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Chapter 1

INTRODUCTION

Natural Language Processing (NLP) plays a vital role in developing machine trans-
lation (MT) systems, comprising the capacity to process and interpret human lan-
guages in a computational context. It involves various techniques and models to
understand, interpret, and generate human languages. Using NLP in MT allows
for more nuanced and contextually appropriate translations, improving fluency, ad-
equacy, and quality. It provides numerous benefits for MT, significantly enhancing

translation systems’ overall performance and effectiveness.

By leveraging advanced models, contextual understanding, and continuous learn-
ing, NLP has transformed MT into a powerful tool for global communication, bridg-
ing linguistic and cultural gaps more effectively than ever before. Despite ongoing
challenges, the advancements in NLP continue to push the boundaries of what MT

can achieve.

1.1 Natural Language Processing

NLP is a branch of artificial intelligence (AI) that enables machines to read, un-
derstand, and derive meaning from human language. Its area combines linguistics
and computer science to analyze linguistic rules and structures and create models
that can understand, dissect, and distinguish significant characteristics from text
and speech. The significance of NLP lies in its ability to eliminate the barriers be-
tween computing systems and human language. By enabling computer systems to
process and comprehend natural language, NLP enables numerous applications and
opportunities in various fields. It encompasses developing and applying algorithms,

models, and strategies to process, examine, and generate data in natural language.



The field of NLP covers a broad range of activities and applications, including:

e Part of Speech Tagging: Labeling words in a text with their appropriate
parts of speech is known as part-of-speech (POS) tagging. Nouns, verbs,
adjectives, and other grammatical categories may be included. POS tagging is
helpful for several NLP applications, including information extraction, named
entity identification, and MT. Additionally, it may be used to determine a
sentence’s grammatical structure and clarify words with multiple meanings.
Based on the context, the POS tagging algorithm determines the appropriate
POS tag for a particular word. It plays a vital role in various NLP applications

by providing essential syntactic information about words in a text corpus [1} 2].

e Sentiment Analysis: Sentiment analysis mainly categorizes textual mate-
rial according to its positive, negative, or neutral polarity. It is a decisive
approach that helps determine people’s opinions [3]. Customer satisfaction
and product quality are the two most crucial factors in business performance.
Therefore, businesses must consider consumers’ needs to ensure competitive-
ness [4]. Using sentiment analysis tools, decision-makers may monitor changes
in public or consumer perception of certain entities, activities, goods, tech-

nology, and services [5].

e Named Entity Recognition (NER): NER aims to identify and classify
named entities in text into predefined categories such as person names, loca-
tions, organizations, dates, and numerical expressions. It involves analyzing
unstructured text to extract entities of interest, providing valuable insights
for various applications like information retrieval, question answering, and
sentiment analysis. By accurately identifying named entities, NER enables
automated information extraction, entity linking, and knowledge discovery

from large text corpora, enhancing the efficiency of text-processing tasks.

e Speech Recognition: Speech Recognition is a technology in which a ma-
chine can recognize human spoken words and phrases, which may then be

utilized to produce text. Accuracy and speed are the two metrics used to



measure the performance of the machines that may use speech recognition
technology. Speech is a crucial component of human communication. Speech
recognition is widely applicable in computer science, medicine, and other sci-
ences. Acoustic and linguistic modeling are two methods commonly used by

speech recognition systems [6].

e Text Classification: Text classification is classifying unstructured text doc-
uments into predetermined categories or classes based on content. Information
filtering, mail categorization, search engines, query intent prediction, topic
tracking, text corpus development, and other fields have extensively used text
classification technologies. It can assist users in adequately categorizing gar-
bled data to acquire organized text information and address the issue of users’

requirements for information [7].

e Machine Translation (MT): MT involves using computer algorithms to
automatically translate text or speech from one language to another. This
technology leverages linguistic and computational techniques to bridge lan-
guage barriers, facilitating global communication and access to information.
The complexity of human languages, nuances, idiomatic expressions, and cul-

tural contexts adds to the difficulty of developing robust MT systems.

1.2 Scope of Thesis

With AI and NLP technology developments, MT’s scope is vast and constantly
growing. While challenges remain, ongoing innovation in this field promises a more
inclusive and efficient translation quality. M'T between language pairings comprises
handling syntax and semantics, precisely translating text across various linguis-
tic structures, and addressing specific domain requirements. Advances in neural
models have significantly improved translation quality, especially for high-resource
languages with abundant training data. However, challenges persist for low-resource
languages due to limited corpora. As Al and computational linguistics progress, MT

has become essential for promoting understanding and communication worldwide.



The scope of NLP-based MT is extensive, covering theoretical research, prac-
tical applications, and future technological advancements. NLP has profoundly
influenced MT, playing a crucial role in advancing translation technologies and in-
fluencing multiple industries. The key aspects are enhanced fluency and accuracy,
context sensitivity, increased language support, multilingual MT, customizability,
domain-specific translation, and reduced human intervention. A thesis in this field
can focus on improving model architectures, addressing low-resource languages, en-
hancing real-time translation capabilities, and exploring the ethical implications
of translation technologies. By contributing to any of these areas, research can
significantly advance the field, making translation more accurate, accessible, and

equitable.

1.3 Machine Translation

MT removes human intervention from translating one natural language to another
using automatic translation, thereby resolving linguistically ambiguous problems.
It includes a variety of techniques, ranging from rule-based approaches to advanced
neural networks, to provide accurate, fluent, and contextually relevant transla-
tions. Despite the advancements, MT still faces challenges, including handling
low-resource languages, maintaining context and coherence in longer texts, and
producing accurate, fluent, and natural translations. It is divided into two broad

categories: rule-based and corpus-based approaches.

1.3.1 Rule-based Machine Translation (RBMT)

The knowledge-driven approach is another name for a rule-based approach based
on the linguistic information of the language. The system is built using a set
of grammatical rules and linguistic experts. Due to the integration of syntactic,
semantic, and morphological analysis in both the source and target languages, the

RBMT system generates more predictable results for grammar. Developing RBMT



is expensive because all the language rules must be implemented, and a vast amount
of linguistic knowledge is required. However, once constructed, its syntax and

semantics can be thoroughly analyzed.

RBMT systems may be divided into three categories: direct, transfer, and in-

terlingua, based on the level of linguistic analysis.

e In the direct approach, replacement is done word-by-word or phrase-by-phrase
[8, @9, 10]. It translates the source language directly into the target language.
It is a unidirectional bilingual MT that requires substantial morphological

analysis but relatively little syntactic and semantic analysis.

e In the transfer approach, the translation comprises three phases: analysis,
transfer, and generation. In the analysis stage, the source language is syn-
tactically and semantically analyzed to create an abstract representation of
the source language. Then, in the transfer stage, it is transferred into an ab-
stract representation of the target language using linguistic rules. Finally, a
morphological analyzer is used at the generation stage to produce the target

language [11].

e In the interlingua approach, the source language is translated into an interme-
diate language called the interlingua of the source language. The interlingua
is then converted to the target language. This translation utilizes knowledge
of the source language, grammar rules, and lexicons [I2]. The interlingual
representation is independent of language; therefore, all possible sentences
with the same meaning in various languages are represented identically. Since
it does not depend on any particular pair of languages, it may be used for

multilingual MT.

Although the rule-based methods have reasonable translation accuracy, it re-
quires a considerable amount of time and effort to pre-design a set of translation

rules and the languages’ grammatical structures.



1.3.2 Corpus-based Machine Translation

The corpus-based approach is also known as the data-driven approach. The corpus-
based approach can self-learn using bilingual corpora that require a considerable
volume of bilingual content in both the source and target languages. The corpus-
based approach acquires translation information using these parallel data. There
has been a significant change in the translation method from rule-based to corpus-
based since relying on parallel sentences is more practical than complex grammatical
rules with linguistic experts and knowledge of NLP techniques. Example-Based Ma-
chine Translation, Statistical Machine Translation, and Neural Machine Translation

are the three methods of corpus-based MT.

e Example-based machine translation (EBMT): The EBMT requires a
parallel corpus, and the central concept is text similarity. It identifies the
approximately matching sentences (i.e., examples) using point-to-point map-
ping and similarity measures such as word, syntactic, or semantic similarity.
The retrieval module and the adaptation module are the two modules that
make up the translation method. The retrieval module finds identical parallel
sentences from the corpus for a given input sentence. The adaptation module
determines the parts of the translation to be reused from the retrieval mod-
ule. The relevant match concerning the source language is used if it does not

match.

e Statistical Machine Translation (SMT): In the corpus-based approach,
the main drawback of EBMT is that, in real-time scenarios, various types
of sentences cannot be covered by examples alone. To encounter this issue,
SMT is introduced [I3], [14]. This approach uses a statistical model, and the
parameters are computed from bilingual corpus analysis. The translation
problem is reformulated using a mathematical reasoning problem. In SMT,
there are different forms of translation: word-based translation, phrase-based
translation, syntax-based translation, and hierarchical phrase-based transla-

tion. Among them, phrase-based translation is the most widely used. Before



NMT, phrase-based SMT achieves a state-of-the-art approach.

Neural Machine Translation (NMT): In the MT task, the NMT ap-
proach attains state-of-the-art for both high and low resource pair transla-
tions [15], 16l 17, I8, 19]. NMT can learn the model end-to-end by mapping
the source and target sentence. The main problem with SMT is that it creates
a model context by considering a limited-size set of phrases. As the phrase size
increases, the data sparsity will reduce the quality. Likewise, feed-forward-
based NMT calculates the phrase pair score by considering the length of the
fixed phrases. However, in real-time translation, the phrase length of both
source and target is not fixed. Therefore, recurrent neural networks (RNN)
based NMT [20, 21}, 22] is introduced to tackle variable-length phrases. RNN
can process each word in a sentence of arbitrary length via continuous space
representations. These representations can assist the long-distance relation-
ship among words in a sentence. The drawback of RNN is that input process-
ing follows a strict temporal order, which means it computes context in one
direction based on preceding words, not future words. RNN is impotent to
look ahead into future words. BRNN (Bidirectional RNN) [I5] resolves this
issue by utilizing two distinct RNNs, one for the forward direction and an-
other for the backward direction. A BRNN-based model improves translation

accuracy on low-resource pairs like English-Hindi, English-Tamil [23].

Moreover, the Convolutional Neural Network (CNN) based NMT is intro-
duced [24], 25] by taking advantage of parallelizing operation and considering
relative positions of the tokens instead of the temporal dependency among
the sequence tokens. However, it lags behind RNN features that enhance the
source sentence’s encoding. The demerits of CNN-based approaches require
many layers to hold long-term dependency, making the network large or com-
plex without ever succeeding, which is impractical. To handle such an issue,
a transformer-based NMT comes in [26]. The idea behind the transformer
model is to encode each position and apply a self-attention mechanism to

connect two different words, which would be parallelized to accelerate learn-



ing. Unlike the traditional attention mechanism, the self-attention mechanism

calculates attention several times, known as multi-head attention.

1.4 Challenges of NLP-Based Machine Translation

MT driven by NLP has seen significant progress, but various challenges remain.

Below are some of the main challenges that M'T encounters:

e Contextual Understanding: Although NLP has advanced in comprehend-
ing context, MT systems still face difficulties with ambiguous words, id-
iomatic language, and cultural nuances. Correctly understanding these el-
ements is crucial for accurate translation. While modern neural models excel
at word-by-word translation, they often struggle with capturing and preserv-
ing broader contextual information. This limitation can lead to mistransla-
tions, especially in cases where context plays a crucial role in determining
meaning. Additionally, handling idiomatic expressions, cultural nuances, and
ambiguous language constructs further complicates contextual understanding.
Overcoming these challenges requires innovative approaches integrating con-
textual cues, long-range dependencies, and world knowledge into MT models,
aiming to produce accurate translations at the word level that are coherent

and contextually appropriate.

e Limitation of Resources: Producing high-quality translations demands
much training data. However, resource limitations pose significant challenges
in MT. Low-resource languages lack sufficient parallel corpora for effective
model training, leading to poor translation quality. Additionally, domain-
specific translations and dialectal variations may be scarce, hindering the
adaptation of MT systems to specific contexts. Overcoming these challenges
requires innovative approaches such as transfer learning, data augmentation,
and crowd-sourcing to leverage available resources more effectively. Collabo-

rative efforts to collect and curate parallel data and invest in infrastructure



development are crucial for advancing MT for all languages and domains.

Rare Words: Rare words present notable challenges in MT. Traditional MT
models struggle to accurately translate infrequent or unseen words, as they
rely on statistical patterns learned from training data. Low-frequency terms
may lack sufficient context for accurate translation, leading to errors in output.
Additionally, rare words may carry specialized meanings or domain-specific
knowledge, exacerbating translation difficulties. Addressing these challenges
requires novel techniques such as subword tokenization, rare word handling
strategies, and incorporating external knowledge sources. Moreover, lever-
aging contextual information and domain-specific resources can enhance the

translation of rare words in MT systems.

Requirement of Human Evaluation (HE): Despite advancements in
NLP-based MT, HE is essential in MT to ensure translation accuracy, fluency,
and contextual appropriateness. Automated metrics like BLEU scores often
fail to capture nuances such as idiomatic expressions and cultural references.
Human evaluators can provide qualitative insights, identify subtle errors, and
assess overall translation quality from a user perspective. Their feedback
helps refine MT models by highlighting issues that algorithms might overlook.
Moreover, HE is crucial for low-resource languages, where automated tools
may lack sufficient data for accurate assessment. Therefore, incorporating
human judgment is vital for developing reliable and user-centric M'T systems.

However, this additional step can slow down workflows and increase costs.

Preserving Cultural Sensitivity: Cultural sensitivity in MT is crucial to
avoid misinterpretations and offensive translations. MT systems frequently
miss cultural nuances, resulting in mistranslations or culturally inappropri-
ate results. Therefore, MT systems must understand and respect cultural
nuances, idioms, and context-specific meanings. It involves training mod-
els on diverse, culturally rich datasets and incorporating rules that account
for cultural differences. This issue is especially critical in settings where un-

derstanding cultural context is essential. Developing context-aware models



considering the broader situational context also helps maintain cultural sensi-
tivity. By prioritizing these strategies, M'T can produce translations that are

not only accurate but also culturally respectful and appropriate.

Addressing these challenges requires continuous research and development in
NLP-based MT. Improvements in model architectures, training data, and real-time
processing capabilities are crucial to overcoming these hurdles and enhancing MT

systems’ overall quality and reliability.

1.5 Motivation

MT is the bridge for communication barriers among people with different linguistic
backgrounds. Beneath every language, there is a culture involved. A language is
defined by the people living in the area, their origin, traditions, customs, cuisine, and
many more. Therefore, a language means communication and defines the people
using it. Around the world, a large number of languages have become extinct.
It is endangered as a low-resource language, and a minority uses it. Mizo is a
low-resource language with limited users, so it is at risk of extinction. Since MT
removes barriers between languages, it can prevent the extinction of languages with
limited resources. With the advent of technology, the Mizo language can have a
chance to survive and can encounter technological advances in MT. There are very
limited MT works on English<>Mizo pair [16 27], that lag in encountering tonal
words of Mizo. Additionally, automatic translations like Google and Bing cover
133 and 1057 languages across the globe; however, the Mizo language has recently
been included in Google Translate. Due to the lack of a standard corpus, it is still

challenging to produce a correct translation.

MT is crucial in today’s globalized world, breaking language barriers and fa-
cilitating seamless communication across various domains. In business, MT en-

ables multinational companies to interact with clients and partners in different lan-

'https://en.wikipedia.org/wiki/Google$_$Translate
’https://www.bing.com/
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guages, enhances customer support with multilingual chatbots, and localizes mar-
keting materials and product information. The travel and tourism industry benefits
from real-time translation of signs, menus, and conversations, making international
travel more accessible. In education, MT provides students and researchers access
to materials and research papers in multiple languages, promoting global knowl-
edge exchange. The healthcare sector uses MT to bridge communication gaps be-
tween medical professionals and patients, ensuring an accurate understanding of
medical information. Social media and online platforms utilize MT to translate
user-generated content and news articles, fostering global conversations. Govern-
ments and international organizations rely on MT for diplomatic communication
and translating official documents. Advancements in NMT and Al continually im-
prove accuracy and contextual understanding, enhancing MT’s effectiveness and

reliability across these sectors.

1.6 Objectives of Thesis

The objectives of this thesis serve as the foundation for the research. It clearly
defines the research goals, outlines the specific questions the study aims to address,
establishes the scope of the research, and identifies the methodologies used. The

objectives of this research work are as follows:

e Corpus Creation: Building of Parallel Corpus of English and Mizo Language
(Train, Development, and Test Data) will be done based on different sources

(Bible, Social Media, Movie Subtitles, Newspaper, Mizo Song Lyrics, etc.)

e Study of Statistical Machine Translation (SMT) will be carried out to auto-

matically train translation models for English <> Mizo language pair.

e Study of Neural Machine Translation (NMT) will be carried out. There are
two types of NMT: sequence-to-sequence-based models and transformer-based

models.
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e Evaluation of generated translation: by automatic using BLEU, METEOR,

etc, and Human Evaluation (Adequacy, Fluency)

e Detailed study and comparison of different approaches shall be done using the

parallel corpus.

An in-depth study of both languages is required to address the above objectives.
English<+Mizo MT aims to develop an automated system that accurately and flu-
ently translates text between English and Mizo languages. Key goals include ensur-
ing linguistic and semantic correctness, preserving contextual meaning, and produc-
ing natural and idiomatic translations in both languages. Additionally, the system
aims to handle the limited parallel data available for Mizo by leveraging techniques
like data augmentation, phrase pair extraction, and a pre-trained language model.
Ultimately, the goal is facilitating communication, information access, and cultural
exchange between English and Mizo speakers, supporting education, government,

and everyday communication applications.

1.7 Contributions

Contributions to MT can span a wide range of areas, from fundamental research
in algorithms and models to practical solutions addressing the challenges of the
English<»Mizo language pair. It can enhance global communication and accessi-
bility, allowing real-time, efficient translation across languages. MT advancements
support low-resource languages, promoting linguistic diversity and inclusivity. Au-
tomated translation reduces costs and speeds up processes in various sectors, in-
cluding healthcare and legal services. Additionally, MT fosters cultural exchange by
making literature and media accessible to diverse audiences. By making meaningful
contributions in any of these areas, researchers can advance the field and make MT
more accurate, efficient, and accessible to users. M'T advancements bridge language

barriers, fostering a more interconnected and inclusive global community.
The following significant advancements are made in the field of MT to address
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the objectives of this thesis:

e The primary requirement of the MT system is to establish a parallel corpus
for the English<»Mizo language pair. A parallel corpus is collected from var-
ious online sources and also done manually. Monolingual data on the Mizo

language has also been prepared.

e An in-depth study of the low-resource Mizo language has been performed.
Several linguistic challenges and research gaps between English«>Mizo lan-
guage pairs are investigated. Many strategies have been used to address spe-
cific issues. A large amount of the data is also manually gathered to deal with

tonal words

e Various NMT and SMT models are used to train the created parallel corpus.
Several methods have been investigated to improve the effectiveness and qual-
ity of translation using NMT. Multimodal NMT for English<+Mizo language

pair has also been developed.

e The predicted sentences from different models are evaluated using automatic
metrics such as BLEU, TER, METEOR, and F-measures. HE is also consid-

ered to measure the fluency and accuracy of the output.

e Various NMT models have demonstrated remarkable performance in achieving
high translation quality, fluency, and contextual understanding across diverse
language pairs and domains. Therefore, an automatic translation for the
English<+Mizo NMT System is developed. The proposed system deals with
linguistic challenges, and state-of-the-art results are achieved for English to

Mizo and Mizo to English translation.
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1.8 Organization of Thesis

The thesis is organized into eight chapters.

Chapter 1: Introduction - This chapter introduces NLP and its applications in
various areas. The scope of the thesis is explained, along with the introduction of
MT and the challenges of NLP-based MT. The motivation and the objectives for
this thesis are also highlighted.

Chapter 2: Literature Survey - This chapter reviews the existing literature on
MT, focusing on the history and evolution of MT through the years, i.e., rule-based
and corpus-based approaches. Related works on various fields of MT are featured,
including the prior works of English Mizo MT.

Chapter 3: The Study of the Structure and Challenges of Mizo Lan-
guage - An in-depth study of the structure and challenges of the Mizo language
is featured in this chapter. Several challenges for the English<>Mizo language pair
are explained. Development of parallel corpus for English Mizo, including corpus
details, the extraction process, domain coverage, pre-processing data, etc., are ex-
plained.

Chapter 4: Machine Translation for English«»Mizo Pair Encountering
Tonal Words - As dealing with tonal language is one of the main challenges for
the English<»Mizo language pair in MT, chapter four highlights the development
of the corpus baseline system using data collection and model training. Various
metrics are used to evaluate the quality of the translation. A data augmentation
approach is proposed to encounter tonal words, resulting in better translation ac-
curacy than the baseline system. Analysis of the resulting outputs was explained .
Chapter 5: Building Low Resource English-to-Mizo NMT Model with
Post Processing - This chapter aims to build language resources for low-resource
English-Mizo language pair. An NMT System is proposed to address several chal-
lenges for the two language pairs. The approaches of low-resource language are also
explained. The system is also designed for the Mizo language using BERT fused

NMT, and post-processing steps are included to improve translation accuracy. Var-
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ious NMT models were investigated

Chapter 6: Mizo Visual Genome 1.0: A Dataset for English«>Mizo Mul-
timodal NMT - A multimodal NMT approach for the Mizo language is introduced
in this chapter. Since the standard multimodal corpus is unavailable, Mizo Visual
Genome 1.0 was created for Multimodal NMT, where the dataset comprises images
paired with corresponding bilingual textual descriptions. The English<»Mizo mul-
timodal NMT system is the pioneering work for the language pair.

