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Abstract

In the face of rapid globalization, the concept of translation performs the most
important role in continuing the existence of native languages. Most of the research
on Natural Language Processing in Neural Machine Translation has achieved an im-
pressive result through parallel corpus dataset. Low resourced languages confront
with low performance due to the lack amount of parallel corpus data. Creating
parallel corpus for language pair is more expensive and needs the persons who are
expert knowledge for both languages. Sinhala and Tamil consider as low resourced
languages due to the lack of linguistics references. Conversely, monolingual corpora
data is much easier to find than parallel corpus data and many languages with a
limited amount of parallel corpus may perform prominent result with monolingual
corpora.

The main aim of this research is to develop a translator for Sinhala and Tamil
languages pair using monolingual corpora data. To best of our knowledge, there
are no researches which used only monolingual corpora data for developing the
translation between Sinhala and Tamil language pair.

In the first part of the research, we have examined the performance in Sinhala-Tamil
translation using both parallel and monolingual corpora. We employed the dataset
for having the sub-word unit. Sinhala and Tamil consider as morphologically rich
languages. Then, we required to apply proper treatment to these languages to re-
duce their morphological rich nature. We conducted to address the scarcity of data
we manipulated back-translation techniques and analyzed its applicability on the
translation of Sinhala and Tamil languages.Through our experiment, we received
30 BLEU score for the Tamil to Sinhala translation.

As a second part of the paper, we only examined the unsupervised approach using
monolingual corpora for Sinhala-Tamil translation.For this procedure, we used the
word embedding technique with segmentation technique for data preparation. we
conducted our experimented with a shared-encoder with two decoders architec-
ture. Through this approach, we were able to show that there are availabilities for

creating translation only using monolingual corpora data.
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Preface

A novel approach for exploring neural machine translation for developing a
translator in between the Sinhala and Tamil languages pair using only monolin-
gual corpora data is introducing through this research. By using 25000 sentences
of parallel corpus and 1000000 sentences of Sinhala and 400000 sentences of Tamil
languages monolingual corpora collected by previous research works, we used for
analysed our experiments. As the best of our knowledge, there is no research for
Sinhala-Tamil NMT using only monolingual data.Through our research, first, we
identify the where is the challenging matters in the Sinhala-Tamil language pair.
Mainly we are addressing their nature of the having low resourced. For treating

this, we selected to use the monolingual corpora data for the research.

Initially, we did a sub-word segmentation using segmentation techniques for
treating the morphological richness nature in both languages. After that our re-
search drove in two main parts. One is addressing the translation using existence
parallel corpus data with monolingual corpora data. Transformer architecture was
used as a DNN model and used back translation techniques for increasing the data

corpus.

Addressing the second main part of the research, we are only used monolingual
corpora for training the results to inhere we used normal RNN model for DNN
model. For pre-processing part, we used word embedding techniques.

With constant guidance and supervision of my supervisor and co-supervisor, more
conclusions were expressed about the translation of Sinhala and Tamil, which we

believe, are new contributions to the body of knowledge.
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Chapter 1

Introduction

1.1 Background

Generally, human beings get used to use their native language more than a foreign
language. In the face of rapid globalization, the concept of translation performs
the most important role in continuing the existence of native languages. The evo-
lution of the Machine Translation was starting from in 1930 and it was the most
significant achievement of the computational linguistics. After passing several re-
markable approaches to machine translation, Neural Machine Translation was able
to represent the major turning point to the machine translation approach.It was
almost like the paradigm shift of the machine translation. In the world, it has
already shown significant results for European languages with the large content of
the data. It has not been observed much on Sinhala-Tamil languages yet. There-
fore, through this undergraduate research, we attempt to increase the quality of
Sinhala-Tamil translation using Neural Machine Translation approach for increas-
ing the effectiveness of communication in Sri Lanka.

Sri Lanka accords official status to Sinhala and Tamil. The languages are spoken on
the island are mainly Sinhala and Tamil. Having a good translation between both
languages is good for having better communication with each other in Sri Lanka.
Both Sinhala and Tamil languages are morphologically rich and low resourced. The
main objective of this research is to implement the translation system for morpho-
logically rich language and a low resourced language pair, Sinhala and Tamil.

