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ABSTRACT

Natural language processing, as an essential component of artificial intelligence
technology, is rooted in a variety of disciplines, including linguistics, computer science,
and mathematics. Natural language processing's rapid advancements provide strong
support for machine translation research. The process of translating text from one language
into another using computer technology is known as Machine Translation (MT). Recently,
Statistical Machine Translation (SMT) has been proposed and it has improved in several
language pairs. The primary objective of this study is to develop a system for statistical
machine translation between Lisu and Myanmar. There are two key parts to the system
overview. Making a new parallel corpus in Lisu and Myanmar is the first stage. The second
section introduces the phrase-based statistical machine translation system for the
Myanmar-Lisu language pair. Experiments with the proposed model are carried out by
using a phrase-based statistical machine translation model. Using the BLEU score, this

system is used to evaluate the results of the translation between Myanmar and Lisu.
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CHAPTER 1

INTRODUCTION

As globalization and information technology has been advancing, language
translation becomes more widespread and diverse. Natural language is a fundamental
aspect of human behavior and an essential component in our daily lives. It is a tool for
communicating with people all over the world. Natural language processing (NLP)
refers to computers' ability to generate and interpret natural language. The use of
computers to translate text and speech from one natural language to another is known
as machine translation.

Machine Translation is the use of computers to automate some or all of the tasks
associated with translating between human languages. Statistical Machine Translation,
Rule-based Machine Translation, Example-based Machine Translation, and Neural
Machine Translation are the four major machine translation techniques. The system
introduces the statistical machine translation system (SMT).

Statistical Machine Translation (SMT) uses input sentences to train and
decoders to produce a correctly translated sentence. Using SMT and the phrase-based
decoder system, the translation quality of several language pairings has significantly
improved. For model training, statistical machine translation (SMT) systems rely on
large parallel data corpora. Furthermore, the size of the parallel data corpus influences
the effectiveness of statistical machine translation systems.

On the other hand, Myanmar is a low-resource language, and parallel corpora
in Myanmar and Lisu are uncommon. As a result, in this system, a parallel corpus for
Myanmar and Lisu is created first, followed by a statistical machine translation system
between the two languages. Myanmar sentences from the UCSY-corpus [9], which
includes the Myanmar-English language pair, are used to construct the Myanmar-Lisu
parallel corpus.

These Myanmar phrases are then handwritten into Lisu. This corpus also
includes parallel sentences from both spoken and written school text books in both
languages. The Myanmar-Lisu parallel corpus contains over 15K parallel sentences.
The aim of the system is to create an implementation of a Statistical Machine

Translation System between Myanmar and the Lisu language.



1.1 Statistical Machine Translation

The Empirical Machine Translation (EMT) systems are the source of the
statistical machine translation systems. Despite the fact that they rely on a large number
of parallel aligned corpora rather than linguistic concepts or words, these systems learn
how to translate by evaluating a large number of previously translated texts by people.
A framework for text translation from one natural language to another is a statistical
machine translation system. These systems are built on data from parallel corpora for
statistics and knowledge modeling.

Effective statistical machine translation requires bilingualism or
multilingualism in both the source language and the target language. The statistics
tables are built using a statistical machine learning method. The statistical tables contain
the statistical data, and the training technique is what is being discussed. The best result
during the decoding phrase is determined using this statistical data. There are four
different statistical techniques for machine translation. They are word-based model,

syntax-based model, phrase-based model, and hierarchical phrase-based model.

1.2 Motivation of the Thesis

In the twenty-first century, there are between 6000 and 8000 different languages
spoken in the world. This is affected by changes in the number of speakers, how
frequently they appear in different media, migration, and linguistic blending with other
languages. It is challenging to learn a foreign language because it takes practice and
comprehension. Since the late 20th century, machine translation of natural languages
has grown in prominence in the real world as a solution to this problem. Many people
consider Myanmar to be a low-resource language. Furthermore, a parallel corpus for
Myanmar-Lisu translation is uncommon. As a result, a new parallel corpus must be
created for Myanmar and Lisu. Furthermore, the system described in this paper employs
statistical machine translation and a phrase-based model to translate sentences between

Myanmar and Lisu.

1.3 Objectives of the Thesis

The proposed Myanmar-Lisu machine translation system can translate texts in
either direction at the user's request. The following are the primary aims of the system:
() To create a Myanmar-Lisu corpus



(i)  To have clear understanding of how to work statistical method for
language translation

(i)  To study phrase-based statistical machine translation in language
translation

(iv)  Todevelop Myanmar-Lisu machine translation model in both directions

(V) To assist to Myanmar students who are learning Lisu language

(vi)  To promote the long-term development of Lisu literature

(vii) To evaluate the accuracy of Myanmar-Lisu machine translation in
BLEU

1.4 Contributions of the Thesis

The proposed system creates an implementation for a phrase-based statistical
machine translation system between Myanmar and Lisu. The suggested approach is
very useful for translating between Myanmar and other languages. The following are
the contributions of the thesis:

(i) New Myanmar-Lisu corpus is constructed.
(ii) Statistical Machine Translation system with phrase-based model for Myanmar-

Lisu language pair is proposed.
1.5 Organization of the Thesis

This system is divided into five chapters: Introduction, Background Theory,
Myanmar and Lisu Languages, System Design and Implementation, Conclusion and
Further Extensions. The first chapter introduces a statistical machine translation system
with a phrase-based model for Myanmar and the Lisu language. This chapter also
discusses the motivation, contributions, and goals of the research work.

The second chapter discusses background theory and related research. The third
chapter delves deeply into the Lisu and Myanmar languages. The proposed system's
design and implementation, evaluation of the SMT model, and system deployment are
all explained in chapter four.

The conclusion of the research work is presented in chapter five. This chapter
includes some additional extensions that suggest some potential improvements. This

chapter also discusses the benefits and drawbacks of the system.



CHAPTER 2

BACKGROUND THEORY

This chapter introduces natural language processing, machine translation
system development and application, and the various types of statistical machine
translation systems. The first section of this chapter describes the characteristics of
natural language processing. The second section of this chapter provides an overview
of machine translation. Following that, various types and models of machine translation
are presented. Finally, the Phrase-based Statistical Machine Translation system is
described in detail.

2.1 Natural Language Processing

A subfield of artificial intelligence called ‘“Natural Language Processing”
enables computers to comprehend, analyze, and manipulate human language. To bridge
the gap between human communication and machine comprehension, NLP draws on a
variety of academic fields, including computer science and computational linguistics.
Natural language processing (also known as NLP) is a branch of computer science that
combines computer science, information engineering, and artificial intelligence (Al) to
improve machines' ability to understand language and comprehend messages.

NLP also gives computers the ability to comprehend natural languages in the
same way that humans do. Natural language processing, whether spoken or written, uses
artificial intelligence to take actual information, process it, and make sense of it in a way
that a computer can understand. People communicate with one another on a regular basis
using natural or human languages. Individuals communicate using words, whereas
computers only use numbers. Nonetheless, these numbers can serve as a bridge between
the various languages spoken around the world.

NLP can be used to solve this problem and create a translation system that will
allow us to communicate openly and effectively. Natural language processing is a
process that allows computers to understand and interpret human language. NLP
combines computational linguistics, which uses rule-based modeling of human
language, with statistical, machine learning, and deep learning models. NLP refers to
any computer program that can translate text between languages, respond to spoken

commands, and summarize massive amounts of text quickly, even in real time.
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A two-way communication process involves participants creating and sharing
meaning while also exchanging information, ideas, and emotions. Language is the most
primitive form of communication. Language is essential in all aspects of daily life
because it allows people to communicate and share ideas.