Chapter 7: English<+Mizo NMT Using Language Model and Addressing
Data Scarcity Problem - This chapter summarizes the essential findings and
challenges of the English«»Mizo language pair, such as the data scarcity problem
and linguistic divergence between the language pair. These challenges are addressed
using data augmentation, phrase pair extraction, and pre-trained language models.
The research is concluded by building a language model for the English<>Mizo
NMT system. The state-of-the-art results on the test data are achieved for English

to Mizo and Mizo to English translation.
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Chapter 2

Literature Survey

2.1 History of Machine Translation

Over several decades, MT has evolved through constant advances in developing
technologies, algorithms, and the availability of large amounts of data. During
World War II, there was a great demand for rapid document translation. Early in
the 1950s, the concept of employing computers to automatically translate between
human languages initially evolved. Weaver introduced the idea of MT to the com-
puting industry in a memorandum sent in July 1949 [8]. The approach of MT is

divided into two broad categories: rule-based and corpus-based.

2.1.1 Rule-Based Machine Translation

Rule-based machine translation (RBMT) systems were developed by researchers in
the 1950s and 1960s. The ‘direct translation’ technique was the standard method
used in systems at this time until the middle of the 1960s. These systems employed
dictionaries and linguistic rules for text translation. However, the early translation
systems produce translations by translating each word individually, using a bilingual
dictionary to look them up, locating the translations in the target language, and
then generating the output in the same order as the source language. The approach
was undoubtedly inadequate, and a rearrangement of word sequences was needed,

which led to the requirement of syntactic analysis [28].

In 1964, The Automatic Language Processing Advisory Committee (ALPAC)
was established by the government funders of MT to assess the potential of MT.

Its renowned 1966 study concluded that MT was slower, less precise, and twice



as expensive as human translation and advised against further investment [29].

However, the research for M'T was continued on a much smaller scale.

Linguistic theories have significantly impacted systems, leading to adopting the
‘indirect’ approach, which includes syntactic analysis. Although Weaver had pro-
posed the potential of translating through an intermediate language in his memo-
randum [§], it was not until the 1960s that linguistics could provide any models to
use. The ‘interlingual”’ MT method entails a two-step procedure where the source
language is converted into an interlingua, and the target language is then converted
from the interlingua [30]. Analysis and synthesis programs operate independently

using different dictionaries and grammar for the source and target languages.

Following its interlingua efforts in the middle of the 1970s, a transfer approach
has been effectively employed. The source and target languages have unique deep
structural representations in this approach. As a result, translation is a three-
step process that includes text analysis into representation in the source language,
transfer to representations in the target language, and text synthesis in the target

language.

Until the end of the 1980s, the MT framework was based on various linguis-
tic rules, such as rules for morphology, lexical transfer, syntactic creation, and
syntactic analysis. The examples of RBMT include the transfer-based machine
translation [31], inter-lingual-based machine translation [12], and dictionary-based

machine translation [32].

2.1.2 Corpus Based Machine Translation

However, since 1989, alternative approaches and techniques referred to as ‘corpus-
based’ methodologies have emerged, shattering the supremacy of the rule-based
approach [33]. The corpus-based approach can self-learn using bilingual corpora
that require a considerable volume of bilingual content in both the source and

target languages. It acquires translation information using these parallel data.
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e Statistical Machine Translation (SMT) :
In the 1990s, the focus of MT research switched to statistical methods. These
systems employed statistical models trained on large bilingual corpora rather
than depending on several linguistic rules. SMT is corpus-based; it requires
a source language corpus and a parallel target language corpus that humans

properly translate [34].

Word-based SMT - A significant step that led to SMT was the development
of the word-to-word statistic model (a noisy channel model) known as the IBM
Model 1 in 1990 [35]. This approach introduced the idea of lexical translation
by aligning words in parallel corpora and calculating translation probabili-
ties. Due to word ambiguity across languages, the MT system chooses the
words from parallel corpora, while multiple-choice translations often appear.
Consequently, the MT system must calculate the translation probability for
maximum likelihood estimation. Nevertheless, during translation, words could

be omitted or added.

Consequently, a word may not be in one-to-one alignment. Researchers stud-
ied more advanced methods of statistical translation. In the following years,
the model was improved to the IBM Model 5, which includes reordering fea-
tures and additional alignment [35] [14]. Although word-based improvements
at the time were remarkable and notable, they lacked robustness, which pre-
vented translation systems from producing adequate precise outputs. For
instance, the word-based translation approach makes dealing with synonyms,

word lattices, and POS challenging.

Syntax Based SMT - The syntax-based MT was then introduced [36], 37].
This method incorporated syntactic information to guide the translation pro-
cess, allowing for improved sentence structure management. Compared to
word-based MT (IBM Models), syntax-based MT models produce more accu-
rate word alignments because they eliminate the limitation of word-based MT
that only manages structurally similar language pairs. The basic principle of

syntax-based MT is analyzing syntactic order and its correspondence. The
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syntax-based models are often derived directly from Penn Treebank (PTB)
style parse trees by composing treebank grammar rules [38]. Using treebanks,
models may learn to evaluate sentences and rearrange them according to pre-

defined grammar rules [14].

Phrase Based SMT - In the early 2000s, Phrase-Based Statistical Machine
Translation (PB-SMT) gained popularity [39]. The introduction of phrase-
based MT substantially enhanced the performance of MT [13]. These sys-
tems break sentences into phrases (strings of words) and translate them using
statistical patterns obtained from training data. Various methods enhanced
translation quality, including incorporating linguistic features, word reorder-

ing modeling, and handling rare words.

Neural Machine Translation (NMT):

The development of deep learning algorithms revolutionized MT. In the mid-
dle of the 2010s, the artificial neural network-based NMT model was adopted
as the new standard for MT. Researchers began researching the use of arti-

ficial neural networks. NMT primarily employs Recurrent Neural Networks

(RNN) and Transformer Neural Networks (TNN).

RNN-based Models - In RNN-based models, an NMT system requires an
RNN encoder-decoder to perform the sequence-to-sequence transfer. The
main advantage of NMT is that it can be learned rapidly and accurately
by directly training the source and target texts in an encoder-decoder system
[22]. The encoder-decoder model mutually computes translation probabili-
ties for a given source-target language pair. Both an encoder and a decoder
are used to process the sentences of each language. Then, the sentences are
encoded by the encoder into a vector of fixed length, and the translation
is produced as a result by the decoder [40]. Although the encoder-decoder
design is efficient, it still has issues when processing long sentences. The qual-
ity of the translation degrades dramatically with increasing sentence length
and the number of unfamiliar words [21]. To address the shortcomings, the

attention-based RNN architecture for encoder-decoder was developed [15, 41].
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Developing the sequence-to-sequence (Seq2Seq) model with attention mecha-
nisms in 2014 marked a significant advancement in NMT. Instead of encoding
the input sentences into a fixed-length vector, the attention-based model en-
codes them into a sequence of vectors, enabling NMT, a state-of-the-art M'T
approach. After the launch of Seq2Seq with attention, research on NMT ad-
vanced significantly. Various architectural changes and training methodologies

were investigated to improve translation quality.

The Transformer model - The introduction of the Transformer model in
2017 again marked a significant development for NMT [26]. The network’s
architecture is based primarily on the attention mechanism. The model has
succeeded in RNN using self-attention mechanisms, enabling parallel process-
ing and improving the capturing of long-range dependencies [42]. Compared
to conventional RNN-based models, transformers provided much faster train-
ing and enhanced translation quality. The incorporation of transfer learn-
ing and fine-tuning in NMT is another significant advancement. Pre-trained
models, like the Transformer-based models trained on vast amounts of multi-
lingual data have been made accessible, enabling effective transfer to partic-
ular language pairings or domains. Fine-tune pre-trained models on smaller
task-specific datasets have achieved state-of-the-art with fewer computing re-

sources.

NMT research is an active field of study, with continuous initiatives to address
issues, including processing rare words, domain adaptation, and enhancing
stability to noisy or ambiguous input. To increase the capabilities of NMT,
methods including unsupervised or semi-supervised learning, incorporating re-
inforcement learning, and integrating additional knowledge sources are being
explored. By producing more accurate, fluent, and human-like translations,
NMT has transformed MT. As it can manage long-range dependencies and
incorporate contextual information, NMT has become the dominant approach
in MT, significantly enhancing translation quality. Traditional neural trans-

lation models include the sequence-to-sequence model [22], encoder-decoder
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model [15], attention mechanism [43|, transformer 26, 44], and others. De-
spite NMT’s dominance in MT, it does not scale well with small corpora
and low-resource datasets. The back-translation [45] and pivot (bridging)
language [40, [47] have been shown to improve the quality of translations for
low-resource bilingual datasets significantly. Additionally, knowledge graph
[48, 149, [50], 511, 52] plays a bigger part in enhancing MT.

2.2 Related Works on Machine Translation

The development of MT provides insights into its evolution, impact on communica-
tion, and technological advancements. Several research works have been adopted in
the field of MT. The MT has evolved significantly over the past decades, transition-
ing from rule-based systems to sophisticated neural networks. Technological ad-
vancement has yielded more promising results, fluency, and better translation qual-
ity. The study of language for MT entails investigating the complex relationships
among linguistics, structure, computational models, and translation techniques to
develop systems that automatically translate text or speech from one language to
another. MT between different language pairs can present various challenges, pri-
marily due to the structural, lexical, and cultural differences between languages.
These challenges can affect the accuracy and fluency of translations, requiring spe-

cialized techniques and adaptations to achieve quality results.

Research also explored domain adaptation and low-resource languages. Methods
for adapting MT systems to specific domains were reviewed [53], while strategies
for translating languages with limited resources were discussed [54]. Multilingual
and zero-shot translation capabilities were examined, demonstrating that a single
NMT model could handle multiple language pairs [55], and large-scale multilingual
models supporting over 100 languages were developed [56]. Additionally, advanced
techniques like back-translation have improved MT performance through data aug-
mentation [57]. The practical application of these advancements was showcased

with the Google Neural Machine Translation system, which applied NMT to large-
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scale translation tasks [5§].

Evaluation metrics also saw significant advancements. It integrates intelligent
quality detection models that leverage deep learning and allow for real-time transla-
tion quality assessment, addressing issues like over-translation and under-translation.
The BLEU score provided a quantitative measure for translation quality based on
n-gram overlaps between machine-generated and reference translations [59]. ME-
TEOR offered an alternative metric incorporating synonyms, stemming, and word

order into its evaluation, addressing some limitations of BLEU [60)].

Another critical area is the development of low-resource NMT. This area ad-
dresses the challenge of translating languages with limited data using different mod-
els to improve translation quality and accessibility. Systematic literature reviews
have identified significant works and methodologies that enhance NMT for low-
resource languages. The adoption of transfer learning in MT is another significant
development. Pre-trained language models such as BERT [44], cross-lingual models
[61], and GPT [62], have been fine-tuned for specific translation tasks, significantly
improving performance, especially in low-resource language pairs. These models
leverage vast amounts of monolingual data to build robust language representa-

tions that can be adapted to translation tasks with limited bilingual data.

2.2.1 Low Resource Machine Translation

Natural language is divided into three categories based on the availability of re-
sources. The categories include high, medium, and low-resource. The resources
comprise works of native speakers, online data, and computational resources. The
resource-poor languages are classified into the low-resource category that has re-
stricted online resources [63], 64]. Moreover, a low-resource language pair is con-
sidered based on the minimal data required for training a model [65]. The proper
definition of low-resource language pair poses a challenging research question. How-
ever, if the training data is under 1 million parallel sentences, it is considered a

low-resource language pair [66]. The native speakers play a vital role in different
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aspects of the language, including the quality and quantity of the data.

In several language pairs, NMT achieves state-of-the-art performance. How-
ever, the performance degrades when working with low-resource languages. For
low-resource pair translation like English to Vietnamese and English to Farsi, NMT
improved performance through the recurrent units with multiple blocks and a train-
able routing network [67]. Different strategies such as monolingual data, back trans-
lation, multilingual, multimodal, and dealing with tonal language have been devised

by researchers to enhance NMT’s limited resource language.

e Monolingual Data - Monolingual data is a collection of texts written in a
single language. It plays a crucial role in MT. While parallel corpora (text
pairs in source and target languages) are the primary resource for training MT
systems, monolingual data contributes significantly to various aspects of MT.
It can generate synthetic parallel data, expanding the training dataset, which
is crucial for low-resource languages in MT. The integration of monolingual
data for NMT was initially examined by [66] [68]. They independently trained
language models for the target side using monolingual data, which were then

incorporated into the NMT model during decoding [69].

A monolingual data-based NMT has been introduced without modifying sys-
tem architecture [70]. With monolingual data to address the low-resource
language problem, a filtering approach for the pseudo-parallel corpus is pro-
posed [71] to increase the parallel training corpus. Unsupervised pre-train-
based NMT is introduced |72}, [61], where monolingual data of both source and
target sentences are pre-trained and then fine-tuned in the trained model with
original parallel data. Thus, monolingual data is a vital resource in MT, offer-
ing numerous benefits in language modeling, data augmentation, and domain
adaptation. Despite domain mismatch and data quality challenges, techniques
like back-translation, denoising autoencoders, and transfer learning effectively
leverage monolingual data to enhance MT systems. As research progresses,
integrating monolingual data will be crucial in developing robust and high-

quality MT systems, particularly for low-resource languages and specialized
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domains.

Back Translation - Out of various techniques to improve the restricted re-
source language of NMT, the most prominent and influential approach is
back translation (BT) [70]. BT is a data augmentation method in MT for
a low-resource language. It trains a translation model backward to create
a synthetic parallel corpus from the target monolingual data. Applying BT
to low-resource language, monolingual data can generate low-resource target
sentences using the NMT-trained model. Then, the obtained synthetic paral-
lel data can be used as additional parallel training data. However, the NMT
performance degrades by directly augmenting BT data in the original parallel
data. Therefore, to improve NMT performance, BT data filtering is neces-
sary before adding original parallel data |73, [71]. Additionally, the concept of
BT is improved by iterative back translation (IBT), where both the forward
and backward directions of translations are used for mutual training. A set
of low-resource language models augmented via IBT were trained, improving

the output [74].

Multilingual Language - Multilingual NMT systems can handle translation
between numerous language pairings. The main idea behind these strategies
is to transfer knowledge from high-resource to low-resource translation. Re-
cent research suggests that multilingual models outperform bilingual models,
especially when only a few languages are present in the system, and that
the degree of relatedness between the languages also affects performance [75].
Moreover, among similar language pair translations in WMT19, NMT systems

performed remarkably on Hindi-Nepali [76].

The diversity of multilingual datasets enables the creation of robust and ver-
satile MT systems capable of handling multiple languages. Despite challenges
such as data quality and availability of resources, ongoing advancements in
data collection, cleaning, and alignment techniques continue to enhance the
effectiveness of multilingual data in improving MT performance. As the field

progresses, integrating more diverse and comprehensive multilingual datasets
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will be crucial in advancing the capabilities of MT systems.

Multimodal Language - Multimodal machine translation (MMT) deals
with information extraction from multiple modalities, assuming the additional
modalities will provide valuable perspectives on the source data. It is, there-
fore, utilized to enhance the translation of low-resource language pairs using
extra modalities. Hence, it enables NMT to be an efficient approach for both
low and high-resource language pairs. There are several significant multi-
modal translation studies for language pairs such as English-German [77],
English-Hindi [78] [79], English-Assamese [80]. Multimodal Neural Machine
Translation (MNMT) is developed by employing a doubly attentive decoder,
using two independent attention techniques for the source textual and visual
components, respectively [77]. For the English-Hindi language pair, the Hindi
Visual Genome 1.1 78] is deployed for CNN with VGG19 to extract local and
global characteristics from the pictures. It outperformed text-only NMT in
terms of automatic evaluation metrics. An MNMT system in English-Hindi
language pair [79] utilized synthetic data to build a translation system for im-
age features. Further, MNMT surpasses text-only NMT for English- Assamese
translation using the Assamese visual genome 1.1 [80]. Despite the varied
viewpoints on the effectiveness of MT, it is proved that visual input produces

a better translation quality than only text input [81].

Tonal Language - Tonal languages, where variations in pitch and tone within
syllables can alter word meanings, offer distinct challenges and opportunities
in MT. Examples of tonal languages include Mandarin Chinese, Vietnamese,
Thai, and various African languages. Translating tonal languages requires
careful attention to the tonal words that affect meaning. MT systems can sig-
nificantly improve their performance in tonal languages by incorporating tone
information, using contextual embeddings, and leveraging techniques like data
augmentation and transfer learning. The ongoing development and refinement
of these approaches will be crucial in achieving high-quality translations for

tonal languages, thus broadening the applicability and effectiveness of MT
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technology. In a low-resource tonal language like Burmese with English pair,
NMT with BT strategy shows remarkable performance [82]. On the other
hand, no previous work focuses on the tonal words of the Mizo language in

MT.

In summary, recent works in MT highlight the integration of transformer archi-
tectures, transfer learning, multimodal approaches, improved evaluation metrics,
and hardware optimization. These advancements collectively enhance the capabil-
ities of automated language translation, ensuring better performance and broader

applicability across diverse languages and contexts.

2.2.2 Machine Translation on Indian Languages

MT for Indian languages presents challenges and opportunities due to the region’s
linguistic diversity and cultural richness. India is a linguistically diverse country
with 22 officially recognized languages and hundreds of dialects. Developing MT
systems for Indian languages presents unique challenges due to the various scripts,
grammatical structures, and vocabulary. Languages such as Hindi, Tamil, Bengali,
and others exhibit complex morphological structures and syntactic variations that
pose significant challenges for traditional MT systems [83]. Many of these languages
often lack sufficient parallel corpora (bilingual data) required for training robust MT

models, which is crucial for achieving high translation accuracy.

Recent advancements in NMT have shown promise in addressing some of these
challenges by capturing intricate linguistic patterns and context dependencies in-
herent in Indian languages [17]. For morphologically rich Indian limited-resource
languages [84], an NMT model utilizing self-attention multihead and byte- pair-
encoded is presented to construct an effective translation strategy that overcomes
the Out-Of-Vocabulary barrier. Moreover, applying multimodal approaches, inte-
grating visual or other contextual information alongside textual data, can enhance

translation quality further [85].
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The NMT has been investigated with RNN for low-resource pairs like English
to Punjabi, English to Tamil, and English to Hindi and observed that performance
increases with an increase in parallel train data [I7]. The NMT shows promis-
ing English to Hindi translation results on the benchmark dataset [86, 18]. MT
for Indian languages is an evolving field with significant challenges and opportuni-
ties. Addressing data scarcity, script diversity, and complex morphology requires
tremendous effort. By leveraging advanced neural models, multilingual training,
and community-driven initiatives, the quality and accessibility of MT for Indian
languages can be significantly enhanced, promoting better communication and un-

derstanding across India’s diverse linguistic landscape.

2.2.3 Prior Works on English<»Mizo Machine Translation

The Mizo language can be categorized under the language group, with words hav-
ing diacritics [87], as the tone markers represent the tonal words. Mizo language
poses significant challenges for MT due to limited resources and unique linguistic
characteristics. However, it is observed that Mizo words with tone markers are less
frequent than those without tone markerd’] unlike Vietnamese [87], Yoriiba [88] and
Arabic language [89].

As for the English<»Mizo language pair, limited work exists in the MT [16], 27,
90, OT]. It is mainly due to the need for more resources, as Mizo is a low-resource
language. The prior works focus on developing English<»Mizo (En-Mz) parallel data
to overcome the problem of the availability of resources for the En-Mz MT task.
An English<»>Mizo parallel corpus has been prepared and built [16]. A comparative
study was performed on the prepared corpus between PBSMT and NMT models.
Automatic evaluation metrics such as BLEU, METEOR, F-measure, and HE scores
have been used to assess the performance of translations predicted by the trained
models. Here, NMT outperforms SMT. Multiple attention-based NMT models,
such as RNN, BRNN, and transformer, were also employed to analyze the English-

'https://vanglaini.org/
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Mizo pair [27]. Subsequently, an enhanced NMT technique is implemented on
English-Mizo language pair[90]. The predicted output is evaluated based on various
aspects, including sentence length alteration, comparison to current baselines, and
analysis of predicted errors. The model’s prediction errors and prediction accuracy
are analyzed depending on changes in sentence length. Consequently, all these
attention-based models have been examined with parallel data only. Monolingual
data of the Mizo language have yet to be incorporated to improve such low-resource
pair translation. Furthermore, to the best of available knowledge, no research has
addressed linguistic challenges such as the tonal words of Mizo for English<>Mizo

translation.

Besides MT, the Mizo language has been studied in several fields in NLP, such
as multiword expression of Mizo language[92], defining rules for identifying named
entity classes in Mizo language[93], the creation of a Mizo-to-English dictionary and
a developing part-of-speech tag set for the Mizo language, which will be utilized to
create an automatic POS tagger [1, 2] 94, 95].
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Chapter 3

The Study of the Structure and Challenges of Mizo

language

3.1 The Mizo Language

The Mizd] language belongs to the Sino-Tibetan family of languages. It is spoken
natively by the Mizo people (also known as Lushai) in the Mizoram state of India
and Chin State in Burma. The Mizo language is the official language used in the
state of Mizoram, which is situated in the northeastern part of India. It shares
borders with three states in northeast India: Tripura, Assam, and Manipur. Addi-
tionally, the state shares a border with two neighboring countries: Myanmar and
Bangladesh. The name Mizoram comes from the words ‘Mi’ which means ‘people’,
‘Zo’ which means ‘hill’, and ‘Ram’ which means ‘land’. Thus, the word ‘Mizo-
ram’ implies a ‘hilly people’s land’ [I]. It holds the second least populated state
with a population of 1,097,206 according to the 2011 Census of Indiaﬂ. The Mizo
sub-tribes have their respective dialect. The Mizo language [92] (1] is mainly based
on the Lusei dialect, and many words are also derived from its surrounding Mizo
sub-tribes and sub-clan. The Lusei dialect is accepted overall as the lingua franca
of the Mizo people, with considerable influence from other sub-tribes, and also due
to its widespread and exclusive use by Christian missionaries and the later young

generation.

