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Exploring Bidirectional Mon-English Machine
Translation with SMT, NMT and Fine-Tuned
BART

Ei Ni Tar Tun, Yi Mon Shwe Sin, Khin Mar Soe

ABSTRACT— Machine Translation (MT) holds the answer to
bridging language gaps, especially for low-resource languages
like Mon. In this paper, various machine Translation (MT)
approaches including Statistical Machine Translation (SMT),
Neural Machine Translation (NMT) with Attention,
Transformer based NMT and BART models fine-tuned are
compared to improve translation quality for Mon-English and
English-Mon pairs. Syllable-based SMT outperformed word
SMT, validating the applicability of syllable segmentation to
translation. NMT with attention achieved moderate
improvements, whereas word models were not competitive.
Transformer-based NMT also translated more accurately,
exemplifying the benefit of self-attention mechanisms. Training
a fine-tuned bidirectional BART base model using
SentencePiece BPE for Mon and the BART tokenizer for
English performed best overall, demonstrating the effectiveness
of pre-trained language models for low-resource translation.
These results highlight the significance of segmentation choices
and model architectures in Mon-English and English-Mon
translation with Transformer-based models and fine-tuned
BART performing the best.

Index Terms— Statistical Machine Translation (SMT), Neural
Machine Translation (NMT), Transformer, BART, Mon
Language, BLEU Score, METEOR Score

NOMENCLATURES / ABBREVIATIONS

MT - Machine Translation

SMT - Statistical Machine Translation

NMT - Neural Machine Translation

BART - Bidirectional Auto-Regressive Transformer

BLEU - Bilingual Evaluation Understudy (evaluation metric)

METEOR - Metric for Evaluation of Translation with Explicit
ORdering (evaluation metric)

1. INTRODUCTION

his paper is organized as follows: in section II, related

work in the field of Machine Translation for low resource
languages is discussed. In section III, the Mon language is
introduced. In section IV, the machine translation approach is
explained. The experimental setting and results are presented
in Section V and VI. Qualitative Results are presented in
Section VII. Finally, in section VIII, the conclusion is
presented.
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Machine Translation (MT) is recognized as being partly
accountable for bridging language divides and making
communication between different languages[2]. While MT
systems have been very successful in high-resource
languages, low-resource languages such as Mon continue to
lag behind due to primary scarcity of datasets and linguistic
resources. Mon is an Austroasiatic language that is spoken
mainly in Myanmar and Thailand with a rich history but
comparatively little digital presence[17]. Making Mon
English translation is particularly difficult by the lack of
standard resources and the morphological complexity of the
Mon language. Parallel corpora are essential to train quality
machine translation systems although low-resource
languages have limited resources. Hence, Mon is still a low
resource language that does not have highly rare bilingual
sentence data resources for research and development. In this
paper, the English-Mon parallel corpus with appropriately
25k sentences was collected from sources such as the four-
language book (English, Mon, Burmese, and Pali), the
English grammar book in Mon by Nai Sac Lun, and the
UCSY corpus. The Mon language is characterized by its low-
resource status and rich morphological structure. A
distinction between singular and plural is made in English. In
Mon language, number particles of noun phrases are
“0%{5@1&0035”. “0Rsom” is singular form and
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of Mon noun “ogsom”. This causes difficulty and ambiguity

when translating from Mon to English. The lack of quality
parallel data and linguistic resources poses significant
challenges for low-resource languages despite advancements
in machine translation. In this paper, effective low-resource
language translation systems are developed through the
testing of several machine translation paradigms such as
Statistical Machine Translation (SMT), Neural Machine
Translation (NMT), and fine-tuned pre-trained language
models.

Probabilistic models and statistical alignment techniques
are employed as the foundation for SMT in machine
translation. Fluency, long-distance dependencies and context
preservation are generally compromised, especially with
morphologically rich languages like Mon. NMT, especially
transformer-based and attention-based models has greatly
improved the translation quality by applying deep learning to
represent linguistic structures and long-range dependencies.
Pre-trained models like BART are utilized as a good
initialization for high-quality translation. Fine-tuning BART
model for bidirectional Mon-English translation enables
better generalization and adaptability in low-resource settings
where transfer learning is leveraged to handle data scarcity.

In this paper, bidirectional Mon-English translation is
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explored using four approaches: SMT, attention-based NMT,
transformer-based NMT, and fine-tuned BART. Different
tokenization techniques, including syllable-based, subword
and word-based segmentation are also examined to evaluate
their impact on translation performance. A comparison is
conducted to determine the most effective approach for
improving Mon to English translation. Syllable-based SMT
is found to outperform word-based SMT, with the highest
BLEU scores reaching 33.59 (Mon-English) and 34.85.
(English-Mon) using a 5-gram model. When using attention-
based NMT, it has moderate improvements achieving BLEU
scores of 26.19 (Mon-English) and 25.08 (English-Mon),
whereas word-based models perform poorly. Transformer-
based NMT significantly enhances translation accuracy,
achieving scores of 40.57 (Mon-English) and 38.63 (English-
Mon), highlighting the effectiveness of self-attention
mechanisms. The best results are obtained by fine-tuning a
bidirectional BART base model using SentencePiece BPE for
Mon and the BART tokenizer for English, yielding BLEU
scores of 41.03(Mon-English) and 26.97 (English-Mon),
which demonstrates the effectiveness of pre-trained language
models in low-resource translation scenarios.