When considering the related work in Statistical Machine Translation (SMT) for



Sinhala and Tamil translation,(Weerasinghe, 2004) researched to find out the lin-
guistic distance between Sinhala and Tamil. Researcher was able to show that
linguistic distance between Sinhala and Tamil is less than between Sinhala and
English. Therefore implementing a Sinhala-Tamil machine translation system is
feasible than implementing a machine translation system for Sinhala-English or
English-Tamil language pairs. Neural machine translation(NMT) is an approach
to machine translation which showed a promising result for many European, Arabic
and Chinese languages which have a large number of parallel sentences. Transla-
tions produced by NMT is considerably different from the phrase-based system. In
the recent research regarding the morphological rich language with NMT (Passban,
2017), they have explained what morphology is and how it uses to construct the
new words to the vocabulary. In that paper, they have addressed all the approaches
that can be taken to the morphologically rich languages. Such as SMT, NN, NMT
and Double-Channel NMT models. They clearly explained the model features and
their effect with the morphological languages. Their dynamic programming -based
segmentation model was able to perform well for NMT engines and obtained the
best result. In the world, Sinhala and Tamil use a low number of population.
Then Sinhala and Tamil considered as the low resourced languages. Due to the
lack number of linguistic resourced, those languages have limited parallel corpora.
Most of the early approach has taken parallel corpora for the research. Those lan-
guages monolingual corpora are available in publically more than parallel corpora.
Through this research main purpose is to implement the Sinhala-Tamil translator

using Neural Machine Translation with mostly available corpora.



1.2 Statement of the problem

Most of the research on Natural Language Processing in Neural Machine Trans-
lation has achieved an impressive result through parallel corpus dataset. Low
resourced languages confront with low performance due to the lack amount of par-
allel corpus data. Creating parallel corpus for language pair is more expensive and
needs the persons who are expert knowledge for both languages. Sinhala and Tamil
consider as low resourced languages due to the lack of linguistics references. Con-
versely, monolingual corpora data is much easier to find than parallel corpus data
and many languages with a limited amount of parallel corpus may perform promi-
nent result with monolingual corpora. The most recent research on translating
between low resourced and morphologically rich (R.Pushpananda et al., 2014) has
provided a prominent foundation for Sinhala and Tamil machine translation. Most
of the low resourced language researches have been taken using monolingual cor-
pora. Few researches have taken approach using monolingual corpora and parallel
corpora with the semi-supervised approach. They have used monolingual corpora
to generate parallel corpus. Our attempt is to overcome the problem of limited
parallel data corpus with a suitable solution and find out the efficient method for

Sinhala and Tamil translation based on only monolingual corpora.

1.3 Motivation

Sinhala and Tamil are the national languages in Sri Lanka. Most of the people use
these two languages for communicating in Sri Lanka. However most of them are
fluent in one language. Because of that communication gap may increase in between
two nationalities. One of the main motivation factors is to implement an effective
machine translation system to fulfil the communication gap. In addition, Sinhala
~Tamil translation is yet to be explored in Neural Machine Translation [NMT].For
this study, it was of interest to investigate a solution for this community barrier by

creating the translator in between two languages.



1.4 Research Gap

Sinhala and Tamil languages are considered as low resourced and morphologically
rich languages. Previous attempts of creating Sinhala-Tamil translation has taken
using parallel corpora. However, due to the limited number of parallel corpora and
creating parallel corpora is an expensive task, we try to use monolingual corpora
instead of parallel corpora for creating a Sinhala Tamil Translation. In addition to
that Creating Sinhala-Tamil translation is in early-stage with monolingual corpora.
In this research, it is interest to know how monolingual corpora can support to
the NMT.As far as we know, no previous research has investigated to create a
translator using only monolingual corpora for the Sinhala-Tamil languages pair.
Therefor trying out the ability to implement translator to Sinhala Tamil languages
pair using open domain monolingual corpora is the main research gap we are going

to address through this research.