The writing system of the Mizo language is based on the Roman script. The
Mizo alphabet has 25 letters as in Table [3.1] It was devised by the first British

Christian missionaries of Mizoram, Rev. J.H. Lorrain and Rev. F.W.Savidge [96].

'https://en.wikipedia.org/wiki/Mizo_language
Zhttps://www.census2011.co.in/census/state/mizoram.html
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A AW B CH D
E F G NG H
I J K L M
N O P R S
T T U V Z

Table 3.1: Alphabet of Mizo Language

The missionaries built up an approach to composing Mizo writings dependent on
the Hunterian interpretation framework, created in India during the eighteenth
century and derived from a framework by William Jones. In these alphabets are
three letters with a combination of two letters represented as one letter: AW, CH,
NG. Among the alphabets are six vowels, which are A, AW, E, I, O and U. A
circumflex (") was added to the vowels to demonstrate long vowels, which were
inadequate to express Mizo’s tone completely. A vowel is a syllabic language unit
pronounced without stricture within the vocal tract. Each of the vowels has its
meaning by itself, representing the tone of a word. All the other alphabets are
consonants that have no meaning but can be merged to form a syllable with a
vowel. A consonant is a speech tone articulated with a complete or partial closure
of the vocal tract in articulatory phonetics. Since the Christian missionaries of
Mizoram devised the writing system, the numbering system of Mizo is also similar

to the English numbering system; the only difference is in the pronunciation.

3.2 Low Resource Pair: English<>Mizo

Many of the world’s languages are recognized as low-resource based on the availabil-
ity of resources. The MT works are limited in India’s north-eastern region, and the
low-resource languages include Assamese, Boro, Manipuri, Khasi, Kokborok, and
Mizo. Even though there are many MT systems accessible for significant Indian

dialects, there are minimal resources for studying the Mizo language in MT.

As English is the most widely spoken language globally, English«>Mizo MT will

help the Mizo community overcome its shortcomings in the modern age. However,

30



the relationship between language pairs also significantly impacts the output of
MT. Every language has unique linguistic characters that make up its phonological
structure. With MT techniques, a closely related language pair gives better results
than a language pair with substantial structural diversity. As for the English Mizo

language pair, both languages are very different from each other as in the following:

e Language Origin: Each language has its unique linguistic framework.
Similarly, the linguistic framework of a language pair can potentially affect
the performance of MT. Regarding the English<»Mizo language pair, both
languages are substantially distinct in their originating languages. English
originated from the Indo-European family of languages, while the Mizo lan-

guage belongs to the Sino-Tibetan familyﬂ

e Tonality: In terms of a tonal language, English is a non-tonal language,
while Mizo refers to it as a tonal language where the tone of a syllable affects
the lexical meaning of words. There are four tones in the Mizo language: high,
low, rising, and falling [97]. A unique tone marker is used to signify unique

tone variation.

e Word-Order: The syntactic order of both languages is different. The English
language follows a word order of Subject-Verb-Object (SVO), while the declar-
ative word order of Mizo is Object-Subject-Verb (OSV). Fig. presents an
example of a Mizo sentence with its translation in English. However, the word
order in Mizo is not as rigid as in English. The word order of the Mizo lan-
guage can alter depending on the formation of a phrase. Mizo language follows
Object-Subject-Verb (OSV), and sometimes it follows Subject-Object-Verb
(SOV) based on the sentence. Therefore, Mizo Language can be considered

both OSV and SOV word order, as shown in Table [3.2]

e Gender Distinction: The proper names in English do not distinguish be-
tween genders. E.g., Dave, Robin. However, in Mizo, a gender indicator is

appended to the suffix of all proper names to identify them. A letter ‘i’ suf-

Shttps://en.wikipedia.org/wiki/Mizo_language

31


https://en.wikipedia.org/wiki/Mizo_language

I eat rice Chaw ka ei

Subject Verb  Object Object Subject Verb

English Mizo

Figure 3.1: Example of English-Mizo word order

Sentence Structure
Basketball ka khel (I play basketball) oSV
Mawia’'n savawm a kap (Mawia shot a bear) SOV

Table 3.2: Word-order of Mizo

fixes all the female proper names, and a letter ‘a’ suffixes all the proper names

of males.

— Rami (indicates female since a letter i is append at the end)

— Mawia (indicates male since a letter a is append at the end).

Additionally, in terms of personal pronouns, there is an appropriate gender
distinction in English, like ‘he’ and ‘she,” while it is impossible to determine

gender in Mizo.

Based on the restricted availability of resources and the dissimilarities between
the two languages, English<>Mizo can be classified as a low-resource pair and pos-
sess a challenging MT task. According to ISO, the language code of Mizd"is ‘lus’ and
‘eng’ is the language code for Englishﬂ However, En-Mz is used for English<>Mizo
language pair, where ‘Mz’ acronym is used for the Mizo language, which is the state

abbreviation of Mizoram, and ‘En’ acronym is used for the English language.

4https://is0639-3.sil.org/code/lus
Shttps://is0639-3.sil.org/code/eng
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3.3 Challenges of English<>Mizo Machine Transla-

tion

Translation of a language is a complex task. Several challenges must be dealt with
when translating one language to another. Like many other languages, the Mizo
language deals with several challenges. Although both languages, Mizo and English,
use the Roman script in the writing system and have the same number system, there

are several linguistic differences between the two languages, as mentioned in Section

5.2

Aside from the various strategies developed by researchers to enhance restricted
languages in NMT, one of the most essential metrics is dealing with the linguistic
challenges of a specific language. Therefore, tackling the research gaps between a
language pair is one of the factors that will enhance the performance of the NMT.

Several research gaps for English<>Mizo pair in the aspect of MT are as follows:

3.3.1 Tonal Words

A language is treated as tonal when its tone influences the word’s meaning. Mizo
language is undoubtedly a tonal language, which can lead to specific challenges
for MT. Variations in tones and contour tones can alter the meaning of particular
words. The type of pitch used can automatically determine the grammatical forms
of that specific word. Many linguists have concluded the Mizo language to be of
four tones, while some conclude it to be more than four tones by considering two
vowel sound ways: long and short. However, the Mizo tone framework accepts four
tones: High (H), Low (L), Rising (R), and Falling (F) [98]. The tones are also
named in Mizo as ‘Ri sang’, ‘Ri hniam’, ‘Ri lawn’ and ‘Ri kuai’ respectively. The
linguist created a tone marker for each tone to indicate the tone variation in the
Mizo Language, which is listed in Table [3.3] The four tones used in Mizo words

can indicate different meanings in the English word, as shown in Table [3.4. For
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Type Tone (a)
High tone a
Low tone
Rising tone
Falling tone

> Qo Qo

Table 3.3: Variation of tone (a) in Mizo

example, the Mizo word ‘buk’ can indicate different meanings in English words
like ‘bushy’, ‘weight’, ‘hut/camp’, ‘unstable’; which is to determine based on the
tone used. Although the Mizo is undeniably a tonal language, the indication of
tonal words in the writing system is neglected and not correctly considered. Even
though there are four different tones with four tone markers, most of the writings
in Mizo use only circumflex (*) for indication of tone. Furthermore, it is also an

understudied language with limited resources in terms of tones.

3.3.2 Tonal Polysemy

Mizo language is also rich in polysemy words where the intonation is the same,
yet its meaning differs. Polysemy is a side of linguistic ambiguity that considers
the multiplicity of word meanings. Table presents examples of tonal-polysemy
words in Mizo. It is a simple fact of common parlance, and people gleefully interpret
correct results without conscious effort. However, polysemy is largely impervious to
any generalized NLP task. As tonal languages go, the Mizo language is one of the
most complicated languages in terms of MT. It is a tonal language where not only
does a particular word have several tones, but also it is a language in which the
word’s pitch defines the meaning. However, polysemy is the association of a word
with at least two distinct purposes. Since polysemy words have the same tone, the
word’s pitch alone cannot define the word. Therefore, understanding the nearby
word or the whole sentence’s context is necessary. A few polysemy words in the

Mizo language can also act as nouns and verbs. For example:

e Engzat nge mikhual in thlen ? (Noun)
I lo zin hunah ka mikhual ang che (Verb)
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Mizo Tone English Mizo English
Word Meaning
High tone (bik) Hut Kan ramah bak I want to build a
buk sak ka duh. hut on our land.
Low tone (buk) Bushy He Ui hian mei a This dog has a
nei buk hle mai. bushy tail.
Rising tone (buk)  Unstable He dawhkan hi a This table is un-
bik ania. stable.
Falling tone (bak)  Weight Khawngaihin Please weigh
heng hi min lo this for me.
bk sak teh.
High tone (léi) Tongue Doctor in ka 1éi The doctor
. chhuah turin asked me to
lei o .
min ti. stick  out my
tongue.
Low tone (1éi) Soil Thlai chi tuh They dig up the
nan léi an cho.  ground to plant
seeds.
Rising tone (1¢1) Buy Thil ka 1&i. I am buying
something.
Falling tone (léi) Bridge Léi ah ka ding. I am standing on
the bridge.
High tone (dwm) To be present Vawiin seminar Is he present to-
R ah a &wm m? day at the semi-

Low tone (awm)

Rising tone (dwm)

Falling tone (dwm)

To look af-
ter /stay

Chest

Ka naute chu
kan nauawmtu
in a awm

A awm nat
avangin doc-
tor hnenah a
inentir.

Probably/likely Inneihna ah a

kal a Awm viau
ani.

nar?
My baby is look

after by our
nanny.
She went to

the doctor com-
plaining of chest
pains.

It is very likely
that he will go to
the wedding.

Table 3.4: Examples of the tonal words in Mizo
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Tonal-Polysemy Tone English Mizo English

Meaning

we Negione(y o T T T W O o

Talk angrily Kha kha ti ‘Don’t do
suh a tia, a that!”  she
ang vak a. shouted

angrily.

Beginning A bal atan- Read the pa-

bul High tone (1) gin lehkha per from the
kha chhiar beginning.
rawh.

Stump Kawtah There is a
sawn thing tree stump
bal a awm. at the

courtyard.

Near Helai  bual Is there a
velah  hian restaurant
thingpui nearby?
dawr a awm
hnai m?

Table 3.5: Example of tonal-polysemy words in Mizo

e Ruah a sur dawn sia, pak ah hian awm mai ang u (Noun)

[ pawisa ka lo puk ang e, I phal em? (Verb)

Additionally, a few extraordinary words can change their tone depending on the

phrase used but still have the same meaning. For example:

e 18i - Buy (Raising tone)

— Thil ka 18 — > T am buying something. (Raising tone)

— Khawiah nge I 18i? — > where did you buy? (sound as falling tone)

e ang — will (High tone)

— Ka ti vek ang — > [ will do everything. (High tone)

— Chhang hi ka zai sak ang che — > I will cut this cake for you. (sound

as low tone)
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Types of clothes Different
vocabulary for
‘wear’ in Mizo

Pants or shirt Ha
Skirt Feéng

Shoes or Socks Ban
Hat Khtm
Belt Hréng

Table 3.6: Vocabulary distinction

e Chhiim — boil (Falling tone)

— Naute tui I pek dawn chuan I chhtim so phawt dawn nia — > If you

give water to a small baby, you have to boil it first. (falling tone)

— I chhiim zawhah gas off rawh — > Off the gas after you boil. (sound as
high tone)

3.3.3 Vocabulary Distinction

Although the English vocabulary is undeniably rich, Mizo has a richer vocabulary
than English for a few specific words. For example, as in Table [3.6], the word ‘Wear’

in English can refer to different vocabulary based on the clothes wear in Mizo.

3.3.4 Symbolic Words

Apart from the tone, symbols such as — and 'n are used in the writings of the Mizo

sentence.

e Hyphen — : In many places, — (hyphen) is found, which is used for con-
tinuing English (non-Mizo) words with Mizo words to appear as one word.

Hyphen is also used when combining figures with words.

b

e 'n : ’'n is used after the noun to show possession of the noun. It works as

putting (an apostrophe) in an English sentence.
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b

Hyphen n
8,307-in worker-te’n
database-ah Lalruatkima’'n
district-a 20-te’n
police-te hnathawktute’'n

Symbolic Words

Table 3.7: Examples of symbolic words in Mizo

Table demonstrates symbolic words in Mizo. Moreover, a few words are signifi-
cant with having affix words. For instance, ‘ah’ is an affix word that is a preposition
(can be used as: at, on, upon, in, into) depending on the sentence. Combining the
same word and the affixed word to produce one syllable of a linguistic unit may

lead to a different meaning but an entirely correct Mizo word. For example:

e Ru-ah (steal) — > Ruah (Rain)

e Chi-ah (salt) — > Chiah (Dip)

3.4 Development of Parallel Corpus: English<>Mizo

The two prominent approaches of MT, SMT, and NMT, require a large amount of
training data to provide promising results, which is a significant problem for low-
resource pairs like English«»Mizo. It is a challenging task to prepare the parallel

and monolingual corpora for English<»Mizo.

3.4.1 Corpus Details

Building a parallel corpus for MT involves several steps and considerations to ensure
that the corpus is comprehensive, high-quality, and valuable for training M'T models.
An English<+Mizo parallel corpus is built to explore the field of MT. The parallel

corpus is collected from various online sources namely, Bibld’ online dictionary

Shttps://wuw.bible.com/
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Corpus Source Sentences

Bible 26,086

Online Dictionary (Glosbe) 70,496

Government Websites 31,518

Parallel Elementary Textbooks 45,058
mCovid-19 Websites 21,480

Movie Subtitles 10,529

Tonal and Symbolic words 46,509

Total 251,676

Monolingual Web Pages/Blogs/Text Book 2,061,068

Table 3.8: Sources and statistics of English<»Mizo Corpus

(Glosbe)[], government Websitesﬁﬂ elementary textbooksF_UL mCovid-19 websitesE],
various movie subtitles and different web pages/blogs. Much of the data is also
manually gathered to deal with tonal words. Monolingual data on the Mizo language
has also been prepared. Table demonstrates example sentences collected from

various sources where the tonal words in the sentences are marked as bold.

3.4.2 Corpus Extraction Approaches

Corpus extraction refers to retrieving linguistic data from various sources to create a
corpus, a structured collection of texts used for linguistic analysis or language model
training. It is a fundamental step in linguistic research, NLP, and computational
linguistics, providing valuable data for various applications such as MT, text mining,

sentiment analysis, and language modeling.

Scrapy, an open-source framework, a web crawling technique, was used to extract
the corpus. Acquiring parallel data through web scraping involves automatically
extracting bilingual data from online resources. In Scrapy, xpath of each element is
coded with a degree of generalization, which helps to crawl numerous web pages by

replicating multiple web pages. To extract text from the PDF or image files, the

"https://glosbe.com/en/lus

Shttps://finance.mizoram.gov.in/

9nttps://dipr.mizoram.gov.in/
Ohttps://scert.mizoram.gov.in/
Uhttps://mcovid19.mizoram.gov.in/
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Corpus En Mz Source
In the beginning A tirin Pathianin Bible
God created the lei leh van a siam
Parallel heavens and the a.
earth.
He will guide the Retheite chu dik
humble in justice.  takin ro a rélsak
ang.
What questions do Eng zawhnate nge
we need to answer? kan chhan ang?
What is humility?  Inngaihtlawmna  Glosbe
chu eng nge ni?
GSDP which is at GSDP atanga
an approximate chhit erawh
level compared hi  chu  nikum
to previous year’s dinhmun nen a
figure. intluk tlang a ni.
And the gate was A tmtute chu an Government Website
shut as soon as the chhuah veleh kulh
pursuers had gone kawngka chu an
out. khar ta a .
advance hmasawn Tonal Word
punch hnék (Manually Prepared)
At Famous ‘Famous’-ah Symbolic word
God for ever kumkhua- (Manually Prepared)
in—Pathian
Monolingual Schedule  tribe-te Web
chu income tax pages/Blogs/-
awl an ni thin Text Book
tih  sawiin  Zo-

ramthanga chuan.

Mi tlawmte chu
a kawng a zirtir
thin.

Table 3.9: Examples of parallel and monolingual sentences
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Aligned Parallel Sentences

Figure 3.2: Data acquisition

Google OCR™ tool is used. It is mainly used to extract Mizo data from textbooK™|
(Government website). Fig. depicts the overall data acquisition.

Furthermore, a manual effort has been used to prepare parallel data, mainly
extracted from government websites. From the monolingual data of Mizo, tonal
and symbolic words are extracted and translated manually to their corresponding
English words. The alignment of the manual procedure took several months. Ad-
ditionally, the Mizo sentences are cross-verified by a linguistic expert of Mizo, who

is a native speaker and possesses linguistic knowledge of Mizo.

3.4.3 Data Cleaning and Split

The prepared corpus contains noise like too many special characters, web links
(URLs), blank lines, and duplicates. As a result, the redundant phrases and noise
must be eliminated. During data cleaning, conversion of lower-case and punctuation
removal is not performed to maintain the semantic contextual meaning [99]. The
prepared corpus is then split into three categories: training data, validation data,
and test set. A sentence with tonal words is considered during the partition of

validation and test data.

2https://cloud.google.com/vision/
Bhttps://scert.mizoram.gov.in/
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3.4.4 Domain Coverage

Domain coverage in MT refers to the capability of an MT system to accurately
translate texts from various specific fields or subject areas. Achieving broad and
deep domain coverage is essential for making MT systems useful across diverse real-
world applications. By leveraging advanced techniques such as transfer learning,
terminology integration, and active learning, MT systems can achieve higher accu-
racy and reliability in specialized domains. The ongoing advancements in Al and
machine learning are expected to enhance further the capability of MT systems to

cover a broader range of domains with greater precision.

Various domains have been covered to develop parallel corpus in English<>Mizo

language pair. They are:

e Bible : The Bible is one of the most translated texts in the world and has
been widely used as a resource for developing and testing MT systems. Its
availability in many languages, consistent structure, and varied linguistic con-

tent make it valuable for MT research and development.

e Government Websites : Data from government websites are a rich source
for creating a parallel corpus for MT. The government website is useful for the
English-Mizo language pair since it contains data in both languaged'] It is a
good domain for MT due to its broad content range. Government documents
often contain specialized terminology and ensure high-quality translation, reg-

ularly updating and maintaining data.

e Movies Subtitle : Movie subtitles are a valuable resource for developing
and improving MT systems due to their informal language and the conversa-
tional nature of their content. Subtitles include colloquial language, idioms,
slang, and cultural references, which are crucial for training models to handle

everyday speech.

“https://dipr.mizoram.gov.in/
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e Online Newspaper : Online newspapers offer diverse topics, regularly
updated content, and formal language, ideal for training and testing MT sys-
tems. Therefore, a leading daily newspaper in Mizoram Vanglam{r_sl is used
for monolingual data of the Mizo language. It was published in the Mizo lan-
guage. It has a column for local, northeast, country, world, youth, and sport,

providing rich and diverse content for MT.

e Elementary Textbook : Using elementary textbooks for MT is beneficial
as they provide clear contextual information with simple sentence structures,

making them easier for MT models to process.

e Online Dictionary(Glosbe) : Glosbe is a multilingual online dictionary
that provides translations, contextual examples, and user-contributed content
for various language pairs. It can significantly enhance MT by providing rich
linguistic resources, including vocabulary, phrases, idioms, and contextual ex-
amples. Especially for low-resource language pairs like English-Mizo, Globse

is a valuable resource for the development of Corpus in MT.

e General Domain : Although developing a parallel corpus with specific do-
main data is helpful, it is necessary to have general domain data to handle
a wide range of topics. It refers to text that is not specialized and encom-
passes a wide range of everyday topics, including news articles, novels, blogs,
and general web content. The broad mix of text from various sources pro-
vides a baseline capability across many domains. By focusing on the general
domain, MT developers can create more versatile, robust, and contextually
aware translation systems that enhance global communication and under-

standing.

https://www.vanglaini.org/
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3.5 Conclusion

Developing effective MT systems for English<+»Mizo language pairs presents unique
challenges due to tonal language, data scarcity, linguistic complexity, and resource
limitations. However, significant improvements can be made through collaborative
efforts, dealing with linguistic challenges, and leveraging advanced techniques. As
technology advances with focusing more on low-resource languages such as back-
translation, transfer learning, and community involvement, it is possible to develop
effective MT systems for English<»Mizo pairs. Continuous efforts in data collection,
resource development, and collaborative research will be crucial in enhancing the
quality and usability of MT systems for the English<»Mizo language pair, thus

preserving and promoting linguistic diversity in the digital age.
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Chapter 4

Machine Translation for English<>Mizo Pair

Encountering Tonal Words

4.1 Introduction

MT attempts to minimize the linguistic barrier through automatic translation
among natural or human-spoken languages. However, several challenges in the
language pair need to be addressed for the MT task. Low-resource language in
MT faces many challenges in terms of accuracy and comprehension due to limited
exploration of the language. Limited resources called a low-resource in MT include
limited online data [63] or computational tools [I00]. However, to improve the per-
formance in the output of an MT system, a large amount of bilingual corpus is

needed, which is often a significant problem in low-resource pair translation.

There is a need for the bilingual corpus to encounter linguistic challenges for
corpus-based MT. The MT system is considered for English<>Mizo pair by en-
countering challenges of Mizo tonal words. Although few research studies have
been conducted, no prior work has addressed Mizo tonal words in low-resource

English<»Mizo pair translation.