II. RELATED WORK

Machine Translation (MT) has advanced significantly over
time with various paradigms being studied to improve
translation quality. Statistical Machine Translation (SMT)
was used in the initial attempts, where translation was
performed based on statistical alignment and translation
probabilities. However, fluency and long-distance
dependencies were not well handled by SMT, especially in
morphologically rich languages like Mon. With advancement
in deep learning, state-of-the-art in machine translation is
dominated by Neural Machine Translation (NMT), which
achieves better translation quality through encoder-decoder
models and attention mechanisms. While NMT has been
shown to outperform SMT, its reliance on large amounts of
parallel corpora remains a challenge, particularly low
resource languages. Recently, pre-trained language models
such as BART have been shown to deliver promising
performance in machine translation by utilizing large-scale
monolingual corpora as a source for transfer learning. Fine
tuning these models for specific translation tasks has proved
effective in mitigating the data sparsity issue.

Neural Machine Translation (NMT) is a promising
machine translation with impressive performance on high
resource languages. In recent years, attention-based NMT
models trained on large-scale parallel corpora have played a
primary role in enhancing high-quality translation
performance. This work attempts to prepare a parallel corpus
for the Myanmar-English language pair and to present
attention-based NMT models with different granularity
levels: word-to-word, character-to-word, and syllable to word
[1]. Experi-ments are conducted to validate the ability of the
suggested models to translate sentences of varying length and
solve  morphological challenges. Source language
monolingual data are also incorporated to address the issue of
low resources. This research intends to enhance Myanmar to
English NMT performance, and the experimental outcome
indicates that the syllable-to-word model performs better than
baseline systems.

The use of subword techniques in machine translation
plays a vital role in addressing linguistic complexity and
divesity, as it makes the model more flexible and improves
the quality of trnaslation. It is especially helpful in handing
variations in morphology and addressing data inadequacy in
low-resource languages. In [9], the machine translation
between Myanmar and English is explored, pinpointing the
challenge and requirement for improving translation quality.
NMT models, particularly those driven by attention-based
Transformers, have potential. Subword techniques like Byte
Pair Encoding (BPE) enable higher flexibility and translation
effectiveness, especially for morphological complexity in
low-resource languages. Training RNN and Transformer
models on the WAT2019 Myanmar-English dataset, this
paper demonstrates that a 32k BPE Transformer model
significantly outperforms the RNN baseline. BLEU scores
are further enhanced by SentencePiece models with BPE,
indicating the impact of subword segmentation on translation
accuracy.

In [10], BART is designed as a denoising autoencoder for
pretraining sequence-to-sequence models. Text corruption is
applied using noise functions, and a model is trained to
reconstruct the original text. Based on a Transformer
architecture, BART is seen as a generalization of BERT and
GPT. The most effective noise techniques are found to be
sentence order permutation and infilling with mask tokens.
Strong performance is achieved by BART on text generation
and comprehension tasks, setting state-of-the-art results in
summarization, dialogue, and question answering. Machine
translation performance is also improved by 1.1 BLEU points
compared to back-translation. Additionally, ablation studies

are conducted to analyze key factors influencing
performance.
In [14], Traditional sequence transduction models

predominantly rely on high-level recurrent or convolutional
neural networks within which an encoder and a decoder are
combined. The top-rated models are paired with an attention
mechanism. Within this paper, a new and more
straightforward structure called the Transformer is proposed,
where attention mechanisms operate independently with both
recurrence and  convolution completely removed.
Experiments with two machine translation test sets show that
better quality translation is achieved by Transformer-based
models, with better parallelization and much shorter training
time. On the WMT 2014 English to German translation task,
a BLEU score of 28.4 is achieved, outperforming the best
prior results, including ensemble models, by more than 2
BLEU points. For English-to-French WMT 2014 translation,
there is a new state-of-the-art single-model BLEU of 41.8
after training for 3.5 days on eight GPUs with far fewer
computational resources than previous top-performing
models. These experiments also show that the Transformer
generalizes to other tasks, as in its successful application to
English constituency parsing, even when trained on sparse
data.

In this paper, previous research is extended by combining
Statistical Machine Translation (SMT) and Neural Machine
Translation (NMT) with attention and the Transformer
model. BART is also fine-tuned to enhance translation quality
and reduce data sparseness and morphological richness. This
approach is to further boost translation accuracy and
efficiency for bidirectional Mon English translation.
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III. MON LANGUAGE

The Mon are recognized as an ancient Buddhist nation with
cultural similarities to North India and have traditionally
inhabited Central Myanmar. The Mon have lived mainly
settled in the eastern coastal region, primarily in the ancient
town of Thaton. As an early propagator and adopter of
Theravada Buddhism, the Mon played a crucial role in
forging the religious and cultural identity of the region. The
Mon established ruling kingdoms such as Thaton and
Hanthawaddy and made significant contributions towards the
spread of Buddhist literature, architecture and script
development particularly had a bearing on early Myanmar
civilization. Despite centuries of assimilation and the loss of
political power, the Mon have continued to maintain their
distinctive identity through their language, customs and
religious beliefs. A Mon-Khmer language of the
Austroasiatic language family is spoken by the Mon as well
as by their related groups in Thailand and Cambodia [17]. The
Hintha bird has been chosen as the national symbol of the
Mon people and also as the symbol of Myanmar’s Bago
Region and Mon State. Mon traditional homes are wooden,
with the sitting room situated a bit lower than the living space.
One of the most popular Mon dishes, Thingyan rice is
prepared by soaking rice in cold scented water with added
candle wax and jasmine and is traditionally served during the
Thingyan Festival. Mon language also called Talaing is
predominantly spoken in southeastern Myanmar. It has been
split into three big dialects which are spoken in (Mottama,
Mawlamyine), Bago, and Ye. Presently, Mon continues to be
extensively spoken throughout southern Myanmar between
the Sittaung River and Mergui (Beik) and Kawthaung. There
were at least scripts used by ancient Mon societies to write
the Mon language. One was derived from the Grantha script
in Dvaravati (present-day Central Thailand), and the other
was derived from the Kadamba script in present-day Lower
Myanmar. The Mon script is a syllabic script where vowel
signs are affixed to the front, back, above, or below
consonant letters. Throughout the recorded history of the
Mon language, the original values of many letters have
been altered although not the spelling. Although there are
basic similarities between the Mon and Myanmar scripts,
Mon is more complicated with additional superscript
consonants [18]. The Mon script comprises 35 consonants,
dependent consonant signs (medials), independent vowels,
vowel diacritics, punctuation marks, and numerical digits.
Figure 1 presents the Mon character pattern and numerals
essential to the structure of the language.

