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Abstract 
 

 
Machine Translation (MT) is one of the most essential applications of natural language 

processing (NLP) today. Current MT systems provide remarkable translation results for high 

resource language pairs, e.g., German and English, yet their effectiveness strongly relies on the 

availability of immense amounts of parallel data in the order of tens of millions of sentences. 

However, such data is not widely available for many low resource language pairs, that cause a 

bottleneck for MT.  Therefore, improving MT on low-resource language pairs becomes one of 

the essential tasks in MT currently. 

The aim of this study is to obtain an effective method for improving the translation quality 

of low-resource MT system on Myanmar-English language pair. It is worth nothing that 

Myanmar is a true resource-poor language and only small amount of Myanmar-English parallel 

sentence pairs are currently available to build baseline MT systems. Moreover, current 

Myanmar word segmentation tools may probably produce massive rare-words in both 

statistical MT (SMT) and neural MT (NMT) systems. Poor word segmentation can give an out-

of-vocabulary (OOV) problem that will negatively impact to the overall translation 

performance. To this end, the main research question is as follows: how to employ deep 

learning architectures to improve MT for low-resource language pairs, dealing with the 

challenges of massive rare-words and data sparsity problem while having access to a limited 

amount of parallel data. 

To answer the research question, we propose a framework with three subtasks as follows: 

 

• Optimizing Myanmar Word Segmentation: puts a concentration on the performance of 

Myanmar word segmentation. Proper word segmentation can reduce massive rare-words 

and effective to the overall translation performance. Myanmar is a low-resource 

language; thus, only corpus-based, dictionary-based, rule-based, and statistical word 

segmentation tools are now available for free. After we analyze the results of these 

available tools, we address that these tools produce massive rare words in the MT tasks. 

Therefore, we propose a new unsupervised Myanmar word segmentation model [Zin et 

al., 2021] by learning only on the available MT corpora to produce the best segmentation 

results that is suitable for the later MT process. We observe that our proposed 

segmentation model can strongly support the Myanmar-English MT to achieve better 

translation performance against previous approaches. 

 

• Automatic Post-Editing (APE): aims to correct systematic errors in a machine-translated 

text. We propose the three sub-modules for APE system including (i) word alignment 

information extraction, (ii) sentence enrichment, and (iii) sentence denoising. The 

proposed APE system can be effectively use as a post-processor to the existing low-

resource NMT system for final editing the raw translated texts to meet the required 

quality standards. The first module conducts word alignments to detect the errors in a 
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machine-translated text. The second module enrich the input sentence by removing the 

detected errors and adding the missing information. The final module denoise the 

sentence to transform it into an accurate and fluent sentence.  

 

• Creating Reliable English-Myanmar Parallel Corpus: deals with the parallel corpus 

expansion to ensure that the training corpus contains sufficient content. Two effective 

frameworks: Construct-Extract and Expand-Extract are proposed for creating the high-

quality parallel corpora that are used to expand the training data. The Construct-Extract 

framework first constructs a pseudo parallel corpus from the target monolingual texts 

using back-translation (i.e., target-to-source translation) approach and then filters the 

noisy sentence pairs from the constructed corpus through a Siamese BERT-Networks 

based filtering system. The Expand-Extract framework first expands the existing 

comparable corpora using self-training (i.e., source-to-target translation) and back-

translation, and then extracts only the high-quality sentence pairs from the expanded 

comparable corpora based on LaBSE sentence embeddings and an effective scoring 

method. We evaluate the effectiveness of our created parallel corpora by conducting the 

MT experiments. In the English-Myanmar low-resource scenarios, both Construct-

Extract and Expand-Extract frameworks are useful for obtaining a reliable parallel 

corpus. 

 

According to the results, each sub-task in the above obtains significant improvement 

compared to the previous works on Myanmar-English MT task. Further research could be 

undertaken to create the large-scale comparable corpora where huge-amount of parallel data 

can be augmented for additional training data and apply reinforcement learning for target-to-

target text style transfer in the APE task. 

 

Keywords: Myanmar Word Segmentation, Parallel Corpus Creation, Siamese-BERT 

Network, LaBSE Sentence Embeddings, Automatic Post-editing 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



iii 

 

Acknowledgments 

 

First of all, I would like to express my sincere gratitude to my principal advisor, Professor 

Nguyen Le Minh of Japan Advanced Institute of Science and Technology (JAIST), for his 

constant encouragement, continuous support and kind guidance during my Ph.D. study. He has 

gently inspired me in researching as well as patiently taught me to be strong and self-confident 

in my study. Without his consistent support, invaluable patience and kindness I could not finish 

the work in this dissertation.  

I would like to thank my second supervisor Professor Satoshi Tojo, my sub-theme advisor 

Associate Professor Kiyoaki Shirai, and Associate Professor Okada Shogo of JAIST, and 

Professor Ittoo Ashwin of Liège University for useful discussions and comments and generous 

support on this dissertation.  

A special thanks to Assistant Professor Teeradaj Racharak of JAIST. I have received a 

lot of help from him. He gave me invaluable advice, comments, and most importantly provided 

emotional support to me all the time. 

I am deeply indebted to the Ministry of Education, Culture, Sports, Science and 

Technology (MEXT) for granting me a scholarship during the period of my research. Thanks 

also to the Asian Office of Aerospace Research and Development (AOARD) for providing me 

with their Air Forced Office of Scientific Research (Grant no. FA2386-19-1-4041) which 

supported me to attend and present my work at international conference.  

I would like to thank JAIST staff for creating a wonderful environment for both research 

and life. I would love to devote my sincere thanks and appreciation to my tutor Dr. Nguyen 

Tien Huy and all members of Nguyens laboratory. Being a member of Nguyens lab and JAIST 

is a wonderful time of my research life. I must thank Myanmar friends in JAIST for sharing 

my happiness and difficulties and cheered me up all the time. 

Last but not the least, I would like to thank all members of my family for supporting me 

with great patience and love. I would never complete this work without their support.  

 

 

 

 

 

 

  

 

 

 

 

 

 



iv 

 

Contents 
 

Abstract i 

 

Acknowledgments iii 

 

1  Introduction 1 

  1.1  Machine Translation ..................................................................................................... 1 

  1.2  Research Problems and Contributions .......................................................................... 2 

  1.3  Dissertation Outline ...................................................................................................... 6 

 

2  Background 8 

  2.1  Machine Translation Framework .................................................................................. 8 
     2.1.1  Statistical Machine Translation........................................................................... 8 
     2.1.2  Neural Machine Translation ............................................................................... 9 

  2.2  Pre-trained Embedding Models .................................................................................. 11 
     2.2.1  Language-Agnostic BERT Sentence Embedding ............................................. 12 

  2.3  Challenging Issue with Low-resource Languages ...................................................... 13 
     2.3.1  Out-of-Vocabulary ............................................................................................ 14 
     2.3.2  Systematic Translation Errors ........................................................................... 14 
     2.3.3  Data Sparsity Problem ...................................................................................... 15 

  2.4  Evaluation Methods .................................................................................................... 16 
     2.4.1  Bilingual Evaluation Understudy (BLEU)........................................................ 16 
     2.4.2  Translation Edit Rate (TER) ............................................................................. 17 
     2.4.3  Alignment Error Rate (AER) ............................................................................ 17 

 

3  Optimizing Myanmar Word Segmentation for Translation Performance 19 

  3.1  Introduction ................................................................................................................. 19 

  3.2  Related Work .............................................................................................................. 20 

  3.3  Unsupervised Myanmar Word Segmentation ............................................................. 22 

  3.4  Experiments ................................................................................................................ 23 
     3.4.1  Datasets ............................................................................................................. 24 
     3.4.2  Baseline MT systems ........................................................................................ 24 
     3.4.3  Experimental Results ........................................................................................ 24 

  3.5  Summary ..................................................................................................................... 27 

 

4  Automatic Post-editing for Machine Translation 29 

  4.1  Introduction ................................................................................................................. 29 

  4.2  Denoising-based Automatic Post-editing System ....................................................... 31 
     4.2.1  Word Alignment Information Retrieval............................................................ 31 



v 

 

           4.2.1.1  Extracting Alignments from Embeddings ........................................... 32 
     4.2.2  Target Sentence Enrichment ............................................................................. 33 
     4.2.3  Target Sentence Denoising ............................................................................... 35 

           4.2.3.1   Denoising Autoencoder ...................................................................... 35 
           4.2.3.2   Denoising Rewriter ............................................................................. 36 

  4.3  Experiments ................................................................................................................ 36 
     4.3.1  Evaluation Metric.............................................................................................. 37 
     4.3.2  Datasets ............................................................................................................. 37 
     4.3.3  Model Configuration ......................................................................................... 37 
     4.3.4  Experimental Results ........................................................................................ 38 

           4.3.4.1  Main Result .......................................................................................... 39 
           4.3.4.2   Word Alignment Result ...................................................................... 40 
           4.3.4.3   Qualitative Analysis ............................................................................ 41 
           4.3.4.4   Ablation Study .................................................................................... 43 

  4.4  Related Work .............................................................................................................. 45 

  4.5  Summary ..................................................................................................................... 47 

 

5  Building Parallel Corpus from Monolingual Target Texts 49 

  5.1  Introduction ................................................................................................................. 49 

  5.2  Related Work .............................................................................................................. 50 

  5.3  Construct-Extract: A Neural-based Framework for Building Bilingual Corpus ........ 51 
     5.3.1  Back-Translation ............................................................................................... 52 
     5.3.2  Sentence Embeddings ....................................................................................... 53 

  5.4  Experiments ................................................................................................................ 53 
     5.4.1  Main Result ....................................................................................................... 54 
     5.4.2  Qualitative Analysis .......................................................................................... 55 

  5.5  Summary ..................................................................................................................... 56 

 

6  Building Parallel Corpus from Comparable Corpora 58 

  6.1  Introduction ................................................................................................................. 58 

  6.2  Related Work .............................................................................................................. 59 

  6.3  Data ............................................................................................................................. 60 
     6.3.1  Parallel Corpus .................................................................................................. 60 
     6.3.2  Comparable Corpora ......................................................................................... 60 
     6.3.3  Data Preprocessing............................................................................................ 61 

  6.4  Expand-Extract: A Parallel Corpus Mining Framework from Comparable Corpora . 61 
     6.4.1  Expanding the Data Size of Comparable Corpora ............................................ 61 

           6.4.1.1  Self-Training (ST) ................................................................................ 62 
           6.4.1.2  Back-translation (BT) .......................................................................... 63 
           6.4.1.3  Automatic Post-editing (APE) ............................................................. 63 

    6.4.2  Extracting Parallel Sentences ............................................................................. 63 

  6.5  Experiments ................................................................................................................ 65 
     6.5.1  Implementation Details ..................................................................................... 65 
     6.5.2  Expansion of Comparable Corpora ................................................................... 65 



vi 

 

     6.5.3  Extraction of Parallel Sentences ....................................................................... 66 
     6.5.4  Evaluation of Extracted Parallel Corpus on Machine Translation Task ........... 68 
     6.5.5  Ablation Study and Analysis ............................................................................ 69 

  6.6  Summary ..................................................................................................................... 70 

 

7  Conclusions and Future Work 72 

  7.1  Conclusions ................................................................................................................. 72 

  7.2  Future Work ................................................................................................................ 73 

 

Bibliography 74 

 

Publications and Awards 82 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



vii 

 

List of Figures  

 

1.1 Post editing on MT output; src: source sentence, mt: corresponding MT  

output, and pe: human post-edited version of mt. ……………………………...3 

 

1.2 Schematic design of the research and the research questions presented   

in this thesis.  ………………………………………………………………….6 

 

2.1 Self-attention mechanism.  …………………………………………………..10 

 

2.2 The Transformer – model architecture [Vaswani et al., 2017] ………………10 

 

2.3 Multilingual Embedding Space. ……………………………………………..12 

 

2.4 Dual encoder model with BERT based encoding modules.  …………………13 

 

2.5 Error type frequency in MT output. [Daems et al., 2017] …………………….15 

 

3.1 Translation errors of both statistical and neural English-to-Myanmar  

MT systems due to the Myanmar word segmentation weakness. ……………21 

 

3.2 Translation errors of both statistical and neural Myanmar-to-English  

MT systems due to the Myanmar word seg- mentation weakness.  …………22 

 

3.3 The proposed Myanmar word segmenter. ……………………………………23 

 

3.4 Example of translations in English-to-Myanmar direction using SMT   

and NMT.  ……………….………………………………………… ……….27 

 

4.1 Overall architecture of denoising-based automatic post editing (DbAPE) 

 system ………………………………………………………….....................31 

 

4.2 Example of Target Sentence Enrichment Task. ……………………………..34 

 

 

5.1 The proposed Construct-Extract framework for Myanmar-English  

parallel corpus creation.  . .…………………………………………………. .52 

 

5.2 A sample of constructed sentence pairs (monolingual English sentences  

and their corresponding back-translated Myanmar sentences). ……………...56 

 

5.3 BLEU scores of English-Myanmar MT systems on different threshold 

values ………………………………………………………... ……………...56 

 

6.1 The proposed Expand-Extract framework for creating parallel corpus 

from comparable corpora ……………………………………………………62 

 

 



viii 

 

6.2 F1 scores on different values of 𝑘 for extracting English-Myanmar  

parallel sentences……………………………... ……………………………..67 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



ix 

 

List of Tables  

 

1.1       An example translation of RBMT translation from German to English.  .……1 

 

1.2 An example of RBMT translation from German to English.  ………………….2 

 

1.3 An example of RBMT translation from German to English ………………….2 

 

3.1 Statistics of parallel datasets. ……………………………………………….. 24 

 

3.2 Parameters for training Transformer models.  ………………………………. 25 

 

3.3 BLEU scores of English-to-Myanmar translation systems on two segmen- 

            tation models (baseline and ours).  …………………………………………. 25 

 

3.4 BLEU scores of Myanmar-to-English translation systems on two segmen- 

tation models (baseline and ours). ……………………………………………25 

 

3.5 Number of OOV words in Dev and Test data of ALT dataset on two  

segmentation models (baseline and ours). ……...……………………………26 

 

4.1 Performance of APE models. …………………………………………..…….39 

 

4.2 Performance of word alignment models. ……………………………….……40 

 

4.3 Qualitative analysis for each Myanmar-to-English APE model trained  

in  different denoising setting. ……………………………………………..…42 

 

4.4 Qualitative analysis for each English-to-Myanmar APE model trained  

in different denoising setting. ……………………………………………..…43 

 

4.5 APE results with different values denoising parameters for Myanmar- 

to-English NMT.  ……………………………………………………………44 

 

4.6       Alignment results with different word embeddings. ………………..………..45 

 

5.1 BLEU scores for English-to-Myanmar MT systems. ………………………. 55 

 

5.2 BLEU scores for Myanmar-to-English MT systems. ………………………..55 

 

6.1 Example of the nearest neighbors of the two Myanmar sentences (m1  

and m2) on comparable corpora along with their cosine similarities ………..64 

 

6.2 Statistics of expanded comparable corpora……….... ………………………..66 

 

6.3 The result (Precision, Recall, and F1) on the English-Myanmar dataset  

used to optimize the threshold value for the parallel sentence extraction  

task ……………………………………... ……….... ………………………..66 



x 

 

 

6.4 The result (Precision, Recall, and F1) on different scoring mechanisms. ……67 

 

6.5 The result (Precision, Recall, and F1) on the BUCC English-German  

Training Set. …………………………………………………………………68 

 

6.6 Number of parallel sentences extracted from comparable corpora  

expanded by unidirectional and bidirectional approaches……………………68 

 

6.7 BLEU scores for English-Myanmar MT systems ……………………... ……69 

 

6.8 Number of parallel sentences extracted from comparable corpora  

expanded by unidirectional and bidirectional approaches without  

using DbAPE system in the data augmentation processes. …………………..70 

 

6.9 BLEU scores for English-Myanmar MT systems. Without using  

DbAPE in data augmentation processes, it is not only decreased 

in the number of extracted sentence pairs but also in BLEU scores…………..70 

 

 

 

 

 

 

 

 

 

 

 



1 

 

Chapter 1    

Introduction 
 

 

1.1  Machine Translation  
 

In today’s interconnected world, translation became an essential tool, allowing us to 

communicate and share information, no matter what the language. However, translating large 

amounts of content could bring complications around cost, quality, and time. Therefore, 

machine and technology have come to our help in order to remedy some of these potential 

issues.  

Machine Translation (MT) systems are applications that use machine-learning technologies 

to translate vast amounts of text from and to any of their supported languages. MT system 

automatically translates content form one natural language (the source) to another (the target), 

preserving the meaning of the source text, and producing fluent text in the target language. 

Although the concepts behind MT technology is relatively simple, the science and technologies 

behind it are extremely complex and bring together several leading-edge technologies, in 

particular, deep learning (artificial intelligence), big data and linguistics. 

On looking into the history of MT, the most frequently used MT technologies are Rule-

based MT (RBMT), Statistical Machine Translation (SMT) and Neural MT (NMT). RBMT 

usually generates consistent and stable translations based countless built-in linguistic rules and 

gigantic bilingual dictionaries for each language pair. Although RBMT can achieve good 

results, the training and development costs are very high for building a good quality system. 

As language is constantly changing, rules must be managed and updated where necessary in 

RBMT systems. Moreover, RBMT system sometimes results in a lack of fluency. Table 1.1 

shows an example of an RBMT translation from German to English. The problem with this 

sample is that the grammar is not correct, and it doesn’t sound fluent in the translation output. 

 

Table 1.1: An example translation of RBMT translation from German to English 

German → English 

Starten Sie die Wiedergabe am 

angeschlossenen Gerät und stellen Sie eine 

moderate Lautstärke ein. 

Playback starts from the connected device 

and set a moderate volume. 

 

In the nineties, the substantial increase in computer speed and storage capacity gave a way 

to the rise of SMT technology. SMT estimate the best possible translations for a word given 

the context of a few words based on statistical models derived from large amount of parallel 

corpus (a large and structured set of human-translated texts between two languages). SMT can 

practically handle any language pair where parallel corpus is present and its translation sounds 

much more fluent compared to RBMT as shown in Table 1.2.  
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Table 1.2: An example of RBMT translation from German to English 

German → English 

Starten Sie die Wiedergabe am 

angeschlossenen Gerät und stellen Sie eine 

moderate Lautstärke ein. 

Playback starts from the connected device 

and set a moderate volume. 

 

As an emerging method of machine translation based on neural networks, Neural Machine 

Translation (NMT) caused a radical shift in translation technology, resulting in much higher 

quality translations. As shown in Table 1.3, NMT provides translations that are much more 

fluent and readable than RBMT and SMT. 

 

Table 1.3: An example of RBMT translation from German to English 

German → English 

Starten Sie die Wiedergabe am 

angeschlossenen Gerät und stellen Sie eine 

moderate Lautstärke ein. 

Start playback on the connected device and 

set the volume to a moderate level. 

 

Choosing the best MT technology may depend on the volume of training data and the type 

of content that we want to translate. RBMT is better for the translation of small content volumes 

and will provide consistent translation quality for a fixed set of terminology data and for short 

sentences. In comparison to RBMT, SMT and NMT are the most recent technologies that have 

made huge progress in terms of fluency and contextual accuracy and make most sense when 

we need to translate in high volumes such as technical manuals. However, the translation 

quality of both SMT and NMT can only be offered when a large amount of high-quality training 

data (up to millions of parallel sentences) is available. 

 

1.2  Research Problems and Contributions 
 

Current SMT and NMT systems achieve near human-level performance on some language 

pairs such as English-French and English-German, yet their effectiveness strongly relies on the 

availability of vast amounts of parallel corpora. The biggest issue with low-resource language 

pair such as Myanmar-English is the extreme difficulty of obtaining enough parallel corpus 

because paired sentences are usually expensive to create, as it requires an expert to translate 

sentence in one language into another language.  

The main aim of this thesis is to improve existing MT performance for low-resource 

language pairs by effectively improving and integrating different component technologies of 

MT in an ideal or at least improved workflow. In order to achieve our objective, we propose 

three potential approaches that can improve the translation quality of existing low-resource MT 

systems, taking a challenging Myanmar-English pair for benchmarking. In this dissertation, I 

will show that with (1) optimization of Myanmar word segmentation, (2) training data 

augmentation, and (3) effective automatic post-editing, we can in fact build a competitive MT 

system with only limited data at hand. 
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For Myanmar, there is no distinct word boundary. Word segmentation is widely applied as 

a pre-processing step in MT pipelines. However, conventional Myanmar word segmenters 

probably produce massive rare-words/unseen-words, and most of the low-frequency words will 

be discarded during training. SMT systems cannot translate words that are unseen in the 

training corpus (known as out-of-vocabulary or OOV words) [Paul et al., 2008, Liu et al., 2018]. 

Dealing with morphologically rich languages like Myanmar and having a limited amount of 

bilingual resources makes this problem even more severe. The same problem also occurs in 

NMT system. Among the six challenges of NMT coined by [Koehn et al., 2017], OOV problem 

is considered the most serve one, especially in translation of low-resource languages. NMT 

system cannot make use of rare-words because it commonly limits the vocabulary to most high-

frequency words [Wang et al., 2018].  Myanmar word segmentation is a necessary step in 

Myanmar-English SMT and NMT systems and its performance has an impact on the MT results. 