4.2 EnMzCorpl.0: English<>Mizo Corpus

As the low-resource English<>Mizo (En-Mz) pair has limited available options for
parallel and monolingual data of Mizo, different viable resources have been explored
to prepare the corpus. An En-Mz parallel corpus is prepared that contains a total

of 130,441 sentences. Also, Mizo monolingual data is prepared. Table presents



Corpus Source Sentences Tokens

En Mz
Bible 26,086 684,093 866,317
Online Dictionary (Glosbe) 70,496 1,438,445 1,674,435
Parallel Government Websites 31,518 402,900 605, 365
Tonal and Symbolic words 2,341 2,341 2,341
(Manually Prepared)
Total 130,441 2524779 3,148,458
Monolingual Web Pages/Blogs/Text Book 1,943,023 - 25,813,315

Table 4.1: Corpus sources and statistics

Monolingual Data Sentences Tokens
Mz 14,957 243,657

Table 4.2: Extracted (Mz) data using Google OCR

the corpus of sources with statistics. The statistic of the extracted monolingual

data is shown in Table d.2]

The prepared corpus has issues such as excessive special characters, web links
(URLs), blank lines, and redundant entries. After eliminating noise and duplicate
sentences, the total number of parallel sentences decreased to 118,449. Table
presents the split data for the training, validation, and test data. When splitting the
data into validation and test sets, sentences containing tonal words are considered.
Two test sets were also considered: Test Set-1 for in-domain data from the split
data and Test Set-2 for out-domain data, which included different types of tonal
words with a maximum length of 15 and was prepared manually. Following [10T],
small test data was compared to training data because it is used for the baseline
system. In the train data, out of 115,249 Mizo sentences, 44,604 have tonal words.
The corpus EnMzCorp1.0 covers various domains including Bibld!] online dictionary

(Glosbe)P], government websited|[] and different web pages/blogs.

'https://www.bible.com/
Zhttps://glosbe.com/en/lus
3https://finance.mizoram.gov.in/
“https://dipr.mizoram.gov.in/
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Type Sentences Tokens

En Mz
Train 115,249 1,308,563 1,462,070
Validation 3,000 78,083 82,470
Test Set-1 200 5,181 5,523
Test Set-2 200 1,312 1,608

Table 4.3: Statistics for train, valid and test set

4.3 Baseline System

PBSMT [13] and sequence-to-sequence model-based NMT (RNN, BRNN) were con-
sidered for baseline systems to provide benchmark translation accuracy for both the
directions of translations in English<»Mizo pair. The EnMzCorpl.0 dataset and
monolingual data of English (3 million sentences) from WMT1¢ were utilized.

4.3.1 Satistical Machine Translation

SMT consists of three modules: Translation Model (TM), Language Model (LM),
and Decoder. Consider the translation task of English to Mizo, where the best Mizo
translation (myes) for the source English sentence (e) is formulated using Eq[4.1]

Mpest = argmax P(m | e) (4.1)

To estimate P(m | e) for given source-target sentences, the probability distribution
of all possible target sentences must be considered. This involves understanding
what makes a good translation, which should possess two key aspects: adequacy
and fluency. Adequacy means the target sentence retains the same meaning as
the source sentence, while fluency means the target sentence is grammatically and
stylistically correct. A good translation balances both adequacy and fluency. This
concept can be formulated using Bayes Theorem, extending Eq. as shown in
Eq. 4.2

Shttp://www.statmt.org/wmt16/translation-task.html
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{Correct reordering phrases/words}

Target
Source Decoder Sequence
Sequence

Figure 4.1: Abstract diagram of phrase-based SMT

Mpest = arg max adequacy(e | m) x fluency(m)
" (4.2)

= argmax P(e | m) * P(m)

In the SMT, TM and LM compute P(e | m) and P(m). The decoder is responsible
for arg max,, to search for the best translation. The TM model collects phrase pairs

from parallel data and then estimates the probable target words/phrases as shown

in Eq[4.3
count(e, m)
P = 4.3
(e m) >, count(e, m) (4:3)

The LM reorders the obtained target words/phrases from TM to predict syntacti-
cally correct target sentences to ensure fluency in translation. The LM is estimated
from monolingual target data, where the conditional probability of each word mod-
els the target sentence given the previous words in the sentence. This modeling is
also known as n-gram LM. The decoder uses a beam search strategy to find the

best possible translation. The abstract pictorial representation of SMT is shown in

Fig. [A1]
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4.3.2 Neural Machine Translation

RNN updates and maintains a memory known as a state during the processing
of each word. The Eq. [£.4] represents probability of a sentence S and Sy, Ss, .5,
denotes a sequence of n words. The RNN-based LM [102] can be represented by
considering the Equation[d.5 where next word S;; is predicted for the given current

word S; and previous words Si....S;_1.

P(S) = P(S1,5,....5n) = [[ P(S¢ | Si....81-1) (4.4)

StJrl = arg maX(P(St+1 ‘ Slst>>

t+1

= arg max(p;)
t+1

pr = softmaz(y;) (4.5)
Y = h%WO
hy = tanh([h); hy_y|Wy)
B = S,E

The RNN-based LM processes each word in a sentence at every time step t to pre-
dict the next word. Here, the vocabulary size and all hidden layers are considered
V and M, respectively. The current word S, is transformed into continuous space
representation via indexing into the embedding matrix F provides h?. The embed-
ding S; having vector size V' is equivalent to the vocabulary size, where indexing is
performed through one-hot vector representation. In one-hot vector representation,
a ‘1’ indicates the current word’s index position; for all other positions, it is denoted
by a ‘0’. It helps to create the embedding by multiplying the one-hot vector with
size 1 x V with the embedding matrix of size V' x M.

The RNN-based LM maintains memory using a hidden state called the previous
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state, h} ;. The previous state is set to all zeros’ vectors when the first word is
encountered in the sequence. The previous state generates the concatenated vector
and the embedding hY and then multiply with the matrix W}, having size 2 x M x M
followed by the tanh non-linear function. As a result, the hidden state h} is obtained
at the current timestamp ¢, and the current hidden state represents the previous
state for the next consecutive word in the sequence. The obtained h; is used for
mapping to a vector y; having size N via multiplication with the matrix W,. Then,
the softmax function is used to transform the vector y; (also known as logits) into
probability values, which provides the vector p;. The predicted next word is the
optimum probability value corresponding to the index position. This process of
predicting S;y; given S; is required to update the neural network parameters by
computing the cross-entropy loss between next word predictor p; and the actual
next word S;1. The cross-entropy loss is calculated for the entire sequence in the
forward pass of the neural network. Then, the obtained total loss is used to calculate

the prediction error through the backward pass.

Further, RNN considers long short-term memory (LSTM) [103] or gated recur-
rent unit (GRU) [104] for encoding and decoding to enhance learning long-term
features. There are two main units of NMT: encoder and decoder where the en-
coder is used to compact the whole input/source sentence into a context vector,
and the context vector is decoded to the output/target sentence by the decoder.
Such basic encoder-decoder-based NMT cannot capture all important information
if the sequence is too long. Therefore, the attention mechanism comes into exis-
tence [15, 41] that allows the decoder to focus on different segments of the sequence
locally (part of the sequence) as well as globally (associating all the words of the
sequence). Fig. depicts attention-based RNN, where the input Mizo sentence

“Thil ka lév’ is translated into the target English sentence ‘I am buying something’.

20



‘ 1 ‘ [ am || buying | something ‘ <e0s> ‘
¥ ¥ ¥ ¥ Y

[T .y II"I X, ?I-I--:IHT - T| - T e mn S mmn
IO LD |‘||\‘|5~|‘||54‘|54‘|5M‘|
‘ -T};ﬂ H ka || léi‘ H <C“35> H I H am ‘ buying somelthing

Figure 4.2: English-Mizo NMT system (attention-based RNN)

4.3.3 Experimental Setup

SMT and NMT setup have been followed by employing Moseﬁ and OpenNMT-
pyﬂtoolkit respectively. The SMT and NMT setup builds phrase-based (PBSMT),
RNN, and BRNN-based NMT systems. For PBSMT, GIZA++ and IRSTLM [105]
are utilized to produce phrase pairs and language models following the default
settings of Moses. A 2-layer long short-term memory (LSTM) network of encoder-
decoder architecture with attention is used for RNN and BRNN [I5]. The LSTM
contains 500 units at each layer. The Adam optimizer with a learning rate 0.001 and
drop-outs of 0.3 is used in RNN and BRNN models. Unsupervised pre-trained word
vectors of monolingual data using Gloveﬂ [106] and pre-trained up to 100 iterations

with embedding vector size 200 were utilized.

4.3.4 Results

Automatic evaluation metrics and HE are considered when evaluating the baseline
predicted sentences. The automatic evaluation metrics viz. BLEU [59], TER [107],
METEOR [60] and F-measure.

Shttp://www.statmt.org/moses/
"https://github.com/0OpenNMT/OpenNMT-py
Shttps://github.com/stanfordnlp/GloVe
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e BLEU: The BLEU score is a metric designed to assess the quality of a
machine-translated text. It measures how closely the generated translations
match a set of reference translations, typically by comparing sequences of
words or ‘n-grams’. It utilizes the modified precision of n-grams by compar-
ing the n-grams of the candidate (predicted) translation’s n-grams with the
reference translation. Eq. represents the formula for the computation of
the BLEU score. Here, P, and R; denote the predicted and reference trans-
lation length, respectively. Pd; represents precision score of i'® gram. As for
translation that is too short, a brevity penalty equal to 1.0 is considered when
the candidate translation length is the same as the length of any reference
translation. It is recommended to consider the lower value of n when the

translation system is not adequate [16].

, P 1
BLEU = min(1, — Pd;)n 4.6
A (1.6

In this work, the n-gram n = 3 is considered because the BLEU score tends
to zero while crossing the tri-gram score. Table presents the BLEU scores

of baseline systems for both directions of translation.

Translation Test Data PBSMT RNN BRNN

En to Mz Test Set-1 16.23 18.27 18.41
Test Set-2  2.60 3.24 3.44

Mz to En Test Set-1 17.18 19.20 20.12
Test Set-2  2.75 3.47 3.49

Table 4.4: BLEU scores of baseline systems

e TER: The TER score is an automatic metric used to evaluate the quality
of MT outputs. It calculates the actions required to update a candidate
translation to align with the reference translation. It is a technique used in
MT to measure the amount of post-editing effort needed for the output of MT.
TER is computed in Eq. by dividing the number of edits (N.4) needed

to adjust the candidate translation to match the reference translation by the
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reference translation’s length (L,,,).

=

ed (4.7)

TER =
Lrw

Possible edits include insertion, deletion, substitution of single words, and
shift of word sequences. The cost of all the edits is the same. Consider the
following scenario of candidate translation and reference translation where
italics highlight the mismatch:

Reference translation: Fruits are healthy tasty and nutritious loaded with
fiber and vitamin

Candidate translation: Fruits are tasty and healthy loaded with minerals
antiozidant and vitamin

From the above scenario, even if the candidate translation is fluent, TER, on
the other hand, would not accept it as an exact match. The possible edits are
as follows:

tasty and: shift (1 edit)

nutritious: insertion (1 edit)

minerals antioxidant: substitution for fiber (2 edits)

The total number of edits is 4 (one shift, one insertion, and two substitutions).
The length of the reference word is 11. Therefore, the TER score becomes
14—1 = 36%. Lowering the value of the TER score will improve accuracy. Table

presents TER scores for the baseline systems.

Translation Test Data PBSMT RNN BRNN

En to Mz Test Set-1 80.1 78.90 75.0
Test Set-2  102.6 102.4 101.8

Mz to En Test Set-1  76.80 74.50  73.60
Test Set-2  95.30 93.80 93.40

Table 4.5: TER (%) scores of baseline systems

METEOR and F-measure: The METEOR score is a different metric de-
signed to assess the quality of the machine-translated text. The metric relies
on the harmonic mean of unigram precision and recall, emphasizing recall

more than precision. It is calculated by computing a word alignment based
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on matching the three modules: an explicit word, stem word, and synonym
word between the predicted and reference translation. These three modules
work together to ensure the alignment between the two translations. The

uni-gram precision P,, and uni-gram recall R,, are calculated using Eq. [£.8]

and [4.91

T
Tm

Where p,, and r,, are a number of uni-grams in the predicted reference trans-
lation, respectively. T, denotes the number of matched uni-grams words
between candidate and reference translation.

During the computation of the METEOR score, the F-measure score is cal-

culated, which is the harmonic mean of precision P, and recall R,, as shown

in Eq. 4.10]
2 X Py X Ry

F — measure =
Pug + Ry

(4.10)

Also, the F-mean is calculated by the parameterized harmonic mean of the

precision P,, and recall R,y. Then, METEOR is computed using Eq. .11}
METEOR = (1 — Pen) X Fyean (4.11)

Where fragmentation penalty (Pen) is calculated by fragmentation fraction
(frag) and ~ in Eq. to account for the degree to which the uni-grams in
both translations are in the same order. -y is the maximum penalty determined
by the value ranging from 0-1. To compute fragmentation fraction (frag),
the number of chunks (ch), which is a group of matched uni-grams that are
adjacent to each other with having the same word order in both translations,
is divided by the number of matches (m) as given in Eq. [£.13] METEOR and

F-measure are assigned, ranging from 0 to 1 in each segment.

Pen =~ x Frag (4.12)
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h
Frag = & (4.13)
m

Table and present METEOR and F-measure scores for the baseline

systems.

Translation Test Data PBSMT RNN BRNN
Test Set-1  0.1626 0.1795 0.1812
Test Set-2  0.0792 0.0794 0.0811
Test Set-1  0.1783 0.1856 0.1904
Test Set-2  0.0893 0.0920 0.0925

En to Mz

Mz to En

Table 4.6: METEOR scores of baseline systems

Translation Test Data PBSMT RNN BRNN

En to Mz Test Set-1  0.3832 0.4139 0.4179
Test Set-2  0.1872 0.1961 0.1970
Test Set-1 ~ 0.4049 0.4175 0.4316
Test Set-2  0.2103 0.2114 0.2140

Mz to En

Table 4.7: F-measure scores of baseline systems

e Human Evaluation: HE is a manual evaluation metric used to evaluate
the predicted sentence of the MT systems [16]. Although automated metrics
such as BLEU, METEOR, and TER offer rapid and consistent assessments,
HE offers a more profound comprehension of translation quality by capturing
nuances that automated approaches may overlook. The linguistic expert en-
gaged in HE is acquainted with Mizo and English. The expert is well-versed
in the complexities and challenges of the Mizo language. A human evaluator
evaluates the predicted translations based on adequacy, fluency, and overall

rating.

Adequacy is measured using the contextual meaning of the predicted trans-
lation that corresponds to the reference translation. Fluency is measured by
considering the good formation of the predicted sentence in the target lan-
guage, regardless of whether it corresponds to the reference translation. The
overall rating is measured by computing an average score of both adequacy

and fluency.
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Consider an example of a reference translation as ‘Small businesses have been
exempted from the tax increase’ and the predicted translation as ‘I am putting
my hand on my table’. The predicted translation is considered inadequate
since it contains a different contextual meaning than the corresponding refer-
ence translation. The predicted sentence is also fluent; although the meaning
differs entirely from the reference translation, it is well-formed in the target
language. The overall ratingﬂ considers the average of the adequacy as well as
fluency. The assessment criteria are measured on a scale of 1-5, with higher
values indicating better performance [16]. The rating score is assigned for 50

predicted test sentences (randomly chosen). The HE scores were calculated

using Eq. 4.14]

NTAR

HE(Owverall Rating) = x 100% (4.14)

NTBR

Where nrapr is the total average adequacy and fluency rating scores, nypgr
is calculated by multiplying the best rating score with a total number of
questions, i.e., 5 x 50 = 250. Table reports HE scores for the baseline

systems.

Translation Test Data PBSMT RNN BRNN

En to My Test Set-1 28.56 29.40 31.92
Test Set-2  17.40 18.80 19.60
Mz to En Test Set-1  29.24 30.08 32.92
Test Set-2  18.60 19.20 20.80

Table 4.8: HE (Overall Rating (%)) scores of baseline systems

4.4 System Description for Encountering tonalily

The proposed approach is based on BT [7(] strategy without modifying the model
architecture. It consists of three operations. First, Mizo sentences having tonal

words are extracted from Mizo’s monolingual data. Secondly, extracted Mizo tonal

https://nlp.amrita.edu/mtil_cen/#results
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Source Sentence NMT Model Predicted Sentence

Figure 4.3: Proposed Approach

Tokens
Parallel Corpus Sentences En Mz
Synthetic 33,229 550,238 610,376

Synthetic + Original 148,478 1,858,801 2,072,446

Table 4.9: Augmented train data statistics

sentences are used to generate the English synthetic sentences via Mizo’s best trans-
lation model (BRNN) to English obtained from the baseline system. Then, the
synthetic parallel corpus is augmented with the original parallel corpus. The main
goal of the first two operations is to expand the parallel train data by increasing the
Mizo tonal sentences. Lastly, the augmented data is used to train the NMT model
(BRNN) independently for each translation direction. Fig. depicts the pictorial
diagram of the proposed approach. The original train data contains only 44,604
Mizo tonal sentences. Therefore, 44,000 Mizo tonal sentences were extracted using
a maximum word length of 10. However, blank lines and single-word sentences
were removed from the synthetic English sentences and their corresponding Mizo
sentences. Thus, the synthetic parallel corpus contains 33,229 sentences, as shown
in Table 4.9 For both Test Set-1 and Test Set-2, the automatic evaluation results
of the proposed approach are reported in Table [£.10, and the human evaluation
results of the proposed approach are shown in Table [1.11]

o7



Translation Test Data BLEU TER (%) METEOR F-measure

En to Mz Test Set-1  20.21 73.4 0.1851 0.4272
Test Set-2  4.04 100.5 0.0868 0.1992
Mz to En Test Set-1  20.31 71.9 0.2022 0.4501
Test Set-2  4.10 924 0.0931 0.2230

Table 4.10: Automatic evaluation results of proposed approach

Translation Test Data HE
Overall Rating (%)
Test Set-1 32.24
En to Mz Test Set-2 20.40
Test Set-1 33.48
Mz to En Test Set-2 21.80

Table 4.11: Human evaluation results of proposed approach

4.5 Analysis

Among the automatic evaluation scores in Table [4.4] [4.5] 4.7 and on both

test data, the proposed approach attains higher accuracy than baseline systems. As
for human evaluation, the proposed system Table also outperforms the baseline
system Table[4.8] Furthermore, Test Set-1 (in-domain) accuracy is better than Test
Set-2 (out-domain) for both automatic and human evaluation. It is noticed that
Mizo to English translational evaluation scores outperform English to Mizo. Since
train data contains more Mizo tokens than English tokens, as mentioned in Table
4.3l Therefore, the model encoded more Mizo word frequency, and the decoder
can better translate Mizo to English. It is observed that all the system’s output
encountering tonal words has poor translational quality. Moreover, predicted output
suffers under translation, is impotent in named-entity prediction, and has out-of-
vocabulary issues. By the following notations, the predicted sentence samples are

considered below to inspect the errors.

e ST: Source Test sentence.

e RT: Reference/Target sentence.
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PD1: Predicted sentence by the proposed approach.

PD2: Predicted sentence by the BRNN.

PD3: Predicted sentence by the RNN.

PD4: Predicted sentence by the PBSMT.

1. Sample predicted sentence for En-to-Mz (partial adequacy but good
in fluency)

ST: They dig up the ground to plant seeds.

RT: Thlai chi tuh nan léi an cho.

PD1: Mau hmanga lei lath an rél a.

PD2: Lung chi hrang hrang an han thlen chuan.

PD3: Lung angin lei an khuar a.

PD4: Pialtliép chu an kin a.

Discussion: The PD1 has encountered the tonal words ‘lei” meaning ‘ground’ and
generated the relevant meaning of the tonal words. However, it cannot detect the
tone marker é. The word ‘dig” in the source sentence is predicted as ‘laih’, which
is correct and also has a similar meaning as the tonal word ‘cho’ in the reference
sentence. The English meaning of the proposed approach is ‘They decide to dig the
ground with bamboo’. In the predicted sentence, the word ‘Mau’ means ‘bamboo’
and a tonal word ‘rél” means ‘decide’ are encountered which are not relevant to
the source sentence. Both PD2 and PD3 predictions are inadequate and not fluent.
However, PD4 translation is also inadequate but fluent. Thus, in terms of total
words, the proposed approach can identify the tonal words, but the other baseline
systems do not consider it for translation. Compared to baseline systems transla-
tion, the proposed approach has the best-predicted sentence since most words are
correctly predicted. Therefore, it attains partial adequacy but is good in terms of

fluency.
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2. Sample predicted sentence for Mz-to-En (partial adequacy but good
in fluency)

ST: Naupang rualin pawnah an nghak.

RT: A group of children waited outside the door.

PD1: They are waiting for the child.

PD2: shun

PD3: There

PD4:books

Discussion: The PD1 has identified the tonal word ‘rualin’ in the source sentence
and predicted it as ‘they’, which can be accepted as having a similar meaning with
‘group’ in the reference translation. However, PD2, PD3, and PD3 do not recognize
the tonal word. They incorrectly predicted the sentence by only one word, which
is inadequate and not fluent. However, in PD1, the predicted sentence’s contextual
meaning is partially adequate compared to the reference translation. In terms of
fluency, it is a well-formed Mizo sentence.

3. Sample predicted sentence for En-to-Mz (inadequacy but good in flu-
ency)

ST: There are many ants that crowd around sugar.

RT: Fanghmir tam deuhin chini an bawm luai luai masi.

PD1: Gas agency tam tak an awm a.

PD2: Hnathawk vélah chuan huaisen takin a awm a.

PD3: Hnathawk vélah chuan mipa tam tak an awm a.

PD4: Chutah chuan mipa tam tak an awm a.

Discussion: Both the PD1 and PD4 have not generated tonal words in their pre-
dicted sentence, while a tonal word ‘bdwm’ means ‘crowd’ appears in the reference
text. However, PD2 and PD3 have both generated a tonal word ‘wélah’, which means
‘about’ in their predicted sentence, which is not relevant to the reference translation.
The predicted translations are contextually inadequate for all the systems and have
completely different meanings than the reference translations. However, in terms

of fluency, the predicted sentences of all the systems are good in fluency.
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4. Sample predicted sentence for Mz-to-En (inadequacy but good in
fluency)

ST: A hma a ka lo tilo kha ka a hle mai.