1.5 Significance of the project.

Sinhala and Tamil are considerably low resourced and morphologically rich lan-
guages. Using Statistical Machine Translation approach, it was able to get the
best result for Sinhala-Tamil translation. But in the current society, Neural Ma-
chine Translation has surpassed accuracy with the best result in a lot of areas
that were achieved using Statistical Machine Translation. But translation between
Sinhala and Tamil is yet to be developed. A limited number of researches for
morphological rich and low resource language have been done in Neural Machine
Translation by researchers. Among those research, most of are for one morpholog-
ical rich language. In Sinhala and Tamil, we need to design a proper technique
to translate between two morphological languages. Most of the researchers fill the
gap in-between SMT to NMT. Currently, all researchers suffer from the scarce
of parallel corpus data. Through this research, we are going to find the solution
from the most available monolingual corpora data instead of parallel corpus data.
Therefore we can fill this research gap while doing the research. In Sri Lanka,
most of people use Sinhala or Tamil as their native language. However, there is

no effective translator between these two languages. When the communication is



happening between these two languages, there may have misunderstood due to the
lack of knowledge about languages. Having this translation will lead to reduce the

misunderstanding among languages and grow better communication among others.

1.6 Research Questions

1.6.1 Question 01: What is the effect of the Monolingual

Corpora on the translation accuracy?

As mentioned in the above background and statement of problem state, Sinhala and
Tamil languages suffer from the issues with performance due to the low amount of
parallel corpus data. Hence, Sinhala-Tamil translation fulfils the prominent result
with parallel corpora with semi-supervised approach (Arukgoda and Weerasinghe,
2018). The Parallel corpus data represents the dataset with including two languages
original text with its translated one. Training our model using parallel corpus data
is almost like training model with a labelled dataset. It will be an aid to set-up
accurate value to the hyperparameters. By addressing the research question, we
are going to analyze the behavior of the accuracy when we increase the monolingual

corpora size without changing the size of the original parallel corpora.

1.6.2 Question 02: What is the best approach for achieving
high accuracy in Sinhala-Tamil translation using only

monolingual corpora?

Earlier mentioned that collecting and creating parallel corpus is a time-consuming
and very expensive task. Hence, a lot of monolingual corpora data is available
publicly. Then, Collecting the monolingual corpora data is easily available. Using
this concession tries to find the best approach for Sinhala-Tamil translation without
using parallel corpus data is one of the answers for the research question. In
addition to that, by addressing this research question, we will be able to find
the quality of the translation when we are using only monolingual corpora for
translation. This can apply whenever we received a new language pair for which

we have no annotation.



1.7 Project Goal and Objectives

The main aim is to develop more sophisticated methods for implementing Sinhala-
Tamil translator. For our first goal, we focus on one main problem Sinhala and
Tamil are considered as low resourced languages and they have limited parallel
corpus data. Our research aims at finding a solution to this challenging problem.
We examine some previous work and propose a new method for using monolingual
corpora data. Because both of these languages can collect monolingual corpora
data rather than parallel corpus data. Addressing the first research question we
are going to find the method for implementing a translator using both existing
parallel corpus data and monolingual corpora data.

Addressing our second research question, our objective is to demonstrate the
feasibility of having only monolingual corpora data for implementing the translator
in between Sinhala-Tamil languages pair. Moreover, few studies have focussed on
monolingual corpora data for their research (Lample, Conneau, Ranzato, Denoyer
and Jégou, 2018, Lample, Denoyer and Ranzato, 2018). Researchers (Ian J. Good-
fellow et al., 2014, Zhang et al., 2018) have suggested some interesting methods for
using monolingual corpora. Through the second research question, we can make
convince the society to this approach can be applied for any new low resourced
and morphologically rich language pair which we have any annotation regarding
languages. Our ultimate goal is to produce a translator using monolingual corpora

for low resourced, morphologically rich languages.

1.8 Methodology

1.8.1 Details of Corpora

Due to the limited parallel corpus, Sinhala and Tamil consider as low resourced
languages. For our research, we use 30000 number of parallel sentences, 10,000,000

Sinhala monolingual corpora and 4,000,000 Tamil monolingual corpora.



1.8.2 Addressing First Research Question

Several studies suggest that there are several deep learning architectures for NMT.
Among them, we selected few model architectures for our experimental designs.
The first question, we have to increase the size of the monolingual corpus that we
have. At the same time, we are collecting more Sinhala and Tamil monolingual
datasets from Sinhala and Tamil newspapers. Most of the research corporate with
monolingual corpora.