Furthermore, language is the most effective way for people to communicate
with one another because it allows us to express our thoughts, feelings, desires, and
other emotions. These two types of language are receptive and expressive. Receptive
language is how we understand a language, which is usually accomplished through
listening or reading, whereas expressive language is how we use language, which is

usually accomplished through speaking and writing.

2.2 Machine Translation Overview

Machine Translation, also known as automated translation, is the process of
translating a text from one language into its equivalent in using computer software.
Machine translation has been a vision that has come more recently, people have realized
that they need a text translation to be done more quickly. Without a human's help,
machine translation (MT) employs artificial intelligence to automatically translate text
from one natural language (the source) into another (the target).

A huge number of source and target languages are compared and matched when
utilizing a machine translation engine. Since 1940, people have made modifications to
technology, gradually enhancing procedures. Early in the 1950s, particularly in the
United States, one of the earliest concepts for utilizing computers to automatically
translate human languages developed. Studies were carried out to produce automatic
translation starting in the 1970s. Over the years, researchers have experimented with a
variety of ways to address machine translation issues. The following four machine
translation methods are typical:

(i) Rule-based Machine Translation (RBMT)

(i) Statistical Machine Translation (SMT)

(iii) Hybrid Machine Translation (HMT)

(iv) Neural Machine Translation (NMT)

2.2.1 Rule-based Machine Translation (RBMT)

A set of linguistic rules is used by the rule-based machine translation system to
translate the source text into the target text. The first RBMT systems were created in

5



the early 1970s. RBMT systems require monolingual and bilingual dictionaries with
human input in order to map input words to output words. The rule-based machine
translation system supports three machine translation techniques are direct, interlingua,
and transfer-based. The rule-based machine translation system is built using hand-
coded translation rules. To write the rules for the system, good linguistic knowledge is
required, as well as a bilingual dictionary. Other MT systems, such as SMT and EBMT,
necessitate a large parallel corpus for training.

2.2.2 Statistical Machine Translation (SMT)

In order to determine the most likely translation for an input data, Statistical
Machine Translation (SMT) uses large amounts of bilingual data. Systems for statistical
machine translation study the statistical relationships between the source texts and
known human translations to learn how to translate. The translation model and language
model are the two most important parts of statistical machine translation. The output
language monolingual data is used to create the language model. Based on the
translation language, the language model selects the best option from among the
possible translations.

Since the language model gives the translated text its natural language fluency,
it can be said that the language model contributes to translation fluency. Parallel data
are used to train the statistical machine translation engine and produce a translation
model. A table of aligned phrases and translations is a translation model. These words
are referred to as n-grams. The translation model's objective is to predict probable
translations for specific input materials. The translation model can be considered
appropriately because it keeps the source's meaning intact. There are phrases separating
the input text. The parallel counterparts from the translation model are matched with
the phrases. The translation's likelihood in the target language is confirmed by the

language model.

2.2.3 Hybrid Machine Translation (HMT)

Hybrid machine translation is a type of machine translation that combines many
machine translation methods into a single machine translation system. The basic
objective of hybrid methods is to combine the best features of two or more MT

approaches. The three primary parts of hybrid machine translation (HMT), which fills



in the gaps left by different MT techniques, are rule-based machine translation (MT),
statistical MT, and example-based MT.

A system and method for hybrid machine translation have been created based on
a statistical transfer methodology integrating linguistic and statistical features. Using the
system and approach, one can translate from one language into another. The system may
include a statistical translation module, a rule-based translation module, and a hybrid
machine translation engine. The database stores source, target, rule-based, and
statistical language models (s).

The rule-based translation module transforms source text based on rule-based
language models. The statistical translation module transforms source text based on
statistical language models. A hybrid machine translation engine with a maximum
entropy algorithm is connected to the rule-based translation module and the statistical
translation module in order to convert source text into destination text using the rule-

based and statistical language models.

2.2.4 Neural Machine Translation (NMT)

To translate one language into another, a sizable neural network known as
Neural Machine Translation (NMT) is trained from beginning to end. Words can be
translated from one language to another using the neural machine translation (NMT)
algorithm. In NMT, neural models are trained using deep neural networks and artificial
intelligence, which is a completely different approach to the issue of language
translation and localization. The primary machine translation methodology has changed
significantly from SMT to NMT in just three years, making NMT.

Neural machine translation frequently produces translations of a noticeably
higher quality, with greater fluency and appropriateness, when compared to statistical
machine translation techniques. A more accurate translation can be produced with the
help of high quality NMT, which can recognize the translation's context and apply
models. The concept of neural machine translation has recently been proposed. In
contrast to traditional statistical machine translation, neural machine translation tries to
create a single neural network that can be collectively changed to maximize translation
performance.

The most up-to-date encoder-decoder models for neural machine translation
commonly transform a source sentence into a fixed-length vector, from which a decoder

generates a destination sentence. The encoder-decoder family of models for neural
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machine translation has lately seen a lot of development. These models encode the
source sentence into a fixed-length vector, from which a decoder generates the
translation.

NMT trains a single, massive neural network to translate. This method is
becoming more and more well-liked due to better results with language pairs. NMT is
a recently developed technology with complete resources and high levels in many
languages. The frameworks for the encoder and decoder form the basis for numerous

neural machine translation models.

2.3 Phrase-based Statistical Machine Translation

Phrasal units serve as the foundation for PB-SMT translation models [2]. A
phrase in this case is only a group of words that are together it does not have linguistic
significance. The phrase translation model is based on the noisy channel model. Find
the translation e that, given the source phrases, maximizes the translation probability
P(e|f). The translation of a source sentence f into a target sentence e is modeled as
equation 2.1.

e = argmax e P(elf)
2.1

The mathematical formulation of phrase-based model is as equation2.2

P(e|f) = argmax P(f|e)P(e)
2.2

This allows for a language model P(e) and a separate translation model P(f|e).

Using decoding, the input source sentence f is segmented into a sequence of |
phrases f; ..

Each source sentence f;'is translated into a target language e;’. The
arrangement of the target phrase is flexible. A probability distribution is used to model
phrase translation @(f;"|e; ) . Keep in mind that the Bayes rule, from the perspective
of modeling, inverts the translation direction.

In order to mimic the reordering of target output, a relative distortion probability
distribution is used d (a; — b;_1), a; d the begin position of the source phrase that was
translated into the | target and b;_, indicates where the source language ends when it is

translated into the target language (i -1).



All of the studies employ a joint probability model to train the distortion
probability distribution d(.). Alternately, a more straightforward distortion model is
appliedd (a; — b;_,) =«!%~bi-1=1l with an appropriate value for the parameter o,

In order to calibrate the output length, it introduce a factor for each generated
target word in addition to the trigram language model p,. This is a straightforward
method for improving performance. This factor is usually greater than one, biasing
longer output.

In conclusion, according to the model, the best target output sentence e

given a source input sentence f is

I
P¢fTer = | |0iler) deai— b
i=1

2.3

All phrase pairs are gathered to align the word alignment: Only the words within
a pair of legal phrases are aligned words from the other phrase are not. Using the phrase
pairs that have gathered, it estimates the phrase translation probability distribution by
relative frequency:
count(f~,e")

0(7le) = Xr-count(f~,e”)

24

2.4 Literature Reviews

This section discusses prior translations of the Myanmar language and includes
articles about statistical machine translation (SMT).