RT: I was foolish not to have done it before.

PD1: I was very sorry that he had not come before him.

PD2: I did not know how I was good.

PD3: I didn’t know how he didn’t know it.

PD4: I did not know him until he was saying.

Discussion: A tonal word ‘a’, which means ‘foolish’, appears in the source sentence,
but none of the systems can detect the source’s tonal word. Here, the contextual
meaning of all the predicted sentences is completely different from the reference
translation. Therefore, they are termed as inadequate. As the predicted sentence
is well-formed and proper in the target language, it is considered to be fluent.

5. Sample predicted sentence of named-entity error (En-to-Mz)

ST: They moved the goal posts wider apart.

RT: Goal ban an sawn zau.

PD1: Ruahpui vindwn chu nasa takin an chelh a.

PD2: Thalai chu an tum ber tur tlat a ni.

PD3: latitudinal

PD4: Mitin chuan an ramri chu an pan ta a.

Discussion: A tonal word ‘wvdndwn’ means ‘down pour’ is generated in the PD1.
However, there is no relevant word in the reference translation. On the other hand,
a tonal word ‘ban’ appears in the reference translation, but all the systems cannot
generate the tonal word in their predicted sentence correctly. Multiple errors exist
in the named entity as the word ‘goal’ appears in both source text and reference
text. However, none of the systems have correctly generated their predicted sen-
tence. Therefore, due to huge errors in named entities and contextually different
predictions, the predicted sentences of all the systems are inadequate. Regarding
fluency, parts of the prediction in PD1 and PD2 are correct, so they are partially
fluent. However, PD3 predicts non-Mizo words, and PD4 predicts a proper Mizo

sentence. Therefore, it is good in fluency but inadequate.
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6. Sample predicted sentence of named-entity error (Mz-to-En)

ST: I ka ang rawh le.

RT: Open your mouth.

PD1: hushaby

PD2: I make it for you.

PD3: Let me get your grave.

PD4: I have to make it for y.

Discussion: A tonal word ‘ang’ which means ‘open mouth’ appears in the source
sentence, but none of the systems can detect the source’s tonal word. All the sys-
tems have encountered named-entity errors in their predicted sentences. While the
reference translation is ‘Open your mouth’, none of the systems predicted the word
‘open” and ‘mouth’. PD1 predicts as ‘hushaby’, which is completely inadequate but
fluent. Likewise, PD2 and PD4 have predicted contextually different sentences but
are perfectly fluent. However, PD3 predicts an improper English sentence, which is
also inadequate.

7. Sample predicted sentence of over-prediction (En-to-Mz)

ST: Two children answered the teacher’s question simultaneously.

RT:Naupang pahnih chuan zirtirtu zawhna a rudlin an chhang.

PD1: Naupangte chuan zawhna an chhdng a, zawhna pahnih an chhding a.

PD2: Fa pahnih chuan <unk> zawhna pakhat chu an chhdng a.

PD3: Fapa pahnih chuan zawhna pakhat chu an chhdng a.

PD4: 16 Naupang pahnih chuan zawhna pakhat a chhding a.

Discussion: Two tonal words ‘chhang’ and ‘rudlin’ appear in the reference transla-
tion. A word ‘answered’ in the source text is correctly predicted by all the systems
as ‘chhdang’. However, in all the predicted sentences, the tone marker is changed
in ‘chhdng’, which is a falling tone, while in the reference translation, it is a rising
tone. However, a tonal word ‘rudlin’ from the reference translation, which means
‘simultaneously’, is unable to be generated by all the systems in their predicted
sentence. From all the predicted sentences, it can be noticed that all of the sys-
tems encountered over-prediction. As the number of questions is not mentioned in

the source test sentence, all the systems have predicted a sentence that includes
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the number of questions. PD1 predicts two questions, while PD2, PD3, and PD4
predict one question. Even though the predicted sentences by all the systems are
incomplete and inadequate, all are well-formed, and therefore, it is fluent.

8. Sample predicted sentence of over-prediction (Mz-to-En)

ST: kha kha ti suh a tia, a ang vak a.

RT: Don’t do that! she shouted angrily.

PD1: And do not do it in judgment and in crook.

PD2: Do not do that which is great in the eyes of him who is <unk>

PD3: not

PD4:And don’t do not do that which is right in the eyes of Yahweh .

Discussion: A tonal word ‘ang’ which means ‘shouted’ appears in the source sen-
tence, but none of the systems can detect the source’s tonal word. The PD1 is
over-predicted by adding ‘judgment and in crook’, which does not appear in the
reference translation. Similarly, PD2 and PD4 have also been over-predicted by
adding several words apart from the reference sentence. Although it is inadequate,
it is good in fluency. Besides, ‘<unk>’1is detected as part of the predicted sentence
in PD2. However, PD3 has predicted only a single word ‘not’, which is inadequate.
9.Sample predicted sentence of under-prediction (En-to-Mz)

ST: There was a bomb blast yesterday. RT: Niminah bawm a puak.

PD1: <unk> puak a awm a.

PD2 : Nimin puak puak thei a awm.

PD3: Zanin chu a puak puak.

PD4: Neminah tu a lo awm.

Discussion: A tonal word ‘bawm’ means ‘bomb’ appears in the reference trans-
lation. However, none of the systems can correctly generate the tonal word in the
predicted sentences. In the PD1, ‘<unk>’ is generated as part of the predicted
sentence. However, the prediction of all the systems encountered under-prediction
as ‘bomb’ and ‘yesterday’ are not generated in the PD1. Although it is inadequate,
it is good in fluency. Similarly, PD2 and PD3 have not mentioned ‘bomb’, and PD4
does not mention ‘bomb blast’. The predicted sentences of PD2, PD3, and PD4 are

inadequate and are not well-formed Mizo sentences.
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10. Sample predicted sentence of under-prediction (Mz-to-En)

ST: kan bill kan pek hnuah éngzah nge la bing dng?

RT: How much will we have left over once we’ve paid our bill?

PD1: And when we give the bill.

PD2: When our bill of our bill.

PD3: After the bill of our bill.

PD4: And when we get the Memorial, what does it <unk>

Discussion: Three tonal words ‘éngzah’ means ‘How much’, ‘bdng’ means ‘left’
and ‘dng’ means ‘will’ is encountered in the source sentence, but none of the systems
can detect the source’s tonal word. All the systems encountered under prediction
where the predicted sentence predicts only part of the reference translation. It is
inadequate as the reference translation has a contextual meaning that differs from
the systems’ predicted sentence. In terms of fluency, it is not a well-formed Mizo

sentence.

4.6 Conclusion

In this chapter, EnMzCorpl.0 has been developed for the English-Mizo corpus,
and the same has been used to build baseline systems for English to Mizo and
vice-versa translations encountering tonal words. The proposed approach attains
higher translation accuracy than baseline systems. From the analysis of predicted
translations, it is realized that the system needs to be improved to encounter Mizo
tonal words. Increasing the size of the dataset and exploring the knowledge-transfer-

based NMT approach will enhance the performance.
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Chapter 5

Building Low Resource English-to-Mizo NMT

Model with Post Processing

5.1 Introduction

A multilingual country like India has an enormous linguistic diversity. The demand
for developing Indian language resources is growing, with implications for various
MT applications. However, MT efforts in India’s north-eastern regions are limited,
with many languages, including the Mizo language, considered low-resource. Low-
resource language translation poses challenges in the field of MT. The challenges
include the availability of corpus and differences in linguistic information. Therefore,
building a parallel corpus, i.e., English-Mizo Corpus, is crucial for exploring MT

tasks and contributing to advancing Indian language resources.

For a low-resource language pair: English-to-Mizo, NMT is employed. It has at-
tained a promising approach in MT because of its context analysis ability and deal
with long-range dependency problems |15, 26]. However, it needs sufficient train-
ing data, which is challenging for the low-resource language pair translation [54].
With Mizo being the tonal language, a distinct tone marker is used to represent the
tonal words contextually. Based on the previous investigation in Sec [4.3], the base-
line translation of English-Mizo MT suffers in handling the tonal words and their
corresponding context. Table shows an example where the baseline predicted
sentence could not capture accurate tone markers (marked as ‘bold’). Without tone
markers, the meaning of the predicted sentence is ambiguous, corresponding to the
source sentence. It can mean either ‘What is the price?” or ‘What did he catch?’
but with a specific tonal marker, it is defined as the exact meaning of the sentence,

i.e., ‘What did he catch?’. As a result, the contextual meaning is not clear. To



tackle the problem, a technique is proposed for encountering context-specific tonal

words to improve the predicted sentence during the post-processing step.

Source / Target Predicted
Eng nge a man?
What did he catch? (Source) (baseline)
Eng nge a man? (Target) Eng nge a man?
(Current Objective)

Table 5.1: Example of a predicted sentence (tone markers are marked as bold)

5.2 Low Resource NMT

Although NMT has struggled with low-resource language, various works have been
done by several researchers to deal with it. The NMT methodologies can be cate-
gorized into supervised, semi-supervised, and unsupervised. A large-scale bilingual
corpus is crucial for supervised NMT, lacking in low-resource languages. Semi-
supervised techniques depend on the presence of parallel corpora in addition to
monolingual corpora. Unsupervised learning approaches aim to build an MT sys-
tem on a language pair with no parallel corpus. Both semi-supervised and un-
supervised techniques deal with low-resource language pairs. Various approaches
are considered to improve the quality of limited-resource pair translation. These
approaches can be categorized into two groups: the traditional approach and the

knowledge-transfer approach.

5.2.1 Traditional Approach

It mainly deals with data scarcity, the issue of rare words, and out-of-vocabulary.
To obtain better translation quality, NMT requires sufficient parallel data. How-
ever, with low resource language, monolingual data is more accessible than parallel
data from the viewpoint of resource availability. Therefore, the data augmenta-
tion technique is introduced by utilizing monolingual data to increase the size of

the dataset. It is known as the self-training approach [I08] under semi-supervised
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settings [109, IT0]. Researchers have been investigating improving NMT by utiliz-
ing monolingual datal70} 109} [69] and BT. However, large-scale noise in BT data
decreases the training performance and, as a result, lowers the translation quality
[69]. Furthermore, a COPY model is set up, which is an alternative approach to
BT. Although the out-of-vocabulary issue is improved in the COPY model, it in-
creases the vocabulary only in the target data [69]. For this reason, filtering-based

approaches are introduced to refine the synthetic data obtained from BT [19, [71].

With an unsupervised setting, pre-train word embeddings on monolingual data
enhance the performance of low-resource NMT. The issues of rare words and out-
of-vocabulary (OOV) are the crucial challenges of low-resource NMT [54] and byte-
pair-encoding (BPE) [I11] introduce to handle such problems.

5.2.2 Knowledge-Transfer Approach

It is primarily concerned with insufficient data for low-resource NMT through
various approaches: transfer learning, multitasking, zero-shot, multilingual, and
multimodal-based NMT. The multitasking approach executes multiple tasks in a
limited time by employing various downstream NLP tasks, such as part-of-speech
tagging, role-labeling, named-entity-recognition, and image caption generation [112].
The objective behind multitasking is to obtain train weights from extensive data
and enhance the model’s generalization capability. Furthermore, the investigation
has been conducted by integrating parallel and monolingual data simultaneously
to improve translation quality [61] using translation language modeling (TLM) and

masked language modeling (MLM) objectives.

5.3 Approaches of Low Resources NMT

Researchers have developed various ways to improve the limited resource language
in NMT. The following strategies analyze techniques for handling such problems. By

applying these strategies, the limitation of low-resource language may be addressed
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to some extent, resulting in a significant improvement for NMT.

5.3.1 Back Translation (BT)

BT has emerged as a critical technique for enhancing MT systems, particularly for
low-resource languages. It generates a synthetic parallel corpus from the target
monolingual data by training a translation model in the backward direction. The
model is then re-trained using this synthetic parallel data and the original one.
The purpose was to create synthetic source sentences to maximize the number of
parallel training data. BT has proven to be a substantial gain in NMT [70]. IBT is
also proposed [I13] to improve the idea of BT, where both forward and backward

translations directions are utilized for training.

BT is applied to several African and Indic languages, showing significant im-
provements in translation accuracy [I14]. It is highlighted that carefully curated
monolingual data and diverse BT strategies could yield substantial gains. The ben-
efits of BT for low-resource languages are manifold. It addresses the fundamental
challenge of data scarcity by augmenting training datasets with high-quality syn-
thetic data. BT also enables the exploitation of vast monolingual corpora in the
target language, which are often more readily available than parallel data. It also
facilitates the development of robust M'T models capable of handling the complex-
ities and nuances of low-resource languages. Additionally, BT has been shown to

improve domain adaptation by focusing on specific domains.

Overall, BT has proven to be a powerful tool for advancing MT in low-resource
settings. Recent studies highlight the importance of innovations in synthetic data
generation, multilingual models, and domain-specific adaptations. As research con-
tinues to evolve, BT is poised to play an increasingly pivotal role in bridging the

gap between high-resource and low-resource languages in MT systems.
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5.3.2 Word Embedding

Word embedding techniques have revolutionized NLP, enabling the representation
of words in dense vector spaces where semantic and syntactic similarities are pre-
served. For low-resource languages, where annotated datasets and linguistic re-
sources are scarce, word embeddings provide a crucial foundation for developing
robust language models by leveraging monolingual and cross-lingual data. Several
concepts, such as Word2Vec [115] and GloVe [84], used word embedding techniques.
The Word2Vec model capture linguistic patterns through distributed representa-
tions. The BPE is one of the techniques used for word segmentation [I111]. It aims
to break down words into subword units, making dealing with rare and unknown
words easier. It is a data compression method in which the most often occurring

pair of bytes in a sequence are replaced.

Studies have made significant advancements in word embeddings tailored to
low-resource settings. FastText model uses subword information to generate em-
beddings, making it particularly beneficial for morphologically rich and low-resource
languages [116]. Word embeddings enable efficient use of limited data, enhance
cross-lingual transfer, and support downstream tasks like machine translation, in-
formation retrieval, and sentiment analysis. Additionally, subword-based methods
mitigate the challenges of rare and out-of-vocabulary words, while multilingual em-
beddings foster language understanding even without extensive training data. The
word embedding technologies continue to bridge the gap between low-resource and
high-resource languages, driving advancements in NLP for diverse linguistic com-

munities.

5.3.3 Transfer Learning

Transfer learning has emerged as a transformative approach in NLP, enabling the
development of effective models for low-resource languages by leveraging knowledge

from high-resource counterparts. This paradigm involves pre-training a model on
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a large dataset in one or multiple languages and fine-tuning it for specific tasks or
languages with limited data. Transfer learning addresses the fundamental challenge

of data scarcity, a persistent issue in low-resource language processing.

BERT, a pre-trained transformer model fine-tuned for a wide range of NLP tasks,
including low-resource languages, was introduced [44]. Similarly, adapter modules
were used for task-specific additions to pre-trained models [I17], allowing efficient
fine-tuning without modifying the entire model. The benefits of transfer learning
for low-resource languages are profound. Reusing knowledge from high-resource
settings reduces the dependency on costly and time-consuming data annotation
processes. Additionally, transfer learning promotes inclusivity by extending NLP
capabilities to underrepresented languages, fostering linguistic diversity in compu-
tational systems. It also supports the development of downstream applications like
translation, sentiment analysis, and information retrieval, even for languages with
limited resources. In conclusion, transfer learning has become a cornerstone for

advancing NLP in low-resource settings.

5.3.4 Zero shot NMT

Zero-shot NMT has become a pivotal method for enabling translation between low-
resource language pairs without requiring parallel data. This approach leverages
a shared encoder-decoder architecture trained on high-resource language pairs to
learn general translation patterns. By extending these learned patterns, the model
can translate between unseen language pairs, effectively bridging the gap in low-

resource scenarios.

Recent advancements have significantly refined zero-shot NMT methodologies.
An unsupervised NMT framework has been introduced [I18] that relies on shared
subword embeddings and back-translation, demonstrating success in language pairs
without direct supervision. A multilingual NMT model was proposed [119] with
language-specific tags, enabling the system to perform zero-shot translation by

aligning shared latent spaces across multiple languages. Furthermore, innovations
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in pre-trained multilingual language models such as mBART [120] and MASS [121]
have enhanced zero-shot capabilities by incorporating robust sequence-to-sequence

pretraining on diverse multilingual datasets.

By eliminating the need for direct parallel corpora, the approach significantly
reduces resource constraints, making it feasible to include underrepresented lan-
guages in translation systems. It also promotes cross-linguistic inclusivity, enabling
the development of tools and applications like multilingual chatbots, cross-cultural
communication platforms, and low-cost translation services. Zero-shot NMT addi-
tionally fosters linguistic preservation by supporting endangered and regional lan-

guages, which might otherwise lack computational resources.

5.3.5 Multilingual Approach

The multilingual approach has established itself as a pioneering approach in NLP,
particularly for addressing the challenges of low-resource languages. By training a
single model on data from multiple languages, this approach exploits shared lin-
guistic features to improve performance in languages with limited resources. The
underlying concept is that similarities between languages, such as grammar, syntax,

and vocabulary, can be leveraged through a shared representation space.

A multilingual NMT system uses language-specific tags to enable translation
across multiple language pairs, including those without direct parallel corpora [119].
This system demonstrated the power of cross-lingual transfer learning. Further, a
robust cross-lingual language model XLM-R was developed that trained on massive
multilingual datasets [122]. XLM-R set new benchmarks for low-resource languages
in tasks like translation, sentiment analysis, and named entity recognition. The
introduction of mBART [120] provided a sequence-to-sequence pre-training frame-
work specifically designed for multilingual applications, enabling fine-tuning for

low-resource languages.

The multilingual approach has become a foundation for advancing NLP for

low-resource languages. Harnessing the power of cross-lingual representations and
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transfer learning addresses critical challenges while enabling equitable access to
language technology. As research continues to refine these methods, the potential
for multilingual models to democratize NLP grows, ensuring that no language is

left behind.

5.3.6 Multimodal Approach

The multimodal approach NLP represents an innovative framework integrating mul-
tiple data types, such as text, images, audio, and video, to enhance language un-
derstanding and generation. This approach is particularly advantageous for low-
resource languages, where traditional text-based data may be scarce, but rich con-

textual information from other modalities can supplement the learning process.

MURAL [123], a multimodal universal representation model, demonstrated how
combining text and image data could benefit multilingual translation and cross-
lingual tasks. Speech-based multimodal approaches, such as Speech2Vec [124],
have utilized audio-text alignment to improve performance in languages with lim-
ited textual resources. The models leverage massive multimodal datasets to learn
robust cross-modal representations. Furthermore, multimodal NMT systems in-
corporate visual data during training to enhance the quality of translations in
resource-constrained scenarios. It reduces reliance on extensive text-only datasets

by incorporating complementary data from other modalities.

In conclusion, the multimodal approach is a promising avenue for advancing
NLP for low-resource languages. Integrating diverse data modalities provides a
more prosperous and inclusive representation of language. The multimodal methods
support the preservation of linguistic and cultural heritage through multimedia

archives, benefiting endangered languages.
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Mizo Tonal Words in Corpus Sentences
Sentence without Mizo tonal words 77,067
Sentence with Mizo tonal words 44,168
Total sentence 121,235

Table 5.2: Mizo Tonal Words in Corpus

5.4 Corpus Preparation

Parallel data and Mizo monolingual data were prepared manually and from various
online resources to build a language resource for the English-Mizo corpus. Online
resources include Elementary TextbookE], mCovid-19 Websitesﬂ and movie subtitles,
while manually prepared parallel sentences cover the general domain sentences.
A dataset of 121,235 parallel sentences has been prepared, including 44,168 Mizo
sentences with tonal words to encounter context-specific tonal words of the Mizo

language. as shown in Table [5.2]

The parallel corpus contains 118,895 sentences from online sources (98.06%) and
manually prepared 2,340 sentences (1.93%) as in Table The difference between
online parallel sentences and manually prepared sentences is that online parallel sen-
tences include both with and without tonal sentences, whereas manually prepared
sentences only include tonal words to enhance the number of parallel sentences with
tonal words. The monolingual Mizo data of 2,061,068 sentences is highlighted in
Table 5.4 It is prepared from various newspapers, web pages, blogs, and books.

Online/Manual Sentences Percentage
Online 118,895 98.06%
Manually 2,340 1.93%
Total sentence 121,235

Table 5.3: Corpus Statistics

'https://scert.mizoram.gov.in/
Zhttps://mcovidl9.mizoram.gov.in/
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Monolingual Data Sentences
Mz 2,061,068

Table 5.4: Monolingual Data on Mizo Language

Tokens
Type Sentences En Mz
Train 118,035 1,468,044 1,314,131
Validation 2,000 55,316 52,320
Test 1,200 11,943 10,168

Table 5.5: Statistics for train, valid and test set

Web crawling?| techniques are used to collect data from online sources. To allow
for replication over several web pages, each element’s xpath is formatted /encoded
with a degree of generalization. It aided in crawling and retrieving information
from many web pages. Before splitting a parallel corpus, duplicates and noise (such
as web links, excessive special characters, and blank lines) are removed. Further,
the dataset is verified by hiring a linguistic expert with linguistic knowledge of both
languages. The data statistics of the train, valid, and test set are shown in Table[5.5]
During the split, parallel sentences with tonal words are considered for validation
and test data. The test and validation set include 98% and 2% sentences from
online and manually prepared sentences, and also, the train set includes 1.92% of
and 98.07% sentences from manually prepared and online sources. The percentage
of tonal words present in the train, validation, and test set are 11.20%, 10.50%, and

10.30%.