Mon language is not like its dominant border languages,
Myanmar and Thai in many ways. It has preserved remnants
of an extremely ancient and complex inflectional system like
the use of prefixes and infixes. Mon began being written in
two types of scripts since the 6™ century AD: one evolved
from the Grantha script, and the other evolved from the
Kadamba or Grantha script. The basic word order of a basic
Mon sentence is Subject-Verb-Object (SVO). Mon words are
composed of numerous syllables, and almost all of the
syllables are composed of more than one character [18]. Mon
words have more than one syllable. The Mon language’s
syntax is given in Table I. Spacing is used in Mon to separate
phrases in order to improve readability. Spacing is not
necessary in short sentences. Rules for the use of spaces are
not fixed, and hence they may be placed between phrases,
between words or root words and their suffixes or prefixes.

The following are examples of parallel sentences in the Mon-
English language pair.
Mon: §o§0§l§ 09323(5()?[)6"% q

English: People speak well of him.

Mon: §o5(§oB€ 4055 505 o

English: The girls are in the house.
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English: I'm sure you'll be very successful in the future.

VI. MACHINE TRANSLATION APPROACH

Four approaches were compared to evaluate the
performance of different machine translation methods for the
bidirectional Mon-English language pair. These approaches
include Statistical Machine Translation (SMT), Neural
machine Translation (NMT) with Attention, NMT with
Transformer and Fine-Tuned BART. All of these were
implemented using established frameworks: Moses for SMT
and OpenNMT for NMT with attention and Transformer
based NMT. A pre-trained BART model was also fine-tuned
to leverage transfer learning for low-resource translation.

A. Statistical Machine Translation (SMT)

Statistical Machine Translation (SMT) is a data-driven
approach that uses probabilistic models to produce
translations. It uses statistical techniques to acquire a
mapping between source and target languages from bilingual
corpora. SMT is based on the hypothesis that the optimal
translation is the one with the highest probability conditioned
on the source sentence. There are several types of SMT
systems, including Word-Based SMT: the first form of SMT
wherein each source word is translated to a target word
individually. It does not consider context and multi-word
expressions and therefore yields unnatural translations.
Phrase-Based SMT: This method is an improvement over
word-based models because it translates word phrases and not
individual words. Phrase-based SMT was the most widely
applied and effective SMT method before the rise of neural
methods. It facilitates better handling of context and local
reordering. Syntax-Based SMT: This method incorporates
syntactic structures like parse trees to improve the alignment
and reordering of language which is especially effective for
language pairs with very different grammatical structures[6].

The SMT system of this paper was implemented using
Moses, an open-source platform for SMT that is extremely
popular. One of the key features of the SMT model is the n
gram language model, which estimates the probability that a
sequence of words will occur in the target language. In this
paper, an n-gram with n=5 was employed in order to maintain
longer-range relationships and enhance fluency.

Tokenization impacts SMT performance significantly.
Word-based and syllable-based tokenization were contrasted
in this paper on the Mon language. Word-based tokenization
treated Mon words as independent units but since Mon is a
compound morphology language, it resulted in a shallow
vocabulary and poor phrase alignment, degrading translation
quality. Syllable-Based Tokenization splits text into syllabic
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blocks improving alignment and phrase extraction, resulting
in more natural and accurate translations. Experimental
results showed syllable-based tokenization outperformed
word-based tokenization by achieving better BLEU scores.
This suggests SMT benefits from more sensitive
segmentation in more morphologically inflected languages
such as Mon[7].

B. Neural Machine Translation with Attention

Attention-based Neural Machine Translation (NMT)
expands the conventional sequence-to-sequence (Seq2Seq)
models to address long-range dependencies and alignment
issues [4][16]. While Statistical Machine Translation (SMT)
adopts phrase-based methods, NMT represents the entire
sentence as a single vector, leading to smoother translations.
A core Seq2Seq model has an encoder and a decoder that are
usually realized as Recurrent Neural Networks (RNNs) such
as LSTM or GRU. Nevertheless, the fixed-size context vector
in such models causes a loss of information, especially for
longer sentences. In response to this limitation, attention
mechanisms were introduced by which the decoder would
attend to those parts of the source sentence that are important
at each step of translation[5].