As a common solution in Myanmar-English translation, Myanmar texts are segmented using 

an off-the-shelf segmenter [Pa et al., 2008] which is trained on a manually segmented corpus. 

However, the domain of the segmented corpus may not exactly match with the MT task at hand. 

Consequently, the performance of the MT systems will be influenced. This leads us to our first 

research question (RQ): 

 

RQ1: How to optimize Myanmar word segmentation for improving MT performance? 

 

The ultimate goal of MT systems is to provide fully automatic agreed-level quality 

translations. However, existing MT systems often fail to produce the agreed level quality 

output. That is where MT with post-editing comes into play – a workflow where the raw MT 

output is corrected or post-edited by a human translator prior to final delivery (cf. Figure 1.1).  

 

 

 

 

 

 

 

 

 

Figure 1.1: Post editing on MT output; src: source sentence, mt: corresponding MT output, and 

pe: human post-edited version of mt. 

 

Automatic post-editing (APE) systems seek to perform the same task as human post-

editors: correcting systematic errors in text produced by MT systems. APE systems have been 

used to correct different types of MT errors, from determiner selection [Knight et al., 1994] to 

grammatical agreement [Marecek et al., 2011]. However, APE task encounters a chronic 

problem concerning training data generation [Negri et al., 2018, Lee et al., 2021]. Generally, 

data for the APE system comprises the source sentence (src), machine translation of the 

sentence (mt), and corresponding human post-edit sentence (pe), collectively known as APE 

triplets. Building these data require extensive and expert-level human effort, as it contains an 

pe mt mt src Text  

in source 

language 

MT Output  

in target 

language 

Post-edited Text  

in target 

language 

MT 

system 

Human 

post-editor 
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elaborate process that involves identifying errors in sentences and providing suitable revisions. 

This occurs the absence APE training data for most language pairs and limits the 

effectiveness of APE task. This leads to our second research question: 

 

RQ 2: How can we build an effective APE system which can improve the translation quality of 

first-stage MT system, without having access to APE triplets? 

 

Large-scale parallel corpora are essential for training high-quality MT systems; however, 

such corpora are not freely available for many language pairs. In contrast, monolingual texts 

and comparable corpora are easier to obtain.  Previously, training data has been augmented by 

either a pseudo-parallel corpus constructed from the target monolingual texts through the back-

translation process or a corpus which contains nearly parallel sentences extracted from the 

comparable corpora. However, in the low-resource language pairs, in which only low-accurate 

machine translation systems can be used in back-translation process. Therefore, the constructed 

pseudo-parallel corpus may contain the noisy sentence pairs. The final translation quality may 

degrade when a low-quality pseudo-parallel corpus is naively used as the additional training 

dataset. To improve machine translation performance with low-resource language pairs, a 

method to effectively expand the training data via filtering the pseudo-parallel corpus is 

required. This motivated us to pose and explore our third research question: 

 

RQ3: How can a reliable parallel corpus be created from the target monolingual texts? 

 

Moreover, although the currently collected English-Myanmar comparable corpora contain 

large in-domain monolingual texts, only a small number of nearly parallel sentence pairs are 

contained in that corpora. Small amount of additional training data is not very effective to 

improve the performance of MT systems. Therefore, a method to better exploit the existing 

comparable corpora is required. This leads us to the fourth research question: 

 

RQ4: How can a reliable parallel corpus be created from the existing comparable corpora? 

 

All of the above research questions (RQ1, RQ2, RQ3 and RQ4) are answered through three 

subtasks, which are shown in Figure 1.2, as follows:  

 

1. Optimizing Myanmar Word Segmentation considers the OOV problem. We attempt 

to analyze and tackle the problem of OOV words which frequently occur in the existing 

MT task of Myanmar-English low-resource language pair. Byte-pair-encoding (BPE) 

algorithm [Sennrich et al., 2015] is a simple data compression technique that replaces 

the most frequently occurring pair of bytes with a single, unused byte. In order to 

improve the performance of existing MT system, we specifically propose an 

unsupervised Myanmar word segmentation approach based on the NFKC 

(Normalization Form Compatibly Composition) normalization and BPE mechanisms. 

The proposed segmentation approach can learn itself to adapt the current MT domain 

and significantly reduce the OOV rate.  

 

2. Automatic Post-editing (APE) aims to improve MT systems by automatically 
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correcting systematic errors in the MT results. The goals of APE task are (1) to cope 

with systematic errors of an MT system whose decoding process is not accessible, (2) 

to provide professional translators with improved MT output quality to reduce human 

post-editing effort, and (3) to adapt the output of a general-purpose system to the 

lexicon/style requested in a specific application domain. To develop the APE model, 

most studies require APE triplets including a source sentence (src), machine translation 

sentence (mt), and human post-edited sentence (pe). There is no APE triplets for 

Myanmar-English language pair because of low-resource. Instead of training on APE 

triplets, we develop an APE system on available monolingual and parallel data. The 

proposed APE system which is a pipeline consisting of three main modules: word 

alignment information retrieval, target sentence enrichment, and target sentence 

denoising; shows significant improvements on the quality of existing MT output.  

 

3. Building Reliable Parallel Corpus puts the consideration on increasing the amount of 

training corpus. The quality of the MT systems depends on the availability of vast 

amount of parallel corpus. This is the major issue for low-resource language pairs where 

the size of available parallel corpus is too small; leads to poor translation quality. 

Findings in the literature show that there are two approaches that support the 

automatically creation of parallel corpus that can be supplemented to the training data.  

 

3.1 The first approach is back-translation that constructs the pseudo parallel 

corpus from the target monolingual texts. In low-resource language pairs, in 

which only low accuracy MT systems can be used in back-translation process, 

the constructed pseudo parallel corpus may contain low-quality sentence pairs. 

Data quality plays an essential role in training high-quality MT systems. The 

translation quality of MT system may degrade when a low-quality pseudo-

parallel corpus is naively used as additional training data. To create a high-

quality pseudo-parallel corpus from target monolingual texts, we propose a 

Construct-Extract framework that constructs pseudo-parallel corpus using 

back-translation approach and then extracts only high-quality sentence pairs 

from the constructed corpus using a Siamese BERT-Networks based approach.  

 

3.2 The second approach is parallel sentences extraction from comparable 

corpora. The extracted parallel sentences are used as the additional training 

corpus. English-Myanmar is a low-resource language pair and thus the 

collected comparable corpora contain only a small number of nearly parallel 

sentence pairs. Small amount of additional sentence pairs is not very effective 

to improve the performance of MT systems. To obtain more reliable parallel 

sentences from the existing comparable corpora, we propose an Expand-

Extract framework that effectively expands the existing comparable corpora 

by augmentation source from existing target sentences and vice versa, and 

then extract only reliable sentence pairs from the expanded corpora.  

The proposed frameworks can be the most useful approaches for obtaining a reliable 

parallel corpus in Myanmar-English low-resource scenario. MT systems trained using 
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our created parallel corpus as an additional data returned the best translation 

performance. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1.2:  Schematic design of the research and the research questions presented in this thesis. 
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The remainders of this thesis are organized as follows: 

Chapter 2 introduces the background information about machine translation models and 

pre-trained embedding models as they are related to this thesis. Furthermore, we also describe 

the problem statements of machine translation systems in low-resource settings. Then, we 

present approaches towards improving the low-resource machine translation task.  

Chapter 3 presents our study on Myanmar word segmentation for achieving highly accurate 

translations. We first describe the Myanmar word segmentation task and challenges. Next, we 

do a literature review to analyze the gaps in current methods. Then, we present our word 
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segmentation proposal by combining the idea of Unicode NFKC normalization and byte-pair 

encoding (BPE) mechanism. Finally, we describe our evaluation, experiments, and details of 

the discussion against traditional approach.  

Chapter 4 explains our study on the integration of automatic post-editing (APE) into the 

machine translation system to ensure that the quality of the final translation meets desired 

quality standards (adequate and fluent). First, we analyze the raw outputs of the MT systems. 

There are two kinds of errors: incorrect words in target translation (semantic gap / low 

adequacy) and informal structure in target language translations (grammatical errors / low 

fluency). Through recent approaches, in automatic post-editing process, we present a simple 

and effective APE framework that can significantly increase the translation quality by 

providing the effectiveness of minimizing the semantic gap between the source and target sides 

and transferring the final output into the formal target style fluently. 

Chapter 5 proposes the novel approach on the English-Myanmar bilingual corpus creation 

task from the collected English monolingual texts. In the literature review, we firstly survey 

some recent approaches for constructing additional pseudo-parallel data and extracting high-

quality sentence pairs from the comparable corpora. Then, we investigate the effective 

framework of building high-quality bilingual corpus. The  framework called Construct-Extract 

is composed of two subtasks: pseudo-parallel corpus construction and high-quality sentence 

pairs extraction.  

Chapter 6 presents another effective approach for creating English-Myanmar parallel 

corpus from the collected comparable corpora. First, we do a literature review. Then we present 

our proposed framework called Expand-Extract which is composed of two subtasks: expanding 

the existing comparable corpora and extracting reliable parallel sentences from the expanded 

corpora. In experiments and discussion section, we describe experimental results and some 

qualitative analysis for making a conclusion. 

Chapter 7 concludes our research and discusses future directions based on our works. 
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Chapter 2   

Background 
 

2.1  Machine Translation Framework 
 

Currently there are two major machine translation approaches: Phrase Based Statistical 

Machine Translation (PBSMT) [Koehn et al., 2003] and Neural Machine Translation (NMT) 

[Vaswani et al., 2017]. Both approaches rely on parallel corpus, which contain parallel pairs of 

source language sentence 𝑋 =  𝑥1,… , 𝑥𝑛  of length 𝑛  and its translation 𝑌 =  𝑦1, … , 𝑦𝑚  of 

length 𝑚 in target language. In the following subsections, we will provide the rough overview 

of SMT model (PBSMT) and NMT model (Transformer). 

  

2.1.1  Statistical Machine Translation 

 

Statistical machine translation (SMT) uses large amount of parallel corpus to find the most 

probable translation for a given input sentence. SMT systems learn to translate by analysing 

the statistical relationships between original texts and their existing human translations. The 

most important components in SMT are the translation model and the language model. 

 

Translation Model:  

SMT engine is trained with parallel corpus to create a translation model. A translation model 

is a table of aligned phrases and their translation. These phrases are called n-gram. The purpose 

of the translation model is to predict candidate translations for specific input texts. The 

translation model can be associated with adequacy because it preserves the meaning of the 

source. 

Language Model:  

The language model is built from the target language monolingual texts. The language model 

finds the best choice from the candidate translations based on the translation language. The 

language model can be associated with fluency in the translation because it gives the translated 

text its natural language flow. 

The process of SMT system is as follows: 

1. The input text (source sentence) is divided into phrases. 

2. The phrases are matched with their parallel equivalents from the translation model. 

3. The language model validates that the translation is probable in the target language. 

There are four different SMT models: (1) word-based model which generates the translation 

word-by-word, (2) phrase-based model which translates sequences of words, (3) syntax-based 
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model which translates syntactic units, and (4) hierarchical phrase-based model which 

combines the strengths of phrase-based and syntax-based translation. Among these models, 

phrase-based SMT (PBSMT) is the most dominant paradigm. In this thesis, we use PBSMT as 

the baseline SMT system. 

The basic PBSMT model is an instance of the noisy-channel approach [Brown et al., 1993], 

in which the translation of a Myanmar sentence 𝑋 into an English sentence 𝑌 is modeled as 

follow: 

 

                                 𝑎𝑟𝑔𝑚𝑎𝑥𝑌 𝑃(𝑌|𝑋) =  𝑎𝑟𝑔𝑚𝑎𝑥𝑌 𝑃(𝑋|𝑌) 𝑃(𝑌)                                       (2.1) 

 

 

where 𝑃(𝑋|𝑌) is called the translation model which is trained on parallel corpus and 𝑃(𝑌) is 

the language model trained on monolingual target language texts only.  The translation model 

𝑃(𝑋|𝑌) encodes 𝑌 into 𝑋 by the following steps: 

1. segment 𝑌  into phrases �̅�1 .  .  .  �̅�𝑚 , typically with a uniform distribution over 

segmentations; 

2. reorder the �̅�𝑖 according to some distortion model; 

3. translate each of English phrase �̅�𝑖  into a Myanmar phrase �̅�𝑖  according to a model 

𝑃(�̅� | �̅�) estimated from the training corpus. 

Most recently published methods on extracting a phrase translation table from a parallel corpus 

start with a word alignment. GIZA ++ is the most common tool to establish a word alignment. 

The decoder of PBSMT model employs a beam search algorithm similar to the one used by 

Jelinek (book "Statistical Methods for Speech Recognition", 1998) for speech recognition. 

2.1.2  Neural Machine Translation 

Most competitive neural machine translation (NMT) models have an encoder-decoder structure 

[Kalchbrenner et al., 2013; Sutskever et al., 2014; Bahdanau et al., 2015]. The encoder of NMT 

model maps an input sequence of symbol representations (𝑥1,   .  .  .  , 𝑥𝑛) to a sequence of 

continuous representations 𝑧 = (𝑧1,   .  .  .  , 𝑧𝑛). Given 𝑧, the decoder of NMT model generates 

an output sequence (𝑦1,   .  .  .  , 𝑦𝑚) of symbols one element at a time. NMT model is auto-

regressive [Graves 2013] at each step, consuming the previously generated symbols as 

additional input when generating the next. Recently, a novel deep neural network model, 

Transformer [Vaswani et al., 2017], with an innovative multi-head attention mechanism has 

been introduced. Transformer has become the state-of-the-art model for many artificial 

intelligence (AI) tasks, including MT [Zhang 2018; Tetko et al., 2020; Wolf 2020]. In 

comparison with other NMT models, including recurrent neural networks (RNNs), 

Transformer model not only provides better translation results but also can be trained in a 

shorter period of time. In this thesis, we used the transformer model as the baseline NMT 

system.  

While we refer readers to [Vaswani er al., 2017] for a more complete formulation, we will 

briefly describe the overview of Transformer in this section.  Like RNN models, Transformer 
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is designed to process sequential input data. However, unlike RNNs, the Transformer model 

does not necessarily process the input data in sequential order. Instead, the self-attention 

mechanism (shown in Figure 2.1) identifies the context which gives meaning to each position 

in the input sequence, allowing more parallelization than RNNs and reducing the training time. 

 

 

 
Figure 2.1: Self-attention mechanism 

 

 

 
 

Figure 2.2: The Transformer – model architecture [Vaswani et al., 2017] 
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The model architecture of Transformer is shown in Figure 2.2. Transformer model is also 

based on the encoder-decoder architecture similar to the Sequence-to-Sequence (seq2seq) MT 

model. However, the Transformer model differs from the seq2seq model in the following three 

ways: 

 

Transformer Block:  

The recurrent layer of encoder and decoder in the seq2seq model is replaced by a 

Transformer Block. This block contains a multi-head self-attention layer and a position-

wise fully connected feed-forward network layer for the encoder. Another multi-head 

attention layer is used to compute the encoder state for the decoder. 

 

Add & Norm:  

A residual connection [He eta al., 2016] is employed around each of the multi-head self-

attention layer and position-wise fully connected feed-forward layer, followed by layer 

normalization [Ba et al., 2016]. 

 

Positional Encoding:  

Since the Transformer model contains no recurrence and no convolution, in order for the 

model to make use of the order of items in a given sequence, some information about the 

relative or absolute position of the items in the sequence. To this end, positional encodings 

is added to the input embeddings at the bottoms of the encoder and decoder stacks. 

 

2.2  Pre-trained Embedding Models 
 

Contextualized word embedding models such as BERT [Devlin et al., 2019] and RoBERTa 

[Liuet al., 2019] represent words using continuous vectors calculated in context, and have 

achieved impressive performance on a various downstream of NLP tasks. Multilingual 

embedding models are powerful tools that map text from different languages to a shared vector 

space (or embedding space). This implies that in this embedding space, similar or related words 

will lie closer to each other, and unrelated words will be distant (cf. Figure 2.3). Multilingually 

trained word embedding models such as multilingual BERT (mBERT) [Devlin et al., 2019] 

can generate contextualized embeddings across different languages.  

Existing approaches for generating sentence embeddings such as LASER [Schwenk et al., 

2017] or MUSE [Conneau et al., 2018] rely on large amount of parallel data to a sentence form 

one language to another in order to encourage consistency between the sentence embeddings. 

These approaches yield good overall performance across a number of languages. However, 

they often underperform compared to dedicated bilingual models which use translation pairs 

as training data to obtain more closely aligned representations. Moreover, due to poor quality 

of training data (especially for low-resource languages) and limited model capacity, it can be 

difficult to extend these models to support a large number of languages while maintaining good 

performance.   
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Figure 2.3: Multilingual Embedding Space1 

 

2.2.1  Language-Agnostic BERT Sentence Embedding  

Language-agnostic BERT Sentence Embedding (LaBSE) [Feng et al., 2022] is currently the 

best method for parallel sentences mining. LaBSE is trained on 17 billion monolingual 

sentences and 6 billion bilingual sentence pairs using masked language modeling (MLM) and 

translation language modeling (TLM) [Conneau et al., 2019] pre-training. LaBSE is effective 

even on low-resource languages for which there is no data available during training process.  

As illustrated in Figure 2.4, LaBSE model make use of dual-encoder models, which are an 

effective approach for learning bilingual sentence embeddings [Guo et al., 2018; Yang et al., 

2019]. Embeddings of source and target sentences are extracted from each encoder. Then, the 

cross-lingual embeddings are trained using a translation ranking task with in-batch negative 

sampling: 

 

                          ℒ =  − 
1

𝑁
 ∑ 𝑙𝑜𝑔𝑁

𝑖=1
𝑒𝜙(𝑥𝑖,𝑦𝑖)

𝑒𝜙(𝑥𝑖,𝑦𝑖)+ ∑ 𝑒𝜙(𝑥𝑖,𝑦𝑛)𝑁
𝑛=1,𝑛≠𝑖

                                   (2.2) 

 

Typically, the embedding space similarity of 𝑥 and 𝑦 is given by 𝜙(𝑥, 𝑦) = 𝑥𝑦𝑇. The objective 

is to maximize the compatibility between the source 𝑥𝑖 and its true translation 𝑦𝑖 and minimize 

it with others (negative sampling). As far as “bidirectional” is concerned; the final loss can sum 

the source-to-target loss  ℒ and target-to-source loss  ℒ′ [Yang et al., 2019]. 

 

                                                                  ℒ̅ =  ℒ + ℒ′                                                                (2.3) 

 

To improve the separation between translations and nearby non-translations, LaBSE use 

additive margin softmax which extends the scoring function 𝜙  by introducing margin 𝑚 

around positive pairs [Yang et al., 2019]: 

 

 
1 https://ai.googleblog.com/2020/08/language-agnostic-bert-sentence.html 
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                                    𝜙′(𝑥𝑖 , 𝑦𝑗) =  {
𝜙(𝑥𝑖 , 𝑦𝑗) − 𝑚               𝑖𝑓 𝑖 = 𝑗 

𝜙(𝑥𝑖 , 𝑦𝑗)                         𝑖𝑓 𝑖 ≠ 𝑗
                                   (2.4) 

 

 

Then the additive margin loss is as follows: 

 

                            ℒ =  − 
1

𝑁
 ∑

𝑒𝜙(𝑥𝑖,𝑦𝑖)−𝑚

𝑒𝜙(𝑥𝑖,𝑦𝑖)−𝑚+ ∑ 𝑒𝜙(𝑥𝑖,𝑦𝑛)𝑁
𝑛=1,𝑛≠𝑖

𝑁
𝑖=1                                     (2.5) 

 

LaBSE model establishes a new state-of-the-art on multiple parallel sentence pairs retrieval 

tasks. However, in this thesis, we investigates LaBSE model in parallel word pairs (word 

alignments) retrieval task.  

 

 

 

Figure 2.4: Dual encoder model with BERT based encoding modules. 

 

2.3  Challenging Issue with Low-resource Languages 
 

Most of the language pairs lack adequate amounts of parallel corpora, so existing SMT an NMT 

systems have difficulty producing accurate translations for these language pairs. This research 

focus on Myanmar-English low-resource machine translation where we have only 224,634 

parallel sentences.   

In the following sections, we will describe the challenges and potential solutions of existing 

Myanmar-English MT systems in low-resource scenarios.  

Source Text Target Text 
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2.3.1  Out-of-Vocabulary 

An important feature of Myanmar texts is that they do not explicitly indicate word boundaries 

by spaces. Word segmentation is an important first step in MT, and its performance has a great 

impact on MT performance. NMT is primarily based upon word-level with a fixed vocabulary. 

Therefore, low resource morphologically rich languages such as Myanmar are mostly affected 

by the out-of-vocabulary (OOV) words and Rare word problems. On the other hand, Phrase-

based SMT (PBSMT) system train its statistical model using parallel corpus. For unknown 

words, no translation entry is available in the statistical translation model (phrase-table). 

Therefore, words that do not appear in the training corpus cannot be translated by SMT system. 

Dealing with languages of rich morphology like Myanmar and having a limited amount of 

bilingual resources makes this problem even more severe.  

