements,
Python 2 or 3 must be installed. To download and install python, follow the

installation note at python official website: https://www.python.org/.

Before the installation pytorch, it is needed to use at least one of two
supported package managers: Anaconda and pip. Commands to install from binaries

via Conda or pip wheel are on the PyTorch official website: https://pytorch.org. To do

so, as prerequisites, Anaconda was firstly installed. To install Anaconda, Anaconda
installation guide documentation can be referenced at

https://docs.anaconda.com/anaconda/. Then we install the PyTorch.

Pytorch, port of OpenNMT, is an open-source neural machine translation
system. It is designed to be research friendly to try out new ideas in translation,
summary, image-to-text, morphology, and many other domains. Some companies
have proven the code to be production ready. To use the pytorch OpenNMT, the

followings steps are needed to install.
1. Install PyTorch

To install Pytorch, operating system, package, language and CUDA version
are selected. According to the selected item, the official website gives the install

command to run on terminal.
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Command:

conda install pytorch torchvision cudatoolkit=10.0 -c pytorch

Now, PyTorch have finished the installations successfully. It's time to test

PyTorch by executing torch program.

2. Get OpenNMT-py

Clone the OpenNMT-py git repository on Github into a local folder. The

commands are as follows:

git clone https://github.com/OpenNMT/OpenNMT-py
cd OpenNMT-py

3. Install required libraries

‘ pip install -r requirements.txt

To check whether PyTorch was successfully installed or not, run the following

commands.

Python
>>import torch
>>torch.cuda.is_available()

True

If True 1s returned, it is ready to use the pytorch on the machine. And then,
neural machine translation models for Myanmar-English language pair was trained by

configuring different hyper-parameter settings.
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Appendix B: Creation of UCSY-corpus and Myanmar Monolingual
Corpus

In this section, data collection and data preprocessing step for Myanmar-

English neural machine translation models are presented.
1. Data Collection

Data collection is a essential step to develop Myanmar-English NMT models.
The performance of machine translations is depends on the availability of parallel
corpus. In our experiments, we use two parallel corpora: the ALT corpus and the
UCSY corpus. ALT corpus consists of twenty thousand Myanmar-English parallel
sentences from Wiki news articles. The UCSY corpus consists of 200K Myanmar-
English parallel sentences collected from different domains, including Local news,
Travel Domain, school text books and spoken text. Local News is from the
government official websites such as Myanma Alin, The Global New Light of
Myanmar. It starts to collect from Janay 2016 to December 2017. Travel Domain
contains about people (greeting, introduction and communication), survival
(transportation, accommodation and finance), food (food, Beverage and restaurant),
fun (recreation, traveling, shopping and nightlife), resource (number, time and
accuracy), and special needs (emergency and health). School text books and spoken
text mainly contain widely used spoken English. There are 220K parallel sentences in
total. And Myanmar monolingual corpus is constructed to improve the performance of
machine translation systems. The collected sentences of Myanmar monolingual
corpus is local news data and 170 thousand Myanmar sentences.

The collected sentences include sometimes noise data such as HTML tags, the
color, font, style attribute and the extra spaces. These noise is to remove in the
collected sentences. And the duplicate sentences are also removed. Another problem
is that this dataset contains spelling errors. Thus, we are manually modified the
spelling error in order to clean noisy data. All Myanmar-English parallel sentences
have been converted into UTF-8 text file format and Myanmar3 font. The corpus
preparation is a very important task to train the NLP tasks and it takes for one year

and six months.
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2. Data Preprocessing

After cleaning the corpus, this corpus is ready to use in the research of the
Natural Language Processing tasks. The corpus is randomly divided into training data,
development data and test data. Therefore, the data for Myanmar-English and
English-Myanmar translation tasks is a mix domain data collected from different
sources.

The collected raw sentences are not segmented correctly and some do not have
almost no segmentation is essential for the quality improvement of Machine
Translation. As the preprocessing step, we use syllable segmentation that is the

python script described at: https://github.com/ye-kyaw-

thu/sylbreak/tree/master/python is applied. "sylbreak" [91] is segment the Myanmar

sentence into syllable level. After that, the data preparation have finished and ready to
train the NMT models. The implementation of Myanmar-English neural machine

translation model are described in Appendix C.

96


https://github.com/ye-kyaw-thu/sylbreak/tree/master/python
https://github.com/ye-kyaw-thu/sylbreak/tree/master/python

Appendix C: Implementation of Myanmar-English Neural Machine

Translation Models

In this work, Preprocess the data, Train the model and Translate the test

sentences are presented.
1. Preprocess the data

The preprocessing script takes training file and validation file in both of source
and target sides as input. In our experiment, training files has 2200K sentences.
Validation files have 2200 sentences and testing files have 1270 sentences. This

preprocessing script is done by using the following command:

python preprocess.py
-train_src data/src-train.txt

-train_tgt data/tgt-train.txt
-valid_src data/src-val.txt
-valid_tgt data/tgt-val.txt
-save data data/demo

Here parallel data set is labeled as to source(src) and target(tgt). The dataset has
one sentence per line and every Myanmar syllables token and English words token are
separated by a space. And we have source(src) and target(tgt) training, test and
validation files in it. This script will yield the three output files. They are

1. demo.train.pt: serialized PyTorch file containing training data

2. demo.valid.pt: serialized PyTorch file containing validation data

3. demo.vocab.pt: serialized PyTorch file containing vocabulary data

2. Train the model

The main train command is quite simple. The training script takes data files
that is the output of the preprocessing step. And it outputs the model files. Typically,
the default model goes on till 100000 epochs, such that a check-point is saved after
every 5000 epochs. This will run the default model, which consists of a 2-layer LSTM
with 500 hidden units on both the encoder/decoder. This training script is done by

using the following command:
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python train.py
-data data/demo

-save_model demo-model

This generates the 20 model files as default model. And it also generates the
accuracy value and perplexity value of each model files. The following figure shows

the screen output of the model when we run the above command.

c 222 INFO] MNMTModel(
{en er): R
(embedding e ings(
{ e_embedding} Sequential(
mb_luts): Element [
(8): 588, padding_idx=1)

dropout=8.3)

padding_1idx=1)

ropout): Dropout(p=8.3)

Modulel
THCell(1
LSTHCell(5

b,

(attn): GlobalAttention(
(linear_1i Lnea _fes =5 out_feature , bias=False)
{linmear_out): Linear{im_feature 88, out_featur 8, blias=False)

S9080, out_features=

3. Translate the model

The translation script use the model file and test file as the input. The model
file is the output of the training script and the test file is that wants to translate.

python translate.py
-model demo-model.pt
-src data/src-test.txt

-output pred.txt

The model file is replaced with the own model. The translation script will

generate the translated output and store the predictions into a file named pred.txt.

98