OpenNMT was used in this paper to train an attention
based NMT model. Pretrained word embeddings were
utilized to enhance generalization and training was optimized
using Adam optimizer, a learning rate scheduler and dropout
regularization. The attention mechanism allows for more
aligned, particularly for long sentences, resulting in more
fluent and higher-quality translations with fewer word-order
errors compared to Statistical Machine Translation (SMT).
NMT with attention was better using syllable-based
tokenization compared to word-based tokenization for both
Mon-to-English and English-to-Mon translation. Syllable
based tokenization yielded more accurate and smoother
translation whereas word-based tokenization was challenging
owing to vocabulary sparsity and alignment. Figure 2
illustrate the encoder-decoder architecture utilized for the
Mon to English syllable-based neural machine translation
(NMT) model.

C. Neural Machine Translation with Transformer

The Transformer architecture is a refinement of the
traditional RNN-based NMT using the implementation of
self-attention mechanisms, which allows it to handle
sentences in parallel rather than sequentially. This makes it
more efficient and handles long-distance dependencies well.
Transformers are distinct from RNNs by using multi head
attention and positional encoding so that word order is
maintained and the words can be translated more effectively.
OpenNMT was utilized to train bidirectional Mon-English
translation. Transformer-based NMT model is used in this
paper. The model contained various encoder-decoder layers
and feed-forward layers with self-attention. Techniques such
as Adam optimizer, learning rate scheduling and dropout
regularization were utilized to enhance training stability and
prevent overfitting. Compared to attention-based RNN
models, the Transformer model offers greater fluency,
improved contextualization, and faster training, making it
particularly well adapted to low-resource language
translation[ 11][12][13].

Multi-Head Attention is a key novelty of the Transformer
model that helps to significantly enhance the model’s ability
to represent different types of relationships between words in
a sentence. Instead of computing attention only once, the
Transformer computes attention multiple times in parallel
using different sets of learned weights for each attention
“head”. Since each attention head can attend to various
aspects of the input, the model can learn many kinds of
dependencies  simultaneously such as  long-range
relationships, local patterns, or syntactic structures. The
outputs from all attention heads are concatenated and
transformed to produce the final output. This formulation
allows the model to attend to more varied and richer
information compared to single-head attention. Within the
encoder and decoder, multi-head Attention allows the
Transformer model to grasp the context better and generate
more accurate translations even for complex sentences where
words can depend on one another in subtle ways. This
mechanism plays a crucial role in enabling the Transformer
to outperform traditional RNN-based models in machine
translation and other natural language processing tasks[14].

The Transformer NMT model significantly outperforms
the performance of typical attention-based models for Mon
English translation. Under syllable-based tokenization, the
model translated more accurately with improved fluency and
contextual understanding. Mon-to-English translation was
better than English-to-Mon because of the contrastive
features of the languages and training data. Self-attention
mechanism of the Transformer model facilitated better
control over long-range dependencies, reducing word order
and alignment mistakes. Overall, the use of the Transformer
architecture was very effective in enhancing translation
quality for the Mon-English language pair. Figure 3 presents
the Transformer-based architecture applied to Mon to English
neural machine translation.

D. Fine-Tuned BART for Machine Translation

Fine-tuning a pre-trained model like BART for
bidirectional Mon-English translation is very advantageous
over training from scratch. Since BART (Bidirectional and
Auto-Regressive Transformer) has been pre-trained on large
monolingual text datasets by means of denoising
autoencoding tasks, it possesses a firm grasp of the structure
of language, grammar, and context representation [9][14].
This makes the model well-suited for generalization even
with limited bidirectional Mon-English parallel data, and it
proves particularly helpful in the case of low-resource
languages like Mon. Unlike sequence-to-sequence models,
BART applies a bidirectional encoder and autoregressive
decoder, enhancing fluency and coherence in translated
output. Through fine tuning BART on a Mon-English parallel
corpus, the model is capable of mapping its knowledge into
the specific linguistic characteristics of Mon while leveraging
its robust pre-trained representations for higher translation
quality.

The BART-base model was fine-tuned for bidirectional
Mon-English  translation wusing a transformer-based
architecture. Pretrained weights from Hugging Face were
used as the starting point and the Mon-English sentence pairs
were preprocessed and tokenized. Training was
accomplished usi-ng the AdamW optimizer at a 1e-5 learning
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rate with weight decay and gradient accumulation and a
sequence length of 128 tokens. Model performance was
monitored with the BLEU score. Due to Mon's complex
morphology and non-standardized spaces, effective
tokenization was essential. SentencePiece BPE vocabulary
size 8000 was used for Mon to divide words into semantically
important subword units to reduce sparsity. English was
tokenized using the general BART tokenizer to ensure
compatibility. With this strategy, the fine-tuned BART model
could better identify Mon linguistic patterns while accessing

pre-trained  representation to  improve translation
performance.
The fine-tuned BART model demonstrated great

performance on both Mon-to-English and English-to-Mon
translation tasks. The model effectively captured the
linguistic structure of Mon and was able to draw upon
pretrained representations to enhance fluency and accuracy.
Mon-to-English translations possessed higher coherence and
naturalness with the help of the vast amount of training data
provided for English. English-to-Mon translations possessed
an added disadvantage of coping with the morphological
intricacy of Mon but the model still produced contextually
accurate outputs. Results indicate that fine-tuning BART on
a Mon-English parallel corpus significantly improves
translation quality in both directions.

V. The Experimental Setting

This section describes the dataset and data preprocessing
methods utilized in Bidirectional Mon-English translation
task. The dataset was prepared with appropriate cleaning,
tokenization and alignment to supply high-quality parallel
data for both Statistical Machine Translation (SMT) and
Neural Machine Translation (NMT) experiments.