In general, the causes of OOV words can be mainly categorized into the following. 

OOVwords result from segmentation error.  Another source of OOV problem can be attributed 

to name entity such as person, location and organization. Finally, OOVs may originate from 

low-frequency abbreviations and combination forms of common words.  

Adapting or optimizing word segmentation for MT systems can reduce the OOV rate [Chang 

et al., 2008; Paul et al., 2008; Wang et al., 2018]. Most of the current off-the-shelf segmenters 

trained on a manually segmented corpus. Therefore, the domain of the segmented corpus may 

not exactly match with the MT task at hand. Consequently, the disambiguation ability of the 

segmenter will drop and the performance of the MT systems will be influenced. To optimize 

Myanmar word segmentation that perfectly adapt the domain of the MT task at hand, we design 

unsupervised segmentation model by leveraging NFKC normalization and BPE mechanism. 

2.3.2  Systematic Translation Errors 

MT systems aim to provide fully automatic publishable quality translations. Although NMT 

systems show very promising results for some language pairs, their output still needs to be 

post-edited by human translators.  [Daems et al., 2017] reported machine translation error types 

with the greatest impact on post-editing effort. The final classification used in their study can 

be seen in Figure 2.5  where the most common MT errors overall are grammatical errors 

(grammar and syntax), followed closely by adequacy issues. From the perspective of 

‘acceptability,’ it was the grammar and syntax category, which turned out to be the most 

common error category for MT output, with word order issues, structural issues, and incorrect 

verb forms occurring more than 10 times each.  From the perspective of ‘adequacy,’ other 

meaning shifts and word sense issues occurred frequently enough to be considered as separate 

categories, while the other subcategories (additions, deletions, misplaced words, function 

words, part of speech, and inconsistent terminology) were grouped together into ‘adequacy 

other.’  

Automatic post-editing (APE) aims to improve the quality of machine translations, thereby 

reducing human post-editing effort by automatically fixing errors in the machine-translated 

text. However, the training of APE models has been heavily reliant on vast amount of artificial 

corpora combined with only limited human post-edited data. This is a main issue for low-
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resource language pairs including Myanmar-English where APE data is still unavailable. In 

order to overcome this limitation, we investigate a simple and effective APE model by 

leveraging pre-trained embedding model and denoising mechanism using only available 

monolingual and parallel data, without having access to APE data. 

 

 

 
 

Figure 2.5: Error type frequency in MT output. [Daems et al., 2017] 

 

2.3.3  Data Sparsity Problem 

A large-scale parallel corpus is an essential resource for training highly accurate SMT and 

NMT systems. Manual creation of a high-quality and large-scale parallel corpus requires time, 

financial resources, and human experts for translating a large amount of text. Therefore, most 

of the language pairs have no or less parallel corpora. Due to the lack of sufficient parallel 

corpus, leveraging data other than parallel corpus is essential in low-resource MT systems. 

 Since collecting monolingual texts and comparable corpora are much easier and of lower 

cost than parallel corpus. Various approaches have been proposed to automatically create a 

pseudo-parallel corpus by leveraging monolingual data. For example, Zhang et al., [2016] 

proposed a method to obtain more pseudo-parallel data by translating source-side monolingual 

sentences with the baseline MT trained on available parallel data. Sennrich et al., [2016] 

achieved substantial improvements by automatically translating target monolingual texts into 

source language to obtain pseudo-parallel corpus and using the obtained corpus as an additional 

training data. However, they experimented only on the language pairs for which relatively 

large-scale parallel corpora are available. They did not fully exploit the training corpus or 

address the quality of the pseudo-parallel corpus. The quality of pseudo-parallel corpus is 

critical.  Using low-quality parallel sentences will degrade NMT performance more than SMT 

[Koehn et al., 2017]. Accordingly, our first motivation related to data sparsity problem is to 
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automatically create pseudo-parallel corpus by leveraging English monolingual data and filter 

out low-quality synthetic sentences that might be included in such a pseudo-parallel corpus for 

obtaining a high-quality additional training data for low-resource Myanmar-English language 

pairs. Moreover, to address training data sparsity in machine translation tasks, comparable 

corpora have been shown to be a useful source for creating parallel data that can be used to 

supplement parallel corpus and can help to improve MT quality. For example, Afli et al. [2016] 

extracted English-French parallel sentences from a multimodal comparable corpus built from 

the Euronews2 and TED3 websites. Myanmar is a low-resource language and thus the collected 

English-Myanmar comparable corpora may contain only a small amount of parallel sentence 

pairs. To obtain more parallel sentence pairs, we first expand the comparable corpora and then 

extract only the reliable parallel sentence pairs from it. 

 

2.4  Evaluation Methods 
 

Progress of MT relies on accessing the quality of a new system to show that the new system 

can perform better than previous systems. Human evaluation of MT is a very costly activity, 

especially considering how fast new systems and their intermediate versions are created and 

tested. For example, one may want to evaluate tens or hundreds of systems a day to find the 

best model within models created at each epoch of training or to find the best hyper-parameters 

that lead to better MT models.  Therefore, it is importance to find automatic evaluation metrics 

since performing manual evaluation is not remotely feasible [Papineni et al., 2002]. In the 

following sections, we will describe two MT evaluation metrics and one metric for word 

alignment model used in this work.  

2.4.1  Bilingual Evaluation Understudy (BLEU) 

BLEU score [Lin et al., 2004a,b] is the current widespread standard metric for automatic 

evaluation of MT. BLEU measures how many words overlap in a given translation when 

compared to a reference translation, giving higher scores to sequential words. The BLEU score 

of MT output is calculated by counting the number of n-grams in the MT output, matched with 

the set of n-grams in reference translations. The highest n-gram order is defined commonly to 

be four. For each n-gram order, precision is calculated separately, and the precisions are 

combined via a geometric averaging as follows: 

 

                                      𝑝𝑛 =  
∑ 𝐶𝑜𝑢𝑛𝑡𝑐𝑙𝑖𝑝(𝑐)𝑐∈𝐶𝑛

∑ 𝐶𝑜𝑢𝑛𝑡 (𝑐)
𝑐′∈𝐶𝑛

′
                                        (2.6) 

 

Here, 𝐶𝑛 indicates a set of n-grams, 𝐶𝑜𝑢𝑛𝑡𝑐𝑙𝑖𝑝 truncates count of each word, if necessary, 

not to exceed the largest count observed in any single reference for that word. 

 

 
2 https://www.euronews.com/ 
3 https://www.ted.com/ 
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As a result, BLEU score of MT output is calculated as follows:  

 

𝐵𝐿𝐸𝑈 = exp( ∑ 𝑤𝑛 log 𝑝𝑛

𝑁

𝑛=1

 )                                                      (2.7) 

 

where 𝑤𝑛 denotes positive weights summing to one.  BLEU scores range from 0-1, the higher 

the score, the more the translation correlates to a human translation. We express BLEU by 

multiplying it by 100 in this work.  

2.4.2  Translation Edit Rate (TER) 

TER [Snover et al., 2006]  is a method used by MT specialists to measure the amount of editing 

that a translator would have to perform to change a translation so it exactly matches a reference 

translation. TER is defined as the minimum number of edits needed to change a hypothesis so 

that it exactly matches one of the references, normalized by the average length of the references.  

Since it is concerned with the minimum number of edits needed to modify the hypothesis, we 

only measure the number of edits to the closest reference. 

 

𝑇𝐸𝑅 = 
# 𝑜𝑓 𝑒𝑑𝑖𝑡𝑠

𝑎𝑣𝑒𝑟𝑎𝑔𝑒 # 𝑜𝑓 𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑤𝑜𝑟𝑑𝑠
                                               (2.8) 

 

 TER scores also range from 0-1. However unlike the other scores, with TER a higher score is 

a sign of more post-editing effort and so the lower score is better, as this indicates less post-

editing is required. In this work, we also express TER by multiplying it by 100. 

2.4.3  Alignment Error Rate (AER) 

AER [Och et al., 2003] is an inadequate measure of word alignment quality. It is commonly 

used metric for accessing sentence alignments. It combines precision and recall metrics 

together such that a perfect alignment must have all the sure alignments and may have some 

possible alignments. Therefore, AER requires a gold standard manually annotated set of “Sure” 

links and “Possible” links (referred to as S and P). “Sure” links and “Possible” links are used 

for measuring Recall and Precision respectively.  

Given a hypothesized alignment consisting of the link set A, the three measures: Precision, 

Recall and AER, are defined: 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 (𝐴, 𝑃) =  
|𝑃 ∩ 𝐴|

|𝐴|
                                                    (2.9) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 (𝐴, 𝑆) =  
|𝑆 ∩ 𝐴|

|𝑆|
                                                    (2.10) 
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𝐴𝐸𝑅 (𝐴, 𝑃, 𝑆) = 1 − 
|𝑃 ∩ 𝐴| + |𝑆 ∩ 𝐴|

|𝑆| + |𝐴|
                                     (2.11) 
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Chapter 3   

Optimizing Myanmar Word Segmentation for 

Translation Performance 
 

3.1  Introduction 
 

For East Asian languages without distinct word boundaries, e.g., Myanmar, Japanese and 

Chinese, word segmentation is widely applied as pre-processing step in many high-level 

natural language processing (NLP) tasks (machine translation, part-of-speech tagging, name 

entity recognition, etc.). Myanmar word segmentation is a difficult task due to the fact there is 

no unifying segmentation standard.  

Myanmar word segmentation is a necessary step in Myanmar-English MT system and its 

performance has impact on the results of MT. As a common solution in Myanmar-English 

translation, we segment Myanmar text using an off-the-shelf segmentation tool which is trained 

on a manually segmented corpus. However, it is not sure that the domain of the segmented 

corpus exactly matches with the MT task at hand. Consequently, the disambiguation ability of 

the Myanmar word segmentation will drop, and the performance of the MT system will be 

influence. 

Adapting or optimizing word segmentation has been shown to be helpful for improving 

translation tasks [Zhao et al., 2013]. If there are many errors in the word segmentation step, a 

high accuracy translation of the MT system may not be as expected. Existing Myanmar word 

segmentation tools produce massive out-of-vocabulary (OOV) words or rare words in MT tasks. 

In order to handle massive OOV words problem, we specifically propose an unsupervised 

Myanmar word segmentation approach based on the NFKC4  normalization and byte pair 

encoding (BPE) [Sennrich et al., 2016b] mechanisms. The proposed segmentation approach 

can learn itself to easily adapt the current MT domain and significantly reduce the OOV rate.  

The proposed Myanmar word segmentation model doesn’t require any manual work and 

resources.  It enables to learn only on the current MT training data and segment the text that 

fits with the current MT domain. The proposed segmentation model is trained as follows:  

• First, the input Myanmar texts are treated as the raw streams of Unicode characters and 

normalizes them into canonical forms;  

• Then, byte pair encoding (BPE) is applied on the normalized corpus to construct the 

appropriate vocabulary.  

Each step of the proposed segmentation model is described in detail in Section 3.3.  

 

 

4 https://en.wikipedia.org/wiki/Unicode equivalence.  



20 

 

The main contribution of this work is that we indicate the feasibility of improving 

performance on the Myanmar-English machine translations by developing a simple but 

effective unsupervised Myanmar word segmentation model. Experiments on machine 

translation systems evaluate the effectiveness of the proposed Myanmar word segmentation 

model on improving current MT systems. 

The remainder of this work is organized as follows: Section 3.2 reviews the prior research 

on Myanmar word segmentation and their limitations, Section 3.3 introduces the proposed 

architecture of Myanmar word segmentation, Section 3.4 explains the dataset, experimental 

setup, and discusses the results of the experiments, and section 3.5 concludes our work. 

 

3.2 Related Work 
 

Previous works on Myanmar word segmentation are described in this section. There are a lot 

of research works that has been done on the Myanmar word segmentation problem and many 

approaches have been proposed. The former research work is implemented with a simple 

forward maximum matching approach and used extra rules with cases [Pa and Thein, 2008]. 

While there are few linguistically annotated resources for Myanmar; thus, only dictionary- and 

rule-based approaches are feasible. Then, Thu et al., [2014] proposed a word segmentation 

approach integrating dictionaries and unsupervised Bayesian models. However, in their report, 

the best segmentation performance was still achieved by forward maximum matching. Later, 

the statistical, machine learning and hybrid approaches are proposed for Myanmar word 

segmentation problem [Ding et al., 2016; Phyu and Hashimoto, 2017; Oo and Soe, 2019].  

In the dictionary-based Myanmar word segmentation model, only the words that are added 

in a pre-defined dictionary can be identified and thus the performance of the model depends 

mainly to a large degree upon the coverage of the dictionary. For solving the out-of-vocabulary 

(OOV) words problem, increasing the size of the dictionary is not a perfect solution because 

the new words appear constantly. On the other hand, although the statistical-based models can 

somehow solve the problem of OOV words in segmentation process by exploiting probabilistic 

or cost-based scoring mechanisms, these models also suffer from some drawbacks. The main 

challenges are that these models require huge amounts of training data with an amount of the 

processing time. Moreover, these models have the difficulty in incorporating the linguistic 

knowledge effectively into the word segmentation process [Teahan et al., 2000].  

Myanmar is a resource-poor languages and thus there are only corpus-based, dictionary-

based, rule-based, and statistical-based word segmentation tools are freely available for being 

used as a temporary solution for Myanmar texts segmentation. Although, the current 

segmentation models can support to achieve better results for some language processing tasks, 

such as part of speech (POS) tagging, word sense disambiguation (WSD), text categorization, 

information retrieval (IR), text summarization, etc. However, these models may probably 

produce massive rare-words or OOV words in the current MT systems. Especially, the 

Myanmar segmentation errors would cause translation mistakes directly in English-to-

Myanmar MT translation direction. Although it is not a very serious problem in Myanmar-to-

English translation direction, weak Myanmar word segmentation tools can lead SMT system 

to produce unknown source words as target translated words in the target translations. This is 
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because they cannot find the corresponding target translation for OOV source words in the 

phrase table. In NMT systems, the same problem also occurs.  

Figure 3.1 illustrates the examples of translation errors generated by the current English-

to-Myanmar SMT and NMT systems while using the currently available Myanmar word 

segmentation model. There are three kinds of translation errors. They are: (i) missing words or 

phrases in the target translations, (ii) translating source (English) words into wrong target 

(Myanmar) words, and (iii) generating both source English words and their correspondence 

target Myanmar words together in the translations.  

 

 

 
 

Figure 3.1: Translation errors of both statistical and neural English-to-Myanmar MT systems  

                   due to the Myanmar word segmentation weakness. 

 

 

As in Figure 3.2, in Myanmar-to-English translation direction, even in the translation of a 

short sentence, SMT copies an unknown Myanmar source word (in red) and pastes it in the 

target sentence translation. On the other hand, NMT system completely misses to translate this 

source word in its translation. Actually, his Myanmar source word (in red) should be translated 

as “fifteen” in the target English translation. This Myanmar word consists of the two sub-words 

(one word in green and another word in blue). The word (in green) means “fifteen” in English 

and the other word (in blue) is a numerical classifier and thus it has no special meaning in 

English. This kind of numerical classifier is used only in Myanmar language. It usually follows 

a number to show what type of thing that the number is referred to. These errors are evolved 

because the current Myanmar word segmenter can only segment words based on their trained 

nature, corpus and dictionary. Therefore, Myanmar word segmentation using the currently 
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available tool may not be fit with the training corpus intended to use in MT tasks. In the above 

examples, Myanmar texts are segmented using off-the-shelf segmentation tool, UCSYNLP 

word segmenter5,  that is implemented by a combined model of bigram with word juncture and 

it works by longest matching and bigram methods trained on a pre-segmented corpus of 

manually collected 50,000 words from Myanmar text books, newspapers, and journals [Pa and 

Thein, 2008].  

  The proposed Myanmar word segmentation approach does not require any linguistic 

resources, preprocessing, and manual works. The only requirement is to convert the sentence 

into Unicode encoding. However, for this requirement, there are many Myanmar Unicode 

converters that are currently freely available online and offline. The proposed segmentation 

model enables to learn on current MT data and thus it can generate the most suitable word 

segmentation results. The effectiveness of the proposed word segmenter is evaluated by 

conducting the MT experiments. For evaluation metric, BLEU score is used.  

 

 

Figure 3.2: Translation errors of both statistical and neural Myanmar-to-English MT systems  

       due to the Myanmar word seg- mentation weakness. 

 

3.3 Unsupervised Myanmar Word Segmentation 
 

The proposed segmentation model consists of three main components: a normalizer, a trainer, 

and a tokenizer. We treated the input sentences as the raw Unicode character streams, including 

the space as a use character. Figure 3.3 depicts an overall architecture of the proposed word 

segmentation model.  

 

 
5 http://www.nlpresearch-ucsy.edu.mm/NLP_UCSY/wsandpos.html  
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The first module, the normalizer (indicated by the first blue box) used the Unicode NFKC 

normalization to normalize semantically equivalent Unicode characters into the canonical 

forms. NFKC is the Unicode standard normalization form that has been widely used in various 

downstream NLP tasks recently because of its better reproducibility and its strong support on 

the Unicode standard. The second module, the trainer (indicated by the second blue box) trains 

the segmentation model utilizing the byte-pair-encoding (BPE) mechanism [Sennrich et al., 

2016b] from the normalized corpus to build up a word vocabulary based on the sub-word 

components. The trained segmentation model helps learning a vocabulary and provides a good 

compression rate of the text. The final tokenizer module (indicated by the dashed box) 

internally executes the normalizer to normalize the input sentences and tokenizes them into a 

sub-word sequence with the word segmentation model trained by the trainer.  

 

 

 

Figure 3.3: The proposed Myanmar word segmenter. 

 

3.4  Experiments 

This section describes the datasets, baseline MT systems that we have used in this work. Then, 

the detail analysis of experimental results is discussed. 
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3.4.1  Datasets 

We collected around 224 thousand manually created English-Myanmar parallel sentences from 

text books, Myanmar local news, and the ALT Corpus [Riza et al., 2016] and used them for 

training data. The development and test sets used in this work are only from  the ALT corpus. 

Data statistics are shown on Table 3.1.  

 

Table 3.1: Statistics of parallel datasets. 

Type Data Source Total Sentences 

Train 
Local News and Textbooks 

ALT 

204,535 

18,082 

Dev ALT 1,000 

Test ALT 1,017 

 

3.4.2  Baseline MT systems 

The effectiveness of the proposed Myanmar word segmentation model is evaluated by 

conducting machine translation experiments. We used the following MT systems as baseline 

systems in this work. 

Statistical Machine Translation:  

We used Moses toolkit [Koehn et al., 2007] for training the phrase-based SMT (PBSMT) 

system. GIZA++ [Och and Ney, 2003] tool is used to implement the word alignment process. 

We used grow-diag-final and msd-bidirectional-fe heuristic for phrases extraction and 

lexicalized word reordering. For tuning the PBSMT model, we used the default parameters of 

Moses. Moreover, the 5-gram language models were trained on Myanmar and English 

monolingual texts with Kneser-Ney smoothing using KenLM [Heafield et al., 2013] tool.  

 

Neural Machine Translation:  

For NMT, we trained a Transformer-based model with PyTorch version of the OpenNMT 

toolkit, an open-source (MIT) NMT framework [Klein et al., 2018]. The Transformer 

experiments were run on NVIDIA Tesla P100 GPU by using the following parameters listed 

in Table 3.2.  

3.4.3  Experimental Results 

To evaluate the proposed Myanmar word segmentation model, we conducted the experiments 

using SMT and NMTsystems: PBSMT and Transformer. We use BLEU (Bilingual Evaluation 

UnderStudy) score as the evaluation metric. BLEU scores are computed using the multi-bleu 

script from Moses toolkit. 
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Table 3.2: Parameters for training Transformer models. 

 

-layers 6 -rnn_size 512 -word_vec_size 512 -transformer_ff 2,048 -heads 8 

-encoder_type transformer  -decoder_type transformer 

-position_encoding true -train_steps 200,000 -max_generator_batches 2  

-dropout 0.1 -batch_size 4,096 -batch_type tokens -normalization tokens  

-accum_count 2 -optim adam -adam_beta2 0.998 -decay_method noam  

-warmup_steps 8,000 -learning_rate 2 -max_grad_norm 0 -param_init 0  

-param_init_glorot true -label_smoothing 0.1 -valid_steps 1,000  

-save_checkpoint_steps 1,000  -world_size 1 -gpu_rank 0  

 

In our experiments, Moses tokenizer and truecaser are used to tokenize the English 

sentences. For Myanmar word segmentation, UCSYNLP word segmenter is applied as a 

baseline word segmentation model. As explained in Subsection 3.3, the proposed segmentation 

model consists of three main modules: a normalizer, a trainer, and a tokenizer. For the 

normalizer and trainer modules, the same modules of Unicode NFKC Normalizer and BPE 

Trainer provided by SentencePiece [Kudo and Richardson, 2018] are used. In the trainer 

process, a vocabulary size of 32,000 BPE sub-words is used. Our tokenizer module internally 

executes the normal- izer to normalize the input Unicode character streams and tokenizes them 

into the word sequences with the segmentation model trained by the trainer.  

Table 3.3: BLEU scores of English-to-Myanmar translation systems on two segmentation 

models (baseline and ours). 