5.5 System Description

To build an English-to-Mizo NMT system, as shown in Figure [5.1] the approach

consists of three phases:

e Initially, for the first phase, Mz tonal sentences are extracted from the mono-

lingual data of Mz. Then, the extracted Mz tonal sentences are used to

3https://scrapy.org/
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Figure 5.1: English-to-Mizo NMT System
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generate En synthetic sentences using the backward NMT model (Mz-to-En).
The conventional transformer model [26] was used in this case. Blank lines
and under-translated sentences (single or double words) were removed from
En synthetic sentences, and the corresponding Mz tonal sentences. Thus, a

total of 33,021 synthetic parallel sentences were prepared, as given in Table

0.0l
Tokens
Sentences En Mz
33,021 6,08,586 5,49,822

Table 5.6: Synthetic parallel data statistics

The synthetic parallel corpus is augmented with the original parallel corpus in
the second phase. Then, the technique of [125] was followed by augmenting the
swapped sentences (Mz-to-En). Artificial tokens were added at the beginning
of the source sentences to recognize the target sentences (such as <2mz> for
Mizo and <2en> for English target sentences) and trained with BERT-fused
NMT [126] for the forward (En-to-Mz) translation. BERT-fused NMT is uti-
lized to leverage the pre-trained English model. Different configurations were
investigated, namely, unidirectional and bidirectional parallel corpus (trained
on En-to-Mz and Mz-to-En simultaneously). BERT processes an input se-
quence by first transforming it into representations. Through the BERT-
encoder attention module, each NMT encoder layer processes each of the
representations from the BERT module. Besides, each NMT encoder layer’s
self-attention continues to process the previous NMT encoder layer’s represen-
tations. Finally, it generates fused representations through the encoder layers
feed-forward network by merging both the output of BERT-encoder attention
and self-attention. The decoder works similarly; the BERT-decoder attention
is introduced to each NMT decoder layer. The obtained trained model is used

to predict the target sentences.
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e Lastly, an example-based post-processing step is proposed to improve the

translation accuracy of encountering tonal words.

Example-based post-processing: An example-based dictionary was cre-

ated using the following steps for the post-processing step.

— Keywords containing tonal words were extracted from monolingual data
of Mizo using a language-independent keyword extraction tool known as

YAKE [127], considering maximum n-gram size= 3.

— The uni-gram words were discarded from the extracted keywords because

they cannot represent the context-specific tonal words.

— An example-based dictionary (K||K,) was created. Here, K, denotes
extracted keywords, and K, is prepared by removing the tonal markers

from K.

The example-based dictionary is utilized for the post-processing of the pre-
dicted sentences. Each keyword of K, was searched in the predicted sentences,
and if it is found, it is replaced with the keyword of K. The reason behind
using the post-processing step is that if the trained model cannot capture the
appropriate tone marker in the translation process, then the post-processing
step attempts to correct the concerned tone marker using an example-based
dictionary. An example-based dictionary was used because the tonal word
is contextually dependent on the pre or post-word of the concerned tonal
word. The proposed approach is based on the BERT-fused NMT (transformer
model), bidirectional data augmentation with synthetic parallel corpus, and

an example-based post-processing step.

5.6 Experiment and Result Analysis

Preliminary experiments were performed for both En-to-Mz and Mz-to-En trans-
lations using RNN [I5] and transformer model [26] with sub-word segmentation

technique i.e., BPE. The preliminary experiment results are reported in Table [5.7]
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Translation Model BLEU

RNN 16.98
En-to-Mz Transformer 17.86
Mz-to-Fn RNN 15.46

Transformer 16.52

Table 5.7: BLEU scores of preliminary experiments

The result shows that for both translations, i.e., En-to-Mz and Mz-to-En, the Trans-

former model performs better than the RNN model.

Eight different models for En-to-Mz translations have been investigated. They

are:

e M1 : Transformer Model

e M2 : Bert-fused Transformer Model

e M3 : Bert-fused Transformer Model with post-processing step

e M4 : Bert-fused Transformer Model with synthetic parallel corpus

e M5 : Bert-fused Transformer Model with synthetic parallel corpus and post-

processing step
e M6 : Bert-fused Transformer Model with bidirectional parallel corpus

e M7 : Bert-fused Transformer Model with bidirectional parallel corpus and

synthetic parallel corpus

e MS8 : Bert-fused Transformer Model with bidirectional parallel corpus and

synthetic parallel corpus and post-processing step

The quantitative results of all the models are evaluated in terms of automatic evalu-
ation metric, BLEU[Y| [59] and HE [16] on randomly selected 100 sample sentences by
hiring a linguistic expert. The default configurations of the OpenNMT-pyf] toolkit

were followed to implement the RNN and transformer models. The Adam optimizer

4Utilized multi-bleu.perl script
Shttps://github.com/0OpenNMT/0penNMT-py
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Model BLEU
M1 (UPC) 17.86
M2 (UPC) 18.39
M2 + PP (M3)  21.90
M2 + SPC (M4) 20.55
M4 + PP (M5)  23.82
M2 (BPC) (M6) 22.80
M6 + SPC (M7) 24.33
M7 + PP (M8)  28.59

Table 5.8: Comparative results (BLEU scores) of different models for En-to-Mz
translation, M1: Transformer, M2: BERT-fused Transformer, SPC: Syn-
thetic Parallel Corpus, PP: Post-processing, UPC: Unidirectional Paral-
lel Corpus, BPC: Bidirectional Parallel Corpus

with a learning rate of 0.001 and drop-outs of 0.3 (for RNN) and 0.1 (for trans-
former) were used in the training process. Additionally, the default configurations
of the Fairseoﬂ toolkit were followed to implement BERT-fused NMT [126]. Ta-
ble presents the results for all eight models of BLEU for En-to-Mz translation.
Likewise, Table reports the comparative results of the HE for all eight models
for En-to-Mz translation. From both Table [5.8 and Table [5.9] it shows that the

proposed approach (M8) attains the best score.

Model Adequacy Fluency Overall

Rating
M1 2.58 2.76 2.67
M2 3.40 3.92 3.66
M3 3.76 4.54 4.15
M4 3.26 4.47 3.86
M5 3.92 4.68 4.30
M6 3.65 4.52 4.08
M7 3.32 4.64 3.98
M8 4.14 5.24 4.69

Table 5.9: Human evaluation scores of different models for En-to-Mz translation

To examine the effectiveness of the proposed approach M8 in terms of encoun-
tering tonal words, a comparative analysis is presented in Figure[5.2] Although, the
proposed approach M8 encounters a higher frequency of tonal words than conven-
tional transformer [26] and BERT-fused transformer [126] models, but much less

than the frequency of tonal words in reference test sentences.

Shttps://github.com/bert-nmt/bert-nmt
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Figure 5.2: Comparative analysis on tonal frequency of words. Reference: Mizo
target sentences (test data)

To provide a detailed analysis of the performance of the eight different models,

an example output sentence is presented below:

Output Sentence:

English : It is nice

Mizo : A tha lutuk.

M1 : A tha lutuk.

Discussion: Model M1 produces the exact output as the reference, but the tone
markers ¢ and @ are missing.

M2 : A tha lutuk.

Discussion: Model M2 produces the exact output as the reference, but the tone
markers ¢ and @ are missing.

M3 : A tha lutik.

Discussion: Model M3 produces an output as the reference sentence, but the tonal
word in ‘tha’ is not generated

My : A tha khawp mai.

Discussion: Model M4 produces an output that is not exact with the reference

sentence but has the same meaning. The tone maker in the word ‘mas’ is missing.
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M5 : A tha khawp mai.

Discussion: Model M5 produces an output that is not exact with the reference
sentence but has the same meaning. Here, the tonal words are correctly generated
using the tone marker.

M6 : A tha lutuk.

Discussion: Model M6 produces the exact output as the reference, but the tone
markers ¢ and @ are missing.

M7 : A tha lutuk.

Discussion: Model M7 produces the exact output as the reference, but the tone
markers ¢ and u are missing.

M8 : A tha lutuk.

Discussion: The proposed approach, Model M8, produces the exact output as the

reference with the tonal words correctly generated.

Further, a few examples are presented in Table to inspect qualitative anal-
ysis of encountering tonal words. It is observed that the conventional transformer
(M1) and BERT-fused transformer (M2) models cannot encounter tone markers
in the tonal words of the predicted sentences. However, with the post-processing
approach, M3, M5, and M8 generate tonal words with appropriate tonal markers
marked as ‘bold.” By capturing tone markers in tonal words, the proposed approach
MBS significantly represents the contextual meaning of the sentences compared to

other models.

5.7 Conclusion

This work aims to prepare an Indian language resource, i.e., English-Mizo corpus,
and investigate En-to-Mz translation by encountering tonal words and exploring dif-
ferent NMT models on the developed dataset. The proposed approach is based on
BERT-fused NMT with bidirectional data augmentation with synthetic parallel cor-
pus. Since one of the main challenges in the Mizo language is tackling tonal words,

post-processing steps are employed to manage the tonal words as they add to the
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Source / Target Predicted
A tha lutuk. (M1)
A tha lutuk. (M2)
A tha lutuk. (M3)
It is nice. (En) A tha khawp mai. (M4)
A tha lutuk. (Mz) A tha khawp mai.(M5)
A tha lutuk. (M6)
A tha lutuk. (M7)
A tha lutik.(MS)
Dawt sawi suh. (M1)
Dawt sawi duh suh. (M2)
Dawt sawi duh suh. (M3)
Don’t tell lie. (En) Dawt sawi suh. (M4)
Dawt sawi suh. (Mz) Dawt sawi suh. (M5)
Dawt sawi suh. (M6)
Dawt sawi suh.(MT7)
Dawt sawi suh. (MS8)
Ka lokal ang. (M1)
Ka lokal dawn nia. (M2)
Ka lokal dawn. (M3)
I'll be there. (En) Ka kal dawn nia. (M4)
Ka lokal ang. (Mz) Ka lokal ang e. (M5)
Ka lokal ang. (M6)
Ka lokal ang.(M7)
Ka lokal ang. (MS)

Table 5.10: Analysis of different models for En-to-Mz translation

complexity on top of low-resource challenges for any NLP task. Better translation
accuracy was achieved compared to a conventional transformer and BERT-fused
NMT. This method enhances translation accuracy by effectively addressing tonal
words in Mizo using a post-processing step, resulting in state-of-the-art outcomes

in English-to-Mizo translation.
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Chapter 6

Mizo Visual Genome 1.0: A Dataset for
English<+»Mizo Multimodal NMT

6.1 Introduction

Deep Learning offers diverse applications and has obtained state-of-the-art for dif-
ferent work during the last few years. NLP tasks, speech recognition, image classi-
fication, and other modalities are examples of deep learning applications. Modality
refers to the representation format in which a specific data type is represented,
such as audio, visual, textual, etc. Therefore, multimodal representation refers to
the combination of several modalities. Though merging several modalities to im-
prove performance is intuitively desirable, incorporating conflicts across modalities
is complicated. However, for language translation, the multimodal approach sur-
passes textual translation as it integrates the features of an image with parallel

textual data. Visual elements in MT may aid in the resolution of unclear words.

The multimodal method also improves low-resource pair translation, making
NMT an effective analysis for both high and low-resource language pairs. However,
developing multimodal MT requires an appropriate dataset, leading to a significant
challenge for a low-resource language pair. Since no prior study has addressed
the English<»Mizo MMT system, a multimodal translation is proposed for a low-
resource English<+Mizo language pair to improve the translation with additional
modalities. Although text-only parallel corpora for En-Mz translation are available
[128] 90, 129], there was no multimodal dataset for Mizo. Therefore, the main

objective is to implement a Mizo MMT system.



6.2 Multimodal NMT

MNMT enhances translation quality by integrating multiple data modalities, such
as text, images, and audio. This approach leverages the complementary informa-
tion from various sources, allowing models to capture richer semantic meanings
and contextual nuances. By utilizing parallel datasets that pair text with relevant
images or audio, MNMT can improve translation understanding and accuracy. De-
spite its potential, MNMT faces challenges, including data scarcity, especially for
low-resource languages, handling code-switching, and developing effective alignment
strategies between different modalities. By leveraging multiple modalities, the mul-
timodal approach bridges language gaps and enhances user experience, making it a

promising direction for future translation technologies.

The MNMT collects information from various modalities, including textual
and visual sources. The MNMT model is an extension of the attention-based
NMT model that includes spatial visual elements through the addition of a vi-
sual component|77, 130]. It comprises three components, including images in the

attention-based NMT framework. These are:

6.2.1 Feature extraction from images

The extraction of local and global features from the given image dataset is performed
using pre-trained CNN with VGG19 for multimodal translation [131]. The pre-
trained 19-layer VGG network (VGG19- CNN) extracts visual features from the

dataset and includes them in initializing the encoder and decoder hidden state.

6.2.2 Initialising Encoder

A BRNN with GRU [20] is employed to encode data. Instead of utilizing the zero
vector 0 to initialize the hidden state of the encoder, two new feed-forward single-

layer neural networks are used to construct the forward RNN and the backward
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RNN, respectively. Equation (6.1]) creates a vector d from the global image feature
vector.

d = PM}.(PM}.q+v}) + v (6.1)

Here, PM represents the projection matrix, and v represents the bias vector. PM?
and v? project the picture characteristics into the exact dimensions as the source
language encoder’s hidden states. The following feed-forward networks are com-

puted to initialize the encoder’s hidden state:
< -
S init = tanh(PMd + vy) (6.2)
S —
S init = tanh(PMyd + vp) (6.3)
Here, the forward and backward directions are shown by the subscripts f and b
of PM and v, respectively.
6.2.3 Initialising Decoder

A doubly attentive RNN was utilized to integrate an image into the decoder. The

decoder computes three essential components at each stage [77]:

e First, the previously hidden state and the previously emitted word are used

to calculate the hidden states.

e Second, time-dependent source vectors are computed by the source-language

RNN using an attention mechanism over its hidden states.

e Third, the time-dependent source context vector and hidden state proposal

are used to determine the final hidden states.

Equations (6.4) and (6.5)) demonstrate how a feed-forward single-layer network is

used to calculate an expected alignment (e) between each input vector (hi) and the
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expected word to be produced at the current time step (t):

ey = (vzr) tanh (U5, +m3°s;) (6.4)

a

VS exp (e57)
src

here, af’ indicate the alignment matrix between each input vector s; and the ex-

(6.5)

src

pected word to be produced at time step ¢, and v}

, U™ and mJ™ are model

parameters.

Finally, a source context vector with time-dependent cuv; is calculated as a sum

of the weighted input vectors with the attention weight applied to each vector.a;’*

as in Equation

=2

cvp =Y a’’s; (6.6)
=1

6.3 Mizo Visual Genome 1.0 (MVG 1.0)

A multimodal Mizo Visual Genome 1.0 (MVG 1.0) corpus is created for the En-Mz
language pair. The MMT system employs the text and the corresponding image to
create the model that will be translated into the target language. Fig. shows
the MVG 1.0 comprises bilingual picture captions in the image. Generating a
multimodal MVG corpus involves creating a comprehensive dataset that pairs Mizo
language annotations with relevant images. The corpus is a foundational resource
for training multimodal M'T models and enhancing the understanding of contextual

nuances in Mizo.

The experiment uses Hindi Visual Genome 1.1 [I32] to create MVG 1.0 mul-
timodal corpus. Hindi Visual Genome 1.1 is an improved version of Hindi Visual
Genome 1.0 [I33]. The Hindi Visual Genome comprises an image with correspond-

ing English captions translated into Hindi captions. To construct the MVG 1.0
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English Text: Three baseball players are in the field
Mizo Text : Baseball player pathum tualzawlah an awm.

Figure 6.1: An example of MVG 1.0 dataset: a picture with its caption in English
and Mizo.

corpus, a variety of practical resources were examined, which are discussed in the

following points:

e Train data in Hindi Visual Genome 1.1 includes 28,928 images and 28,930
captions. Three redundant captions (id:2385507, 2391240, and 2328549) were
eliminated, along with one particular image having an ID of 232683, as its
corresponding English caption is inaccessible. As a result, there are 28,927
images and English captions in the train set. The source and target sentences’
training, validation, and test data were verified and corrected, as shown in

Table This table offers an overview of the multimodal corpus statistics

for MVG 1.0.
Set Data type Instances En-Mz (Token)
Train Text /Image 28,927 148,146 / 172,460
S Text (En-Mz) 998 5,098 / 5,519
Validation Image (En-Mz) 998
Test Text (En-Mz) 1,400 8,192 / 10,337

Image (En-Mz) 1,400

Table 6.1: Multimodal Corpus Statistics of MVG 1.0
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e In May 2022, the Mizo language was added to Google Translate, which is
then utilized as an automatic translator of English to the Mizo language. By
utilizing Google Translatd'] the English captions of Hindi Visual Genome are
translated into Mizo. However, Google Translate provides extremely inac-
curate output, resulting in numerous errors. 97 % of the sentences required
human correction. Therefore, linguistic experts manually verify and post-

edit the data. The errors observed in the output of Google Translate include

vocabulary issues, wrong word order, incorrect names of colors, etc. A few

examples of Google Translate output with correction are shown in Table [6.2]
Table provides a few instances of parallel datasets.

Set English Mizo (Google Mizo (Mannually
Translate Output) corrected)
Train leg of the chair ke chu chair-ah a ding Chair ke ani
a
man has brown mipa chuan sam dum mipa chuan sam uk a
hair aneia nei a
woman wearing hmeichhia scarf sen ha hmeichhia scarf sen
red scarf awrh
Validation a car loading thlawhna chhunga ei thlawhna  chhungah
food on a plane  tur phur car pakhat carin eitur a dah
the man stand- motor bula ding pa motorcycle bulah pa
ing near the mo- chu pakhat a ding
torcycle
White short Tshirt kawrfual dum a Tshirt var ban bul
sleeved tshirt ni
Test white TV stand TV dum ding chu TV dahna var chu

on floor

leiah a awm a

leiah a awm a

charger stand on charger chu desk chun- dawhkan chungah
a desk gah a ding a charger stand a awm
second floor win- second floor window a Chhawng hnihna
dows awm bawk tukverh

Table 6.2: Google Translate output with correction

'https://translate.google.co.in/
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Set English Mizo
Train wall is painted white Bang chu rawng var a in
hnawih
Person crossing street with Mi pakhatin nihliap kengin
umbrella kawng a kan
A plate full of food Thleng eitur a khat
Validation piece of sandwich stuff with sandwich pakhat a sa tam
lot of meat tak awmna
a bunch of apples apple bawr khat
The dog has long fur Ui hian hmul sei tak a nei a
Test tail of cat forms a C zawhte mei chuan C a siam

A display of different phone
models

a group of people watching
the baseball players

a
Phone chi hrang hrang
phochhuah a ni
mipui tam takin basketball
players te an en

Table 6.3: Example of Parallel Train, Valid and Test Data

6.4 System Description

The multimodal translation system developed for the En-Mz language pair is de-
scribed in detail. The En-Mz MNMT system is presented in Figl6.2l OpenNMT-py
[134] is used to set up both MNMT and text-only NMT systems. The major pro-
cedures used to independently develop the systems for En-to-Mz and Mz-to-En

translation are preprocessing the data, system training, and system testing.

The image and text data are preprocessed separately by pre-trained CNN using
the VGG19 model [131], publicly available in OpenNMT-py. Pre-trained CNN with
VGG19 extracts local and global features from the image dataset for multimodal
translation. The source-target sentences with a vocabulary size of 6991 for English
and 8443 for Mizo are generated using the OpenNMT-py toolkit. During system
training, the parallel source-target text data are used to fine-tune the retrieved
features acquired from the preprocessing stage. An RNN encoder was employed
along with a doubly-attentive RNN decoder[21]. Additionally, the BRNN encoder
was considered for comparison purposes. The model was trained for 40 epochs on a

single GPU using a 2-layer, 16 batch size, Adam optimizer, learning rate of 0.001,
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Figure 6.2: English<»Mizo MNMT System
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and drop-outs of 0.3. The system is then tested using the best model developed
during training. The obtained trained models translate the provided test data for

both multimodal and text-only NMT systems separately.

6.5 Experiment and Result Analysis

For the experiment, two types of models—BRNN and RNN-—are employed [21].
To evaluate the translation quality of the predicted sentences, automatic evalu-
ation metrics viz. BLEU [59], RIBES (rank-based intuitive bilingual evaluation
scores) [135], METEOR [60], TER [I07], and F-measure scores are considered.
Higher scores for BLEU, METEOR, RIBES, and F-measures indicate better ac-
curacy, whereas the lower scores indicate better results for the TER score. Table
provides automatic evaluation scores on MNMT and text-only NMT systems
for both forward (En-to-Mz) and backward (Mz-to-En) translation. The BRNN
MNMT system performs better than the RNN MNMT system, as indicated in Ta-
ble [6.4] Additionally, the MNMT system produces better output than the NMT

method, which solely uses text since MNMT utilizes both textual and visual com-

ponents.
Set Translation Model BLEU TER RIBES METEOR F-measure
EntoMyz RNN 7.10 81.5  0.428798 0.141688 0.337810
Multimodal BRNN 7.39 81.3  0.428816 0.141711 0.337855
Myto Fn RNN 9.85 78.7  0.429210 0.179498 0.404810
BRNN 10.03 78.5  0.429255 0.179529 0.404847
RNN 6.02 82.9  0.405535 0.133310 0.323508
En-to-Mz BRNN 6.18 82.8  0.405563 0.133328 0.323998
RNN 8.20 78.9  0.421498 0.176710 0.399064
Text-only

Mz-to-En BRNN 8.84 78.7  0.421517 0.176739 0.399092

Table 6.4: Automatic Evaluation Scores of En-Mz Multimodal and Text-only NMT
Systems

Using the BRNN model, the best and worst examples of MNMT predicted sen-
tences are shown in Fig. and [6.4] respectively. Google translation output is also
considered for comparative analysis. The predicted sentences are evaluated below

to investigate the efficiency of the MNMT system.
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Image ID: 23270035

En-to-Mz

Source Sentence:;
small patch of grass
beside a tenms court

tentis court bulah
hnim tlem  te a awm

Reference Sentence:

Aultimodal Translation
Predicted Sentence: tenms court bula hnim tlemte awmna
Text-onlv translation
Predicted Sentence: tennis court bulah chuan grass patch te
tak te a awm
Google Translation: tennis court bulah thinghnah te
tak te a awm

Mz-to-En

Source Sentence:
Tenmis court bulah
hnim tlem te 2 awm
Reference Sentence:
small patch of grass
beside a tenms court

Multimodal Translation

Predicted Sentence: small patch of grass on the tenms court
Text-only translation

Predicted Sentence: small round animals in a tennis court by
a tennis court

Google Translation: a little sand near the tenniz court

Figure 6.3: Examples of MNMT’s Best Predicted Output with Text-only NMT
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Image ID: 150476

]

En-to-Mz

Source Sentence:
Several forms of

Multimodal Translation
Predicted Sentence: Mipui motor hmalam engemaw zat
Text-only translation

public transportation | Predicted Sentence: Mi pakhatin vantlang mamawh engemaw
Reference Sentence: zatam
mipui vantlang lirthet | Google Translation: Mipui lirthei chi hrang hrang
chi hrang hrang
Mz-to-En
Multimodal Translation
Source Sentence: | Predicted Sentence: a public public public public
mipui vantlang lirthet Text-only translation
chi hrang hrang Predicted Sentence: group of public people

Reference Sentence :
Several forms of

public transportation

Google Translation: all types of public transportation

Figure 6.4: Examples of MNMT’s Worst Predicted Output with Text-only NMT
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Evaluation of Fig. of MNMT’s Best Predicted Output

for En-to-Mz translation

e MNMT predicted sentence and reference sentence are contextually similar.
e As for text-only NMT translation, even though the translation is correct,
words like ‘grass patch’ are not translated into the Mizo language.

e Google Translate translates the word ‘grass’ as ‘thinghnah’, meaning ‘leaves’.
for Mz-to-En translation

e The predicted sentence of MNMT is acceptable, apart from the word ‘beside’
being predicted as ‘on’.

e In the case of text-only NMT, the predicted sentence is poorly structured
compared to the reference sentence,

e The translation in Google Translate is acceptable. Here, ‘grass’ is translated

as ‘sand’.