A. Dataset and Preprocessing

The dataset employed in this paper consists of 25k parallel
sentence pairs for Mon-English machine translation. The
bilingual Mon-English corpus is derived from two main
sources. The first source is “The Book of Four Languages”
(English, Mon, Burmese, and Pali) by Bhadanta Ketumati of
Kharaik Sam Monastery, Ye. Only the English and Mon
sentences were used from this book. The second source is
“English Grammar Explained in Mon” by Nai Sac Lun, from
which parallel English-Mon sentence pairs were manually
selected. Some English sentences from the UCSY corpus
were also manually translated into Mon. This bilingual
dataset contains 25k parallel sentences covering a wide range
of topics related to everyday life and practical usage. All these
topics vary from interaction (greetings, introductions and
general communication), basic needs (transportation,
accommodation and money),food experiences (food,
beverages and restaurants), leisure activities (entertainment,
travel, shopping and nightlife), special situations (healthcare
and emergency services) and topical events (news and other
topical information).This broad range of content makes the
dataset representative of real-life circumstances thereby
facilitating effective translation across various domains.

The data is divided into three subsets to aid effective
training and evaluation. The training set comprises 21250
sentence pairs providing a solid foundation for the model to
learn translation patterns. The validation set includes 2501

sentence pairs enabling fine-tuning and optimization during
training. The test set contains 1250 sentence pairs and serves
as an independent benchmark for evaluating the model’s
ability to generalize to new, unseen data. This structured split
ensures a balanced approach to model development and
evaluation. Table II presents the statistics of the datasets
utilized in this research including the number of sentences in
the training, validation and test sets.

In the data preprocessing step, Moses’ tokenization script
is used to segment English sentences at the word level. Mon's
manual word-level segmentation is used in statistical machine
translation, while syllable-level segmentation is applied with
sylbreak (https://github.com/ye-kyawthu/sylbreak) [8]. Table
III provides an example of a Mon sentence with syllable-
based and subword-based segmentation.

Neural machine translation based on the Attention
mechanism is performed using OpenNMT at the word and
syllable levels. Mon text is segmented at both the word-level
and syllable-level. When using OpenNMT with the
Transformer model, syllable segmentation is applied only to
the Mon text. To fine-tune the BART-base model for
bidirectional Mon-English translation using two tokenization
approaches. Table IV has shown the comparison of two
tokenization approaches for Mon language. In the first
approach, Mon text was pre-segmented into syllable using the
‘sylbreak’ tool and a custom vocabulary mapping was created
directly from the syllable-segmented text to construct the
Mon tokenizer. English text was tokenized by the standard
BART tokenizer. In the second configuration, Mon text was
not segmented and was tokenized using SentencePiece with
Byte-Pair Encoding (BPE), while English was still tokenized
by the BART tokenizer. These two configurations represent
different approaches to processing Mon morphology,
syllable-level and subword-level, the tow configurations
were compared on their impact on model training and
generalization performance.

VI. EXPERIMENTAL RESULTS

This section summarizes the evaluation of multiple SMT
and NMT approaches for Mon-English language pair across
tokenization, model and translation directions with
performance measured by BLEU and METEOR scores.

A. Evaluation Results of SMT Based on Tokenization and N-
gram Size

For SMT, the phrase-based translation model is employed
using Moses. During training, English sentences are using
Moses’ tokenizer while Mon sentences are segmented at both
the syllable and word levels. Word alignment is performed
using GIZA++, and 3-gram and 5-gram language models are
trained with KenLM. Decoding is performed with the Moses
decoder and performance is evaluated using the BLEU and
METEOR scores[2].

As shown in Figure 5, syllable-level tokenization
significantly outperforms word-level tokenization in both
translation directions. In the Mon-to-English translation
direction, the use of syllable-level segmentation with a 5
gram model offers significantly better performance with the
highest BLEU score of 33.59 and METEOR score of 28.5.
Word-level segmentation yields much lower scores with a
BLEU score of merely 10.6 and a METEOR score of merely
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9.2. These outcomes indicate the effectiveness of syllable
based preprocessing in facilitating the quality of translation
for low-resource language pairs.

B. Evaluation Results of BLEU and METEOR Scores for
Attention-Based NMT with Syllable and Word Segmentation

For Neural Machine Translation (NMT), the attention
based model is trained using OpenNMT][3]. The models were
evaluated on both Mon-to-English and English-to-Mon
directions. Mon text segmented both syllable and word levels.
The English sentences were tokenized using Moses’ script.

Figure 6 illustrates the performance comparison between
syllable and word level segmentation for attention-based
Neural Machine Translation (NMT). An evident advantage of
syllable-level segmentation is observed across both
translation directions. Translation quality is significantly
improved by syllable segmentation in the Mon-to-English
direction with BLEU and METEOR scores nearly doubling
those achieved using word-level segmentation. The same
phenomenon occurs in the English-to-Mon direction where
the improved performance using syllable-level preprocessing
is substantial. These results provide graphical evidence
substantiating  the  effectiveness of  syllable-based
segmentation in enhancing model performance for low
resource language translation tasks.