 UCSYNLP Segmenter Our Segmenter 

SMT 

NMT 

4.15 

5.25 

7.63 

8.11 

 

 

Table 3.4: BLEU scores of Myanmar-to-English translation systems on two segmentation 

models (baseline and ours). 

 UCSYNLP Segmenter Our Segmenter 

SMT 

NMT 

9.41 

10.24 

9.19 

11.59 

 

Based on the proposed Myanmar word segmentation model, the performance of MT 

systems are quite different. The results reported in Table 3.3 and Table 3.4, showing that our 

proposed unsupervised Myanmar segmentation model can support both SMT and NMT 

systems to significantly outperform the previous baselines. According to the experimental 

results, using the proposed segmentation model has large gains on both SMT and NMT systems 

in both translation directions. In the English-to-Myanmar translation direction, with our 
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proposed segmentation model, SMT and NMT achieved a BLEU score of 7.63 and 8.11, 

respectively, which outperforms the previous best result by +3.48 and +2.86 points. In 

Myanmar-to-English translation direction, NMT system still outperforms the baseline score by 

+1.35 BLEU points. However, the score of SMT system is slightly decreased from 9.41 to 9.19. 

The decrease in BLEU score is happened because of the names and numbers that are not 

specifically cared during the segmentation process. Some of the rare names and numbers in the 

sentences are segmented into two or three sub-words, and is thus led to a little weakness only 

in the word alignment procedure of Myanmar-to-English PBSMT. Table 3.5 reports the 

number of OOV words in Dev and Test of ALT dataset. Our proposed segmentation 

significantly reduces the number of OOV words than the baseline model.  

Table 3.5: Number of OOV words in Dev and Test data of ALT dataset on two segmentation 

models (baseline and ours). 

 ALT Dev ALT Test 

 Unique Words OOV words Unique Words OOV words 

UCSYNLP Segmenter 7683 3399 8031 3606 

Our Segmenter 5990 27 6204 29 

 

 

To examine the OOV words problem, we exploited a copy mechanism in all experiments. 

The copy mechanism first tries to substitute the OOV words with the target words that have 

maximum attention weight according to their source words [Luong et al., 2015]. When the 

target words are not found, it copies the source words to the position of the not-found target 

words [Gu et al., 2016]. A detailed study of the results in English-Myanmar bi-directional 

translations reported that the number of OOV words decreased significantly with our proposed 

segmentation model. Some example sentences produced by the English-to-Myanmar MT 

systems with the baseline segmentation model(UCSYNLP segmenter) and with our word 

segmenter are shown in Figure 3.4. Both SMT and NMT systems with our Myanmar word 

segmentation model could handle the problem of OOV words than the outputs with baseline 

segmenter. In figure, the blue colored parts of the sentences are the correct translation parts in 

Myanmar language. Overall, NMT systems lead to better translation accuracy and fluency than 

SMT system. After obtaining the experimental results, in all cases, we concluded that NMT 

systems with the proposed Myanmar word segmentation model is the best that can produce 

more accurate and fluent translations (cf. Figure 3.4). 
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Figure3.4: Example of translations in English-to-Myanmar direction using SMT and NMT. 

The translation performance of both MT systems improved with our segmentation model 

compared to the baseline UCSYNLP segmenter. NMT with our segmentation approach 

generates more accurate and fluent translation outputs. 

3.5  Summary 
 

This work is motivated by our expectation of improving the translation performance of the 

current English-Myanmar MT systems while using the available limited resources. To achieve 

this goal, we present our  main contributions in Myanmar word segmentation. The proposed 

word segmentation approach is trained using the Unicode NFKC normalization and the byte-

pair-encoding (BPE) mechanism. The proposed segmentation approach is aimed to improve 

the performance of the translation systems by reducing the out-of-vocabulary (OOV) rate. We 

evaluated the performance of proposed segmentation approach by conducting both SMT and 

NMT experiments.  

Unlike the previously popular Myanmar word segmentation models that make use of 

manually prepared resources such as large-scale training data, dictionaries, etc, our proposed 

model does not need any manual work and also any knowledge about Myanmar language. The 
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only requirement in this model is to convert Myanmar text written in other fonts into Unicode 

fonts. Conversion can be done with the use of freely available tools. Using the proposed 

Myanmar word segmentation model on the preprocessing step of NMT systems, the 

performance of their translations improved quite a lot.  
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Chapter 4   

Automatic Post-editing for Machine Translation 
 

 

4.1  Introduction 
 

Although recent advances have reported that neural machine translation (NMT) systems 

achieve near human-level performance on several language pairs, their translations are not 

always perfectly correct. Human experts are required for correcting the systematic errors in 

machine-translated texts. Automatic Post Editing system aims to automatically fix the 

translation errors by learning from human post-edited samples. The phrase-based statistical 

machine translation (PBSMT) models are used in earlier APE research to train the APE system 

as a monolingual re-writing task without considering the source sentence [Simard et al., 

2007a,b]. However, these models are only applicable to fix the errors in the translations of rule-

based MT systems. While applying the  PBSMT model both for first-stage MT and the second 

stage APE, there are no or only modest improvements without additional source context 

modelling and thresholding [Béchara et al., 2011]. Most recent APE researchers adopt a dual-

source (or multi-source) sequence-to-sequence structure that extends the Transformer [Vaswani 

et al., 2017] in a supervised learning setting [Chatterjee et al., 2018; 2019]. 

Training an APE system general requires a training set comprising the triplets (source-text, 

MT-output, human post-edit), denoted as ⟨src, mt, pe⟩, respectively. APE system simultaneously 

takes the source sentence (src) and its corresponding MT output (mt) as inputs and use the 

associated human post-edited sentence (pe) as the target.  For training the deep and complex APE 

models, the quantity of available APE data is still insufficient due to the high production cost of 

the target data (pe). Moreover, the current APE systems have failed to show any notable 

improvement in the refinement of NMT translations when training on similar-sized human post-

edited data [Chatterjee et al., 2018; 2019; Ive et al., 2020]. 

APE triplets are publicly available only for very few language pairs such as English-German 

and English-Chinese6. Most language pairs absent of APE data and thus hinder the applicability 

of the APE task. In this work, we investigate an alternative solution to conduct the APE research 

without having access to the APE triplets.  

The proposed APE system is trained using only monolingual and parallel MT corpus. It 

doesn’t require any human-edited APE triplets.  The MT output (mt) and its original source 

sentence (src) are taken as the inputs into the APE system, and the high-quality target sentence 

(post-edited mt) is generated as output by performing a series of the following three steps: 

1. Extract word alignment information of the input pair (src and mt) such as alignments and 

unaligned source and target words for the input pair using the proposed word aligner,  

 

 
6 https://statmt.org/wmt21/ape-task.html 
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2. Enrich the mt by removing the errors (unaligned target words) from it and adding missing 

information (word-to-word translation of unaligned source words to target words using 

bilingual dictionaries), and 

3. Denoise the enriched version of mt (output from Step 2) to transform it into a high-quality 

target sentence with the proposed denoiser. 

 

The proposed word aligner exploits LaBSE [Feng et al., 2020] based word embeddings to align 

the similar source and target word. The aligner records both alignments and unaligned words.  In 

the sentence enrichment module, we create and use two types of bilingual dictionaries by 

leveraging monolingual and parallel corpus. In denoising module, Transformer [Vaswani et al., 

2017] based models are trained on target monolingual data and used them to denoise the errors 

in the input sentence. The following are the main contributions of this work are:  

• A new unsupervised word aligner is developed by leveraging LaBSE based word 

embeddings. The proposed model performs better than the previous models even in the 

absence of explicit training on parallel data. 

• A simple and effective enrichment module is designed to enrich raw MT texts by 

exploiting the bilingual dictionaries created from existing monolingual and parallel 

corpus.  

• A robust denoiser is proposed and used as a final postprocessor in the APE systems. The 

denoiser can transform the input sentence into a qualified output by handling multi-

aligned words and local reordering. 

• We prove that sub-word level embeddings perform poorly in word alignment task. 

• We practically show that an APE system built by combining the three modules: word 

aligner, sentence enrichment module, and denoiser; is effective to correct the systematic 

errors in MT texts. The proposed approach can be the best one to develop the reliable 

APE system in a low-resource setting where APE triplets are unavailable. 

 

For most language pairs, where human-edited APE triplets are unavailable, the proposed 

APE system can be effectively used as a post-processor to the raw MT text. In this work, we 

provide the detail analysis to show the better understanding of leveraging the pre-trained model 

in the APE task to produce bilingual word embeddings and using these embeddings for extracting 

word alignment information and enriching the translated sentences. We additionally demonstrate 

that the denoising autoencoder can be applied not only as a language model in various natural 

language processing (NLP) tasks but also as a monolingual sentence rewriter in the APE system. 

According to the results of our experiments, the proposed unsupervised word aligner outperforms 

the existing state-of-the-art alignment models on the word alignments extraction task. Moreover, 

the proposed APE framework can post-edit the raw translated texts generated by existing 

English-Myanmar MT systems to meet the agreed level quality. We believe that this work can 

provide the optimal research direction in the study of APE for most of the language pairs where 

APE data are unavailable. 
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4.2 Denoising-based Automatic Post-editing System 
 

The proposed denoising-based APE system (DbAPE) is a pipeline consisting of three major 

modules. The first module depicted by Figure 4.1 (a) take the source and target sentence pair 

(i.e., src and mt pair) and then extracts their alignments. This module also records the unaligned 

source and target words. Figure 4.1 (b) depicts the second module for sentence enrichment. The 

enrichment module minimizes the semantic gap between src and mt by removing the typical 

errors (i.e., unaligned words) in mt and enriching mt with the missing source-side information 

(i.e., translate unaligned source src words into target mt words and append them to mt). The final 

module called target sentence denoising, is depicted by Figure 4.1 (c).  This module takes the 

output of the previous module (i.e., enriched-mt) as input and remove the noises and correct the 

words and phrase order. 

 

 

 
 

Figure 4.1 : Overall architecture of denoising-based automatic post editing (DbAPE) system 

 

4.2.1  Word Alignment Information Retrieval 

Given a pair of source sentence 𝑥 = (𝑥1, 𝑥2, … , 𝑥𝑛) of length 𝑛 and its corresponding parallel 

target sentence 𝑦 = (𝑦1, 𝑦2, … , 𝑦𝑚) of length 𝑚, the task of word aligner A is to find a set of 

pairs of source and target words which are semantically similar to each other within the context 

of the sentence.   

 

                                      𝐴 = {< 𝑥𝑖 , 𝑦𝑗 >∶  𝑥𝑖 ∈ 𝑥,  𝑦𝑗 ∈ 𝑦}                                                             (4.1) 
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4.2.1.1  Extracting Alignments from Embeddings 
 

The pre-trained word embedding models such as RoBERTa [Liu et al., 2019] and BERT 

[Devlin et al., 2019] represent words using continuous vectors calculated in context and have 

achieved impressive performance in a various downstream NLP tasks. The sentence 

embedding models such as language-agnostic BERT, called LaBSE [Feng et al., 2020], have 

multilingually trained by adapting multilingual BERT (mBERT) [Devlin et al., 2019] to 

produce language-agnostic cross-lingual sentence embeddings for 109 languages. LaBSE 

model has been achieved the state-of-the-art performance on the parallel text (bi-text) mining 

task. Although LaBSE is originally developed for bi-text mining to find the translation pairs in 

multiple languages, this work uses it for the word alignment extraction task. Based on the 

LaBSE based word embeddings, we identify and extract semantically all similar source and 

target word pairs in a given parallel sentence pair. 

 

 

Algorithm 1: Word Alignment Information Retrieval 

𝑠𝑟𝑐 = [𝑠𝑟𝑐1, 𝑠𝑟𝑐2, … , 𝑠𝑟𝑐𝑛] 
𝑚𝑡 = [𝑚𝑡1, 𝑚𝑡2, … ,𝑚𝑡𝑚] 
𝐴𝑠𝑟𝑐−𝑚𝑡 = [ ] 
𝐴𝑠𝑟𝑐 = [ ] 
𝐴𝑚𝑡 = [ ] 
𝑈𝑠𝑟𝑐 = [ ] 
𝑈𝑚𝑡 = [ ] 
for 𝑖 = 1 to 𝑚: 
      for 𝑗 = 1 to 𝑛: 
              𝑘 = 0 

              ℎ𝑖𝑔ℎ𝑒𝑠𝑡_𝑠𝑐𝑜𝑟𝑒 = 0 

              𝑠𝑐𝑜𝑟𝑒 = 𝑐𝑜𝑠𝑖𝑛𝑒_𝑠𝑖𝑚(LaBSE(𝑚𝑡𝑖) , LaBSE( 𝑠𝑟𝑐𝑗)) 

              if 𝑠𝑐𝑜𝑟𝑒 > ℎ𝑖𝑔ℎ𝑒𝑠𝑡_𝑠𝑐𝑜𝑟𝑒:  
                    ℎ𝑖𝑔ℎ𝑒𝑠𝑡_𝑠𝑐𝑜𝑟𝑒 = 𝑠𝑐𝑜𝑟𝑒 

                    𝑘 = 𝑗 
       if ℎ𝑖𝑔ℎ𝑒𝑠𝑡_𝑠𝑐𝑜𝑟𝑒 ≥ 𝑡: 
              append (𝑠𝑟𝑐𝑘  ,𝑚𝑡𝑖) to 𝐴𝑠𝑟𝑐−𝑚𝑡 

              append 𝑠𝑟𝑐𝑘   to 𝐴𝑠𝑟𝑐 

              append 𝑚𝑡𝑖 to 𝐴𝑚𝑡 

for 𝑖 = 1 to 𝑚: 
     if 𝑚𝑡𝑖 ∉ 𝐴𝑚𝑡: 
          append 𝑚𝑡𝑖 to 𝑈𝑚𝑡 

for 𝑗 = 1 to 𝑛: 
     if 𝑠𝑟𝑐𝑗 ∉ 𝐴𝑠𝑟𝑐 : 

          append 𝑠𝑟𝑐𝑗 to 𝑈𝑠𝑟𝑐 

 

 

While the prior word alignment models have relied on large-scale parallel data to obtain the 

correct alignments, here we propose a simpler and more effective approach which is practically 

suitable for low-resource languages where the large-scale training data is unavailable. In this 
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step, a robust word alignment model is proposed to align similar source and target words based 

on their LaBSE word embeddings. This word alignment extraction task is considered as a 

semantic search task. 

In the reminder of the section, we denote the list of word alignments, the list of aligned source 

words, and the list of aligned target words by 𝐴𝑠𝑟𝑐−𝑚𝑡 ,  𝐴𝑠𝑟𝑐  , and 𝐴𝑚𝑡, respectively. The lists 

of unaligned source words and target words are also denoted by 𝑈𝑠𝑟𝑐  and 𝑈𝑚𝑡 . The detail 

procedure of the word alignment model is described in Algorithm 1, where 𝑡 is a user-defined 

word pair similarity threshold. As the cosine similarity score between the word vectors falls in 

the range of 0 to 1, the value of threshold t is set to 0.5, at the halfway mark.   

According to Algorithm 1, the task of word alignment information retrieval proceeds as 

follows. When a pair of source sentence (src) and its corresponding MT output (mt) is given, the 

most similar src word is extracted for each mt word.  The similarity score of each word pair is 

computed by the cosine similarity function based on their LaBSE word embeddings. Among the 

extracted source-target word pairs, the pairs with the score higher than the pre-defined threshold 

are added to the list of final word-aligned pairs 𝐴𝑠𝑟𝑐−𝑚𝑡. Meanwhile, the unaligned source words 

𝑈𝑠𝑟𝑐  and unaligned target words 𝑈𝑚𝑡, in src and mt, are recorded respectively. 

4.2.2  Target Sentence Enrichment 

The raw machine-translated texts are enriched in this section by removing their systematic errors 

and adding missing source-side information to the texts. The errors and missing information are 

obtained from the word alignment information retrieval task. Bilingual dictionaries are used to 

transform missing source-side information into target language words. 

Bilingual dictionaries (cf. Figure 4.1) are built from the monolingual and parallel corpus. There 

are two types of bilingual dictionaries: a monolingual corpus-based dictionary (MD) and a 

parallel corpus-based dictionary (PD). 

 

A bilingual MD is created from the source and target monolingual texts. The procedure to 

create MD is as follows: 

• First, the source and target vocab files which contain the list of source and target words 

are created from source and target text, respectively, 

• Then, these two vocab files are feed as input into the proposed word aligner (Algorithm 

1), and store all extracted source-target aligned pairs in MD. 

 

A bilingual PD is created from the existing parallel corpus. For each pair of source sentence 𝑥 

and target sentence 𝑦 in the parallel corpus, the word alignments are extracted as follows: 

• Firstly, the forward-aligned 𝐴forward  and backward-aligned 𝐴backward  word pairs are 

created by running the proposed word aligner (described in Algorithm 1) in source-to-

target and target-to-source directions, respectively, as follows:  

 

                       𝐴forward = {< 𝑥𝑖 , 𝑦𝑗 >∶  𝑥𝑖 ∈ 𝑥,  𝑦𝑗 ∈ 𝑦}                                                (4.2) 
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                        𝐴backward = {< 𝑥𝑖 , 𝑦𝑗 >∶  𝑥𝑖 ∈ 𝑦,  𝑦𝑗 ∈ 𝑥}                                             (4.3) 

 

• Then, the common aligned word-pairs < 𝑥𝑖 , 𝑦𝑗 > from both lists 𝐴forward  and 𝐴backward 

are extracted and stored them in PD, i.e.,  

 

                                                           PD = 𝐴forward  ∩  𝐴𝑏𝑎𝑐𝑘𝑤𝑎𝑟𝑑                                          (4.4) 

 

Since the bilingual direction, PD is built with the guidance of the parallel aligned sentence 

pair in the supervised setting, it should be more accurate than MD built in the unsupervised setting 

and we confirm this hypothesis from our experiments. 

While having the raw translated sentence (mt), the list of unaligned source words (𝑈𝑠𝑟𝑐), the 

list of unaligned target words (𝑈𝑚𝑡), and the two bilingual dictionaries (PD and MD), the model 

first deletes the unaligned target words in mt according to 𝑈𝑚𝑡. Then, the most similar target 

words of 𝑈𝑠𝑟𝑐  are extracted from the bilingual dictionaries and append them to the end of mt. 

The final output of this module is an enriched-version of mt (enriched-mt).  

The process of extracting the most similar target word tor each unaligned source word 𝑤𝑠𝑟𝑐  

in the list 𝑈𝑠𝑟𝑐  , is as follow: 

• If 𝑤𝑠𝑟𝑐  is in the source-side words of bilingual PD, its aligned target-side word is from 

PD is extracted. 

• Else if 𝑤𝑠𝑟𝑐  is not in the bilingual PD but it is in MD, its aligned target word from MD is 

extracted.  

• Else, the most similar source word of 𝑤𝑠𝑟𝑐  is find in PD first and its aligned target word 

from PD is extracted. 

If the source word is aligned to more than one target words in the bilingual dictionary, only the 

target word that has the highest similarity is extracted. Figure 4.2 illustrates this approach. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.2: Example of Target Sentence Enrichment Task. 
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4.2.3  Target Sentence Denoising 

Although the previous module has removed the mis-translated or extra words and added missing 

source-side information in target words, the enriched-version of the MT output (i.e., enriched-

mt) is still far from being an acceptable translation. It still needs for improving the word and 

phrase order and performing the grammar correction. Furthermore, in the appended part of the 

enriched-mt, the substitution of unaligned source word to similar target word always outputs a 

target word for every position. In some cases, one or two of the substituted (appended) words 

should be remove/denoise to make a fluent sentence. On the other hand, it needs to add extra 

common words, e.g. prepositions or articles, to be in the correct sentence structure. For example, 

the word-to-word substitution  would be substituted a sequence of Myanmar source words 

“နစှ်ဖ ာက်စလ ိုေး  ူတ ို ို့ က ို” with a sequence of the similar target English words “both them to”; 

however, it must be “both of them” in English language. In this case, the substituted word “to” 

can be considered as an insertion noise that needs to remove from the sentence and the extra 

word “of” is considered as a deletion noise that must be added to the sentence.  

A sequence-to-sequence Transformer [Vaswani et al., 2017] model is applied for removing 

the potential noises in the enriched-mt. The model takes a noisy (unstructured) text as input and 

generates a clean (denoised) text as output; both of which are of the same (target) language. As 

shown in Figure 4.1 (c), the noisy input, enriched-mt, is fed into a designed denoising model to 

transforms it into a clean target sentence (i.e., post-edited mt). For investing the effectiveness of 

various denoising approaches on improving the quality of the APE final output, the experiments 

on the denoising task are conducted with the following two different denoising models. 

 

4.2.3.1   Denoising Autoencoder 
 

Training label sentences would be the target monolingual sentences to train a denoising 

autoencoder. Given a clean sentence as the target, the noisy input to the denoiser should be ideally 

the unstructured version of that sentence. For creating the noisy sentences, some artificial noises 

are injected into the clean sentences. These artificial noises are created based on the noises found 

in the enriched-version sentences.  