The alignment model created by the authors between the source and target
characters or words was initially described in [6]. The parallel corpora utilized to assess
the system's efficacy in statistical machine translation from English to Afaan Oromo.
In order to create language models for English and Afaan Oromo, this study used
monolingual corpora of 19300 and 12200 sentences, respectively. According to the
experimental findings, BLEU scores from English-Afaan Oromo and Afaan Oromo-
English were obtained at 18% and 35%, respectively.

A parallel corpus for the Myanmar-Kayah language pair is created, according
to the author in [11], and statistical machine translation models are introduced based on

word-to-word, character-to-word, and syllable-to-word levels. The Moses Tookit's



default settings were used by the author. The quality of statistical machine translation
(SMT) between Myanmarese and Kayahese (Kayah Li) languages is evaluated in this
paper. Based on the ASEAN MT corpus for the Myanmar language, this method also
created a parallel Myanmar-Kayah corpus of 6,590 sentences. The findings indicate
that for translations from Myanmar to Kayah and from Kayah to Myanmar, the PBSMT,
HPBSMT, and OSM approaches attain the BLEU score.

The phrase-based translation model and decoding algorithm introduced in this
study, according to the author in [3], allow us to assess and contrast a number of phrase-
based translation models that have previously been developed. In order to better
understand and explain why phrase-based models perform better than word-based
models, this framework conducts a huge number of tests. The empirical results, which
are consistent across all language pairs studied, suggest that the highest levels of
performance can be obtained through relatively simple methods: heuristic learning of
phrase translations from word-based alignments and lexical weighting of phrase
translations. Surprisingly, learning longer than three-word phrases and learning phrases
from high-accuracy word level alignment models have little effect on performance.

10



CHAPTER 3

MYANMAR AND LISU LANGUAGES

This chapter provides an overview of Myanmar and the Lisu languages. This
chapter also discusses the Lisu grammar and its sentence structure, as well as the nature

of the Myanmar language and its grammar.

3.1 Introduction to Myanmar language

In Myanmar, there are about a hundred different languages spoken (also known
as Burma). The Myanmar language is the official language of the Republic of the Union
of Myanmar. Additionally, it is known as Burmese language. Myanmar belongs to the
ethnic group known as Tibeto-Burman. 10 million people speak Myanmar as a second
language, while 34.5 million people speak it as their mother tongue. Furthermore,
Myanmar is a language spoken in a few areas of the United States as well as neighboring
countries such as Bangladesh, Malaysia, and Thailand. Ethnic groups speak Myanmar
as a second language in addition to their native tongues. Myanmar's syllable-based
language has its own script. Despite the fact that English was declared the official
language during the colonial era, Myanmar remained the dominant language in all other

scenarios.
3.2 Myanmar Language

According to legend, the Myanmar script was derived from the Mon script. The
Mon script is based on Pali, an ancient Indian language used in Theravada Buddhist
writing. Myanmar script consists of (33) consonants, along with Independent vowels,
Dependent consonant signs (also called Medials), Dependent vowel signs, Dependent
varied signs (also called Pali Words), Punctuation, and Digits. They are depicted in
Figure (3.1). The writing system used in Myanmar is left to right. The spoken style and
the written style are the two types of language.

11
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Figure 3.1 Myanmar Character Patterns

Furthermore, the sentences structure is subject-object-verb (SOV). In Table 3.1,

the way sentences are formed in Myanmar is illustrated.

Table 3.1 Formation of Myanmar Sentence

English o ]
I will give you this book.
Sentence
Myanmar lo&:38 Q g
CleC:0p30233060:0 VI
Sentence
M Noun Noun Noun Verb )
yanmar or or o on Punctuation
r r r r
Phrases or ase ase ase ase
c. 9 Q C <
clauses cl Cletep 30030 ISHATéN) I
Myanmar 4 o | o Q Q
c ©C: 0D | 3 |®| PO |GL:| W I
Word
Myanmar 4 o | o Q Q
c ©C: 0D | 3 |® | PO |GL:| W I
Syllables
Myanmar
y clocd oz I
Characters
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The spacing between words in the Myanmar language, like other languages of
Southeast Asia, is not specified. Usually, there is no space between words. It is

occasionally written with spaces between phrases. Sentences can be easily determined

with sentence boundary maker "i" which is called (35@ and pronounced as "Pou ma".

The sentence is composed of one or more words or phrases that adhere to Myanmar
sentence structure.

Each word contains one or more syllables. A syllable is made up of one or more
characters. However, a word may contain only consonants and no vowels at times. One
initial consonant, one or more medals, one or more vowels, and one or more dependent
different signs make up a Myanmar syllable. As stand-alone syllables, independent

vowels, other signs, and numerals can all be used.
3.3 Myanmar Grammar

Words from Myanmar can be morphologically combined to form new words.
As a result, the Myanmar language is likely to be inflective and agglutinative.
Morphemes can be joined in any order, just like Chinese characters. Because Myanmar
is primarily a head-final language, it shares many syntactic similarities with Japanese
and Korean languages.

e m
| Pranoun
Conjunction

.. B Adjectives
PEIStFIEIS-ItIEII"I

/: @

Figure 3.2 Nine Parts of Speech in Myanmar Grammar

Figure 3.2 depicts the nine primary parts of speech in the Myanmar language.
Among them are nouns, pronouns, adjectives, verbs, adverbs, particles, postpositional

phrases, conjunctions, and interjections.
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3.3.1 Nouns

Nouns typically refer to a specific individual, an object, or abstract ideas. Nouns
can be made up of one word or multiple words. There are two types of nouns in
Myanmar. These are the four various structures and the four various meanings or
representations. The four different types of meaning or representation for nouns are
proper nouns, abstract nouns, common nouns, and collective nouns. The four different
types of construction are indivisible noun, compound noun, verb modification noun,

and qualitative noun.

Some nouns in the Myanmar language typically begin with 33 (3943%:) and

ended with @ (0g 85 @), [§C° (eqp ac @c ), 682 (0Opooeey), sHoo (3990333:,”(73 ). In

L

Myanmar language, plural nouns are formed by suffixing the particle "qpsi O‘cél coy"

into singular noun "qu(c;(r{pésooo:qps)" is used in writing ' ool ey (2 > orclﬂ "is used

o

in spoken form. The Myanmar language does not recognize any artificial or
grammatical gender; it only distinguishes between the sexes, or the masculine and

feminine.
Gender-indicating particles come before nouns. "Sa 031 éeodi 08:" is used to

describe male gender, and "e3l1 ©" is employed for female gender. Particles, often

called measure words, are suffixes that are added to nouns to denote their type. For

example, "e0o0051 3" is employed to count persons. "ecoC" is used to count animals.

"9" is applied to general classifiers. "oz is employed for spherical things. "@o:" IS

applied for flat objects and is employed for group objects. Some nouns can also be

identified by the concatenation of particles that are joined to a verb or an adjective.
Additionally, the word is suffixed with the particles known as post-positional makers
(PPM). The postposition offers a justification.
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3.3.2 Pronouns

It is necessary to use pronouns when referring to people or things. In the
Myanmar language, pronouns can be classified into four different categories: personal,

referential, question, and mathematical.