C. Evaluation of Transformer-Based NMT Using BLEU and
METEOR Scores with Syllable and Word Segmentation

Figure 7 presents the BLEU and METEOR scores for
Transformer-based Neural Machine Translation (NMT)
models trained on Mon text segmented at syllable and word
levels, English sentences tokenized using Moses’ script. The
result show clearly that syllable-level segmentation is better
than word-level segmentation in both translation directions.
Syllable segmentation in Mon-to-English provides a BLEU
score 0f 40.57 and a METEOR score of 33.5 nearly twice that
of word segmentation. Similarly, in English-to-Mon, syllable
segmentation provides higher BLEU and METEOR scores
than word segmentation. These findings also affirm the
critical contribution of syllable-level preprocessing to better
quality translation for low-resource languages in
Transformer-based NMT models.

D. Evaluation of Fine-Tuned BART Model Using Syllable
and Subword Tokenization for bidirectional Mon-English
Translation

Figure 8 illustrates BLEU and METEOR scores of fine
tuned BART Neural Machine Translation (NMT) models for
the Mon-to-English and English-to-Mon translation
directions. Two tokenization schemes for the Mon language
were utilized: syllable-level tokenization with subsequent
tokenization on a custom Mon vocabulary (mon_vocab) with
7,517 entries and subword-level tokenization based on
SentencePiece BPE. The custom vocabulary was
systematically constructed to reflect the syllabic structure of
the Mon language enabling a more precise representation of
its underl-ying linguistic units. English text was tokenized
with the standard BART tokenizer in both cases. The results
indicate that the subword segmentation gets higher BLEU
and METEOR scores compared to syllable segmentation in
both directions and a BLEU score of 41.03 and METEOR
score of 34.0 are achieved using Mon-to-English subword

model. The models were fine-tuned with a learning rate of le-
5, batch size of 8, gradient accumulation steps of 8 and were
trained for 30 epochs on a GPU. The AdamW optimizer with
weight decay 0.1 was utilized to optimize model parameters.

E. Comparative Evaluation of SMT and NMT Systems for
Mon-English Language Pair

Figure 9 presents BLEU and METEOR scores of four
translation systems SMT, attention-based NMT, transformer
based NMT and fine-tuned BART for Mon to English and
English to Mon translation direction. Syllable level
tokenization and a 5-gram language model are utilized in the
SMT system as the baseline which performs well with BLEU
scores of 33.59 and 34.85 and METEOR scores of 28.5 and
30.12 for English to Mon and Mon to English translation
directions respectively. Attention-based NMT models are
fairly good improves but worse than the SMT baseline in
either direction. Transformer-based NMT significantly
outperforms the baseline in Mon-to-English direction but is
disappointing in English to Mon direction. The fine-tuned
BART model with subword tokenization gives the best
overall scores achieving BLEU scores of 41.03 and 26.97 and
METEOR scores of 34.0 and 23.5 in respective directions.
According to the evaluation results, the fine-tuned BART
model with subword tokenization is the best performing
system. This captures the significant of leveraging pretrained
models and subword-level tokenization in enhancing
translation quality for low-resource languages. In addition,
while SMT remains to be a strong and stable baseline,
significant performance improvements could be achieved
through the combination of pretrained architectures and
subword representations.

F. Comparison of Best-Performing Transformer-Based
NMT and Fine-Tuned BART Model

Figure 10 present the BLEU and METEOR scores for the
two top performing models from all experimental systems
including SMT, attention-based NMT, Transformer-based
NMT and fine-tuned BART. According to the results, both
the Transformer-based NMT with syllable tokenization and
the optimized BART with subword tokenization performed
best for Mon-Eng translation with METEOR scores above 30
and BLEU scores of about 40. Although the performance of
both models was relatively lower in the opposite direction
Eng-Mon, the Transformer-based NMT was still
outperformed by the fine-tuned BART. These findings
indicate the subword tokenization in fine-tuned BART and
syllable tokenization in Transformer-based NMT for Mon
Eng translation significantly influence model performance.

The Transformer NMT model and the fine-tuned BART
model were compared using BLEU and METEOR metrics in
order to perform statistical significance testing and further
validate these results. The fine-tuned BART model
outperformed the Transformer NMT in both directions. In
Mon-English, there was a notable in BLEU (+0.46) while that
of METEOR (+0.5) was not statistically significant. In
English-Mon, there were both BLEU (+2.34) and METEOR
(+2.5) gains which were both statistically significant. These
results indicate that fine-tuned BART achieves consistent and
statistically significant performance gains, particularly in the
Englis-Mon direction. The detailed results are shown in Table
V.
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Figure 4 demonstrates how BART-base is fine-tuned by
adhering to a specific approach. It begins with a Mon-English
parallel corpus. The data gets preprocessed while cleaning
and tokenizing the data to prepare the dataset for training.
The pre-trained BART model gets fine-tuned from this
preprocessed data to prepare it for learning the Mon-English
translation task. The resulting model from fine-tuning is a
Mon-English translation system. It is measured by using the
BLEU and METEOR scores, which is the typical score used
to measure translation quality. For testing purposes, a Mon
source sentence is tokenized and input into the translation
model, which outputs the equivalent English.

VII. QUALITATIVE RESULTS

Table VI illustrates sample translations generated by the
fine-tuned BART-base model with SentencePiece BPE
tokenization for Mon-to-English reference translation. The
examples demonstrate the model’s ability to generate fluent
and accurate English sentences from Mon input.

An example of English-to-Mon translation uisng the fine
tuned BART-base model and SentencePiece BPE
tokenization is shown in Table VII. While the model retains
parts of the original meaning, the generated output indicates
shortcomings in producing coherent and entirely accurate
Mon sentences that may be a result of the compled nature of
the Mon langu-age as well as limited training material.

Table I
The composition of a Mon word consists of a single word
with four syllables.