First, 20 to 30 percent of out-of-vocabulary (OOV) words are removed from each sentence in 

the monolingual corpus. Then the deleted words are appended to the end of the sentence. Finally, 

the following artificial noises are injected:  

a) Insertion of random frequent tokens into the sentences helps the model to learn, identify, 

and remove the extra/redundant words from theses sentences: 

1. For each position 𝑖, a probability 𝑝𝑖 ~ Uniform (0, 1) is first sampled, 

2. Let 𝑝𝑖𝑛𝑠 be a probability threshold of the insertion.  If 𝑝𝑖 <  𝑝𝑖𝑛𝑠 , a word 𝑤  from the 

most frequent target words 𝑉𝑖𝑛𝑠 is sampled and then inserted it before the position 𝑖. 

We limit the inserted words by 𝑉𝑖𝑛𝑠 because target insertion occurs mostly with common 

words, e.g., prepositions or articles. For deciding whether the words should be inserted or 

not, we threshold the value with 𝑝𝑖𝑛𝑠. 
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b) Deletion of tokens from the sentences helps the model learn to predict and add potential 

words to these sentences for fluency: 

1. For each position 𝑖, a probability 𝑝𝑖 ~ Uniform (0, 1) is first sampled, 

2. Let 𝑝𝑑𝑒𝑙  be a probability threshold of the deletion. If 𝑝𝑖 <  𝑝𝑑𝑒𝑙  , the word at the 

position 𝑖 is dropped. 

For deciding whether the words should be deleted or not, we threshold the value with 𝑝𝑑𝑒𝑙 . 

 

c) Permutation of tokens with a limited distance in the sentences is applied to stimulate the 

learned model to modify the word order in a correct target structure: 

1. Let 𝑑𝑝𝑒𝑟  be a degree of the permutation. For each position 𝑖, an integer 𝛿𝑖 ∈ [0, 𝑑𝑝𝑒𝑟] 

is sampled, 

2. We add 𝛿𝑖 to index 𝑖 and sort the incremented indices 𝑖 + 𝛿𝑖 in an increasing order, 

3. The words are rearranged in the new positions, to which their original indices have 

moved by Step 2. 

The designs and settings of the previous work in [Kim et al., 2018] are adopted for insertion, 

deletion, and reordering noises. In the denoising module, a vocabulary size of 32,000 words is 

considered. The words out of this vocabulary are called OOV words. 

 

4.2.3.2   Denoising Rewriter 
 

A Transformer-based target-to-target rewriting model is proposed and trained it to learned and 

produce a clean sentence from its noisy-version. For training the this model, we build the noisy 

training data from the target monolingual corpus 𝐷𝑦. First, 20 to 30 percent of the OOV words 

are removed from a given sentence 𝑦 ∈ 𝐷𝑦, and then the removed words are appended to the end 

of 𝑦. Next, for building the insertion and deletion noise types, some words (up to three words for 

the sentences with the sentence-length greater than ten) are randomly dropped/added.  Finally, 

contiguous words are swap randomly with a probability 𝑝𝑠𝑤𝑎𝑝 to inject some noises to get the 

noisy version 𝑦′. For this denoiser, the value of the  𝑝𝑠𝑤𝑎𝑝  is set to 0.2. We treat the noisy version 

𝑦′ as the input and the original clean sentence 𝑦 as the output to train the denoiser. For model 

inference, the enriched-version of MT text (enriched-mt) is fed into the trained model and 

generate the clean target sentence, post-edited mt. 

 

4.3 Experiments 
 

In this section, the detail about the evaluation metrics, datasets and model configuration used 

in this research work are described. Then, the experimental results are reported and discussed. 
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4.3.1  Evaluation Metric 

To evaluate the performance of the proposed APE approach, the two standard evaluation metrics: 

BLEU7 which measures the degree of n-gram match between the model hypotheses and its target, 

and TER8 which measures the number of edits required to change a system output into one of the 

references, are used in this work. Alignment Error Rate (AER) [Vilar et al., 2006] is used to 

evaluate the performance of alignment models. 

4.3.2  Datasets 

Monolingual data are used for training the denoising models and creating the bilingual dictionary. 

We collected eight million Myanmar sentences from various sources, including textbooks, 

Myanmar local news, Myanmar Wikipedia, ALT train data [Riza et al., 2016], and CC100-

Burmese dataset [Conneau et al., 2019]. For the English monolingual data, we used ten million 

English sentences which consists of ALT training data and randomly extracted sentences from 

WMT monolingual News Crawl datasets9.  To tokenize English texts, Moses tokenizer is used. 

We used the UCSYNLP word segmenter10 to segment Myanmar sentences. 

Parallel corpus is used to train the baseline NMT systems and a bilingual dictionary. It is also 

used to train/fine-tune the word alignment models. We manually collected around 224 thousand 

parallel sentences. Data statistics of parallel corpus are shown in Table 3.1 (in Chapter 3).  

4.3.3  Model Configuration 

The next subsections describe the details about the architecture and training procedure of baseline 

MT systems and our models in APE approach. 

 

Baseline MT Systems: 

The performance of the proposed APE approach is evaluated with three different test sets. These 

test sets are generated by a simple Transformer-based NMT, a fine-tuned mT5 and the Google 

Translate. We used PyTorch version of the OpenNMT project, an open-source (MIT) neural 

machine translation framework [Klein et al., 2018] to train the Transformer based NMT.  All of 

the Transformer experiments are run on NVIDIA Tesla P100 GPU by following the settings 

listed in Table 3.2 (in Chapter 3). We were constrained by computational resources to mt5-base, 

which has 580M parameters in total. The pre-trained mT5-base model is initialized using 

Hugging Face’s AutoModelForSeq2SeqLM11. The AdamW optimizer [Loshchilov et al., 2017] 

 

 
7 We used an implementation of BLEU from https://github.com/moses-smt/mosesdecoder in our experiments.  
8 http://www.cs.umd.edu/~snover/tercom/ 
9 http://data.statmt.org/news-crawl/ 
10 http://www.nlpresearch-ucsy.edu.mm/NLP_UCSY/wsandpos.html 
11https://huggingface.co/docs/transformers/model_doc/auto#transformers.AutoModelForSeq2SeqLM 
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with a learning rate of 5e−4 and transformer’s get_linear_schedule_with_warmup12 scheduler 

are used for fine-tuning the mT5 model on 8 epochs with batch size of 16 and 1000 training 

iterations between checkpoints. Parallel datasets used in this experiment are tokenized into sub-

word units by using SentencePiece13 and used them to train/fine-tune and validate the baseline 

NMT and mT5 systems. 

 

Denoising Models: 

For denoising models, we used the architecture of 6-layer Transformer encoder/decoder 

[Vaswani et al., 2017]. Sockeye [Hieber et al., 2017; Kim et al., 2018] is used for training the 

Denoising autoencoder14.  For the denoising rewriter, we use the same tool (i.e., OpenNMT tool) 

and settings for training as used in the baseline NMT. The target-side monolingual texts are used 

to train the denoising models. ALT dev dataset is used as the validation data.  

 

 

Word Alignment Models: 

The pre-trained LaBSE [Feng et al., 2020] model is used to produce the cross-lingual word 

embeddings for extracting the word alignments’ information. The proposed word alignment 

model is compared with the following baselines: 

1) fast_align [Dyer et al., 2013]: It is a simple and fast unsupervised word aligner with 

reparameterization of IBM Model 2. 

2) GIZA++ [Och and Ney 2003; Gao and Vogel 2008]: It is an implementation of IBM 

models. We used five iterations each for Model 1, the HMM model, Model 3, and Model 

4 to train GIZA++ by following the previous work of [Zenkel et al., 2020]. 

3) AWE-SoME [Dou et al., 2021]: It is a neural word aligner. It  exploited the multilingual 

BERT to produce contextualized word embeddings from which the word alignments are 

extracted. This model can be applied with or without fine-tuning on parallel data. 

4.3.4  Experimental Results 

This section first discusses about the main results of the proposed APE system based with two 

different denoising strategies: DA and DW on the translation output of the three baseline MT 

systems: NMT, mT5, and Google Translate. Then, the proposed alignment model is evaluated 

by comparing its performance with state-of-the-art models. Moreover, a series of qualitative 

analysis and ablation studies are conducted on the baseline NMT output to further validate the 

reliability of the proposed denoising models and to better understand the importance of data 

preprocessing in the word alignment task.  

 

 

 
12 

https://huggingface.co/docs/transformers/main_classes/optimizer_schedules#transformers.get_linear_schedule_

with_warmup 
13 https://github.com/google/sentencepiece 
14 https://github.com/yunsukim86/sockeye-noise 
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4.3.4.1  Main Result 
 

Table 4.1 reports the overall results of the proposed APE system. There are two denoising models 

to train the proposed APE system as described in the Subsection 4.2.3.1 and Subsection 4.2.3.2: 

DA and DW. The BLEU and TER metrics are used to evaluate the performance of the APE 

systems.  The experimental results show that both versions of denoising models (i.e., DA and 

DW) used in the APE system improve the quality of the texts generated by the baseline NMT 

system. Firstly, the APE model trained with the DW model showed to give at least +4% BLEU 

score and -16% TER score, respectively. When we train the APE system with the DA model 

instead of the DW, an additional gain around +1% BLEU score and -2% TER score is obtained. 

Additionally, we conduct more experiments to further validate the effectiveness of the proposed 

systems on the state-of-the-art MT outputs. We use the APE system as a postprocessor to the 

texts translated by the state-of-the-art systems: mT5 and Google Translate.  According to the 

reported results, in both English-to-Myanmar and Myanmar-to-English directions, APE system 

trained with the DA model can still be effective on improving the quality of the texts generated 

by mT5 and Google Translate. However, APE system trained with DW model failed to improve 

the quality mT5 and Google Translate translations in English-to-Myanmar direction.  

Denoising models are developed using the same Transformer architecture but are trained on 

the different versions of noisy datasets. In this work, the insertion/deletion/reordering noise types 

showed a promising performance while mitigating these noises by using the denoising 

autoencoder model, DA.  

 

 

Table 4.1: Performance of APE models. 

 

 
English→Myanmar Myanmar→English 

TER↓ BLEU↑ TER↓ BLEU↑ 

NMT  79.713 8.11 75.238 11.59 

+APE (with DA) 65.317 13.53 58.315 16.24 

+APE (with DW) 66.472 13.14 59.471 15.96 

mT5  65.524 13.49 60.325 15.49 

+APE (with DA) 62.732 14.87 56.841 17.83 

+APE (with DW) 67.141 13.41 59.816 15.81 

Google Translate  73.874 9.64 62.157 15.39 

+APE (with DA) 63.495 13.92 57.853 16.98 

+APE (with DW) 74.281 9.51 60.174 15.74 
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4.3.4.2   Word Alignment Result 
 

Multilingual sentence embedding models are powerful tools for encoding similar texts from 

different languages into a shared embedding space. These embedding models have been 

applied in various downstream NLP tasks, such as clustering, text classification, and parallel 

sentences mining, and achieving the state-of-the-art performance in almost all tasks. The 

existing sentence embedding approaches like MUSE15 or LASER16, require parallel training 

data for mapping a sentence from one language directly into another language to encourage 

consistency between the sentence embeddings. Recently, the pre-trained LaBSE model that 

leverages recent advances on language model pre-training, results into a state-of-the-art model 

for encoding similar texts from different languages into a shared embedding space. LaBSE 

model is pre-trained on a BERT-like architecture and fine-tuned on a translation ranking task 

using the two objectives: masked language modeling (MLM) and translation language 

modeling (TLM). In this work, instead of sentence embedding purpose, we exploited the pre-

trained LaBSE model to produce word embeddings. If the source and target words have similar 

meaning, LaBSE model enables to encode these words into a shared embedding space.  

Given a source and target sentence pair, we first encoded all words in each sentence using 

LaBSE word embeddings. Then, based on the similarity of their word embeddings, all possible 

aligned word pairs are extracted by the proposed word alignment model. As described in 

Subsection 4.2.1.1, the threshold value for word similarity is set to 0.5. Every source-target word 

pair with the cosine similarity scores greater than the threshold is extracted. To evaluate the 

performance of the alignment, we use the Alignment Error Rate (AER) metric. 

 

Table 4.2: Performance of word alignment models. 

Model Setting AER↓ 

fast_align bilingual 35.4 

Giza++ bilingual 30.9 

AWE-Some  
w/o fine-tuning 28.2 

bilingual 25.8 

Ours 
w/o fine-tuning 26.1 

bilingual 24.5 

 

 

Table 4.2 reports AERs of the proposed word alignment model and other popular word 

alignment models. English-Myanmar ALT test dataset was used for performance evaluation. 

According to the results, the proposed LaBSE-based word alignment model achieved state-of-

 

 
15 https://github.com/facebookresearch/MUSE 
16 https://github.com/facebookresearch/LASER 
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the-art performance over the baseline models. In the table, the best score is in bold. Remarkably, 

the alignments which are directly extracted from LaBSE model(i.e., without fine-tuning the 

LaBSE model) already achieve better performance than the popular statistical word alignment 

models: fast_align and GIZA++. To more investigate the performance of our model in the 

bilingual setting, we fine-tuned the LaBSE model using the existing parallel corpus. In bilingual 

setting, the proposed alignment model achieves the best performance. 

 

4.3.4.3   Qualitative Analysis 
 

In the previous Subsection 4.3.4.1, the main results of this work showed that APE system 

trained using the denoising autoencoder (DA) model performs better than the system trained 

with the target-to-target rewriting based denoising model (DW). In addition, we conducted a 

qualitative analysis to further validate the trustworthiness of the DA-based APE system. We 

analyzed the post-edited texts of the two APE models: DA and DW, which were trained on 

different noisy datasets. Some examples of DA-based post-edited texts and DW-based post-

edited texts are presented in Table 4.3 and Table 4.4, from Myanmar-to-English and English-

to-Myanmar directions, respectively. In these tables, TER scores in each mt row are calculated 

regarding tgt; boldface words in each mt indicate words that need to be corrected to match the 

human-translated reference sentence, tgt of target-side. The findings show that the raw 

translation of English-Myanmar NMT, mt, needs too much number words to be corrected, 

whereas mt post-edited by the APE systems requires fewer corrections. Among the two APE 

systems, the text post-edited with DA-based APE system needs the fewest corrections. It means 

that DA-based APE system can correct the errors in mt and transform it to become a more 

accurate and fluent sentence, which is in turn similar to that of the reference sentence, tgt. 
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Table 4.3: Qualitative analysis for each Myanmar-to-English APE model trained in different 

denoising setting. 

 

src 
ဆစ်ဒန ီ က ရန် ို့ဝစ်(ခ်)  ြငေ်းပပ ိုငကွ်ငေ်း ြှ ြ  ိုေး န် ို့ ပပ ိုင ်ြငေ်း ရှစ်ဖကာင ် ဟာ  ြငေ်းတိုတ်ဖကွေးဖရာဂါ 

ကူေးစက်ခ ခ ို့ရတ ် ဆ ိုတာ အတည် ပိုခ ို့ပါတ ်။ 

tgt (=ref) 
It has been confirmed that eight thoroughbred race horses at Randwick 

Racecourse in Sydney have been infected with equine influenza. 

mt 

Sydney had confirmed that the eight more active consumer countries had 

been infected with the influenza virus. 

(TER = 71.43) 

mt (post edited with DA) 

Sydney had been confirmed that the eight genetic race horses had been 

infected with the influenza at Randwick. 

(TER = 47.62) 

mt (post edited with DW) 

Sydney had been confirmed that the eight genetic race horses had been 

infected with the influenza. 

(TER = 52.38) 

   

src 
အနအ်က်(စ်)ဒဗလ ျူ နငှ်ို့ ကွငေ်း(စ်)လနေ်း(ဒ)် တဖလ ာက်ြှ အပနေ်းဖ ြေရာ  ိုေးဖ ာ  ြင်ေးြ ာေး ဒါဇငြ် ာေးစွာ 

ကူေးစက်ခ ရ ဖ ာ်လည်ေး ဒ ီြေစ်ရပ် ဟာ ပပ ိုင ်ြငေ်းြ ာေး အတွက် ပထြဆ ိုေး ကူေးစက် ခငေ်း  ြေစ်ပါ ည်။  

tgt (= ref) 
The cases are the first infections of race horses, despite infecting dozens of 

recreational horses across NSW and Queensland. 

mt 

The incident is the first release of dozens of resorts throughout the trying 

season and is infected with for the first time. 

(TER = 85.00) 

mt (post edited with DA) 

The incident is the first infections of dozens of resorts horses throughout 

the NSW and Queensland, race horses are infected for the first. 

(TER = 70.00) 

mt (post edited with DW) 

The incident is the first infections of dozens of resorts horses throughout 

the Queensland, race horses are infected with for the first. 

(TER = 75.00) 
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Table 4.4: Qualitative analysis for each English-to-Myanmar APE model trained in different 

denoising setting. 

 

src 

It has been confirmed that eight thoroughbred race horses at Randwick 

Racecourse in Sydney have been infected with equine influenza. 

 

tgt (=ref) 
ဆစ်ဒန ီ က ရန် ို့ဝစ်(ခ်)  ြငေ်းပပ ိုငကွ်ငေ်း ြှ ြ  ိုေး န် ို့ ပပ ိုင ်ြငေ်း ရှစ်ဖကာင ် ဟာ  ြငေ်းတိုတ်ဖကွေးဖရာဂါ 

ကူေးစက်ခ ခ ို့ရတ ် ဆ ိုတာ အတည် ပို ခ ို့ပါတ ်။ 

mt 

 

ဆစ်ဒန ီတငွ ်ရ ောဂါ လက္ခဏော ဖြင့်် ဇူမောား ြှ ပပ ိုင ်ြငေ်း ရှစ်စ ား တတုရ်က္ွားရ ောဂါ က္ူားစက္် ခံခ ့် သည် ဟု 

အတည် ပို ခ ့်ကက္သည် ။ 

(TER = 80.00) 
 

mt (post edited with DA) 

 

 

ဆစ်ဒန ီတငွ် ရန် ို့ဝစ်(ခ်)  ြငေ်းပပ ိုငကွ်ငေ်း ြှ ပပ ိုင ်ြငေ်း ရှစ်စ ား တုတရ်က္ွားရ ောဂါ က္ူားစက္် ခံခ ့် သည် ဟု 

အတည် ပို ခ ့်ကက္သည် ။ 

(TER = 53.33) 
 

mt (post edited with DW) 

 

ဆစ်ဒန ီတငွ ် ြငေ်းပပ ိုငကွ်ငေ်း ြှ ပပ ိုင ်ြငေ်း ရှစ်စ ား တတုရ်က္ွားရ ောဂါ က္ူားစက္် ခံခ ့် သည်  ။ 

(TER = 66.66) 

   

src 

The cases are the first infections of race horses, despite infecting dozens of 

recreational horses across NSW and Queensland. 

  

tgt (= ref) 

အနအ်က်(စ်)ဒဗလ ျူ နငှ်ို့ ကွငေ်း(စ်)လနေ်း(ဒ)် တဖလ ာက်ြှ အပနေ်းဖ ြေရာ  ိုေးဖ ာ  ြငေ်းြ ာေး 

ဒါဇငြ် ာေးစွာ ကူေးစက်ခ ရ ဖ ာ်လည်ေး ဒ ီြေစ်ရပ် ဟာ ပပ ိုင ်ြငေ်းြ ာေး အတွက် ပထြဆ ိုေး 

ကူေးစက် ခငေ်း  ြေစ်ပါ ည် ။ 

mt 

ထ  ု ဖြစ် ပ်မ ောားသည် အနအ်က်(စ်)ဒဗလ ျူ နငှ်ို့ ကွငေ်း(စ်)လနေ်း(ဒ)် တဖလ ာက်ြှ ဖမငာ်း ဒါဇငြ် ာေးစွာ 

အပနေ်းဖ ြေ န ငု ်ဖ ာ်လည်ေး ၊ ပပ ြိုငပ်ွ  ၏ ပထြဆ ိုေး ရ ောဂါ က္ူားစက္်မှုမ ောား ဖြစ်သည်  ။ (TER = 76.47) 

 

mt (post edited with DA) 

 

 

ထ  ု ဖြစ် ပ်မ ောားသည် အနအ်က်(စ်)ဒဗလ ျူ နငှ်ို့ ကွငေ်း(စ်)လနေ်း(ဒ)် အပနေ်းဖ ြေ တဖလ ာက်ြှ ဖမငာ်း 

ဒါဇငြ် ာေးစွာ ကူေးစက်ခ ရ ဖ ာ်လည်ေး ၊ ပထြဆ ိုေး  ဖြစ်သည် ။ (TER = 64.70) 

 

mt (post edited with DW) 

 

ထ  ု ဖြစ် ပ်မ ောားသည် အနအ်က်(စ်)ဒဗလ ျူ နငှ်ို့ ကွငေ်း(စ်)လနေ်း(ဒ)် တဖလ ာက်ြှ ဖမငာ်း ဒါဇငြ် ာေးစွာ  

ပထြဆ ိုေး က္ူားစက္်မှုမ ောား ဖြစ်သည် ။ (TER = 70.58) 

 

 

4.3.4.4   Ablation Study 
 

Denoising Autoencoder: 

As an ablation study, we tuned each parameter of the noise type and combined them 

incrementally to examine the effect of each noise type in the denoising autoencoder while post-

editing the baseline English-to-Myanmar NMT translations. The results with different values of 

denoising parameters are presented in Table 4.5. Firstly, the reordering noise is tuned with 
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different values of 𝑑𝑝𝑒𝑟 . A significant improvement in BLEU score was reached when the value 

of  𝑑𝑝𝑒𝑟  is set to 5 since a local reordering usually involved a sequence of 5 to 6 words. When 

we tried to train with the value 𝑑𝑝𝑒𝑟   greater than 5, we discovered that it cannot handle the long-

range reordering because too many consecutive words are shuffled together, yielding no more 

improvement. 