Then we have to exploit this with Sinhala-Tamil parallel corpora as well as
monolingual corpora. This translation most suitable for open-domain because we
collect data from the newspaper, technical writing and creative writing. We apply
the back translation that is the main technique for using the increase the data
corpus (A. Imankulova and Komachi, 2017, Burlot and Yvon, 2019, Currey et al.,
2017)

1.8.3 Addressing Second Research Question

In the second question, mainly need to identify the suitable model in NMT for
Sinhala and Tamil translation (Ian J. Goodfellow et al., 2014, Passban, 2017, Zhang
et al., 2018). In here we consider the size of the monolingual corpora. We need
to focus on the morphological richness and rare words, grammatical structure etc.
Among those things we first take morphological richness because it causes the main
effect to the translation. In secondly consider the rare words and grammatical
structure. Rare words can overcome with the transfer data augmentation (Fadaee

et al., 2017).

1.8.4 Scope including delimitation
In scope

o To evaluate the effort of monolingual corpora in NMT using two morpholog-

ically rich and low resourced language.

e Design an Optimum technique for Sinhala -Tamil translation.



Out scope

o In this research continuation of collecting parallel corpus data will not be
done. Our main purpose is to create the MT for Sinhala and Tamil using

monolingual corpora.

1.9 Thesis outlines

The Thesis is organized as follows structures. Chapter 1 provides an overview of the
research gap that where is the research area we need to look closely (Section 1.2)
and research background in general (Section 1.3). This thesis declares a problem
statement that specifies the goals associated with developing a translator(Section
1.4) and the significance of the research in section 1.5. Afterwards, the main re-
search questions that we are going to address through the research are described
under Section 1.6. Project goals and aim describe under section 1.7. The chapter
closes with describing methodologies that going to follow (Section 1.8), as well as

the scope of the research.

There have been numerous studies to investigate in NMT. Previous studies
have shown in Chapter 2. First, this thesis declares what NMT is, which kind of
paradigm shift has occurred from SMT to NMT and How NMT can explore to the
Sinhala-Tamil languages pair (Section 2.1).

Chapter 03 is divided into three main sections, the first section is for describing the
data pre-processing techniques and the second section for the design approach to
the first research question. The third part will be described as the second research
question. Chapter 4 provides the implementation details for design which describe
in Chapter 3. Chapter 5 represents the analysis of result that occur from the

designs.Conclusion of the overall research will describe in Chapter 6



Chapter 2

Literature Review

2.1 Literature Review

2.1.1 Neural Machine translation

Neural Machine Translation is the newly popular approach to machine translation.
Due to the high performance and high quality of the translation output major
people embrace the NMT for their research approach.Neural machine translation
based on the encoder-decoder architecture has recently become a new paradigm
of MT. A neural network based on Recurrent Neural Network performing as an
encoder read and encode the input source sentence into fixed size vector called
context vector. The decoder, which another RNN decodes the translation from the

encoded vector.
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Figure 2.1: Encoder Decoder Architecture

Figure 2.1 shows the architecture of the encoder decoder. A sequence to se-
quence model aims to map a fixed-length input with fixed-length output where the
length of the input and output may differ. There is a more challenging type of se-
quence prediction problem that takes a sequence as input and requires a sequence
prediction as output. Models concern that makes these problem challenging is that
the length of the input and output sequences may vary. There fore this archi-
tecture more suitable for short sentences. To address these issues, (D. Bahdanau
and Bengio, 2014) have introduced novel approach for machine translation while
introducing attention model.Figure 2.2 shows the attention model. This method
caused to fix the problem with a fixed vector size during the translation. In this
research, they have encoded the sentences from left to right as well as from right to
left. Then the each time a word is translated. Then the model predicts the target
word, based on the context vectors associated with these source positions and all

the previous generated target words.
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Figure 2.2: Attention Architecture

With the help of the previous research, (Vaswani et al., 2017) has introduced
the high performance transform attention model to overcome the problem is time-
consuming in the based line attention model. In addition to that,(Ian J. Goodfellow
et al., 2014, Zhang et al., 2018) researchers have introduced Generative Adversarial

Network model for showing the promising result for NMT.