In place of a person, a personal pronoun is used. ' Oglq?GU)DI ogﬁe

wou S on nmon

oCs acqp" 1"$C", "on", " ape™ are the personal pronouns used in Myanmar language.

Referential pronouns are used to indicate that something or someone is being pointed

to such as, " Qﬁ " °L ". And then, Question pronouns are words that are similar to

English terms like "what,” "who," and "where." For example, in the Myanmar question:

"What does she like?", " 020" that refers to "the thing that she likes" (noun), and it is

called a question pronoun. By the same logic, "where" in the question: "Where did she
clI

go?", " oowd" that refers to "the place that he went" (noun), and it is also a question

two cups( 06),"

. . " co
pronoun. Mathematical expressions for "one person(oooaez),

"three groups(odse),” “five items(Clgjjp)," “some(zaq))." "few(aagpSscud)”,

"all(3202092)", "half(020005)", etc.

3.3.3 Adjectives

A word known as an adjective is used to modify the noun. Adjectives in

Myanmar typically terminate with the particles "eooo". Adjectives in Myanmar are
divided into three levels. In normal, adjectives are concluded with "c2o02". In
comparative adjectives, the particles "3g)i coo¢)" is prefixed to the adjectives. In

superlatives adjectives, the particles a? is suffixed to the adjectives.

There are two types of adjectives used in Myanmar. These are the four various
types of meaning or representation and the two different types of structures. 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 (emo&sea00) and compound adjectives
C
(3)920006200).

Adjectives that modify a noun's quality by describing how something or

. . . . . ¢ C c 1]
someone is are known as qualitative adjectives. For example (‘ qleswo@oooeoao ).

Adjectives with references to someone or something are called referential adjectives.

o), 2095 , 3 , 3[goee009, G2, etc., are referential adjectives. Words used to express

"how many" of something or someone, "what position” in an ordered list of the
something, and unspecified numbers fall under the genre of mathematical adjectives. It
is further divided into three categories. These numbers are quantitative, ordinal, and

undefined. Following measure words are quantitative adjectives, which are words that

describe numbers. For example: (¢(030€660m8).

Ordinal numbers, such as "first, second, and third," are terms that indicate a

number's place in an ordered list. For example: (00[0366[g0059), in there, “c(go05”

is an ordinal number of adjectives. Unspecified number of adjectives is the words that

are used as quantifiers without numbers. sfaozcx"?z : sfaéj[oc;ooo , etc., are unspecified
. . - - - - ¢ c 0O N N_O
number of adjectives. Questionnaires of adjectives are ©p3g|, ©P3396202, 6O PN

G202, etc.

3.3.4 Verbs

The word "verb" refers to a state, an occurrence, and an action. Usually, the
base word, prefix, and suffix of a Myanmar verb can be used to identify it. The verb
roots in the Myanmar language are always followed by one or more particles. This
particle conveys details about the present tense, goals, behavior, emotion, and other

things. The suffix ":Dél el [§ can be used as a marker making the present tense

statements and also as a verb post-positional marker. The suffix "@:Dpél sen 5[§ can

be used as a marker making the past tense statements and as a verb post-positional
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marker. The Myanmar verb form can be used with the suffix "epaé" to express an

action that is now occurring.

The suffix "epS1 c36epS1 cogd,1 33" can be used as a marker making the future

tense statements and as a verb post-positional marker. Myanmar verbs are negated by

the particle "o", and "o" is prefixed or infixed to the verb. Usually the marker "3l opll

are used with negative verbs. For example: (232, eogo:cﬂ, ©292:00%).

3.3.5 Adverbs

Adverbs are phrases that modify verb tenses. Adverbs in Myanmar are typically

followed by particles "g>". In Myanmar, there are five different types of adverbs.

qlcf)snéz, e@oam L 9DGCS , BT 0oa¢ are identified as the time indicators
of adverbs. (?J(?JGCDG&) , [§§[§§ are the manner indicator of adverbs. And then,
335338615618, coéj@e\l, sg@:eraoqoS are the situational indicator of adverbs. 3958% ,

c o

@é@p_g: , QQ50, QPQPs, 3’ao?<§ are the quantity indicator of adverbs. Moreover,

L

Cc O . . .
0p5g| , ©p586200, 0503 and >0 are the questions indicator of adverbs.
o T T

Additionally, certain adverbs are created by integrating words that are positive and

negative in opposition to one another. For example, coooczocomcs.

3.3.6 Particles

A particle is a word that functions as a noun, pronoun, adjective, verb, and
adverb. A particle is defined by the addition of the particle to the end of a noun,

pronoun, verb, adjective, or adverb. A particle is a term that cannot be translated. Some

Particles are qpozi CI%I Go00I oa@fl ep_§| 2001 20¢1 O€1 B qorgl Nelkzepe] §.§| ol and etc.
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3.3.7 Post-positional (PPM)

A word that follows or is added to a noun, pronoun, or verb is known as a post-
positional word. The subject and object are indicated, respectively, by pronouns and
nouns marked with PPM. PPM verbs convey the moment and the atmosphere. Particles
cannot be translated, however a number of post-positional makers, with the exception
of the subject and object makers, can. In Table 3.2 below, the noun post-positional

makers are listed.

Table 3.2 Noun PPM

No. | Makers PPM Examples

1. | Subject Makers 20p51 01 62 agl§em(l)

2. | Object Makers o3 23603 (sister)
3. | Receiver Makers 322¢ 29322: (him)
4. | Place Makers (Location) é' @l 085' 0051 o at, on, in

5. | Place Makers (Departure) Qoo from

6. | Place Makers (Destination) 3%' 0’3 to

7. | Place Makers (Direction) 3%' 0% ! 983% to, towards

Place Makers oc oo o
8. OpCOpCI 3200 until, till
(Continuation of place)

C

9. | Time Makers @21 0uC at, on, in
OoCc OC¢C (o]
10. | Continuous of Time OpCOPCI 300 up to, till
- Q Q -

11. | Instrumentality Makers @9' §G3202 by, with

C C
12. | Cause Makers 9@99' 33@9 because, because of
13. | Possessive Makers & 6\1 's
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14. | Accordance Makers

Q ¢
31 32§)

as, according to

15. | Accompaniment Makers

C C C Q
§&1 8801 §Go2pd

and, with

16. | Choice Makers

og& 39§0r°)| 91 000

between, among

17. | Purpose Makers

61$I 83" 390808

to, for

There are two sorts of verb PPM. There are three different tenses and four

distinct groups. Verb post-positional makers are shown in Table 3.3.

Table 3.3 Verb PPM

No. Makers PPM
Three types of tense
< ﬁ Q
1. Present Tense 2001 @l [9
2. Past Tense 520051 e 33
< QC ¢ °
3. Future Tense 001 QOQEPVI QO
Four types of tense
1. | command [literary] Maker eQo?
2. Consensus Maker &1 g3
3. | sympathy and mercy Maker 016160)
4, Judgment Maker co

3.3.8 Conjunctions

A conjunction connects and keeps clauses, sentences, and words together. Word

connections known as conjunctions. They follow nouns and pronouns like things,

objects, and people, according to further examination. For example,

19
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ogeo?or%","?ood]z", gx@sj "eono", "mézemaé:" and etc. Conjunctions also

[

oll " "

" O°II H H H n n n C
known as oToqmo are used to join basic sentences, such as ﬁ ;R Qe

"gommal”, and "eoooe(opé”. 38dludsondaogs are characterized by two

separate sentences in which the second sentence starts with a conjunction word that has

. . . . . w O C
logical connection to the first sentence. English equivalents are o:?ee@og

: :ﬂeoeoé", o%@f: etc. Additionally, conjunctions are employed to symbolize the

limitations and difficulties, for instance, "e0705¢E", and "a36wr05 ". Conjunctions
are also used to show "or else" choice, logical consequence such as "ade(03o¢", and

qeodaaes(gS”, or to describe the desired end result such as " (§6eoq§ " and “coq§".