Next, we tuned the parameter of the deletion noise. When we used 𝑝𝑑𝑒𝑙  = 0.1, it offered +1.16% 

BLEU score. However, the performance immediately degraded with a larger value of 𝑝𝑑𝑒𝑙 . This 

is because it was difficult to see one-to-many in the similar target word substitution more than 

once in each sentence pair. Finally, we tuned the parameter of insertion noise. In this case, the 

best performance, +1.92% BLEU score was achieved with 𝑉𝑖𝑛𝑠 = 10. In general, increasing the  

𝑉𝑖𝑛𝑠  value was not effective because it provided too many variants in the inserted word; it might 

not be related to its neighboring words. 

 

Table 4.5: APE results with different values denoising parameters for  

Myanmar-to-English NMT 

𝒅𝒑𝒆𝒓 𝒑𝒅𝒆𝒍 𝑽𝒊𝒏𝒔 BLEU 

2   12.64 

3   13.02 

5   13.16 

5 
0.1  14.32 

0.3  13.85 

5 0.1 

10 16.24 

50 15.97 

500 15.32 

5000 14.86 

 

 

Word Alignments: 

In this work, we investigated the performance of the two pre-trained embedding models:  

mBERT and LaBSE, on the task of extracting word alignments. mBERT is a Transformer 

model pre-trained on the huge amount of multilingual Wikipedia texts with the object of 

masked language modeling (MLM). In our alignment extraction task, we used the 8-layer of 

mBERT word embeddings by following the work of Dou et al., [2021] and 12-layer of LaBSE 

embeddings, respectively. We further conducted the experiments with sub-word  level and 

word level embeddings to investigate how the performance of word alignment varies with 

different levels of word embeddings. 

The results on English-Myanmar language pairs are reported in Table 4.6. The LaBSE 

based word alignment model can notably outperforms the mBERT based model by a large 

margin in AER score. Although both mBERT and LaBSE models support both Myanmar and 

English languages in a single model, the word embedding vectors spaces of mBERT between 
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languages are not aligned, (i.e., the text with the same content in different languages would be 

mapped to different locations in mBERT word embedding the vector space). This finding 

suggests that LaBSE model is indeed helpful in the word alignments extraction task even in a 

low-resource setting where no training data is available. Moreover, we additionally examined 

the performance of both mBERT and LaBSE models in the sub-word level embeddings. For 

sub-word level embeddings, we segmented source and target texts into the sub-word units using 

the SentencePiece tool. According to the result, the performance of sub-word level embeddings 

is worse than the word level embeddings in both mBERT-based and LaBSE-based word 

alignment model. In sub-word level embeddings, for the short sub-word tokens, the context 

they potentially met during the embedding training was much more various than a complete 

word, and thus a direct translation of such token to a sub-word token of another language would 

be very ambiguous. We found that the word-to-word similarity calculation with cross-lingual 

embeddings depends highly on the frequent word mappings. Moreover, learning the mapping 

between rare words does not have a positive effect. Based on this finding, we leveraged LaBSE 

word embeddings without considering sub-word level in the proposed APE system. 

 

Table 4.6: Alignment results with different word embeddings. 

 

 
Embedding 

Model 
Setting AER↓ 

word level 

mBERT  
w/o fine-tuning 35.7 

bilingual 26.4 

LaBSE 
w/o fine-tuning 26.1 

bilingual 24.5 

sub-word 

level 

mBERT  
w/o fine-tuning 38.6 

bilingual 36.8 

LaBSE 
w/o fine-tuning 37.3 

bilingual 36.2 

 

 

4.4  Related Work 
 

Most recent automatic post editing (APE) studies primarily focus on the approaches to address 

and overcome APE training data sparsity problems. While recent research works have reported 

that augmenting the synthetic APE triplets ⟨src, mt, pe⟩ from parallel corpora using various 

noising schemes [Moon et al., 2021] and adding the augmented synthetic data to genuine data 

to expand the size of APE triplets [Dowmunt et al., 2016; Negri et al., 2018; Lee et al., 2020] 

can alleviate the APE data scarcity problem, other studies have highlighted several open 

challenges [Carmo et al., 2021]. The quality of the augmented synthetic data is a major 

challenge. These recent synthetic data augmentation works usually neglect to comply with 

minimum-editing criterion, where the post-edited data pe should be created by minimally 

editing mt yet maintaining the meaning of src. Therefore, the correction patterns detected in 
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their augmented data may differ from those occurring in the actual APE data, and thus it might 

limit the APE performance. Moreover, when the APE triplets are generated using the existing 

parallel data, training the baseline MT and APE model on the same data size is not effective 

[Chatterjee et al., 2018; 2019; Ive et al., 2020 ]. Besides, there is the fact that the post-edited 

sentence pe should not be a reference translation of MT corpus, since this would defeat the 

purpose of learning editing patterns for the MT output [Carmo et al., 2021].  This work 

considers the limitations in APE triplet augmentation and avoiding the absence of APE triplets 

that hinder the applicability of the APE task on English-Myanmar NMT. We pursue an 

alternative solution to develop an APE system without using any human-edited APE triplets.  

Mainly, APE systems are used for improving MT output by utilizing information unavailable 

to the decoder and coping with systematic errors including adequacy and fluency errors of an 

MT system whose decoding process is not accessible. For this purpose, the work of Béchara et 

al., [2011] on English-French APE tried to keep the connection between MT output and its 

correspondence source sentence using word alignments in order to improve the adequacy. They 

first produced the new intermediate sentence by concatenating each word in MT output with “#” 

and aligned source word. Then, they trained the APE model to rewrite the intermediate sentence 

to the reference target sentence. However, their approach failed to improve on the English-to-

French MT baseline and achieved only a small increase in BLEU of 0.65 absolute over its 

French-to-English baseline. The other work of Parton et al. [2012] also addressed the specific 

linguistic adequacy errors. They tried to correct the errors by either inserting or replacing words 

into the hypothesis. Their approach requires the three resources such as the phrase table, 

dictionaries and background MT corpus for only fixing certain word-choice errors (e.g. numbers, 

names and named entities). In our work, we consider on the same purpose but study an alternative 

approach that can be helpful even for very low-resource languages where APE triplets are 

unavailable. We propose a simple and effective APE pipeline with three main modules: (1)word 

alignments extraction module for detecting errors (unaligned target words) and missing 

information (unaligned source words) in the MT output with respect to its correspondence source 

sentence, (2) sentence enrichment module to enrich the MT output by removing errors and adding 

missing information, and (3) sentence denoising module to finally denoise the MT output to be 

in correct word and phrase order. This work demonstrates that an effective APE system can be 

developed without having access to the APE triplets.  

A large and growing body of literature has investigated the use of pre-trained contextualized 

word embeddings derived from multilingually trained language models (LM) in the word 

alignments’ information extraction task. Sabet et al. [2020] developed a neural word alignment 

model that aligns words using multilingual contextualized embeddings and achieved the good 

performance even in the absence of explicit training on parallel corpus. The recent work of Dou 

et al. [2021] also developed a neural word alignment model by leveraging the pre-trained 

mBERT embeddings and fine-tuned the model on the parallel corpus for achieving the better 

alignment results. The mBERT embeddings has impressive zero-shot cross-lingual transfer 

capabilities when fine-tuned on the various downstream NLP tasks. However, mBERT is not 

pre-trained with explicit cross-lingual supervision. Therefore, transferred performance can 

further be improved by aligning mBERT embeddings with cross-lingual signal. In our work, we 

use we use LaBSE embeddings instead of mBERT embeddings. LaBSE is a state-of-the-art 

sentence embedding model that encodes similar texts from different languages into a shared 
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embedding space and achieving competitive performance on the parallel sentence pairs 

extraction task. LaBSE model is helpful even on the low-resource languages for which there is 

no data available during training. The result of our experiments reported that LaBSE word 

embeddings is superior to mBERT in our proposed word alignments model. 

The quality of the word-by-word translation text generated by a unsupervised MT system 

trained only on available monolingual corpora can further be improved with the denoising 

autoencoder [Kim et al., 2019]. Denoising autoencoder is a Transformer based model that takes 

a noisy sentence as input and produces a clean sentence as output, both of which are of the same 

language. Our proposed APE system used denoising autoencoder as the final postprocessor to 

denoise potential errors and word order in the input sentence.  

In our APE approach, the target sentence enrichment module enriches the raw MT output by 

deleting systematic errors (i.e., deleting unaligned target words) and adding missing source-side 

information (i.e., finding the most similar target word for each unaligned source word and 

appending these target words to the end of the MT output). This process of unaligned source 

words to the closet target words substitution can be considered as the part of the word-by-word 

translation. By following the same idea as in word-by-word translation task, we also use the 

denoising model in our APE system to transform the enriched-version of MT output into a clean 

and fluent version. To investigate with different version of denoising models, we further design 

a denoising rewriter; a target-to-target rewriting model, as an alternative to the denoising 

autoencoder. We trained the denoising autoencoder (DA) and denoising rewriter (DW) with 

different settings of noises and then used each of them as a final module of the proposed APE 

system. According to the result of our experiments, the APE system trained with DA is effective 

for improving the quality of the texts generated not only by a simple Transformer-based NMT 

but also by state-of-the-art MT systems: mT5 and Google Translate. 

 

4.5  Summary 
 

To make the APE system more widely applicable for the most language pairs where APE 

triplets are unavailable, we propose a simple yet effective APE pipeline with three main modules. 

The proposed APE approach can correct the systematic errors in the texts generated by the current 

English-Myanmar NMT systems.  According to the experimental results, our APE approach 

enables to significantly improve the quality of any machine-translated text in both English-to-

Myanmar and Myanmar-to-English directions.  

In this research, we identify three main principles underlying the recent successes in the 

absence of APE triplets.  Then, we demonstrate how to apply these three principles to build an 

APE system without having the APE triplets. These three principles are word alignments 

information retrieval, sentence enrichment, and sentence denoising. Concisely, we first introduce 

a simple yet effective word alignment model that enables to extract alignments’ information from 

LaBSE based contextualized cross-lingual word embeddings. The extracted word alignments’ 

information is then used in sentence enrichment module where the semantic gap between the MT 

output and its corresponding source sentence is minimized by removing the detected errors (i.e., 

unaligned target words) and inserting missing source-side information (i.e., unaligned source 

words) in target sentence. Finally, the enriched version of the MT text is denoised to be more 
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fluent by the proposed denoising modules: denoising rewriter and denoising autoencoder. After 

passing denoising module, a clean and fluent sentence in the target language is obtained. 

According to the experimental results, the proposed APE system integrated with the above three 

principles give a promising performance even in the absence of APE triplets.  

This work is the first attempt of APE research in a low-resource English-Myanmar language 

pair, where APE triplets are unavailable. Our findings in this work can encourage and help to 

do further APE research along this direction. The models used in this APE systems can be 

trained in both low and rich-resource settings, and can also be applied not only in the APE task 

but also in other MT-related works. 
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Chapter 5   

Building Parallel Corpus from Monolingual Target 

Texts 
 

5.1  Introduction 
 

Building a high-quality machine translation (MT) system requires high-quality large-scale 

parallel corpus. A Parallel corpus consists of original texts in one language 𝐿1  and their 

translations into other language 𝐿2. The more of high-quality parallel data are available, the 

better the quality of NMT systems.  However, many existing large-scale parallel corpora are 

limited to specific languages and domains. The vast majority of language pairs including 

English-Myanmar have very little, if any, parallel corpora due to the cost of their creation. In 

contrast, large amount of monolingual corpora are easier to obtain.  

While a large body of literature has studied the use of additional parallel sentences created 

from comparable corpora for training machine translation (MT) systems is often an effective 

approach when dealing with low resource language pairs, where parallel corpora scarce. 

Findings in the literature show that there are two approaches that support the automatically 

creation of parallel sentences. The first approach is to extract parallel sentence pairs with a 

significant degree of parallelism form available topic-aligned parallel documents, called 

comparable corpora [Gre ́goire and Langlais, 2018; Hangya and Fraser, 2019]. The second 

approach is to use a back-translation (BT) model trained on existing parallel data for creating 

new pseudo parallel corpus from available target monolingual sentences [Xu et al., 2019].  

Myanmar is a low-resource language and thus only a small amount of English-Myanmar 

parallel data is currently available to train the MT models. The topic-level aligned documents 

(i.e. comparable corpora) that contains an amount of the mixture parallel and partially parallel 

English-Myanmar sentences are also not yet available. However, a plenty of monolingual 

English texts in various domains can be obtained easily. These monolingual English texts can 

be automatically backward translated into Myanmar texts to obtain additional parallel 

sentences for training the MT models.  

This work investigates a simple yet effective approach that leverage target monolingual 

texts for improving the translation quality of both source-to-target MT model (a.k.a. a forward 

model) and target-to-source MT model (a.k.a. a backward model). We first construct a pseudo 

parallel dataset from English monolingual texts by utilizing the back-translation mechanism 

and further extract only the high-quality sentence pairs from the constructed dataset. The 

extracted parallel sentence pairs are used as the additional training data to train the new MT 

systems.  

Back-translation is the state-of-the-art data augmentation approach to expand the size of 

training data. If we have a large amount of monolingual target texts, we can create a large-scale 

synthetic parallel data by using back-translation. However, there is no guarantee of the quality 

of the back-translated data. If the baseline MT model used in back-translation process is trained 
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on low-resource parallel data, it might have many noisy target translations in the back-

translated texts. The quality of the training data plays an essential role in training standard 

statistical MT (SMT) and NMT systems. Mainly, NMT systems are very sensitive to noise in 

the inputs. Therefore, when we use the constructed pseudo parallel corpus to train NMT 

systems without filtering out the low-quality noisy parallel sentences, it may lead the NMT 

systems to the performance degradation. Regarding the noisy sentence pairs filtering 

approaches, a simple but effective approach called Construct-Extract that extracts only the 

high-quality parallel sentences from the constructed pseudo parallel corpus is proposed in this 

work. The proposed extraction approach is based on the sentence-level cosine similarity scores 

of any two sentence embedding vectors, i.e., the vector representations of the English target 

sentence and its correspondence back-translated Myanmar source sentence. A Siamese BERT-

Networks and an additional MEAN pooling layer is used to calculate the sentence embedding 

vectors of each sentence pair. 

The contribution of this work is as follows: 

• We propose a neural-based parallel data creation framework called Contruct-Extract 

and demonstrate the feasibility of improving performance on the SMT and NMT tasks 

by the proposed framework.  

• There are two main outcomes of the proposed framework. First, the pseudo parallel 

corpus that is constructed from English (target language) monolingual texts throughout 

the back-translation process in which an improved English-to-Myanmar backward 

model is applied. Second, the high-quality parallel sentences that are extracted from 

the constructed pseudo parallel corpus and can be used to supplement the training data 

(parallel corpus).  

• The efficacy of the constructed-extracted parallel sentences on enhancing the 

performance of the final MT models is demonstrated with the experiments on English-

Myanmar bidirectional translation tasks. 

 

5.2 Related Work 
  

To address data sparsity problem in machine translations, several research works leverage 

monolingual data to build the pseudo-parallel data for improving translation quality. Bertoldi 

and Federico [2009] addressed the domain adaptation problem by generating pseudo-parallel 

corpus from a monolingual in-domain corpus and use it as an additional training data. Niu et 

al. [2018] addressed low-resource and out-of-domain problems by applying the combination 

of back-translation and multilingual NMT system. Sennrich et al. [2016], Zhang et al. [2018], 

and Chen et al. [2019] obtained substantial improvements by using the pseudo-parallel corpus 

created from monolingual target and/or source texts via back-translation and/or self-training.   

as additional training data. Similarly, in this research work, we constructed a pseudo-parallel 

corpus from target monolingual texts and used it as the additional training data. Contrastingly, 

we applied automatic noisy sentence pairs filtering approach to obtain high-quality pseudo-
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parallel corpus. The proposed system extracts only high-quality sentence pairs from the 

constructed pseudo-parallel corpus. We conducted MT experiments on low-resource English-

Myanmar language pair to demonstrate the accuracy of the extracted pseudo-parallel corpus. 

Previous works [Xu and Koehn, 2017; Artetxe and Schwenk, 2019; Junczys-Dowmunt, 2018; 

Chaudhary et al., 2019] on parallel corpus filtering requires large clean parallel corpora or 

dictionaries  and thus it performs poorly in our low-resource scenario.  

The work of Imankulova et al. [2017] uses the Round Trip BLEU score between true and 

the synthetic sentences to filter noisy sentence pairs. I our work, we use sentence embeddings-

based cosine similarity score instead of the Round Trip BLEU score. 

The resent work [ Jaiswal et al., 2020] applies a naive filtering model based on sentence 

similarity to filter out noisy pseudo parallel data. They apply MUSE (Multilingual Universal 

Sentence Encoder) [Yang et al., 2019] to obtain the sentence embeddings. In our work, we use 

Sentence-BERT (SBERT), a modification of the pretrained BERT network that use siamese 

and triplet network structures that derive semantically meaningful sentence embeddings and 

can be compared using cosine-similarity.  

5.3 Construct-Extract: A Neural-based Framework for 

Building Bilingual Corpus 
  

The proposed neural-based framework for creating a high-quality parallel corpus comprises 

the two major modules for (1) pseudo parallel corpus construction task and (2) high-quality 

parallel sentences pairs extraction task. Figure 5.1 shows an overview of the system containing 

these components. Briefly, the first module which generates a pseudo parallel corpus through 

a back-translation process is depicted by Figure 5.1 (a). The second module which applies the 

Siamese BERT-Network based architecture for extracting the high-quality from the corpus 

generated by the first module is depicted by Figure 5.1 (b).  

For Figure 5.1 (a), we construct more parallel trans-lated texts through back-translation 

[Sennrich et al., 2016a] using a volunteer translator, i.e. an automatic back-translation of the 

150k in-domain target mono-lingual English text into the source Myanmar language using pre-

trained English-to-Myanmar back-ward MT model. To select a volunteer backward translator, 

we conduct experiments on the choice of SMT and NMT with the available parallel datasets. 

As a result, NMT generates more accurate and fluent translation outputs than SMT in both 

directions; thereby we choose it as our choice in the pipeline.  

It might have the noisy target translations in Myanmar language in our constructed pseudo 

parallel corpus that is because the low-quality MT model trained on low-resource parallel data 

is used in the back-translation process. NMT system are very sensitive to noisy input data 

compared to SMT system. In some works, training the NMT systems using back-translated 

corpus as additional training data will cause the translation performance to deteriorate [Du and 

Way, 2017] or the translation performance will not be as good as expected. To eliminate this 

problem, we propose a simple and effective high-quality sentence pairs extraction model that 

incorporates a Siamese BERT networks based model with cosine similarity. The whole process 

of high-quality sentence pairs extraction task is shown in Figure 5.1 (b), in which Siamese 

BERT network is applied to indicate similar sentence embeddings between sentence vectors u, 
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v with cosine similarity to threshold only good quality sentence pairs. If the similarity score is 

greater than or equal to a decision threshold p, we add that pair into the training data as a good 

quality sentence pair.  

 

 

Figure 5.1: The proposed Construct-Extract framework for Myanmar-English parallel corpus 

creation.  

 

5.3.1  Back-Translation 

Back-translation [Sennrich et al., 2016a] is an effective approach for data augmentation by 

leveraging target monolingual text. Pseudo parallel corpus is generated throughout the back-

translation process and that corpus can be used as additional data to train the MT systems. In 

this research, we tried the back-translation to construct parallel translated sentence pairs from 

collected monolingual English texts. In this work, a back-translation process is conducted to 

construct a pseudo parallel corpus (150k Myanmar-English parallel sentence pairs in total) by 

leveraging the collected 150k English (target language) monolingual sentences. Firstly, we pre-

train an English-to-Myanmar NMT model on the existing parallel corpus and then use that 
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model in the back-translation process. However, the quality of the pre-trained model is not 

good enough to construct the high-quality pseudo parallel corpus because of the low-resource 

training data. It might contain noisy data (low-quality back-translated sentences) in the 

constructed corpus, which can severely impact the performance of NMT systems. Therefore, 

we design an extraction module where all of the noisy sentence pairs are removed from the 

constructed corpus. 

5.3.2  Sentence Embeddings 

Sentence-BERT (SBERT) [Reimers and Gurevych, 2019], a modification of the pretrained 

BERT network that uses Siamese and triplet network structures [Schroff et al., 2015], has set 

a new state-of-the-art performance on various sentence classification, clustering and sentence 

pair regression tasks such as semantic textual similarity. There are an increasing number of 

pretrained models that currently support more than 100 languages including English and 

Myanmar. Because these models are pre-trained based on the idea that a translated sentence 

should be mapped to the same location in the vector space as the original sentence, they can 

generate aligned vector spaces for every similar text in different languages ( i.e., similar inputs 

in different languages are mapped closely in a vector space) [Reimers and Gurevych, 2020]. 