2.1.2 Low resourced Language

In fact, Neural Machine Translation needs more data for getting a notable result.
This was the main drawback for the low resourced languages for their research in
NMT. Hence (Currey et al., 2017) researchers keep their direction to the increasing
the data set applying some methods. In here, they have used a method to convert
monolingual corpora in the target language into a parallel corpus by copying it,
so that each source sentences is identical to the target language. NMT system
is trained with the parallel data which is mixed with copied data. However, they

have used both parallel and monolingual corpora for improving the NMT for low re-
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sourced language. (A. Karakanta and Genabith, 2017) research has taken a step for
overcoming the challenge of scary of parallel data. They have used closely-related
(enrich with morphologically rich nature of language) High Resourced Language
and Low Resourced Language pair for transform HRL data into LRL using translit-
eration model. After that back-translated monolingual LRL data with the models
trained on transliterated HRL data. Finally, they have used the resulting parallel
corpus to train their final model.

Another notable method for low resourced language is transfer learning which
is introduced by (Nguyen and Chiang, 2017, Zoph et al., 2016). Transfer learning
is the method which used the first result of one task repurposed on the second task
to generate the result. Data augmentation for low resource language in neural ma-
chine translation (Fadaee et al., 2017) described the data augmentation technique
for gaining the effective result from low resource pairs. Using the data augmen-
tation leads to generate more rare words during translation and consequently to
higher translation quality. While using transfer learning with combining byte-pair
encoding (Nguyen and Chiang, 2017) cause to increase the performance of transla-
tion on a low resource language pair by exploiting its lexical similarity with another

related, low resource language.

2.1.3 Monolingual corpora and parallel corpora for Low re-

sourced

Neural Machine translation is a novel approach to machine translation showing the
promising result for translation. Arguably, it performs excellent performance in
machine translation due to the availability of high-quality parallel corpora. Unfor-
tunately, collecting parallel corpora is an expensive task as they require specialized
expertise. In addition to that there is a limited number of parallel corpora for low
resourced language and with heavy domain restriction for being limited parallel
corpora. Considering all the fact researchers advert their direction to the monolin-
gual corpora. In contrast, monolingual corpora are publically available for all the
languages.

This presents of “unlabeled” monolingual corpora give prominent opportunity

to leverage result in NMT. (Gulcehre et al., 2019) is one of the research which used
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monolingual corpora. Through this research paper, they did several experiments
using monolingual corpora.

In this work, they present a way to effectively integrate a language model (LM)
trained only on monolingual data in the target side into an NMT system. They
used encoder as bidirectional RNN — Integrating Language Model into decoder as
training architecture. This introduced Integrating Language Model decoder shows
the promising result for low resourced language.

Due to the lack amount of parallel corpora, the researcher introduced the back
translation technique (Sennrich et al., n.d.) to increase monolingual corpora in a
productive way by leveraging the target language data.

In here, researchers propose a method for generating synthetic sentences using
back-translating sentences in the monolingual corpora. Because of that, they were
able to increase the size of existing parallel corpora. Unfortunately, this proposed
method introduces noise and seems really effective only when the synthetic parallel
sentences are only a fraction of the true ones. Hence, this approach does not allow
to leverage huge quantities of monolingual data.

Moreover, in (Gangi and Federico, 2019) introduced the method for increasing
the dataset using the word embedding approach. In this paper, they directly feed
the NMT system with external word embedding trained in monolingual source data.
Due to the lack of parallel corpus more research focusing on the use of monolingual
corpora for NMT. (A. Imankulova and Komachi, 2017, Sennrich et al., n.d.) showed
that target side-monolingual corpora data can upgrade the quality of the decoder
model without any changes to the network architecture. Here used monolingual
data with automatic back-translations for treating as the additional training data.
Providing the opposite approach to the above method, (Zhang and Zong, 2016)
has introduced a method to exploit source-side monolingual data by feeding to the
NMT while generating the synthetic large scale of parallel corpus data and multi-
task learning to predict the translation and the reordered source-side monolingual

sentences simultaneously.

2.1.4 Monolingual corpora

(Lample, Denoyer and Ranzato, 2018) is the paper which was used only monolin-
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gual corpora for both source and target language to neural machine translation.
Implementing the model design for two monolingual corpora languages will lead to
overcoming the problems when creating the translation when encountering a new
languages pair for which have no annotation. Through this research, researchers
have introduced a model to improve NMT in using monolingual corpora. They
have taken auto-encoder for training the reconstruct a sentence from a noisy ver-
sion of it and used a translation model as encoder-decoder for training to translate
a sentence in the other target language. They have taken a simple unsupervised
word-by-word translation model and iteratively improved based on the reconstruc-
tion loss, and use discriminator to align latent distributions of both the source and
the target language.