3.3.9 Interjections

Interjectional language words or phrases used to express emotion. There are no
grammatical rules that apply to interjections in a sentence. Furthermore, these words
have no bearing on the rest of the statement. Despite the absence of an interjection
word, this statement nevertheless makes sense. You can also utilize an interjection on

its own. People in Myanmar regularly use interjections to convey their feelings. For

. I\ S N C 0.C
example: (3663 EP: I6YI VOV e@m 091 022021 GODCVNDON).

There are eight main types of interjections. The table below, Table 3.4, lists

them.

Table 3.4 Eight Types of Interjection

. . G(ﬂ%&é@é‘?@(ygo’s SQDG@ﬁogeﬂog
Interjections Of Joy

— - 2 Q Q. < o ¢
Interjections Of Attention 322§ 303(gcta0p0d B@o663034p:

. CINRS < o ¢
Interjections Of Approval QOCIOORPOJIOITOYND 320607 00Q3:

i i A o o N C‘o C o ¢ o
Interjections Of Surprise 3?39°°33§[§C°3908m 822603 00Qqd:
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C (N C
oes§l93:[§c:
Interjections Of Sorrow or Pain o cmo o 0o ¢
(23) ﬁ.ooq|c[§c:3@ogm czelclClolopltok

° (o] c N
. : 2020000 6WI|Q(C:s
Interjections For expressing doubt or L @@

hesitation (53) 03a8&:(ga0305 ocedodyp:
. < Q. g o ¢

Interjections For Shock c[ogpadeog[glamogn’d mocegodqp:
. : <___ Mg, g o ¢

Interjections Of Greeting §055003(gL:320303 30663054

3.4 Lisu Language

Speaking countries for Lisu include China, Myanmar, Thailand, India, and
Laos. The bulk of Lisu speakers still reside in North West (NW) Yunnan, China, which
is considered to be their current homeland. 575,000 people in West Yunnan, Sichuan,
and the higher portions of the Salween and Mekong River regions in China currently
speak it (1990 census).

Around Lashio, in Wa State, Myitkyina and Bhamaw, around Putao, and around
Loilem in Shan States, 126,000 Lisu speakers reside (1987 estimate). The provinces of
Chiangmaie, Chiangrai, Maehongson and Kamphaeng in Thailand are home to more
than 25,000 Lisu speakers. To the northwest of Thailand, some Burmese have moved.
There are more than 1000 Lisu speakers in India (Bradley 1994).

The overall population is 657,000 according to Ethnologue, 635,000 according
to Wurm (1981). In addition to the four primers mentioned earlier, Lisu also has a large
number of graded readers, a Bible, hymnals, health books, folktales, and teaching
materials for religious studies. Published in 1985, a Lisu-Chinese dictionary with a
partial English-Lisu index depicts Northern Lisu, particularly that spoken in NW
Yunnan's Nujiang Autonomous Prefecture.

In a straightforward Lisu sentence, which is an SOV language, the Subject is
followed by the direct Object, which is then followed by the Verb. One verbal
proposition and any supporting words make up a clause. The verb is typically the last
word in a phrase that is not marked. The majority of grammatical marking is carried by
the particles (independent words) that come after nouns and verbs. For example, noun

phrases include the necessary words to denote topic, possession, place, instrument, etc.
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The particles that come after subjects and objects are optional. Use of classifiers
is required when using numbers with or without nouns. The original Lisu alphabet was
created around 1907, primarily by the British missionary James O. Fraser, and was
being used extensively by 1918. It consists of 40 Roman uppercase characters, with an
additional 15 that are Roman uppercase letters written backwards.

It includes 10 vowels and 30 consonants. Using English punctuation, such as
the period, comma, colon, and semicolon, six fundamental tones and eight combination
tones are denoted. The 14 tones found in Lisu can be accurately described using these

6 markers and combination patterns. Figure 3.3 describes a description of them.

Lisu Consonants

B P d DT L G K A J € I3 E F

i M NL S R ¥ A ¥ H o1 x 4

Figure 3.3 Lisu Language

3.4.1 Lisu Consonants, Vowels and Tones

Vowels are listed after consonants in the alphabet. The table 3.5 contains a list
of the Lisu consonants. Each individual consonant's romanized spelling is listed next to
it. The spelling of a word depends on whether the consonants are at the start or finish
of the syllable. The romanization is only used when writing the Lisu Frasher term in

English letters.

Table 3.5 Lisu Consonants

Lisu Consonant Romanized Spelling
B B
P P
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N| O] 0] | ¥| R| @] +—| H| O| o

-n
—
N

L
—
w

z| Z

,_
ol wnl rlzZ

| IT|l <| >| x| ™| »n
zZ
Q

>

Lisu vowels can be found in Table3.6. Each vowel is followed by its romanized
equivalent.
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Table 3.6 Lisu Semi-Vowels

Semi-Vowels Romanized Spelling
W w
Y Y

The vowels are spelled uniformly and consistently. The Lisu line is a tone-based

language that is shown in Table 3.7.

Table 3.7 Lisu Vowels

Vowels Romanized Spelling
A A
v Ae
E E
3 Ew

I
O 0
U U
n Uh
1 Eu
d Oe

Two types of Lisu Tones are Single Tones and Double Tones. In Table 3.8, Lisu
Tones are described.
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Table 3.8 Lisu Tones

Single Tones Double Tones

.
n

3.4.2 Sentence Structure of Lisu

The subject-object-verb structure is the foundation of basic Lisu sentences

(SOV). The sentence structure of the Lisu language is the same as that of the Myanmar

language.

c..8, 09 oS
0§00 @220l

Z:LO=

In this Lisu sentence, “AW NY” is subject particle, “dY KO,Tv” is object particle
and “Z:LO=" is declarative ending form.

The SOV tense is the cornerstone of the Lisu pattern. In this structure, the first
part of the phrase introduces the subject and object, and the second part describes the
verb that appears between them. In essence, that is what an SOV phrase pattern is.
Additionally, the pattern is followed by Myanmar sentences as well. For example: “Aw

NY LO-1TV N.LO=" = “0R]§ 62003 @203 005 20p31” In this example sentence, subject is

“AW = R]§6”, “10-1=00” is the object and the last part is verb “n.LO= 03 20p5”. Some

example sentences of SOV pattern are described in Table3.9.
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Table 3.9 Example Sentences of SOV Pattern

c C C o C Y
AW NU TV U NY, AO= 0g|$€07° SCQPEaR SOOI
(N c o] Q c
AW YI.TV YEJLO= 0R]$93022 RO R33N
c uo\ [e] c c
YL.NY PO LO PAI TV NYI LO= IR IO @ 2 00l

3.4.3 Lisu Grammar

The eight major components of speech of the Lisu language are Noun, Pronoun,
Adjective, Verb, Adverb, Postposition, Conjunction, and Interjection are all parts of

them.