A pre-trained model, distilbert-multilingual-nli-stsb-quora-ranking, is used in our 

experiments to obtain the aligned vector spaces for every similar pair of English sentnce and 

its correspondence back-translated Myanmar sentence. Then, the cosine similarity is applied 

to indicate how much the input sentence pair is semantically similar to each other. In our 

experiments, we threshold the similarity between each sentence pair at 0.77. The model decides 

to add the pairs that have the similarity scores greater than or equal to the threshold into the 

existing training corpus as the good quality parallel sentence pairs. From Myanmar-English 

pseudo parallel corpus that contains 150 thousands sentence pairs in total, our model extracted 

only 92,111 sentence pairs based on the defined threshold value. We conduct the experiments 

to evaluate the effectiveness of our approach on the SMT and NMT tasks. We elaborate this in 

more details in the next section.  

5.4 Experiments 
 

This section describes the datasets and configuration of baseline MT systems that we have used 

in this work. Then, the results and qualitative analysis are discussed in detail. 

 

Datasets: 

 

For parallel data, there are around 224 thousand manually created and collected English-

Myanmar parallel sentence pairs including parallel sentences from text books, Myanmar local 

news, and the ALT Corpus [Riza et al., 2016] for training the baseline MT systems. The 

development and test datasets we used in these experiments are only from the ALT corpus. 

Data statistics are shown on Table 3.1 (in Chapter 3). For creating a pseudo parallel corpus, 
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150k English sentences are collected from the internet. These monolingual English sentences 

are nearly in the same domain of the ALT corpus. 

 

Model Configuration: 

 

We evaluated the effectiveness of the proposed approach by performing machine translation 

experiments. We use phrase-based SMT (PBSMT) and Transformer-based model for the 

baseline SMT and NMT systems, respectively. We used Moses toolkit [Koehn et al., 2007] and 

GIZA++ [Och and Ney, 2003] to implement the word alignment process and to train PBSMT 

system. We applied grow-diag-final for phrases extraction and msd-bidirectional-fe heuristic 

for lexicalized word reordering. We used the default parameters of Moses to tune PBSMT 

model. The 5-gram language models with Kneser-Ney smoothing using KenLM [Heafield et 

al., 2013] are trained on Myanmar and English monolingual texts.  The Transformer-based 

NMT models is trained using the PyTorch version of the OpenNMT toolkit, an open-source 

(MIT) neural machine translation framework [Klein et al., 2018]. The Transformer experiments 

were run on NVIDIA Tesla P100 GPU with the following parameters listed in Table 3.2 (in 

Chapter 3). To segment the Myanmar sentences, we used the Myanmar word segmenter 

proposed by Zin et al. [2021]. 

 

5.4.1  Main Result 

The first module of the proposed framework constructs pseudo-parallel corpus (a.k.a 

constructed corpus) which contains 150 thousands parallel sentences via back-translation 

process. After adding these parallel sentences to the existing parallel corpus, we have more 

training data to train SMT and NMT systems. In general, the more training data helps the MT 

systems to obtain the better performance. However, NMT system has an issue with the low-

quality noisy sentences. It might contain low-quality sentence pairs in the pseudo parallel 

corpus. For investigating and eliminating this problem, we further proposed a Siamese-BERT 

networks based extraction module that extract only 92,111 high-quality sentence pairs (a.k.a 

extracted corpus) from the 150k pseudo parallel corpus.  

 Table 5.1 and Table 5.2 illustrates the quality of the parallel corpus created by our 

Construct-Extract approach on the MT experiments. In these tables, the BLEU scores of SMT 

and NMT systems on three different data size settings: only on existing 

corpus, on existing corpus plus constructed data (all back-translated sentence pairs), and on 

existing corpus plus extracted data (high-quality sentence pairs from constructed data) are 

reported. In both directions, SMT systems gain an increase on the performance with more 

additional data. On the other hand, NMT systems trained using the extracted pseudo-parallel 

corpus as additional data returned the best translation performance. These findings suggest that 

translation accuracy of the NMT systems depends on both the size and quality of the training 

data. In this scenario, the proposed Construct-Extract mechanism can be the most useful for 

obtaining an improved pseudo-parallel corpus. 
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Table 5.1: BLEU scores for English-to-Myanmar MT systems. 

Training Data Total Sentences SMT NMT 

Existing Parallel Corpus 

   +Constructed Corpus 

   +Extracted Corpus (𝑝 ≥ 0.77) 

204,535 

+150,000 

+92,111 

7.63 

8.92 

8.61 

8.11 

8.37 

8.51 

 

 

Table 5.2: BLEU scores for Myanmar-to-English MT systems. 

Training Data Total Sentences SMT NMT 

Existing Parallel Corpus 

   +Constructed Corpus 

   +Extracted Corpus (𝑝 ≥ 0.77) 

204,535 

+150,000 

+92,111 

9.19 

9.43 

9.38 

11.59 

12.21 

12.41 

 

5.4.2  Qualitative Analysis 

This section describes the qualitative analysis of the sentence pairs constructed by our approach. 

The accuracy of the three English-Myanmar sentence pairs are presented in Figure 5.2. The 

cosine similarity score of each pair is also provided.  To facilitate a comparison with the 

original English sentences, the back-translated Myanmar sentences have been translated into 

English language using Google Translate tool. Among these three example pairs, the first two 

pairs have similarity score more than 0.77 (the pre-defined threshold value) are extracted as 

high-quality pairs. We conducted many experiments with different threshold values to obtain 

the best one for deciding whether the sentence pair is similar or not. BLEU scores of MT 

systems on different threshold values are presented in Figure 5.3. In both English-to-Myanmar 

and Myanmar-to-English directions, the best BLEU scores are obtained while we used 0.77 as 

a threshold value. 
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Figure 5.2: A sample of constructed sentence pairs (monolingual English sentences and their 

corresponding back-translated Myanmar sentences).  

 

 

Figure 5.3: BLEU scores of English-Myanmar MT systems on different threshold values 

5.5 Summary 

This work is motivated by the expectation of improving the quality of translation systems in a 

low-resource setting. To achieve this goal, we propose a simple and effective data 
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augmentation and extraction approach as our main contribution. We used back-translation to 

augment pseudo parallel corpus. A Siamese-BERT-Networks-based architecture with addition 

mean pooling layer is used to generate sentence embeddings in our high-quality sentence airs 

extraction approach.  The cosine similarity is applied to calculate the similarity score of the 

sentence pair. We performed SMT and NMT experiments to validate the performance of our 

proposed framework.  

According to the experimental results, the constructed and extracted parallel datasets 

facilitate a significant improvement in the translation quality when compared to a generic 

system. In this English-Myanmar low-resource setting, our proposed framework is indeed 

beneficial for all SMT and NMT systems to obtain a remarkable percentage which increases in 

the BLEU scores. However, yielding a significant BLEU score, the constructed-extracted data 

is less effective to support the MT systems due to the lack of coverage on the sentence 

categories in the training and test datasets. The existing training and test data used in this work 

contains sentences from 13 different categories: crime and law, culture and entertainment, 

disasters and accidents, economy and busi- ness, education, the environment, health, obituaries, 

politics and conflicts, science and technology, sports, Wackynews, and weather. However, the 

collected monolingual English texts used in this work only cover 40 percent out of these 

categories. In the future, we plan to extend the proposed framework with a generative 

adversarial network for synthesizing high quality sentence candidates. We also plan to collect 

more monolingual texts in different categories to cover the categories of test dataset. 
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Chapter 6   

Building Parallel Corpus from Comparable Corpora 
 

6.1  Introduction 
 

The use of parallel corpus extracted from the comparable corpora as the additional data for 

training machine translation (MT) systems is an effective approach when dealing with low 

resource language pairs, where parallel corpora are scarce [Smith et al., 2010]. Findings in the 

literature show that there are two approaches that support the automatically creation of parallel 

corpus. The first approach is creating parallel corpus by extracting the parallel sentences with 

a significant degree of parallelism from the available comparable corpora [Smith et al., 2010; 

Karimi et al., 2017; Azpeitia et al., 2018; Gregoire et al., 2018; Hangya and Fraser 2019; 

Steingrimsson et al., 2021; Althobaiti 2021]. The second approach is to use a back-translation 

(BT) or/and self-training (ST) for creating new pseudo parallel corpus from the available target 

monolingual data [Xu et al., 2019; Chen et al., 2019; Zin et al., 2021]. 

Increasing the size of training data is essential for improving low-resource machine 

translation (MT) systems. This work investigates an effective framework to create an additional 

parallel corpus from the available comparable corpora. The proposed framework consists of 

two main parts. The first part is to expand the size of comparable corpora and the second part 

is to extract parallel sentences from the expanded comparable corpora. While deal with the 

low-resource language pairs, the collected comparable corpora may contain only a small 

number of parallel sentences. Therefore, expanding the size of comparable corpora will be 

beneficial for obtaining many parallel sentences. We evaluate the impact of our approach on 

the English-Myanmar low-resource language pair. 

The main contributions of this work are as follows: 

• We first propose a bidirectional data augmentation approach by effectively utilizing 

self-training, back-translation, and the recent DbAPE [Zin et al., 2022] system, for 

expanding the data size of the collected comparable corpora. For every sentence in 

one language, we augment three aligned sentences in other languages using three 

different MT models. Having many aligned target (or source) sentences for a given 

source (or target, respectively) sentence, we can choose the best quality one. 

• We improve a scoring formula for computing the semantic similarity of the two 

sentences. Our scoring formula can give the highest scores to the correctly aligned 

sentence pairs. 

• We then propose an effective approach to extract parallel sentences from the 

expanded comparable corpora by applying our scoring formula on the LaBSE [Feng 

et al., 2020] based sentence embeddings. 
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• We quantitatively and qualitatively examine the main advantages and shortcomings 

of the parallel corpus created from comparable corpora by our approach when they 

are used as additional training data for MT. 

The performance of NMT systems has been proven to mainly depend on not only the 

quantity but also the quality of the training data [Khayrallah and Koehn 2018]. Determining 

the quality and/or reliability of all of our created parallel corpus is a fraught and complex task, 

in part due to the lack of any single, widely accepted definition of what “parallel corpus quality” 

is. In our experiments, we create three types of parallel corpus and thus we have altogether too 

many numbers of sentence pairs (over 276k sentence pairs as shown in Table 6.6) for assessing 

the quality. Assessing the quality and/or reliability of these sentence pairs by bilingual subject-

matter experts is relatively expensive and time-consuming, and thus we use BLEU as a proxy 

for human evaluation of quality. BLEU is a standard metric for evaluating the output quality 

of NMT systems. The higher the BLEU scores, the better the translations. Therefore, reliability 

and/or quality of the parallel corpus can be determined based on the improved BLEU scores of 

NMT systems trained on it. In this work, our experiments confirm that BLEU scores of NMT 

systems increased by about 6 points in both translation directions when our created parallel 

corpus is used as the additional training data. 

The remainder of this chapter is organized as follows: Section 6.2 discusses previous 

studies related to this work. The detail about the data and our proposed system are explained 

in Sections 6.3 and 6.4. Experiments and results are discussed in Section 6.5. Finally, Section 

6.6 presents the conclusion and the future work. 

 

6.2 Related Work 
 

To address training data sparsity in machine translations, comparable corpora have been shown 

to be a useful source for creating parallel data that can be used to supplement parallel corpus 

and can help to improve MT quality [Wolk et al., 2016; Hangya and Fraser 2019]. Afli et al. 

[2016] extracted English-French parallel sentences from a multimodal comparable corpus built 

from the Euronews17  and TED18  websites. Smith et al. [2010] and Chu et al. [2015] also 

extracted parallel data from Wikipedia and Ling et al. [2014] employed a crowdsourcing 

paradigm to obtain high-quality parallel data from Twitter. 

Multilingual sentence embedding models achieve strong results in multilingual sentences 

similarity search even for low-resource language pairs. These models have also been applied 

to extract parallel sentences from comparable corpora, obtaining the state-of-the-art 

performance [Schwenk 2018; Artetxe and Schwenk 2019]. The recent work of Ramesh et al. 

[Ramesh et al., 2022] extracted parallel sentences from the web by using LaBSE model to 

produce multilingual sentence representations for aligning sentences and approximate nearest 

neighbor search for searching in a large collection of sentences. Steingrímsson et al. [2021] 

extracted parallel sentence candidates using an inverted index-based cross-lingual information 

 

 
17 https://www.euronews.com/ 
18 https://www.ted.com/ 
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retrieval (CLIR) tool called FaDA [Lohar et al., 2016], that requires a bilingual lexicon. The 

extracted sentence candidates were then scored using LaBSE embeddings-based similarity 

score and word alignment score. Recently, Althobaiti [2021] created parallel sentences from 

comparable corpora using a bilingual dictionary to translate English sentences into Arabic, and 

a word vectorization method such as TF-IDF to yield better results when computing similarity 

between sentences with mistakes in structures and syntax. Our work differs in that we first 

expand the low-resourced comparable corpora by creating many similar candidates of 

sentences in both directions using three pre-trained MT systems and DbAPE [Zin et al., 2022] 

system via self-training and back-translation processes (see Subsection 6.4.1.1 and Subsection 

6.4.1.2 for a more detailed description of self-training and back-translation processes, 

respectively). And then, we extract parallel sentences from the expanded comparable corpora; 

we define a new scoring formula by exploiting the cosine similarity of the source-target 

sentence pair and the margin between the cosine and the average cosine of its k nearest 

neighbors in both directions. Hence, our approach does not require the bilingual lexicon for 

creating parallel sentences.  

This work is an extension of the previous works of Zin et al. [2021; 2022]. Zin et al. 

[2021] described a method to effectively increase the size of training data for MT systems via 

filtering pseudo-parallel corpus obtained by using back-translation approach. Previously, Zin 

et al. [2021] leveraged only English monolingual texts for creating additional parallel corpus. 

To fill this gap, this work studies how comparable corpora are leveraged as an alternative 

approach for creating parallel corpus that can be supplemented to training data. Denoising-

based automatic post-editing (DbAPE) system developed by Zin et al. [2022] is applied in this 

work to improve the augmented sentences’ quality. 

 

6.3 Data 
 

In this section, we describe the detail of our training data and the applied preprocessing 

techniques. 

6.3.1  Parallel Corpus 

The parallel corpus consists of two datasets. For the first dataset, we manually collect and 

create 204,535 English-Myanmar bilingual sentences from various domains, including news 

articles and textbooks. The second dataset is the Asian Language Treebank (ALT) corpus [Thu 

et al., 2016] which consists of 18,082 training sentence pairs, 1,000 validation sentence pairs 

and 1,017 test pairs from English originating news articles. Data statistics are shown on Table 

3.1 (in Chapter 3). 

6.3.2  Comparable Corpora 

We manually collect 150,000 English monolingual texts and 137,680 Myanmar monolingual 

texts from various domains: crime and law, disasters and accidents, economy and business, 

politics and conflicts, sports, international news, weather, and daily conversations. These 
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English and Myanmar monolingual texts contain a mixture of parallel and partially parallel 

sentences, and thus are used as the comparable corpora in this work. We denote English 

(source) monolingual dataset and Myanmar (target) monolingual dataset by  𝑀𝑆  and 𝑀𝑇  , 

respectively. 

6.3.3  Data Preprocessing 

The collected Myanmar monolingual data contains texts in both Unicode and Zawgyi 

encodings. The myanmar-tools19  library is used to classify and convert all Zawgyi texts to 

Unicode. We tokenize English sentences using Moses [Koehn et al., 2007]. For tokenizing 

Myanmar texts, we used the Myanmar word segmenter developed by Zin et al. [2021]. 

 

6.4 Expand-Extract: A Parallel Corpus Mining Framework 

from Comparable Corpora 

This section describes our proposed Expand-Extract framework for creating parallel corpus 

from comparable corpora under low-resource conditions. The Expand-Extract framework 

comprises two main modules for (1) expanding the data size of comparable corpora and (2) 

extracting parallel sentences from the expanded comparable corpora. Figure 6.1 shows an 

overview of the framework containing these components. 

Briefly, Figure 6.1 (a) depicts the first Expand module which augments data 

bidirectionally (i.e., source-to-target and target-to-source directions) to expand the data size of 

the original comparable corpora with the synthetic data composed by the source sentences from 

source monolingual dataset with their corresponding three machine-translated target sentences 

and vice versa. Figure 6.1 (b) depicts the second Extract module which finds and extracts 

parallel sentence pairs from the expanded comparable corpora. Each of the resulting three 

datasets (s2t𝓟, t2s𝓟, and bd𝓟) is then employed as an additional training corpus. 

6.4.1  Expanding the Data Size of Comparable Corpora 

English-Myanmar is a low-resource language pair and thus the collected comparable corpora 

may contain only a small amount of parallel sentence pairs. Expanding the data size of the 

comparable corpora may be beneficial for obtaining a large amount of parallel data. Previous 

works [Ueffing 2006; Sennrich et al., 2015; Zhang and Zong 2016; He et al., 2019] applied the 

data augmentation approaches such as self-training, i.e., the forward (source-to-target) 

translation, and back-translation, i.e., the target-to-source, approaches to expand the size of 

parallel corpus by exploiting source and target monolingual texts. This work also applies these 

approaches to expand the data size of the low-resource comparable corpora for English-

Myanmar translation. 

 

 

 
19 https://github.com/google/myanmar-tools 
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In the reminder of this work, we denote the forward (English-to-Myanmar) and backward 

(Myanmar-to-English) translation models by 𝑓 ⃗⃗⃗   and  𝑔 ⃗⃗  ⃗, respectively. 

 

 

Figure 6.1: The proposed Expand-Extract framework for creating parallel corpus from 

comparable corpora. 

 

6.4.1.1  Self-Training (ST) 

Self-training [Ueffing 2006; Zhang and Zong 2016; He et al., 2019] is an effective data 

augmentation method leveraging source side monolingual texts. To perform self-training, we 

first train 𝒇 ⃗⃗⃗   on the existing parallel corpus (shown in Table 3.1 (in Chapter 3)) and use it to 
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translate 𝓜𝑺 (150,000 English sentences) to produce synthetic target side data, denoted by 

𝒇 ⃗⃗⃗  (𝓜𝑺). In this work, we use three forward translation models: NMT, mT5 and Google 

Translate. Therefore, after self-training (forward translation) process, we obtain three kinds of 

synthetic target side datasets (450,000 Myanmar sentences in total). These datasets are added 

to the target side of the original comparable corpora. 

6.4.1.2  Back-translation (BT) 

Back-translation [Sennrich et al., 2015] is a state-of-the-art data augmentation method 

leveraging target side monolingual texts. To perform back-translation, we first train 𝒈 ⃗⃗  ⃗ on on 

the existing parallel corpus (shown in Table 3.1 (in Chapter 3)) and use it to translate 

𝓜𝑻 (137,680 Myanmar sentences) to produce synthetic source side texts, denoted by 𝒈 ⃗⃗  ⃗(𝓜𝑻). 

We train and use three back-translation models based on NMT, mT5 and Google Translate, 

and obtain three kinds of synthetic source side datasets (413,040 English sentences in total). 

These datasets are added to the source side of the original comparable corpora. 

6.4.1.3  Automatic Post-editing (APE) 

The APE system aims to correct the systematic errors in both forward and back-translated texts. 

For English-Myanmar low-resource language pair, in which only low-accurate machine 

translation systems can be used in self-training and back-translation processes, there is no 

guarantee of the quality of machine-translated synthetic texts. In order to improve the quality 

of the synthetic texts, we apply the denoising-based automatic post-editing (DbAPE) [Zin et 

al., 2022] system which automatically detects and corrects errors in the texts. DbAPE is a 

pipeline system consisting of three main modules. The first module is word alignment 

information retrieva1 that detects the systematic errors in a machine-translated text. Target 

sentence enrichment and target sentence denoising are the second and third modules of the 

DbAPE system. These modules transform any machine-translated sentence into an accurate 

and fluent one. DbAPE does not require APE data for training and thus can be used easily to 

train with any available monolingual data. The quality of the source and target sides synthetic 

datasets from comparable corpora have been shown to improve when applying the DbAPE. 

6.4.2  Extracting Parallel Sentences 

Extracting parallel sentences from comparable corpora is an effective approach to increase the 

training data for low-resource MT systems. Given two comparable corpora in different 

languages, the task is to find and extract the sentence pairs that are translations of each other. 