(Zhang and Zong, 2016) have used align word embedding space without any
cross-lingual supervision on unaligned datasets of two different languages for mak-
ing the linear mapping in between a source and target language. This research
shows that it works for low resource language pairs, and can be used as a first

prominent step for unsupervised machine translation.

2.1.5 Segmentation methods for the Morphological Rich-

ness

Morphological richness is the most attractive and unique feature of the language
and it is very difficult to manage in the translation. Through (Passban, 2017),
they have introduced morpheme segmentation models to segment word into the
machine-understandable unit.For example, (Renduchintala et al., 2019) research
has provided evidence for a character aware decoder to capture the pattern in the
target language.

(Hans and Milton, 2016) research, they addressed the morphological rich lan-
guage like Tamil and English. They have introduced the morphological segmenta-

tion to the morphologically rich language before translation process.
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2.1.6 Techniques to increase the corpora size for the dataset.

Transliteration, Transfer learning, Data-augmentation, Monolingual word embed-

ding and Back translation have used for low resourced languages.

o Transliteration: Transliteration model can apply to the languages which
have approximately similar pronunciation with words in both languages, how-
ever Sinhala and Tamil languages have no approximate pronunciation. Then

the transliteration model can not apply for Sinhala and Tamil.

o Transfer learning: Encoder-Decoder based architecture shows a promi-
nent result in large datasets scenarios, but it is less effective for low resource
languages. Therefore transfer learning has been introduced by researchers
(B. Zoph and Knight, n.d.) for enhancing the performance of machine trans-
lation with low resourced language.This has been widely adopted in the field
of natural language procesing such as speech recognition, document classi-
fication and sentiment analysis. In transfer learning, they have used two
models called the parent model and chid model. They have used high re-
sourced language with the common target language and used low resourced
language for the child model. If we mapped it to Sinhala-Tamil language pair,
then we have to take English as an intermediate target common language.
Our main purpose is going to translate Sinhala -Tamil indirectly without us-
ing intermediate language. Therefore we didn’t use transfer learning to our

research.

o Data augmentation: Data Augmentation has mainly used in the image
processing domain. It is very new to natural langue processing. Their ap-
proach to alters existing parallel sentences targeting low-frequency words and
augments the data by generating new diverse context for low-frequency words
and the corresponding translations. It is almost like paraphrasing which is
meaning- preserving. Through this technique, they have increased the size
of the training data by diversifying the context of rare words yields better

translations.

e Monolingual word embedding: Word embedding was introduced as a

result of limiting to identify the rare words in NMT. A word embedding is
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a learned representation for text where words that have the same meaning

have a similar representation.

Back translation: We chose the back translation approach for addressing
the first research question. It has shown the promising result for a low re-
sourced language than other methods.In the back translation techniques, we
used source side back translation for our research. To translate from Tamil
to Sinhala, we created source side synthetic parallel corpus using target-side

monolingual sentences.

Figure 2.3 shows the process of the back translation. In here there are 4 main

steps in the process.

1. In the first step, we trained the model using our authentic source lan-
guage as the target language and authentic target language as the source

language.

2. After that, we translate some authentic monolingual target language
sentences (it is our source language in back-translation process) into

synthetic parallel corpus in the authentic source language.

3. In the third step, we merge the all authentic and synthetic parallel

corpora for creating the new dataset.

4. In the final stage, we train our model using newly created dataset.

Actual paralis!
COrpus

target side

Back translation
trained with the
COMpUS.

Synthetic
parallel corpus

©

Model frained with
synthetic corpus
above

target-side monolingual synthetic sources-
sentences side sentences

Figure 2.3: Back Translation Technique
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2.1.7 Deep Neural Network model.

When going to apply the deep neural model that we identified five neural models.
Among them chose Transformer architecture and Generative adversarial network

model considering their pros and cons.

Recurrent neural network model

w] o] o]

)

wé) wé wé) Wé) wé")
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® @ @ Qf) QTD

Figure 2.4: Recurrent neural network model

Figure 2.4 shows the architecture of the RNN.

o (learly, this mechanism is very useful for NLP tasks.