3.4.3.1 Nouns

Nouns serve as naming words. Nouns can be used to name objects, people, or
places. Nouns can be made up of one word or multiple words. There are four groups of
nouns in Lisu. These are the four various structures and the four various meanings or
representations. The four different types of meaning or representation for nouns are
proper nouns, abstract nouns, common nouns, and collective nouns. The four different
types of construction are indivisible noun, compound noun, verb modification noun,

and qualitative noun.

In  Lisu language, common nouns are “H;M'I;H;(8$:mems)”,
“¥PY;(6000jPs6a0s)” and Yl.,JvLo(@é)”.
In Lisu language, plural nouns are formed by suffixing the particle "BU-.W-.KW".

"BU" is used in writing. "W-.KW" is used in spoken form. Proper noun is the name of a

particular person or place such as “FO-MI” means person name and “NI-LO” means place
name for nile. Lisu measure words are suffixes that are added to nouns to denote their
type. For example, “RO” is employed to count persons. “)” is used to count animals. “M~
is applied to general classifers. “zU” is employed for group objects.
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3.4.3.2 Pronouns

It is necessary to use pronouns when referring to people or things. The personal
pronoun, possessive pronoun, impersonal pronoun, reflexive pronoun, and interrogative

pronoun are the five different categories of pronouns used in Lisu.

In place of a person, a personal pronoun is used. " AW ", " NU", "YI'" are the
personal pronouns used in Myanmar language. Possessive pronouns are used to indicate
that something or someone is being pointed to such as, " AW TV ", " NU Tv". And then,
Impersonal pronouns are used to indicate that are something or someone is being
pointed to such as " GO M"," 13 M". When the action done by the subject turns back
(reflects) to the subject, they can be called as reflexive pronouns. For examples are "
NU CIDY", " AW CIDY" and " YICI DY". Interrogative pronouns are asking question, that are

" AM"is in English(who), " ALIKW" is (where), " AXN:" is (what) and " ALIM™ is (which).
3.4.3.3 Adjectives

In order to alter the noun, an adjective is used. In Lisu, adjectives are frequently
followed by the particles "M". Lisu categorizes adjectives into three tiers. In normal
adjectives is concluded with "M". In comparative adjectives, "MYNyYland Lv SI" is
prefixed to the adjectives. In superlatives adjectives, "AX1." is suffixed to the adjectives.

The several categories of meaning or representation in Lisu include personal
adjectives, possessive adjectives, demonstrative adjectives, reflexive adjectives,
qualitative adjectives, numerical adjectives, and interrogative adjectives. The types of
construction are indivisible adjectives (BIM) and compound adjectives (SIXYM).

Qualitative adjectives are adjectives that alter a noun's quality by expressing
how something or someone is. For example (“MO:M"). The demonstrative adjectives
that point out thing are GO M, 1IM, GO MYM, etc. Number adjectives are words used to
describe "many (AMY)" and "few (ATIY)". Furthermore, it is classified into three types.
These are quantitative, ordinal, and undefined numbers. Measure words are used after
quantitative adjectives to describe numbers. For example: (A.N:NYI).

Ordinal numbers are the words that show position in the ordered list of numbers

such as "first, second and third." For example: (100 ¥O;PAl), in there, “MO;” is an ordinal

number of adjectives. Unspecified number of adjectives is the words that are used as

quantifiers without numbers.AJn, N3.BV, etc., are unspecified number of adjectives.
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3.4.3.4 Verbs

Verbs are frequently employed to describe events, actions, and circumstances.
Usually, a Lisu verb may be recognized by its base word, prefix, and suffix. One or
more particles are always inserted before or after the verb roots in Lisu. This particle
conveys details about the present tense, goals, behavior, emotion, and other things. The
suffix "LO" can be used as a marker making the present tense statements and also as a

verb marker. The suffix "KO-.Kdo" can be used as a marker making the past tense

statements and as a verb marker. The suffix “TYLO" can be used to describe an action in

progression of happening and equivalent to the Lisu verb form.

The suffix "AO" can be used as a marker making the future tense statements and

as a verb marker. Lisu verbs are negated by the particle "M:"is prefixed to the verb. For

example: "M:YE" (don’t do).

3.4.3.5 Adverbs

Adverbs are phrases that modify verb tenses. Adverbs change how verbs and
adjectives are understood. Adverbs come in four different varieties in Lisu. H1.1V

(formerly), AMT(now), M:MIXNSELY(lately) are identified as the time indicators of
adverbs. kK21DI(happily), LO.BIBI(beautifully) are the manner indicator of adverbs. A 31,
A TIY are the quantity indicator of adverbs. Moreover, ALIKW (Where), ALv(When) and
ALIBE(How) are the questionnaires indicator of adverbs. Additionally, certain adverbs

are created by integrating words that are positive and negative in opposition to one
another. For example, (JIM JI).

3.4.3.6 Post-positional

A postposition depicts how one thing stands in relation to another. A word that
follows or is added to a noun, pronoun, or verb is known as a post-positional word. In
Table 3.3, pronouns and postposition-added nouns designate the subject and object,

respectively.

28



Table 3.10 Post-positional Lisu

Post-positional Examples

Subject(NY) AW NY(i)

Object(Tv) YI.TY(him)

Location(kw) GO KW (there)
Instrumentality(BE) NU BE AW (you and me)
Cause(P1.DU) NU P1.DU(because of you)
Purpose(B3 1) Y1.83 1( for him)

3.4.3.7 Conjunctions

A conjunction connects and keeps clauses, sentences, and words together.
Conjunctions are used to connect related objects or entities.

For example, "but=GO LIA MI", "and=FAlI-BE", "if=GOLIANY", "because= ALIO
BVYNY" and etc. Conjunctions can also be utilized to describe the corelative, such as
"both...and= GO M BEFAI", "either...or= 1ILIANYGO L3" and "through...yet= GO LI AL
BV MI". Additionally, conjunctions are also used to represent the constraints and
challenges, for example, "so that= GOL3dY3;LN M B31","as well as= GO M G1", and

"provided= GO LIYEAO BY ", and "even if= GO LA BY MI".

3.4.3.8 Interjections

Interjections are expressions of sudden emotions or feelings. Interjectional
language words or phrases used to express emotion. There are no grammatical rules
that apply to interjections in a sentence. Furthermore, these words have no bearing on
the rest of the statement.

Table 3.11 Interjections

For joy Hurrah!(K, 21 NYIXU DO LM 3T:)

For greeting Hello!(MO LY OXT:dU XT:)

29



For pain

Alas!(NI,M X.BYDO L M )T

For praise

Bravo!(X3.G1:SV;G11T:)

For silence

Hush!(SI LI TY BY %1:)
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CHAPTER 4

SYSTEM DESIGN AND IMPLEMENTATION

The precise statistical machine translation implementation between Myanmar
and Lisu language is shown in this chapter. The suggested system overview is also
described in this chapter. The system's graphical user interface, along with drawings
that describe each stage of the process and the testing results, are displayed in the

conclusion.

4.1 System Design of Myanmar-Lisu Statistical Machine Translation

Testing Module Training Module

Input Source
Sentence Myanmar-Lisu

Parallel Corpus

Pre-processing
|

I Tokenizing | Pre-processing

Translation SMT ' I
- Model ! .
l |

A 4

Translated Target Training
Sentences

Figure 4.1 The System Design of Myanmar-Lisu Statistical Machine Translation

The overall schematic of the system is shown in Figure 4.1. The suggested
system consists of two main parts. The first module is the training module, and the
second is the testing module. For the training module, a parallel corpus for Myanmar
and Lisu must first be developed. In order to prepare the corpus data for data pre-
processing, tokenization and cleaning is required. The Moses toolkit is then used to

train the SMT models [20]. The testing module's input source sentences need to be pre-
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processed. Following that, sentences are translated using a trained SMT model, which

then generates the translated sentences.