The multilingual encoder, LaBSE [Feng et al., 2020], has been reported to be competitive in 

extracting parallel sentences from comparable corpora by taking the nearest neighbor of each 

source sentence in the target side according to cosine similarity of their respective embeddings, 

and filtering those below a fixed threshold. However, the scale of cosine similarity is not being 

globally consistent across different sentences [Artetxe and Schwenk 2018]. For instance, Table 

6.1 shows an example of where an incorrectly aligned sentence pair (i.e., m2 and its nearest 
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neighbor) has a larger cosine similarity (i.e., 0.7977) than a correctly aligned one (i.e., m1 and 

its nearest neighbor with cosine similarity score 0.7779). This is caused by the cosine similarity 

of different sentences being in different scales, making it a poor indicator of the confidence of 

the prediction. Therefore, using only cosine similarity to extract the sentence pairs through a 

fixed threshold is impossible to obtain the correctly aligned pairs. To tackles this issue, Artetxe 

and Schwenk [2018] considered the margin between a given candidate and the rest of the 𝑘 

nearest neighbors. They showed that the margin between the similarity of a given candidate 

and that of its 𝑘  nearest neighbors is a better indicator of the strength of the sentence pair 

alignment.  In their work, the margin between the cosine of a given candidate and the average 

cosine of its 𝑘 nearest neighbors in both directions are considered as follows: 

 

margin_score(𝑥, 𝑦) = margin(cos(𝑥, 𝑦) , ∑
cos(𝑥,𝑧)

2𝑘𝑧∈𝑁𝑁𝑘(𝑥) + ∑
cos (𝑦,𝑧)

2𝑘𝑧∈𝑁𝑁𝑘(𝑦) )        (6.1) 

 

where 𝑥  and 𝑦  are the source and target sentences, and 𝑁𝑁𝑘(𝑥)  denotes the 𝑘  nearest 

neighbors of 𝑥  in the other language, and analogously for 𝑁𝑁𝑘(𝑦) .  We explore different 

margin functions: absolute (margin(𝑎, 𝑏) = 𝑎), distance (margin(𝑎, 𝑏) = 𝑎 − 𝑏), and ratio 

(margin(𝑎, 𝑏) = 𝑎/𝑏), proposed by Artetxe and Schwenk [2018]. The ratio function yields 

the best results. 

 

Table 6.1:  Example of the nearest neighbors of the two Myanmar sentences (m1 and m2) on 

comparable corpora along with their cosine similarities 

 

(m1) ကျွနမ် အတွက် ပ ို့  လ ိုက် တ ဲ့ ပန််းတတွ အတွက် တက ်းဇ ်းတင် တ ကြောင််း တ ပြော ခ င် လ ို့  ဖိုန််းဆက် လ ိုက် တြောပါ ။ 
(Reference: I am calling to tell you how much I appreciate for the flowers you sent me.) 

0.7779 

0.5997 

0.5416 

0.5233 

I was just about to call to tell you how I appreciate the flowers you sent me.  

Thank you for your call.  

Thank you very much for inviting me.  

Thank you for calling Air France. 

  

(m2) လယ်ယြောထွက်ကိုနမ် ြော်းတွင် လက်ဖက်၊ ဆန၊် သ ကြော်း၊ တဆ်းရွက်ကက ်း၊ ပရိုတ၊် သစ်သ ်း နှငဲ့် ပ ို်းခ ည် တ ို့  ပါဝင်သည်။ 
(Reference: Agricultural products consist of tea leaf, rice, sugar, tobacco, camphor, fruits, and silk. ) 

0.7977 

0.6407 

0.6280 

0.6247 

Main crops include wheat, sugar beets, potatoes, cotton, tobacco, vegetables, and fruit. 

The fertile soil supports wheat, corn, barley, tobacco, sugar beet, and soybeans. 

The important crops grown are cotton, jowar, groundnut, rice, sunflower, and cereals. 

Main agricultural products include grains, cotton, oil, pigs, poultry, fruits, vegetables, and edible fungus.  

 

In this work, we conduct the experiments using not only cosine similarity but also margin-

score. Although, margin-score function gives the better results than cosine similarity, 

considering both of them becomes the best function to indicate the correctly aligned sentence 

pairs. Therefore, our final scoring function is considered based on cosine similarity and margin-

score as follows: 
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                                              score(𝑥, 𝑦) = cos(𝑥, 𝑦) + margin_score(𝑥, 𝑦)                                  (6.2) 

 

When extracting parallel sentences, we perform the following steps to generate the candidates: 

1. Each source sentence is aligned with exactly one best scoring target sentence.20 Some 

target sentences may be aligned with none (this is because the number of source sentences 

is not equal to the number of target sentences in comparable corpora) or with multiple 

source sentences.  

2. Each target sentence is aligned with exactly one best scoring source sentence. As Step 1, 

some source sentence may be aligned with multiple target sentences or with none. 

3. The candidates generated from the previous steps are combined and the duplicated ones 

are removed.  

These candidates are then sorted according to their scores (as in Equation 6.2), and a fixed 

threshold is applied to extract only the highly similar candidates. 

 

6.5 Experiments 
 

This section describes the configuration of the MT systems that we have used in this work. 

Then, the results, ablation study and analysis are discussed in detail.  

6.5.1  Implementation Details 

In the data augmentation process of expanding the data size of comparable corpora, we apply 

back-translation and self-training approaches using the pre-trained MT systems: Transformer 

[Vaswani et al., 2017] based NMT, mT5, and Google Translate. The parallel data shown in 

Table 3.1 (in Chapter 3) is used for pre-training the NMT system and fine-tuning the mT5 

system. We utilized PyTorch version of OpenNMT toolkit developed by Klein et al. [2018] to 

train NMT system. The encoder and decoder consist of 6 layers, 8 attention heads, and the 

hidden size is kept to 512. We used the Adam optimizer with dropout, and the number of 

training step is 200,000. For mT5 system, we initialize the pre-trained mT5-base model using 

Hugging Face’s AutoModelForSeq2SEqLM21. 

6.5.2  Expansion of Comparable Corpora 

After applying the self-training, back-translation, and post-editing on the translated texts with 

the DbAPE system, the Expand module of our proposed framework bidirectionally expands 

the data size of existing comparable corpora with additional 413,040 English sentences and 

450,000 Myanmar sentences as shown in Table 6.2. After mixing these augmented data with 

 

 
20 For efficiency, only the 𝑘 nearest neighbors over cosine similarity are considered, where the neighborhood size 

𝑘 is the same as that used for the margin-based scoring shown as in Equation 6.1. 
21 https://huggingface.co/docs/transformers/model_doc/auto#transformers.AutoModelForSeq2SeqLM 
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the existing comparable corpora, we have more potential parallel sentences. 

 

Table 6.2: Statistics of expanded comparable corpora 

 

Language Data Creation Approach 
No. of 

Sentences 

Total 

Sentences 

English 

Original (manually collected) 150,000 

563,040 Self-Translation (NMT, mT5, Google Translate) 

+ post-edited by DbAPE 
413,040 

Myanmar 

Original (manually collected) 137,680 

587,680 Back-translation (NMT, mT5, GoogleTranslate) 

+ post-edited by DbAPE 
450,000 

 

6.5.3  Extraction of Parallel Sentences 

To find and extract parallel sentences from the expanded comparable corpora, we first encode 

all sentences to their respective embeddings using the LaBSE model. Once we have the 

sentence embeddings, we find the 𝑘  nearest neighbor sentences for all sentences in both 

directions. Then, we score all possible sentence combinations using Equation 6.2 (mentioned 

in Subsection 6.4.2). The pairs with the highest scores are most likely parallel pairs. For a good 

quality, a threshold 𝑡 is used to extract the pairs above that threshold. 

For English-Myanmar language pair, there is no test set previously made available for the 

parallel sentence extraction task. Therefore, for evaluation of our extraction approach, we 

created a training dataset with 50,000 English sentences and 48,500 Myanmar sentences in 

which 2,017 sentence pairs are aligned. The precision, recall and F1 scores on this dataset with 

𝑘 = 17 is shown in Table 6.3. The optimal threshold that leads to the highest F1-score is 2.16 

when the typical choice for 𝑘 is 17. To obtain the optimal value for 𝑘 , we conduct experiments 

with different values. The F1 scores on different values of 𝑘 are provided in Figure 6. 2, where 

we can see that a high accuracy is obtained by considering 17 nearest neighbors for each 

sentence in both directions. 

 

Table 6.3: The result (Precision, Recall, and F1) on the English-Myanmar dataset used to 

optimize the threshold value for the parallel sentence extraction task 

 

Language Training Sentences 
Gold 

Sentences 
P R F1 

Optimal 

threshold (𝒕) 

English 50,000 2,017 
95.0 94.6 94.8 2.16 

Myanmar 48,500 2,017 
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Figure 6.2: F1 scores on different values of 𝑘  for extracting English-Myanmar parallel 

sentences. 

 

To evaluate our scoring function, we compared ours with the previous state-of-the art 

methods. Table 6.4 reports precision, recall and F1 scores on three different scoring 

mechanisms: cosine similarity [Schwenk 2018], margin-score [Artetxe and Schwenk 2018], 

and ours (Equation 6.2). According to the results in Table 6.4, it is clear that our scoring 

function outperforms the previous mechanisms, and thus it can effectively apply in the parallel 

sentence pairs’ extraction task. Indeed, we explore different values of 𝑘 and scoring functions. 

The experimental results on English-Myanmar dataset show that using the value of  𝑘 = 17 and 

the combination of cosine similarity and margin-based scoring yield the best results. 

 

Table 6.4: The result (Precision, Recall, and F1) on different scoring mechanisms 

 

Scoring Method Precision Recall F1 

Cosine similarity [Schwenk 2018] 89.3 87.5 88.4 

Margin-score [Artetxe and Schewenk 2018] 93.9 94.5 94.2 

Ours 95.0 94.6 94.8 

 

To further evaluate our approach on different language pair, we used the training set of 

English-German language pairs from the BUCC 2018 shared task22  . A comparison of our 

approach with the previous works of Feng et al. [Feng et al., 2020] and Artetxe and Schwenk 

[2018] is shown in Table 6.5. In the table, the precision, recall and F1 scores of each work are 

presented. According to the result, our framework with our scoring function (Equation 6.2) 

 

 
22 https://comparable.limsi.fr/bucc2018/bucc2018-task.html 
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outperforms the previous works. 

 

Table 6.5: The result (Precision, Recall, and F1) on the BUCC English-German Training Set 

 

Language 
Training 

Sentences 

Gold 

Sentences 
Framework P R F1 

English 

German 

399,337 

413,869 

9,580 

9,580 

Artetxe and Schwenk [2018]  

(Cosine Similarity) 
84.9 80.8 82.8 

Artetxe and Schwenk [2018]  

(Margin-score) 
95.3 94.4 94.8 

Feng et al. [2020]  

(Cosine Similarity) 
92.3 92.7 92.5 

Ours  94.9 94.9 94.9 

 

 

Table 6.6: Number of parallel sentences extracted from comparable corpora expanded by 

unidirectional and bidirectional approaches 

 

Direction 

No. of Extracted Pairs where Target Sentences are from: 

Total 

Sentences 

Name of 

Extracted 

Corpus 

Original 

Comparable 

Corpora 

Machine-translated and Post-edited 

Synthetic Datasets 

NMT mT5 
Google 

Translate 

En→My 10,421 8,206 20,967 34,514 74,108 s2t 𝓟 

My→En 9,989 5,809 18,451 35,182 69,431 t2s 𝓟 

Bidirectional     132,857 bd 𝓟 

 

The proposed framework uses the bidirectional approach (i.e., source-to-target and target-

to-source directions) for the Expand module for augmenting the target and source datasets that 

are used to expand the data size of existing comparable corpora. To compare the bidirectional 

approach with each unidirectional one (i.e., source-to-target or target-to-source), we implement 

both approaches in our experiments. The number of parallel sentences extracted by the Extract 

module from each approach (i.e., English-to-Myanmar unidirectional approach, Myanmar-to-

English unidirectional approach, Bidirectional approach) are reported in Table 6.6. According 

to the report, it is clear that our bidirectional approach enables to expand more comparable data.  

The effectiveness of the extracted corpus is discussed in the next section. 
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6.5.4  Evaluation of Extracted Parallel Corpus on Machine 

Translation Task 

We present the results in the context of a full machine translation system to evaluate the 

potential utility of the extracted parallel corpus. To evaluate the translation performance trained 

on existing and our extracted data, we use the BLEU score [Papineni et al., 2002] using the 

multi-bleu script from Moses23. In Table 6.7, we report the BLEU scores of Transformer-based 

NMT and mT5 systems on four different data size settings: only on existing parallel corpus, on 

existing corpus plus the s2t 𝓟 corpus (parallel sentences extracted from comparable corpora 

after expanding the corpora with Myanmar sentences generated by the English-to-Myanmar 

forward-translation), on existing corpus plus the t2s 𝓟  corpus (parallel sentences extracted 

from comparable corpora after expanding the corpora with English sentences generated by the 

Myanmar-to-English back-translation), and on existing corpus plus the bd 𝓟 corpus (parallel 

sentences extracted from comparable corpora after expanding the corpora with all English and 

Myanmar sentences generated by both forward and back-translation).  

 

Table 6.7: BLEU scores for English-Myanmar MT systems 

 

Training Data 
Total 

Sentences 

English-to-Myanmar Myanmar-to-English 

NMT mT5 NMT mT5 

Existing Parallel Corpus 204,535 8.11 13.49 11.59 15.49 

         + s2t 𝓟      +74,108 12.92 16.32 14.56 19.08 

         + t2s 𝓟      +69,431 12.75 16.01 14.06 18.93 

        + bd 𝓟      +132,857 14.03 18.57 16.81 21.32 

 

Observe that both NMT and mT5 systems gain an increase on the performance with more 

additional data when training with either s2t 𝓟 or t2s 𝓟. While the bd 𝓟 corpus is used as the 

additional training data, both NMT and mT5 systems achieve up to +6 BLEU scores in both 

translation directions. The translation accuracy of neural MT systems depends on both the size 

and quality of the training data [Zin et al., 2021]. Therefore, according to the findings, it implies 

that our proposed framework is an effective approach for creating a large and reliable parallel 

corpus in English-Myanmar low-resource setting. 

6.5.5  Ablation Study and Analysis 

Additionally, we conduct a qualitative analysis and ablation study on the effectiveness of the 

denoising-based automatic post-editing (DbAPE) system in this work. To validate the necessity 

of DbAPE, we further conduct the experiment without using it in our framework. Table 6.8 

shows the number of parallel sentences extracted by our proposed framework without applying 

 

 
23 https://github.com/moses-smt/mosesdecoder 
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DbAPE in the data augmentation process of our Expand module. A comparison between Table 

6.8 (i.e., without DbAPE) and Table 6.6 (i.e., with DbAPE) shows 23% (in English-to-

Myanmar direction), 36% (in Myanmar-to-English direction), and 22% (in bi-direction) 

decrease on average on the number of extracted sentence pairs. From our analysis, it is because 

some of the forward and back-translated texts contain systematic errors such as extra words 

and missing words, and thus the source and translated sentences become less in similarity.  

Table 6.8: Number of parallel sentences extracted from comparable corpora expanded by 

unidirectional and bidirectional approaches without using DbAPE system in the data 

augmentation processes. 

 

Direction 

No. of Extracted Pairs where Target Sentences are from: 

Total 

Sentences 

Name of 

Extracted 

Corpus 
Original 

Comparable 

Corpora 

Machine-translated without Post-edited Synthetic 

Datasets 

NMT mT5 Google Translate 

En→My 10,421 6,319 19,447 20,618 56,805 s2t �̂� 

My→En 9,989 3,621 10,214 20,637 44,461 t2s �̂� 

Bidirectional     104,018 bd �̂� 

 

 

Table 6.9: BLEU scores for English-Myanmar MT systems. Without using DbAPE in data 

augmentation processes, it is not only decreased in the number of extracted sentence pairs but 

also in BLEU scores. 

 

Training Data 
Total 

Sentences 

English-to-Myanmar Myanmar-to-English 

NMT mT5 NMT mT5 

Existing Parallel Corpus 204,535 8.11 13.49 11.59 15.49 

         + s2t �̂�      +56,805 11.87 15.62 13.07 17.36 

         + t2s �̂�      +44,461 11.04 15.31 12.93 17.10 

        + bd �̂�      +104,018 13.86 17.93 15.74 20.63 

Table 6.9 shows the BLEU scores of the MT systems trained on additional data as 

mentioned in Table 6.8. The results show that DbAPE is a necessary component for the 

proposed framework to increase the amount of reliable parallel sentence pairs. 

 

6.6 Summary 
 

Our first substantial contribution is to demonstrate that collecting comparable monolingual 

texts to obtain a comparable corpus and expanding its size using the state-of-the-art data 

augmentation models is a useful approach for mining parallel data. The increasing volume of 
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extracted parallel sentences is a somewhat surprising result in improving low-resource MT 

systems. Hopefully this will encourage research into building large-scale comparable corpora 

for English-Myanmar low-resource machine translation. 

Secondly, we improve on the candidate scoring function by effectively considering the 

usefulness of cosine similarity and margin-based scoring. This research points out that not only 

the cosine similarity but also the margin-based scoring alone is somehow less effective than 

their combination. 

Moreover, initial investigations have shown that substantial gains can be achieved by applying 

the denoising-based automatic post-editing (DbAPE) model altogether with self-training and 

back-translation approaches. This enables to gain a higher number of high-quality similar the 

sentence pairs. 

The extensive experiment shows that even with the small comparable corpora which 

contains small number of parallel sentences, our proposed framework can effectively expand 

the size of the comparable corpora and generate a little huge amount of reliable additional 

training data. Both NMT and mT5 systems can achieve up to +6 additional BLEU points in 

both translation directions for English-Myanmar language pair by using our created parallel 

corpus as the additional training data. 
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Chapter 7   

Conclusions and Future Work 
 

7.1  Conclusions 

Our thesis is motivated by the fact that combining the effectiveness of optimized word 

segmentation, training data augmentation, and automatic post-editing for enhancing machine 

translation output will benefit for many low-resource language pairs. Deep learning and 

leveraging pre-trained word/sentence embeddings and monolingual data are a promising 

approach for solving that task. 

The main contributions of this dissertation are summarized as follows: 

• Optimizing Myanmar Word Segmentation (Chapter 3): We combine the advantages 

of NFKC normalization and byte-pair-encoding (BPE) mechanism via the proposed 

unsupervised Myanmar word segmenter. This approach efficiently solve out-of-

vocabulary (OOV) problems in current MT systems. In addition, the proposed 

approach is a simple, cost effective and adaptable any MT domain at hand. 

 

• Denoising-based Automatic Post-editing (Chapter 4): The proposed APE 

architecture, which employs pre-trained embedding model and denoising mechanism, 

achieves significant improvement and robustness in the post-editing task. We 

automatically carried out the post-editing task through three modules. The first 

modules is to find out mistranslation and missing information in machine-translated 

text (mt) via word alignment information. The second module enriched the mt by 

removing errors (mistranslations) and adding missing source size information. Then, 

the final module denoise the enriched version of mt to be in correct grammatical 

structure. For the first two modules, we simply design the workflow by applying pre-

trained LaBSE model. For the final module, we use denoising autoencoder. In addition, 

the proposed architecture can be used as the post-processor not only for low-resource 

languages but also applicable for rich-resource language.  

 

• Building Parallel Corpus from Monolingual Target Texts (Chapter 5): We 

augmented more parallel data for improving the performance of existing Myanmar-

English MT systems. Leveraging pre-trained sentence embedding model to filter low-

quality (less in similarity with huge semantic gap) sentence pairs from augmented 

corpus (pseudo-parallel corpus), consistently obtains high-quality training data. 

Through the experimental results, NMT achieved better performance using our 

extracted pseudo-parallel corpus as the additional training data. 

 

• Building Parallel Corpus from Comparable Corpora (Chapter 6): We expanded 

our collected comparable corpora by augmenting more source and target sentences 
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using various MT approaches in order to obtain larger amount of reliable parallel data. 

We applied both self-training and back-translation approaches in our data 

augmentation process. Combining cosine similarity and margin-score function can 

extract reliable parallel sentence pairs from the expanded comparable corpora. 

Through the experimental results, both NMT and mT5 systems achieved better 

performance using our created parallel corpus as the additional training data.   

 

7.2  Future Work 
 

The next study will focus on the following things: 

• Optimizing Myanmar Word Segmentation (Chapter 3): In our work, we just 

consider Myanmar word segmentation for machine translation task. It is interesting to 

apply our unsupervised approach to combination models (eg., name entity recognition 

(NER), syllable N-grams) for generating better word segmentation results.  

 

• Denoising-based Automatic Post-editing (Chapter 4): Recently, reinforcement 

learning at informal-formal text style transfer achieves many successes. The 

combination of our APE architecture and reinforcement learning based text style 

transfer can lead to interesting results. 

 

• Building Parallel Corpus from Monolingual Target Texts (Chapter 5): For future 

work, we plan to improve the performance of existing MT systems with more 

augmented data. Collecting comparable corpora, automatically extracting parallel 

corpus from collected corpora, and minimizing the semantic gap between extracted 

pairs by our proposed APE approach could lead to valuable results in high-quality 

training data creation task. 

 

• Building Parallel Corpus from Comparable Corpora (Chapter 6): In the future, we 

would like to explore an alternative scoring method like a word alignment-based 

scoring approach. We would also like to explore strategies to exploit monolingual 

documents that are uploaded online in PDF format such as daily newspaper written in 

both English and Myanmar languages for building a large-scale comparable data. We 

will consider using the optical character recognition (OCR) tools for converting image 

to text and PDF file to Doc file, to easily copy the monolingual texts, and topic-

level/document-level clustering approaches for aligning the copied English and 

Myanmar texts which are in the same clusters. 
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