Evaluation of Fig. of MNMT’s Worst Predicted Output

for En-to-Mz translation

e The predicted sentence of both MNMT and text-only NMT are semantically
distinct from the reference sentence and poorly structured.

e The Google Translate is acceptable
for Mz-to-En translation

e The predicted sentence of MNMT is meaningless with multiple similar word
predictions.

e The text-only NMT predicts a meaningful sentence structure but contextu-
ally different concerning the reference sentence. Here, ‘several forms’ and
‘transportation’ are predicted as ‘group’ and ‘people’ respectively.

e The Google Translate is acceptable

Furthermore, Figs. [6.5)and [6.6]display the two average case examples of MNMT-
predicted sentences. Regarding Fig. [6.5] in the En-to-Mz translation, the MNMT

predicted sentence and reference sentence are contextually similar, but the word
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‘blue’ is missing in the MNMT predicted sentence. For text-only NMT translation,
the translation is partially correct, but the word ‘bang pawl’ in the source sentence is
not encountered correctly. Google Translate translates it correctly, except the word
‘blue’ is translated as ‘dum’, meaning ‘black’ in the translated text. In Mz-to-En
translation. the MNMT predicted sentence and reference sentence are contextually
similar. For text-only NMT, although the translation is not contextually correct, it
is acceptable. Google Translate wrongly translates some words ‘blue wall” as ‘group

of walls’.

As for Fig. [6.6] the MNMT predicted sentence and reference sentence are con-
textually similar in En-to-Mz translation. The translation for text-only NMT is
partially correct. Google Translate translates it similarly to the reference sentence.
In Mz-to-En translation. the MNMT predicted sentence and reference sentence are
contextually similar. For text-only NMT, the translation is partially correct. As for
Google Translate, the translated sentence and reference sentence are contextually

similar.

6.6 Conclusion

The exploration of MMT for English<»Mizo has shown that integrating textual and
visual data significantly improves translation accuracy and fluency. MVG 1.0, a
multimodal corpus, has been developed to create a baseline MNMT (En-Mz) system.
Automatic evaluation measures are employed to assess the system’s outputs. The
multimodal approach demonstrates better translation quality compared to text-only
NMT. The dataset size will be increased for subsequent work, and more experiments

will be performed to enhance translation quality.
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Image ID: 2373836

En-to-Mz

Source Sentence:;
a blue wall beside
tennis court

Reference Sentence:

tennis court bulah
bang pawl a awm

Multimodal Translation
Predicted Sentence: tennjs court sirah bang a awm
Text-only translation

Predicted Sentence: tonpjs court bulah pawlho awm

Google Translation: tennis court bulah chuan bang dum a
awm

Mz-to-En

Source Sentence:

tennis court bulah
bang pawl a awm

Reference Sentence:

a blue wall beside
tennis court

Multimodal Translation
Predicted Sentence: blue wall behind tennis court
Text-only translation
Predicted Sentence: partition of tennis court is blue

Google Translation: a group of walls near the tennis court

Figure 6.5: Example 1 of MNMT’s Average Predicted Output with Text-only NMT
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Image ID: 2358988

o e % .

' 200:30PM 09/10/2012 0044

En-to-Mz
Multimodal Translation
Source Sentence: | Predicted Sentence: thlalak ni leh dar zat
Text-onlv translation
Predicted Sentence: thlalakna a hun leh ni te

date and time of photo

Reference Sentence:

thlalak ni leh hun Google Translation: thlalak ni leh hun
Mz-to-En
Multimodal Translation
Source Sentence: Predicted Sentence:the datestamp and timestamp in the photo
thlalak ni leh hun Text-only translation

Predicted Sentence: the time of the photo
Reference Sentence:

date and time of photo Google Translation: gate and time of the photograph

Figure 6.6: Example 2 of MNMT’s Average Predicted Output with Text-only NMT
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Chapter 7

English<+Mizo NMT Using Language Model and

Addressing Data Scarcity Problem

7.1 Introduction

NMT has emerged as a promising technique due to its context analysis ability and
addresses issues with long-range dependencies [15] [26]. It attains state-of-the-art
performance and has made significant progress [17]. However, it requires a substan-
tial quantity of training data, which is a massive challenge for low-resource language
pair [54]. With Mizo being the low-resource tonal language, several challenges must
be addressed for MT. To encounter tonal words in English<+Mizo language pair, the
NMT approach has yielded remarkable success[136]. Apart from the tonal words,
the Mizo language has challenges in various fields, data scarcity issues, and linguistic
divergence. It is essential to address the data scarcity and word-order linguistic di-
vergence issues. To explore the language in the domain of the MT system, analyzing
the linguistic characteristics of the language, followed by addressing the linguistic
challenges when building the corpus, is highly suggested. The data scarcity chal-
lenge has been addressed by utilizing the IBT strategy [I13|, phrase-pairs extraction
[137, [138] and pre-trained language model (LM) [I39] to improve the translational

performance of low-resource English<»Mizo NMT.

7.2 Transformer Based NMT

The Transformer model utilizes an encoder-decoder architecture that resembles the
RNN models. It is the first model to construct representations of its input and out-

put only via self-attention, without convolution or sequence-aligned RNN models.



It intends to address the long-term dependencies and limitations of parallelizing in
RNN models. The transformer model’s concept is to encode each location and to
build entirely on attention mechanisms to link two separate words, which would then
be parallelized to speed up learning. Unlike the classic attention mechanism, the
self-attention mechanism calculates attention several times, known as multi-head
attention. The encoder and decoder are formed by six (6) identical attention layers
stacked on top of one another, as shown in Figure [7.1] The encoder comprises two
sub-layers: the multi-head self-attention layer and a fully connected position-wise
feed-forward network layer. There are three sub-layers in the decoder. Two of the
three sub-layers are the same as those in the encoder. Another multi-head attention

layer is utilized in the third sub-layer to focus on the encoder stack’s output as in

Figure

Output | Hna ka thawk |
R S

‘

. lamworking | ot

Figure 7.1: Transformer Architecture Model

The mathematical framework of the attention in the Transformer model is de-

termined in Equation [7.1] using a Query (QY), Value (V), and Key (K) with dj. as

T ( Feed Forward Network
Feed Forward Network ) A

) Multi-head Self Attention
Multi-head Self Attention A

Masked Multi-head Self Attention

A
ENCODER |

A
DECODER |

Figure 7.2: Encoder and Decoder of Transformer Model
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dimension. A dot product of the query with each key is computed, divided by dj,

and then the softmax function measures each word’s weight at a specific position.

QY KT
Vi,

Attention(QY, K, V) = softmax( 1% (7.1)

In contrast to single-head attention, the Transformer model suggests the idea of

multi-head attention, which enables the model to handle various word representa-

tions through numerous locations.

MultiHead(QY, K, V') = Concat(head;, heads,
heads...heady,)W®° (7.2)
head; = Attention(QRWEE, KWK vivY)

Where h=8 parallel attention heads are employed.
The parameter matrices W*" € RimoderXdk K ¢ RimoaerXdi |7V ¢ RdmodeiXdv anq

WO c thdemodel‘

7.3 Development of English<>Mizo NMT

The data scarcity issue was addressed using the IBT strategy [113] to prepare syn-
thetic parallel data and phrase pairs augmentation [I37]. The approach consists
of different phases: synthetic parallel data preparation, phrase-pairs extraction,
and preparation of a language model for the target language. This work utilized
a developed dataset in Sec comprising parallel English<+Mizo data and Mizo
monolingual data [91]. The English monolingual data from WMTldH is used. Fur-
ther, the monolingual data of the target language (En/Mz) is used to train and
generate an LM using the transformer model. The weight matrices are loaded from
the pre-trained LM by initializing the decoder of an encoder-decoder architecture of

transformer-based NMT. Figure[7.3] demonstrates the English<»Mizo NMT system.

"http://www.statmt.org/wmt16/translation-task.html
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Figure 7.3: English<+Mizo NMT System

Synthetic parallel data preparation: For synthetic parallel data preparation,
both monolingual data (En/Mz) are utilized by following IBT [I13] strategy.
Experiments were performed in each direction by increasing synthetic data
in the ratio of ‘original parallel corpus: synthetic parallel’. For instance, the
Mz-to-En transformer-based NMT model is used on Mz monolingual data to
generate En sentences. The blank lines and under translations (single-word
translations) are removed, and synthetic En-Mz parallel data is prepared. The
obtained synthetic En-Mz parallel data is augmented with the original parallel
data (train set) by performing different ratios of ‘original parallel corpus:
synthetic parallel’. This process is repeated several times until the convergence
condition is reached. The intuition is that not all synthetic parallel sentences
are of good quality. Better quality synthetic parallel data was identified by
adopting the IBT technique [II3]. In this work, the ratios of 1 : 4 and

1 : 3 showed improvement by utilizing Mizo and English monolingual data.
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Tokens
En Mz
42,110 339,702 266,589

Sentences

Table 7.1: Statistics for phrase-pairs

Consequently, both were merged, and synthetic parallel data was used by

maintaining a ratio of 1: 7.

e Phrase-pairs extraction: The phrase-pairs extraction strategy from [137], [138]
was adopted. Here, phrase-based SMT is trained using Mosef] toolkit on En-
Mz original parallel data and extracted phrase-pairs by considering translation
probability p > 0.5. Also, removed duplicates and the statistics of obtained
pairs are presented in Table [7.I] By augmentation of the phrase-pairs train
set, more word alignment information is passed to the training model, and
the word-order divergence problem is addressed, in addition to tackling the

data scarcity issue.

7.4 Experimental Result and Analysis

In the experiment, the publicly available Marian [140] toolkit is employed in three
basic operations: data preprocessing, training, and testing. The word-segmentation
technique, namely, BPE [I11], is used with 32k merge operations. The vocabulary
sizes of Mz and En are 28,006 and 26,834, respectively. Source-target vocabulary
is shared during preprocessing, and the obtained merged vocabulary size is 49,229.
The default configuration was followed [26], utilizing 6 layers, 8 attention heads,
Adam optimizer with a learning rate 0.001 and drop-out of 0.1 for training the LM
(target language) and the NMT system for En-to-Mz and Mz-to-En translation.
The Marian toolkitrf] allows the use of custom LM during the training process of the
NMT model. The models are trained on a single NVIDIA Quadro P2000 GPU.

Zhttp://wuw.statmt.org/moses/
3https://marian-nmt.github.io/docs/
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The predicted sentences from the experiment are evaluated using automatic eval-
uation metrics. For translation evaluation, the automatic evaluation metrics such as
BLEU [59], TER [107], METEOR [60], and F-measure has been implemented with
a result as shown in Table[7.2] [7.3] [7.4], and [7.5| respectively. HE was also conducted
on 200 sample predicted sentences using a scale of 1-5 [16]. Human evaluators with
linguistic knowledge of both languages were hired, and the average scores are re-
ported in Table [7.6, The preliminary experiments in Sec [01] show that the
transformer-based NMT achieves higher accuracy than RNN-based NMT. There-
fore, the transformer-based NMT models are explored in different flavors, which are

as follows:

e Baseline: ‘Original Parallel Sentences’: (Train Set: 118,035)

e With SPA (Synthetic Parallel-Sentence Augmentation): ‘Original Parallel
Sentences’ (Train Set: 118,035) + ‘Synthetic Parallel Sentences (826,000)’

e With PPA (Phrase-Pairs Augmentation): ‘Original Parallel Sentences’ (Train
Set: 118,035) + ‘Phrase-Pairs (42,110)’

e With LM: ‘Original Parallel Sentences’ (Train Set: 118,035) + Pre-trained
LM (Target Language: En/Mz)

e With SPA + PPA 4+ LM: ‘Original Parallel Sentences’ (Train Set: 118,035)
+ ‘Synthetic Parallel Sentences (826,000)" + ‘Phrase-Pairs (42,110)’ + Pre-
trained LM (Target Language: En/Mz)
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Model En-to-Mz Mz-to-En

Baseline 17.86 16.52
With SPA 23.43 22.16
With PPA 22.46 21.67
With SPA+PPA 30.78 28.42
With LM 18.74 17.78
With SPA+LM 26.64 25.18
With PPA + LM 23.72 22.67
With SPA+PPA+LM  32.54 30.26

Table 7.2: BLEU scores of En-to-Mz and Mz-to-En translation. SPA: Synthetic
Parallel-Sentence Augmentation, PPA: Phrase Pairs Augmentation, LM:
Language Model

Model En-to-Mz Mz-to-En
Baseline 63.40 67.52
With SPA 55.27 59.34
With PPA 55.10 60.40
With SPA+PPA 49.67 53.35
With LM 61.40 68.70
With SPA+LM 54.66 58.32
With PPA + LM 54.28 59.69
With SPA+PPA+LM  48.36 51.54

Table 7.3: TER scores of En-to-Mz and Mz-to-En translation, SPA: Synthetic
Parallel-Sentence Augmentation, PPA: Phrase Pairs Augmentation, LM:
Language Model

Model En-to-Mz Mz-to-En
Baseline 0.450914 0.427929
With SPA 0.508452 0.485692
With PPA 0.498104 0.472070
With SPA+PPA 0.546745 0.537843
With LM 0.449661 0.445672
With SPA+LM 0.526754 0.506754
With PPA + LM 0.507864 0.486546

With SPA+PPA+LM  0.558976 0.548794

Table 7.5: F-measure scores of En-to-Mz and Mz-to-En translation, SPA: Synthetic
Parallel-Sentence Augmentation, PPA: Phrase Pairs Augmentation, LM:
Language Model

104



Model En-to-Mz Mz-to-En

Baseline 0.182516 0.167540
With SPA 0.259766 0.237848
With PPA 0.236274 0.216831
With SPA+PPA 0.286678 0.268976
With LM 0.199985 0.181323
With SPA+LM 0.268843 2484562
With PPA + LM 0.245322 0.227643

With SPA+PPA+LM  0.295632 0.270842

Table 7.4: METEOR scores of En-to-Mz and Mz-to-En translation, SPA: Synthetic
Parallel-Sentence Augmentation, PPA: Phrase Pairs Augmentation, LM:
Language Model

Translation Model Adequacy Fluency Overall Rating
Baseline 2.58 2.76 2.67

En-to-Mz Present Work (best model) 4.95 5.98 5.46
Baseline 2.10 2.36 2.23

Mz-to-En Present Work (best model) 4.56 5.57 5.06

Table 7.6: Human evaluation scores of En-to-Mz and Mz-to-En translation, SPA:
Synthetic Parallel-Sentence Augmentation, PPA: Phrase Pairs Augmen-
tation, LM: Language Model

From the quantitative results, it is observed that transformer-based NMT with
SPA + PPA + LM attains higher scores for both directions of translation and
outperforms previous work in Sec [91]. The comparison with previous work and
Google Translateﬂ are presented in Figure and . It is noticed that En-to-Mz
translation evaluation scores outperform Mz-to-En translational evaluation scores
due to the number of En tokens in the train data as compared to Mz tokens. As a
result, the model encoded more En word frequency; thus, the decoder can generate
a better En-to-Mz translation. Moreover, the best model was evaluated on the

benchmark dataset [141], and the BLEU score results are reported in[7.7]

Test Set En-to-Mz Mz-to-En
FLORES-200 7.32 5.14

Table 7.7: BLEU scores of En-to-Mz and Mz-to-En translation on FLORES-200
test data

“https://translate.google.co.in/
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Figure 7.4: Comparison among the previous work, present work (best model: with
SPA+PPA+LM), and Google Translate in terms of BLEU and HE
scores for En-to-Mz

7.5 Error Analysis and Discussion

To further evaluate the efficiency of English<»Mizo NMT system, the quality of
several predicted sentences produced by the transformer models was assessed from
various viewpoints alongside Google Translate. The predicted sentences are com-
pared against the reference sentence regarding adequacy and fluency. Adequacy
measures how well a reference sentence’s meaning is retained in the predicted trans-
lation. Fluency is indicated by the appropriate formation of the predicted sentence,
regardless of the reference translation. Using the following notations, the predicted

sentence samples are presented below to investigate the errors.

o MTS - Mz Test Sentence

ETS - En Test Sentence

e Base mz - Predicted sentence of baseline model for En-to-Mz
e Base en - Predicted sentence of baseline model for Mz-to-En

Best mz - Predicted sentence of the best model (With SPA+PPA+LM) for
En-to-Mz
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SPA+PPA+LM) and Google Translate in terms of BLEU and
HE scores for Mz-to-En

e Best_en - Predicted sentence of the best model (With SPA+PPA+LM) for
Mz-to-En

e G_mz - Google Tranlate for En-to-Mz.

e G_en - Google Translate for Mz-to-En.

1. Sample predicted sentence for adequacy and fluency (English to Mizo)
MTS - Jakoba thlahte zawng zdwng chu mi sawmsarih an ni.

ETS - All the descendants of Jacob were seventy persons.

Base mz - Jakoba thlahte chu mi sawmsarih an ni.

Best _mz - Jakoba thlahte zawng zdawng chu sawmsarth an ni.

G_mz - Jakoba thlah zawng zawng chu mi sawmsarih an ni.

2. Sample predicted sentence for adequacy and fluency (Mizo to English)
MTS - Arona tiang chuan an tiangte chu a lem zo ta vék a.

ETS - Aaron’s staff swallowed up their staffs.

Base en - Aaron struck the staff of Aaron.

Best en - Aaron’s staff swallowed up their staffs.

G _en - And Aaron ’s rod swallowed up their rods.

107



Discussion for adequacy and fluency: From the sample predicted sentences
of 1 and 2, all the predicted sentences are well structured and contextually correct.
Furthermore, they are well-formed and have proper sentence structure. Therefore,
they are adequate and fluent in both directions. A tonal word ‘thlahte’, zawng’,
‘zdwng’, ‘sawmsarih’ and ‘vék’ appears in MTS of sample 1 and 2, none of these
tonal words are generated in the predicted sentences for all the models except for
Best _mz in sample 1. Best mz has correctly encountered the tonal word ‘zawng’

and ‘zdwng’ with a correct tone marker.

3. Sample predicted sentence for inadequacy but fluency (English to Mizo)
MTS - Pik kawngka kha han hawng rawh u.

ETS - Open the mouth of the cave.

Base mz - biru rawh u.

Best _mz - Tukverh hawng rawh.

G_mz - Puk kawngkhar chu hawng rawh.

4. Sample predicted sentence for inadequacy but fluency (Mizo to English)
MTS - Josefa chu Eqypt ramah chuan alo dwm tawh a.

ETS - Joseph was already in Eqgypt.

Base en - Joseph took a party to the Eqgyptians.

Best _en - Joseph had enough of the Egyptians.

G _en - Joseph was already in Eqypt.

Discussion for inadequacy but fluency: From the sample predicted sentences
of 3 and 4, all of the predicted sentences have context-specific meanings that are
entirely different from the reference sentence. As a result, they are considered to
be inadequate. However, the predicted sentences are well-formed sentences, and
hence they are fluent in both English as well as Mizo. A tonal word ‘Pak’, ‘ramah’
and ‘@gwm’ appears in MTS of samples 3 and 4, none of the models can correctly

generate the tonal word in their predicted sentence.
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5. Sample predicted sentence for partially adequate but perfectly fluent
(English to Mizo)
MTS - Chu chu thlang lampang ram chu a na.
ETS - This forms the western side.
Base mz - Chu chu chhim lampang chu a ni.
Best mz - Hei hi thlang lampang thlengin a ni.

G _mz - Hei hian chhim lam a siam a ni.

6. Sample predicted sentence for partially adequate but perfectly fluent
(Mizo to English)
MTS - Nile luia sanghate chu an thi dng.
ETS - The fish in the Nile shall die.
Base en - The fish of the fish is dead.
Best _en - The fish in the Nile died.
G _en - The fish of the Nile River are dead.