4.2 Implementation

Using the Moses toolkit, the Myanmar-Lisu Statistical Machine Translation
models are implemented in both directions. This section shows how to use the
Myanmar-Lisu statistical machine translation models, including how to set up the
system for testing, prepare the data, training, and translate text.

4.2.1 Dataset and Preprocessing Tools

One of the low-resource languages is Myanmar. There are not many parallel
corpora between Lisu and Myanmar at the moment. As a result, a parallel Myanmar-
Lisu corpus is created for this system. Myanmar texts from the UCSY Myanmar-
English Corpus [9] are collected and manually translated into Lisu to create a new
Myanmar-Lisu parallel corpus. For the cleaning the corpus, Moses’s clean scripts [20]
was used. The corpus contains approximately parallel sentences from school textbooks,
and spoken textbooks in both languages. This parallel corpus contains over 15K parallel
sentences. The parallel sentences in this corpus are divided at the syllable
segmenatition. For the syllable segmentation tool [1] was used, and Lisu sentences were
manually segmented.

In order to train the Myanmar-Lisu SMT models, the parallel corpus is randomly

divided into three division files, as shown in table 4.1.

Table 4.1 Statistics of Myanmar-Lisu Parallel Corpus

Data Files Sentences
Training Data File 13590
Tuning Data File 757
Testing Data File 749
Total Sentences 15096

4.2.2 Moses Statistical Machine Translation Model

These days, nearly all language pairs may be successfully translated statistical
machine translation, and the field is expanding rapidly. Furthermore, there are several
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toolkits available for the study, creation, and use of statistical machine translation
systems. This system utilized the PBSMT technology offered by the Moses toolkit in
[20] to train the PBSMT statistical machine translation systems.

This system utilized the PBSMT technology offered by the Moses toolkit to
train the PBSMT statistical machine translation systems. The word segmented source
and target languages were then aligned using GIZA++. The alignment was symmetric
zed using a heuristic. The msd-bidiretional-fe option was also used to train the
lexicalized reordering model.

The 3-gram language model is then trained with Kneser-Ney discounting using
KenLM by the system. The Moses decoder was used to decode, and the system was
trained using the standard methods of MERT and decode. Moses' default settings are
also used for all experiments.

In Figure 4.2 described Myanmar to Lisu translation results.

: Initialize search took 0.000 seconds total
Line 733: Collecting options took ©.001 seconds at moses/Manager.cpp Line 141
Line 733: Search took 0.296 seconds
BEST TRANSLATION: YI. WM LBL MN, MX U A [111111111111] [total=-9.873] core=(0.000, -
12.000,5.000,-2.778,-18.099,-1.245,-12.120,-0.729,0.000,0.000,-0.232,0.000,0.000,0.000,-31.473
)
Line 733: Decision rule took 6.800 seconds total
Line 733: Additional reporting took 6.0080 seconds total
Line 733: Translation took 0.299 seconds total
Translating: SC yp: 3 L
Line 734: Initialize search took 0.000 seconds total
Line 734: Collecting options took 0.881 seconds at moses/Manager.cpp Line 141
Line 734: Search took 0.157 seconds
BEST TRANSLATION: A Ml NJ BE GI LV= [111111111] [total=-11.372] core=(0.000,-6.000,4.000,-9.
06,-16.809,-2.743,-8.960,-0.512,0.000,0.000,-0.668,0.000,0.000,0.000,-20.350)
Line 734: Decision rule took 0.000 seconds total
Line 734: Additional reporting took 8.8080 seconds total
Line 734: Translation took ©.159 seconds total
Translating: 6]
ine 735: Initialize search took 0.000 seconds total
e 735: Collecting options took ©.801 seconds at moses/Manager.cpp Line 141
: Search took ©.188 seconds
TRANSLATION: AMN, MDY B L L? [111111111] [total=-9.670] core=(0.600,-8.000,4.000,-4.
-16.256,-1.348,-10.160,-0.319,0.000,0.000,-0.331,0.000,0.000,0.000, -22.423)
ine 735: Decision rule took 0.000 seconds total
e 735: Additional reporting took 0.080 seconds total
e 735: Translation took ©.190 seconds total

Figure 4.2 Myanmar-Lisu Translation Results

In Figure 4.3 described Lisu to Myanmar translation results of the model.
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Line 358: InltlaILZc search took 0.080 seconds total
Line 358: Collecting options took 0.000 seconds at moses/Manager.cpp Line 141
Line 358: Search took 0.052 seconds
BEST TRANSLATION: C oud| [11111] [total=-5.997] core=(0.000,-7.000,3.000,-3.2
93,-6.660,-2.641,-8. 191, ©.551,0.000,0.000,-0.199,0.000,0.000,0.000,-18.430)
Llne 358: Dec1510n rule took 0.000 seconds total
Line 358: Additional reporting took ©.000 seconds total
Line 358: Translation took 0.053 seconds total
Translating: @ LEAM 13X KN U: QO L, A TYC
: Initialize search took 0.000 seconds total
Line 359: Collecting options took 0.801 seconds at moses/Manager.cpp Line 141
Line 359: Search took 0.325 seconds
BEST TRANSLATION: ¢| BU ( ) [111111111111111] [total=-15.255
] core=(0.000,-15.000,6.000,-3. 839 20 033 2 041,-23.392,-0.846,0.000,0.000,-0.498,0.000,0.00
0,0.000,-39.939)
Line 359: Decision rule took 0.000 seconds total
Line 359: Additional reporting took ©.801 seconds total
Line 359: Translation took 0.328 seconds total
Translating: AWJY MBUTVTQ J Gl O L2
Line 360: Initialize search took 9.000 seconds total
Line 360: collectlng optlons took 0.001 seconds at moses/Manager.cpp Line 141
Line 3 k0.
BEST TRANSLATION o] B [1111111111] [total -7. 940] core= (0 000
,-12.
22)
Line 360: Decision rule took ©.000 seconds total
Line 360: Additional reporting took ©.000 seconds total
Line 360: Translation took 0.264 seconds total

Figure 4.3 Lisu-Myanmar Translation Results

4.2.3 Automatic Evaluation

Several automatic MT evaluation techniques have been put out in recent years.
The BiLingual Evaluation Understudy is one of them (BLEU). Many MT researchers
have used BLEU to show off the effectiveness of their creative methods for creating
MT systems. A rating system called BLEU compares the accuracy of N-grams to
reference translations made by human translators. BLEU is then used to analyze the
experiments of the Myanmar-Lisu Statistical Machine Translation models. N-gram
overlap between machine translation output and reference translation. To compute

precision for n-gram of size 1 to 3 and add brevity penalty for short translations.

output—length

1
BLEU = min (1, ) (I13_, precision;)s 4.1

reference—length

The trials of the Myanmar-Lisu Statistical Machine Translation models are

examined using the BLEU metrics. Table 4.2 shows the BLEU results for these studies.
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Table 4.2 Automatic Evaluation Result of Myanmar-Lisu SMT Model

PBSMT BLEU
Myanmar-Lisu 47.06
Lisu-Myanmar 43.59

The Myanmar-Lisu model works better than the Lisu-Myanmar model,
according to the experimental findings. The finding is that some names cannot be
translated and that some Lisu sentences remained word when being translated. This is
the reason why the Myanmar-Lisu SMT model has a greater BLEU score than the Lisu-
Myanmar SMT model.