One Word OO&L)cugqséu
Four Syllables ¢ Q@g q <]l
Consonants M0 m q 32
Medias <
Vowel Diacritics - -
Punctuations I

Table 11
Statistics of Datasets
Data File Number of
Type Name Sentences
Train test.csv 21250
Validation val.csv 2501
Test test.csv 1250

Table 111
A sample Mon sentence with both syllable-based and
subword-based segmentation

S NC o o C
Unsegmented 0BG §logicodode
Mon sentence:
Blackie is my dog.
Syllable
segmented °§l n (J°, é[ og) oo 305 o
Mon sentence:
Subword o S 38 o
segmented -9 7 ek el <als
Mon sentence: ‘00, 'qi’
Table IV

Comparison of BART Fine-Tuning Settings for Two Mon
Tokenization Methods

Feature Mon Vocgbulary SentencePiece
Mapping BPE
Mon Tokenizer Mon-vocab SentencePiece PBE
English Tokenizer | BART Tokenizer BART Tokenizer
Ma’iﬁﬁzgfnce 128 128
Learning Rate le-5 le-5
Batch Size 8 8
Number of Epochs 30 30
Weight Decay 0.01 0.01
Save Total Limit 2 2
Table V

Statistical significance testing results for BLEU and
METEOR scores comparing Transformer NMT and fine-

tuned BART models
Direction Metric Irflrei[;\slf\(/)ll; BA]If:;lf;ne' Dilflfceere-
Mon-Eng BLEU 40.57 41.03 +0.46
Mon-Eng | METEOR 335 34.0 +0.5
Eng-Mon BLEU 24.63 26.97 +2.34
Eng-Mon METEOR 21.0 23.5 +2.5
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S|E|c[S|=|e|3
w|o|c|8luw| 8| o
ol 2l e|lw|wm|o|o
ol 8|l o| e|2| €
ec| 8| e|=| 8|(B ]|~

32

Mon Consonants

]
Independent Vowels M@ el e B
Vowel diacritics 2 330 39 3 3 3 63 B 630 3 b It
Punctuation | n
. N .
Medias o9 q [_J 0 ggo o
Numerals OOJ?C}SQ?BEOO

Fig 1. Mon Character Pattern

Thank Yyou . <@Os>

N ¢
oOC QW § < I <eos> Thank you

Fig 2. Encoder-Decoder Architecture of Mon to English Syllable NMT

I'm a lucky one.| OUTPUT
N

" ENCODER STACK DECODER RTACK) ..
[ ENCODER | ) " DECODER |-
[ ENcobER ]
| [ EweopER ]

Fig 3. Mon-to-English Neural Machine Translation using Transformer
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Pre-trained BART
Model
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w

Cleaning Tokenization

Mon-English

Parallel Corpus \_4'/\

Fing-Tuning

l

Mon-Eng

Translation Model Evaluation metric:

\{\ BLEU, METEOR

Translation . Target Sentence

b 4

Tokenization

Fig 4. System Flow for Fine-Tuned BART Model

BLEU AND METEOR SCORES FOR STATISTICAL MACHINE

TRANSLARION (SMT) BLEU'S
u core

B METEOR Score

40
w
S 35
b
O 30
& 75
w
= 20
z
O 15
<
= 10
-
w
0 S — IR —
3-gram 5-gram 3-gram 5-gram 3-gram 5-gram 3-gram 5-gram
Syllable Syllable Word Word
Mon-Eng Eng-Mon Mon-Eng Eng-Mon

TRANSLATION DIRECTION, TOKENIZATION AND
N-GRAM SIZE

Fig 5. BLEU and METEOR Scores for Statistical Machine Translation (SMT) Using Different N-gram Sizes and
Tokenization Schemes
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BLEU AND METEOR SCORES FOR NMT WITH

ATTENTION
W BLEU Score

B METEOR Scores
30

25
20
15

10

EVALUATION METRIC SCORE

Syllable Syllable Word Word

Mon-Eng Eng-Mon Mon-Eng Eng-Mon

TRANSLATION DIRECTION AND TOKENIZATION

Fig 6. BIEU and METEOR scores for Neural Machine Translation (NMT) with attention mechanism, comparing Mon-
English and English-Mon directions using syllable and word tokenization

BLEU AND METEOR SCORES FOR TRANSFORMER-

BASED NMT
W BLEU Score
B METEOR Score

45
o 40
e}
K 35
S}
~z 30
o
s 25
z
5 20
':( 15
2 10
$
w5

0

Syllable Syllable Word Word
Mon-Eng Eng-Mon Mon-Eng Eng-Mon

TRANSLATION DIRECTION AND TOKENIZATION

Fig 7. Experimental results of Neural Machine Translation (NMT) using the Transformer model, showing BLEU and
METEOR scores for Mon-English and English-Mon directions with syllable and word tokenization.
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BLEU AND METEOR SCORES FOR FINE-TUNED BART

NMT
W BLEU Score
B METEOR Score
45
w40
8 35
wm
9 30
o
B 25
=
= 20
(@]
= 15
<<
3 10
<
o 5
0
syllable syllable subword subword
Mon-Eng Eng-Mon Mon-Eng Eng-Mon

TRANSLATION DIRECTION AND TOKENIZATION

Fig 8. Experimental results of Neural Machine Translation (NMT) using fine-tuned BART, showing BLEU and METEOR

EVALUATION METRIC SCORE

scores for Mon-English and English-Mon directions with syllable and subword tokenization