Discussion for partially adequate but perfectly fluent: From the sample
predicted sentences of 5 and 6, all the models have generated most of the words
correctly in their predicted sentences. Hence they are partially adequate. However,
all the predicted sentences are well formed with correct meaning. Therefore, they
are perfectly fluent in both English and Mizo translations. A tonal word ‘rdm’
and ‘dng’ meaning ‘shall’ appears in MTS of samples 5 and 6 respectively, all the

models are unable to predict the tonal word.

7. Sample predicted sentence for inadequate and not fluent (English to Mizo)
MTS - Theitui ka bunna lamah ka tibua.

ETS - I spilled the juice while I was pouring it.

Base mz - A split a.

Best mz - Ka tin chawhtawlh ka ha a.
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G_mz - Ka leih lai chuan a tut chu ka theh chhuak a.

8. Sample predicted sentence for inadequate and not fluent (Mizo to English)
MTS - Tho tam tak chuan ram chu a tichhe chiam a.

ETS - All the land was ruined by the swarms of flies.

Base en - In the hand of all the country, all the people were under the land

Best _en - The land was ruined by the land

G _en - Then the land was destroyed.

Discussion for inadequate and not fluent: From the sample predicted sen-
tences of 7 and 8, the predicted translations of all the models are completely dif-
ferent from the reference translation in terms of contextual meaning, and they are
not well-formed. Therefore, they are inadequate and not fluent except for G_en in
sample 8. As for the tonal word, in sample 7, ‘bunna’ appears in MTS, but all the
systems are unable to generate the tonal word in their predicted sentence. How-
ever, a tonal word ‘tdn’ is generated in Best mz, which is not relevant. In sample
8, a tonal word ‘tam tak’ meaning ‘swarms’ and ‘rdm’ meaning ‘land’ appears in
MTS. None of the systems are able to detect a tonal word ‘tak’. However, all the
systems detect the tonal word ‘ram’ and generate the correct meaning ‘land’ in

their predicted sentence.

9. Sample predicted sentence for named-entity problem (English to Mizo)
MTS - Naomi mi ti suh v, Marai mi ti zdwk rawh u.

ETS - Do not call me Naomi, call me Mara.

Base mz - Naomi min ko va , mi ko va.

Best _mz - Naomi mi ti suh , Naomi ma ti zawk rawh.

G_mz - Naomi min ti suh la, Mara ti rawh.
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10. Sample predicted sentence for named-entity problem (Mizo to English)
MTS - A fanu Zipporah chu Moses a pé a.

ETS - He gave Moses his daughter Zipporah.

Base en - The daughter of his daughter , the servant of his daughter.

Best _en - He opened his daughter s wife.

G_en - And he gave Moses his daughter Zipporah.

Discussion for named-entity problem: From the sample predicted sentence
of 9, the named-entity word ‘Marai’ is unable to be predicted by all the models.
Although it is partially correct in G_mz. A tonal word ‘“zdwk’ appears in MTS,
which is correctly encountered in Best mz but not in Base _mz and G_mz. As for
the sample predicted sentence of 10, the named-entity word ‘Moses” and ‘Zipporah’
is unable to be predicted in both Base en and Best en model. However, G_en
has correctly predicted the named-entity word. A tonal word ‘pe’ meaning ‘gave’
appears in MTS, but both Base en and Best en are unable to detect the MTS’s

tonal word. However, it is correctly predicted in G_en.

11. Sample predicted sentence for over-prediction (English to Mizo)
MTS - I nu leh pa te ti hék subh.

ETS - Don’t used up your parents’s money.

Base mz - In pawisa hman dah suh.

Best mz - I nu leh pate chuan sum leh pai te chu hmang suh.

G_mz - I nu leh pa pawisa chu hmang zo suh.

12. Sample predicted sentence for over-prediction (Mizo to English)
MTS - Ka nunna hian a nghak réng a ni.

ETS - My soul waits.

Base en - My life is for my life.

Best _en - My soul runs in wait for him.

G _en - My life is waiting for you.
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Discussion for over-prediction: From the sample predicted sentence of 11, the
predicted sentences are partially correct as well as partially fluent. However, the
predicted sentence is overpredicted by adding words like ‘chuan’, ‘hman’, and ‘chu’,
which is not in the reference sentence. As for sample sentence 12, words like ‘ife’,
‘for’, ‘runs’ ‘him’ and ‘you’ are included in the predicted sentence which is also
not included in the reference sentence. The tonal words, ‘hék’ and ‘réng’, appear in
MTS of samples 11 and 12, respectively, but all the models are unable to generate

the tonal word in their predicted sentence.

13. Sample predicted sentence for under-prediction (English to Mizo)
MTS - Ni a, Gibeon khaw chungah ding réng rawh.

ETS - Sun, stand still at Gibeon.

Base mz - Ngaw:i rawh u.

Best mz - Gibeon-ah.

G_mz - Sun, Gibeon-ah chuan ding reng rawh.

14. Sample predicted sentence for under-prediction (Mizo to English)
MTS - Va chhuak la, va béi mawlh rawh.

ETS - Go out now and fight with them.

Base en - Go out, go out.

Best _en - Go out, and go.

G_en - Go out, go out, go out.

Discussion for under-prediction: From the sample predicted sentences of 13
and 14, all the models have encountered under-prediction since the predicted sen-
tence predicts only part of the reference translation. Words like ‘N7 o', ‘khaw’,
and ‘chingah’ are not generated in the predicted sentences of sample 13. Likewise,
‘now’, ‘and’, ‘fight’ ‘with’ and ‘them’ are also not generated in the predicted sen-

tences of sample 14. As for tonal words, ‘chingah’, ‘ding’, ‘réeng’ and ‘béi” meaning
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‘fight” appear in MTS of sample 13 and 14, but all the models are unable to generate

or detect the tonal word in their predicted sentence.

7.6 Conclusion

The data scarcity problem for English-to-Mizo and vice-versa translation has been
addressed using transformer-based NMT. It is performed by augmenting synthetic
parallel sentences and phrase pairs to expand the training amount of data and
LM at the target side. Several experiments have been conducted in this thesis.
Encountering tonal words with data augmentation techniques, implementing Bert-
fused NMT with post-processing steps, developing MMT for the Mizo language, and
addressing data scarcity issues were implemented, resulting in promising output.
The experimental results show that the current work attains the best translational
accuracy compared to the previous work. Based on the discussions in error analysis,
most predicted translations are acceptable in terms of adequacy and fluency for
both the best model and Google Translate. Some of the tone markers in the Mizo
language are also predicted and encountered correctly in the best model. In contrast,

Google Translate has never predicted tonal words or tone markers.

113



Chapter 8

CONCLUSION

The thesis explored developing and evaluating an English<»Mizo MT system to
bridge the language gap between English and Mizo. The research focused on de-
signing a system capable of translating English text into Mizo with high accuracy,

considering the unique linguistic characteristics of both languages.

Developing effective MT systems for English<+Mizo language pairs presents
unique challenges. The research began by studying the structure and challenges
of the Mizo language. Despite the advances made in MT technologies, the study
acknowledges several limitations. Mizo is considered a low-resource language due to
the scarcity of linguistic resources, which poses challenges for machine translation.
Although NMT has struggled with low-resource language, various works have been
done by several researchers to deal with it. Key challenges include the tonality
of the Mizo language, limited data availability, linguistic complexity, and resource
constraints. However, significant improvements can be made through collaborative
efforts, dealing with linguistic challenges, and leveraging advanced techniques. As
technology evolves, focusing on low-resource languages through back-translation,
transfer learning, and community engagement offers promising pathways to develop

effective MT systems for English<»Mizo translation.

Several studies have explored MT for English<>Mizo pairs. However, no ex-
isting research specifically addresses the challenge of Mizo tonal words in low-
resource English<»Mizo translations. Consequently, overcoming the challenges of
low-resource settings and tonal complexities necessitates the development of unique
strategies to enhance translation quality. The English<>Mizo corpus EnMzCorp1.0
was then developed from different sources. The corpus consists of both parallel and
monolingual data of Mizo. Various NMT models were investigated using the devel-

oped dataset. A data augmentation approach is proposed to encounter tonal words,



resulting in better translation accuracy than the baseline system. Furthermore, an
English<+Mizo NMT system was proposed, utilizing BERT-fused NMT with bidi-
rectional data augmentation with synthetic parallel corpus. One of the primary
challenges in the Mizo language is handling tonal words, which add to the com-
plexity of any NLP task, especially given the low-resource nature of the language.
Various post-processing steps are employed to address the issue. Better translation
accuracy was achieved compared to a conventional transformer and BERT-fused
NMT. The proposed system demonstrated promising results, with improved trans-
lation quality over previous models, by effectively managing tonal words in Mizo
through a post-processing step, leading to state-of-the-art results in English-to-Mizo

translation.

The concept of multimodality, which integrates textual and visual data, has been
applied to English<»Mizo machine translation. The approach addresses the chal-
lenges of translating low-resource languages like Mizo by adding additional features.
The Mizo Visual Genome 1.0 (MVG 1.0) dataset was created without a standard
multimodal corpus for this language pair. MVG 1.0 features images paired with
bilingual textual descriptions, designed explicitly for English<»Mizo multimodal
machine translation. Evaluations using automated metrics reveal that multimodal
neural machine translation (MNMT) significantly outperforms traditional text-only
neural machine translation (NMT) regarding accuracy and fluency. By leveraging
the complementary nature of visual and textual data, MNMT systems achieve a
deeper understanding and improved translation quality. The English«»Mizo MNMT
system represents the first effort in this field, establishing a baseline for future re-

search on this low-resource language pair.

The exploration of MMT for English«>Mizo demonstrates the potential of com-
bining textual and visual data to enhance translation quality. The development of
MVG 1.0 has laid the foundation for further advancements, with plans to expand
the dataset size and conduct additional experiments to improve system perfor-
mance. This pioneering work addresses the challenges associated with low-resource

languages and highlights the effectiveness of multimodal approaches in improving
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the overall quality of machine translation systems.

Various transformer-based NMT models such as data augmentation techniques,
implementing BERT-fused NMT with post-processing steps, and developing a mul-
timodal machine translation (MMT) system for the English<>Mizo pair were in-
vestigated to tackle data scarcity and the challenges posed by tonal words in
English<+Mizo translation. To further mitigate these issues, transformer-based
NMT models were employed, utilizing synthetic parallel sentence generation, phrase
pair augmentation, and pre-trained language models (LM). These techniques ex-
panded training data and improved target-side language modeling, enhancing over-
all translation performance. The system focuses on increasing the volume of training
data and improving token alignment through phrase pair augmentation. By aug-
menting synthetic parallel data and phrase pairs, the problem of data scarcity is
effectively mitigated. Additionally, integrating a pre-trained language model (LM)
further enhances the quality of English<+Mizo translations. State-of-the-art results
have been achieved on the English-to-Mizo and Mizo-to-English translation test
data. The model correctly predicts and handles some of the tone markers in the
Mizo language. In contrast, Google Translate fails to predict tonal words or tone
markers. The proposed system demonstrates the effectiveness of the developed
system in producing accurate translations for the English<+Mizo language pair,
particularly in handling the unique tonal characteristics of Mizo, which remain a

challenge for other translation systems.

The study has demonstrated that while MT between English and Mizo presents
particular challenges, significant progress has been made in improving translation
quality. The research emphasizes the significance of linguistic resources, such as
bilingual corpora and linguistic rules, in enhancing the performance of MT systems.
After conducting multiple experiments, the research has contributed to developing
the English<>Mizo NMT system, which establishes a robust foundation for future
advancements in low-resource MT and sets a benchmark for translations in the
language pair. Additionally, the development of MMT further enhanced translation

accuracy by leveraging visual context alongside textual data. By leveraging these

116



models, the MT system produced reasonably accurate translations, although some

issues with fluency and idiomatic expressions remain.

Key findings from this research include the importance of developing a bilingual
corpus and incorporating linguistic rules to enhance the translation process. The
quality of the translations was heavily dependent on the size and variety of the train-
ing data, as well as the linguistic richness of the Mizo language resources. Despite
many advancements throughout the experiments, several limitations of the current
system were identified. One of the primary challenges was the limited scope of the
bilingual corpus, which restricted the system’s ability to handle diverse domains
and specialized vocabulary. Moreover, translating sentences with complex syntax
or cultural references often lacked fluency, resulting in low quality. As compared
to more widely spoken languages, the absence of a rich set of linguistic resources
for Mizo also presents a barrier to achieving high-quality translations across various

contexts.

In future research, several areas could be explored to enhance the English-Mizo
MT system. Improving the dataset with abundant parallel corpus from different
domains, incorporating deep learning techniques, and developing more sophisticated
models to handle Mizo’s unique syntactic and morphological structures will help
enhance the performance of NMT in both directions by achieving better translation
accuracy. Additionally, exploring the integration of Mizo dialects and incorporating
domain-specific translation models would further enhance the system’s utility and

accuracy.

In conclusion, the English<>Mizo MT system developed in this thesis represents
an important step toward bridging the language gap between English and Mizo.
While the current system has limitations, it provides a foundation for future research
and development in the field, potentially improving communication, education, and
digital accessibility for Mizo speakers. Continuous efforts in data collection, resource
development, and collaborative research will be crucial in enhancing the quality and
usability of MT systems for the English<>Mizo language pair, thus preserving and

promoting linguistic diversity in the digital age.
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ABSTRACT

With technological advances, Machine Translation (MT) significantly influences
today’s society, bridging the gap between languages. Language is a medium of
communication for varied cultures around the world. The language barrier pre-
vents communication between different cultures. The advent of MT systems has
functioned as a substitute for professional human translators, offering instant and
instantaneous translations. It removes human intervention from translating one
natural language to another using automatic translation, thereby resolving linguis-
tically ambiguous problems. MT uses computer software to translate text or speech
from one natural language into another. Languages are frequently classified as high-
resource or low-resource in MT, depending on the availability of linguistic data and
resources for training translation models. Even though it substantially impacts
high-resource languages, it is especially beneficial for low-resource languages since
it resolves barriers to communication. MT can also help preserve low-resource
languages by enhancing automatic translation capabilities. Through continuous
improvement and developing translation models tailored to specific languages, MT
can contribute to their requirements, applications, and survival in the digital age.
Although conventional human translations remain unrivaled in accuracy, MT sys-
tems have significantly improved translation accuracy and fluency, offering reduced
costs and faster turnaround times. Ongoing advancements and the ability to in-
corporate a multilingual system for cross-language communication further enhance

the appeal of MT.

Throughout history, numerous languages have become extinct for various rea-
sons. One of the factors can be due to rapid changes in the advancement of different

technologies, where globalization favors dominant languages like English. Another



cause can also be negligence by the native people, where their language is given less
priority. When younger generations do not correctly inherit the language, it can
quickly become extinct. Spoken languages without written forms are more likely to
go extinct. However, low-resource language becomes endangered of extinction when
a minority uses it. As the language becomes extinct, the culture dies along with it.
Extinction erases unique cultural knowledge and traditions. Therefore, preserving

language from extinction is highly necessary, especially for low-resource languages.

Mizo language is a Tibeto-Burman language spoken primarily by the Mizo peo-
ple in northeastern India, particularly in the state of Mizoram. It is considered
a low-resource language since there is limited availability of resources. Therefore,
preservation is imperative. With MT as one of the most powerful natural language
processing (NLP) applications for preserving and upgrading low-resource language,
an English<»Mizo language pair translation will significantly impact the Mizo lan-
guage, as English is considered the most dominant language. Additionally, the
difference in the linguistic information between the language pair also substantially
impacts the dataset creation for improving translation accuracy. MT techniques
yield better results when translating closely related language pairs than those with
significant structural diversity. In the case of the English<>Mizo language pair, dif-
ferences in language origin, word order, and gender distinction present significant
complications due to their distinct linguistic characteristics. Furthermore, Mizo is a
tonal language, where a word can express different meanings depending on various
tones. There are four variations of tones, namely high, low, rising, and falling. A
tone marker represents each tone, added to the vowels to indicate tone variation.
In comparison, English is a non-tonal language. Addressing tonal words in MT for

such a low-resource pair is another challenging issue.

Various techniques exist to handle the problem of low-resource languages in M'T.
Linguistic constraints of a language are one of the critical considerations. There-
fore, identifying appropriate methodologies and tackling specific language issues is
necessary to improve low-resource pair translation. Hence, the linguistic challenges

of the low-resource English<»Mizo pair and various existing low-resource NMT ap-
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proaches are surveyed. Here, four techniques have been proposed that benefit the

advanced automatic MT of the English<»Mizo language pair.

In the first approach, the MT system for English<+Mizo pairs is developed
by encountering tonal words, as Mizo is a tonal language. A few studies in MT
for English<»Mizo pairs have been explored. However, no prior work is available
that encounters Mizo tonal words in low-resource English<+Mizo pair translations.
Translating low-resource tonal languages presents unique challenges in the realm
of MT. Accurate translation for tonal languages requires handling tonal distinc-
tions and understanding contextual cues. Therefore, addressing low-resource and
tonal complexities requires unique strategies to improve translation quality. The
English<>Mizo corpus consists of parallel sentences with tonal words. For baseline
systems, different MT models are explored, such as Phrase-Based Statistical Ma-
chine Translation (PBSMT'), Recurrent Neural Network (RNN), and Bidirectional
Recurrent Neural Network (BRNN). The proposed approach generates a synthetic
parallel corpus from the Mizo tonal sentence extracted from the Mizo monolingual
sentence. To improve the Mizo tonal word’s translation quality, the synthetic par-
allel corpus is augmented with the original parallel corpus, injecting more tonal
word information into the corpus. The proposed approach attempts to train the
augmented data using the best-trained baseline model (BRNN). Automatic evalu-
ation metrics and human evaluation (HE) are considered to evaluate the predicted
sentence of the proposed approach. For En-to-Mz translation, the BLEU score at-
tains 20.21, and the overall rating for HE is 32.24%. For Mz-to-En translation,
the BLEU score attains 20.31, and the overall rating for HE is 33.48%. The pro-
posed approach outperforms the baseline systems for both forward (En-to-Mz) and

backward (Mz-to-En) translations by encountering tonal words.

In the second approach, addressing low resource challenges in English<»Mizo MT
necessitates the development of resource languages. Building a resource language in
MT provides essential training data and is the foundation for developing accurate
and reliable translations across diverse domains and languages. A multilingual

country like India has an enormous linguistic diversity. The increasing demand
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for developing language resources extends to various NLP applications, including
MT. This approach investigates a low-resource English-to-Mizo language pair by
building a language resource, i.e., the English<»Mizo corpus, thereby contributing to
an Indian language resource. The corpus consists of both parallel and monolingual
data of Mizo. An English-to-Mizo NMT system was proposed, utilizing a synthetic
parallel corpus alongside the original dataset, both enhanced through training with
a BERT-fused transformer NMT model. Various post-processing steps are employed
to handle tonal words in the Mizo language as they add to the complexity on top of
low-resource challenges for any NLP task. Combining the Bert-fused transformer
model with bidirectional and synthetic parallel corpus with the post-processing step
attains the best BLEU score of 28.59. This approach enhances translation accuracy
by building language resources and effectively addressing the tonal words in Mizo,

achieving state-of-the-art results in English-to-Mizo translation.

In the third approach, the multimodal notion, which combines textual and vi-
sual aspects, has been introduced. Multimodal Machine Translation (MMT) han-
dles extracting information from several modalities, considering the presumption
that the extra modalities will include beneficial alternative perspectives of the in-
put data. Traditional MT systems primarily focus on text-to-text translation, but
multimodal MT integrates various data sources to provide more context, enriching
low-resource language with different modalities. Regardless of its significant bene-
fits, it is challenging to implement an MMT system for several languages, mainly
due to the scarcity of the availability of multimodal datasets. As for the low-
resource English«»Mizo pair, the standard multimodal corpus is not available. As
a result, the Mizo Visual Genome 1.0 (MVG 1.0) dataset has been developed for
English<>Mizo multimodal machine translation (MMT). It comprises images paired
with corresponding bilingual textual descriptions. With the BRNN model, the En-
to-Mz translation achieves a BLEU score of 7.39 in the multimodal system and a
BLEU score of 6.18 in the text-only system. The Mz-to-En translation achieves a
BLEU score of 10.03 in the multimodal system and a BLEU score of 8.84 in the

text-only system. Automated assessment metrics indicate that multimodal neural
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machine translation (MNMT) outperforms traditional text-only NMT. To the best
of current knowledge, the English<>Mizo MMT system is the pioneering work in
this approach, serving as a baseline for future studies in MMT for the low-resource

English<»Mizo language pair.

In the fourth approach, the English<»Mizo NMT System is designed to tackle the
limitation of the language pair by addressing the data scarcity issue and handling
the tonality of the Mizo language in MT. Low-resource language in MT systems
poses multiple complications regarding accuracy in translation due to insufficient
incorporation of linguistic information. The system is designed to increase the
training amount of data and provide token alignment information via phrase pair
augmentation. The augmentation of synthetic parallel data and phrase pairs han-
dles the data scarcity problems. Integrating a pre-trained language model (LM)
has also enhanced English<+Mizo translation. Different transformer-based NMT
models were explored to address data scarcity issues and the tonal word problem
in English<+»Mizo pair translation. The model with a combination of the original
parallel sentence with the synthetic sentence and phrase pair with pre-trained LM
attains the best BLEU score for both directions, i.e., BLEU score of 32.54 for En-
to-Mz and BLEU score of 30.26 for Mz-to-En translation. This approach yields
the best translation accuracy compared to the former experiments. State-of-the-art
results have been achieved on the English-to-Mizo and Mizo-to-English translation

test data.

In conclusion, improving English<+Mizo MT entails overcoming limited data
and linguistic complexities through innovative approaches like transformer-based
models and synthetic data augmentation. Tackling the limitation of a specific lan-
guage in MT results in better translation quality and improves overall performance.
Additionally, collaboration with native speakers and linguists aids in capturing cul-
tural and contextual nuances and refining translation outputs. Finally, iterative
refinement and adaptation to evolving linguistic patterns in both languages are
crucial for achieving and sustaining high-quality translation in the English<>Mizo

MT domain.
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