4.3 Deployment of the System

The graphical user interface for the statistical machine translation between
Myanmar and Lisu language is shown in Figure 4.4. This system has two text boxes:
one for the input source sentence and another for the target sentence. Two combo boxes
with options for source and target languages are set up in the left and right panels,
respectively. This system also has four different kinds of buttons: Save into file,
Translate, Clear, and Exit.

-
Statistical Machine Translation between Myanmar and Lisu Languages — o x

Statistical Machine Translation between Myanmar and Lisu Languages
| A |

Input Text: Output Text:

Myanmar ﬂ Lisu J

Save into File Translate Clear Exit

Figure 4.4 Graphical User Interface Design of the System

The Save file button is used to save the input data that are translated to a target
language. The Translate button allows converting sentence from the source language
into the preferred language. Similarly, it used to eliminate the sentence that was entered

by using the Clear button. The final Exit button is then activated to shut off the system.
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[2) [ Statistical Machine Translation between Myanmar and Lisu Languages

Statistical Machine Translation between Myanmar and Lisu Languages

c C N
©Cs 00D 603 4P YV 6§ 0D AV I NUAXNYETY L?
Input Text: Translated Text:
Myanmar a Lisu a
Save into File Translate Clear Exit

Figure 4.5 Example One for Myanmar to Lisu Languages
The example sentence translation from Myanmar to Lisu is shown in Figure 4.5.

Translating Myanmar syllable “6&: 050 6o gps 08 ¢§ 020 5 1” outputs the Lisu

word “NU A XN YETY I2. It gets the best translation result of the input sentence from this

experiment.

i @ & Statistical Machine Translation between Myanmar and Lisu Languages

Statistical Machine Translation between Myanmar and Lisu Languages

) c c o c
Yl. TV H1. 1V LE SA. LO= q?e(rfsaqco?qf:mwd]mwn
Input Text: Translated Text:
Lisu ° Myanmar u
Save into File Translate Clear Exit

Figure 4.6 Example Two for Lisu to Myanmar Languages

Figure 4.6 displays an example of a sentence being translated from Lisu to

Myanmar. The Lisu word "YL.TV H1.LV SA.LO=" is produced by translating the Myanmar

syllable " 23 © 03 @ qC 07§ oo 33 ¢l ooudi " in the opposite direction. This

experiment provides a correct translation of the provided sentence.
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® ) Statistical Machine Translation between Myanmar and Lisu Languages

Statistical Machine Translation between Myanmar and Lisu Languages

A M1 M1XN LEO= sa?sae(rf)@)@u

Input Text: Translated Text:
Lisu ° Myanmar °

Save into File Translate Clear Exit

Figure 4.7 Example Three for Lisu to Myanmar Languages

[ @ @ Statistical Machine Translation between Myanmar and Lisu Languages

Statistical Machine Translation between Myanmar and Lisu Languages

| c o [ c
| ©Cs M eM: @3 00C ol oS NU TV X. MO LO=
|
|
Input Text: Translated Text:
Myanmar a Lisu o
Save into File Translate Clear Exit

Figure 4.8 Example Four for Myanmar to Lisu Languages

The result of Figure 4.7 and 4.8 is explained in detail. When the input sentence

is Lisu, the translation output (Myanmar Language) is perfectly correct. Figure 4.7

shows the translation result of Lisu to Myanmar Languages. As a result, the trained

model is useful to translate the input sentence accurately. In the Figure 4.8, shows the

correct translation of Myanmar to Lisu Languages.
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® ® Statistical Machine Translation between Myanmar and Lisu Languages

Statistical Machine Translation between Myanmar and Lisu Languages

oC [ c
0D © 320 © VOV 6§ VP I YI. VL, LO-1YETY LO=
Input Text: Translated Text:
Myanmar ° Lisu a
Save into File Translate Clear Exit

Figure 4.9 Example Five for Myanmar to Lisu Languages

The translation of the Myanmar to Lisu sentence, which is shown in Figure 4.9.

| [ ] [ ) Statistical Machine Translation between Myanmar and Lisu Languages

Statistical Machine Translation between Myanmar and Lisu Languages

AW MY3 TV HW DI L? 0R|§ 607 32 Y0 0} 905 & 3 COd:
Input Text: Translated Text:
Lisu n Myanmar u
Save into File Translate Clear Exit

Figure 4.10 Example Six for Lisu to Myanmar Languages

The translation of the Lisu to Myanmar Languages, which is shown in Figure
4.10.
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CHAPTER 5

CONCLUSION AND FURTHER EXTENSIONS

With the help of a phrase-based model based on a recently created parallel
corpus in both languages, the objective of this system is to develop a statistical machine
translation system for the language pair Myanmar-Lisu. There are not many Myanmar-
Lisu parallel corpora that are available to the public, therefore this system made a new
one for the system. In this chapter, the main elements of the paper are outlined, the
advantages and disadvantages of the system are explored, and suggestions for
additional research are made.

In addition, the suggested approach uses statistical machine translation to
translate between Lisu and Myanmar languages. This system suggests a method that
can be used to translate sentences Myanmar to Lisu in both directions. For this system,
a new Myanmar-Lisu parallel corpus is created. The aim of this system is to provide
speakers of both languages with a bidirectional statistical machine translation that can
translate documents from Myanmar to Lisu and from Lisu to Myanmar. To create a
parallel corpus in Myanmar-Lisu for this system, Myanmar sentences from the UCSY
Myanmar-English Corpus [9] are manually translated into Lisu.

A monolingual corpus is created for building language models for the two
languages, and the parallel corpus is used to create translation models. For the SMT
task's sentence level alignment, Moses is used. The results of the experiments indicate
that the suggested system's translation accuracy is 47.06 BLEU points for the
Myanmar-Lisu language pair and 43.59 BLEU points for the Lisu-Myanmar language
pair, respectively. Parallel sentences from a school text book of Myanmar and spoken

language are included in the created corpus.
5.1 Advantages and Limitations

The suggested approach is simple to apply and beneficial for Myanmar's pupils
and teenagers who are studying Lisu. Researchers can use the new Myanmar-Lisu
parallel corpus for upcoming Myanmar-Lisu machine translation problems. However,
the size of this parallel corpus is insufficient to develop statistical machine translation

models and achieve the highest performance in language translations.
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As a result of the translation efforts, it is learned that some names and the verb
word in some Lisu sentences cannot be translated. Additionally, if the original sentence
is not properly segmented before being input, the translation cannot produce an
appropriate result. This is due to the fact that the training model is founded on a syllable-

level segmentation strategy linked to both languages.
5.2 Further Extensions

Utilizing a tiny parallel corpus of Myanmar and Lisu, the suggested approach
was developed. Future translation model training will no longer be possible with the
current Myanmar-Lisu parallel corpus. The existing Myanmar-Lisu parallel corpus will
not be sufficient for training translation models in the next trials since the size of the
parallel corpus has a substantial impact on the accuracy of Statistical Machine
Translation (SMT). More data must be gathered, and other statistical models must use

more effort in order to increase translation performance.
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