BLEU AND METEOR SCORES FOR SMT, ATTENTION-BASED,
TRANSFORMER-BASED, AND FINE-TUNED BART NMT MODELS

B BLEU Score ® METEOR Score

45
40
35
30
25
20
15
10
5
0
Syllable (5- Syllable (5- Syllable Syllable Syllable Syllable Subword Subword
gram LM) gram LM)

Mon—>Eng Eng—>Mon Mon—>Eng Eng->Mon Mon—>Eng Eng->Mon Mon—Eng Eng->Mon

SMT Attention-Based NMT Transformer-Based NMT BART Fine-Tuned

TRANSLATION MODEL, TOKENIZATION TYPE AND DIRECTION

Fig 9. BLEU and METEOR Scores for SMT, Attention-Based, Transformer-Based and Fine-Tuned BART Model
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BLEU AND METEOR SCORES FOR TRANSFORMER-BASED
NMT AND FINE-TUNED BART

45

EVALUATION METRIC SCORE

Mon->Eng

Transformer-Based NMT

Eng—>Mon

B BLEU Score  ® METEOR Score

40
35
30
25
20
15
10

5

0

Syllable Syllable

Subword Subword

Mon—>Eng Eng—>Mon

Fine-Tuned BART

TRANSLATION MODEL, TOKENIZATION TYPE AND DIRECTION

Fig 10. Comparison of Best-Performing Transformer-Based NMT and Fine-Tuned BART model

Table VI

Mon-to-English translation results obtained using BART-

base with SentencePiece BPE tokenization

C C QO C o C
Mon: cOOM:0D00MDAOVREIDCUIN?
11 O m L (o)

Reference: Aren't you a university student?
Prediction: Aren't you a university student?

N O CoC C

Mon: 326@03COOQ)
L < M1

1

Reference: I'm brushing it.
Prediction: I'm cleaning it.

Mon: §u‘5m$n

1 O
Reference: It’s incredible!
Prediction: It's impossible.

C G NN\ © Oo [§
Mon: 6909:mM32000||00qeI$0MD?

1l @ L arooitt o
Reference: Can you show me on the map?
Prediction: Can you show me some pictures, please?

M N9 _C C C C C [P

0N I00D3EIVMEY[PVYI$EIFONESMIWYI
Reference: I've forgotten my Internet banking password.
Prediction: I've forgotten my Internet banking password.

OC N C O CN\ © 6 No© C C
Mon: 3fascooeoceswbq‘?vms&;oqoceeeqﬂ
2 L L L ol 1
Reference: Good afternoon, how may I help you?

Prediction: Good afternoon, how may I help you?

o OC C C NC NO C o0C
Mon: §6Cem0e0030IIOMDUICOY!

[} 1 1 L o
Reference: I am sorry to hear of your illness.
Prediction: I am sorry to hear that you are sick.

C C o o
Mon: OOCOMEMEMA!
L [e) o

Reference: Thank you very much.
Prediction: I appreciate it.

N CO CoC G C C o
Mon: 3m600050|¢3C§MOMMEM 360!
Ll 1L L
Reference: I have been busy since yesterday.
Prediction: I have been working here for a long time.

Mon: 30’30(7)(\%66(7)(\)8&86(\56(\3666??

o L L I 1
Reference: What kind of music do you usually listen to?
Prediction: What kind of music do you like to listen to?

Table VII
English-to-Mon translation results obtained using BART-
base with SentencePiece BPE tokenization

English: May I go back home.
Reference: (ﬁaﬁémemééo;éu

Prediction: ?? mecoéé@ou

English: Thank you very much.
Reference: ooéngeog)e(@qu

Prediction: ?? ménggeem$qll

English: Aren't you a university student?
CC Q C o C
Reference: G?Qogzomoog))o?mcgeoacun?

o 4o Q C o C
Prediction: ?? ogzomoogj)o?mngeoocm?

English: May I go back home.
Reference: 03333mec0c6a3331

Prediction: ?? memééé’u

English: We will be here.
Reference: Gz aseandi
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. . oo C o C
Prediction: ?? §3C32EANCI

English: I see someone in the house.
N G CN N\
Reference: 33300050001
Ld oar 2
o 4o oN O O
Prediction: ?? §00025q
o qa

English: That's nice. How old are you?
Reference: ?305&1@63300{»0&38?

{e]

. . o C o ocC
Prediction: ?? ao’)qeo)ocucmeep?
L L L

6] L oo
. . G © 0o
Prediction: ?? OO%(Y):%’\B(\)(\)"@OOOUD”
(0] L ool L (o]

VIII. CONCLUSION

This research explores Bidirectional Mon-English
translation on the basis of different approaches such as
Statistical Machine Translation (SMT), Neural Machine
Translation (NMT)with Attention, Transformer models, and
fine-tuning a pre-trained BART-base model. The corpus of
25k parallel sentence pairs was prepared in order to apply
appropriate segmentation techniques for Mon text and
tokenization for English text. Experimental findings indicate
that SMT performs better using syllable-level segmentation.
In NMT systems, particularly Transformer-based systems
produce improved translation quality. Fine-tuning BART
enhances translation accuracy through the application of
pretrained knowledge for translation from Mon to English.
BLEU and METEOR scores confirm that neural-based
systems outperform statistical-based systems, and the fine-
tuned BART provides the best performance. This research
supports the enhancement of Mon-English translation models
and serves as evidence to prove the performance of different
methodologies. The additional researches will also focus on
improving translation fluency, expanding the dataset, and
exploring alternative adaptation techniques to further
enhance model performance.
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