« Sequence input and sequence output (e.g. Machine Translation: an RNN

reads a sentence in English and then outputs a sentence in French).

o LHS shows you the RNN and the right-hand side shows you the unfolding
view of RNN.

Problem: Simple RNNs are not powerful enough to summarize complex struc-
tures and capture their properties. They also have problems in remembering long-

distance dependencies.

Long Short Term Memory model

Remembering information for long periods practically their default behavior, not
something they struggle to learn. This model introduced for NLP as a solution
to the RNN long-distance problem. But when the long sequence sentence come
to the translation it gets more time. Because it translates the sentence word by
word in a sequence way. It is getting more time when the sentence has a long
length. In addition to that, the Decoder needs to wait until all the encoders fin-

ish their task. After that decoder can decode the encoded sentence to the target
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language. It also causes to increase the computation time. It is the major prob-
lem encounter in RNN model. To overcome the problem Attention mechanism
introduced by the (M. Luong and Manning, 2015)researchers. But the problem
still cannot resolve using default attention model. Due to the high computation
time,transformer architecture (Vaswani et al., 2017) introduced by researchers. It
can reduce the computation time while parallelization the sequence to sequence
approach. Considering these factors we chose transformation architecture for DNN

model in the first research question design.

Transformer Architecture

In the Section 2.1.1, we looked at the attention method in modern deep learning
models. Attention is a concept that supports to improve the performance of neural
machine translation applications. As a enhance version of attention model, the
transformer was proposed in the paper ’Attention is All your Need’ by (Vaswani
et al., 2017). The biggest benefit of the transformer model is, it lends itself paral-

lelization.

Output Sentences (L2)

A

l Decoder l

|

Encoder

A

H

Iam a student.
Input Sentences (L1)

Figure 2.5: High level structure of transformer Architecture

The transformer in NLP is novel architecture that aims to solve sequence to
sequence task while handling long-range dependencies with ease.
"The Transformer is the first transduction model relying entirely on self -attention
to computer representations of its input and output without using sequence-aligned

RNNs or convoluation.”

18



Figure 2.5 displays the high level structure of the transformer architecture. The
encoding component is a stack of encoders and decoding component is a stack of
decoders of the same number of encoders. The encoder’s inputs first low through a
self-attention layer. It helps the encoder look at other words in the input sentence
as it encodes a specific word. The decoder has both those layers, but between them
is an attention layer that helps the decoder focus on relevant parts of the input
sentence. As the model processes each word (each position in the input sequence),
self attention allows it to look at other positions in the input sequence for clues
that can help lead to a better encoding for this word. We described the attention
model in section 2.1.1. We selected the transformer architecture for addressing our

first research question.Appendix A refer for transformer layer architecture.

Generative Adversarial Model

GAN the stands represent the Generative Adversarial Networks. Someone can be
questioning why we need to study the GAN framework. Generative models can
be trained with lost data and can provide prediction inputs that are missing data.
The interesting approach is semi-supervised learning. In this approach, GAN used
both labelled and unlabeled data. Then it will easy to identify some rare words in
the translation.
GAN (Zhang et al., 2018), framework is with two different models called generator
and discriminator. The generator creates samples that are intended to come from
the same distribution as the training data. Then discriminator analyses the samples
to determine whether they are real or fake.supervised learning techniques are used
by discriminator to divide the input into two classes real or fake. This model also
uses both parallel and monolingual corpora data. Appendix A.3 for the architecture
of the GAN.

We used this adversarial network concept to address our research question 02

by encouraging from GAN framework.
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2.1.8 Data pre-processing techniquesues

In research question one we investigated the one pre-processing technique BPE. In

addition to that word embedding data representation we used in here.

Word Embedding

Word embedding is a set of language modelling and feature learning techniques
in NLP. The surface of word embedding is mapping similar meaning of words to
have similar representations. In our research, the main aim is to build a translator
model for two languages corpora which are not labelled. Using word embedding,
we can identify approximately similar words in corpora. We require to label the
word with numerical representation. In word embedding process, each word repre-
sents with the n-dimensional vector with 0 and 1. Here n is the number of words
in vocabulary. This representation described as one-hot vector encoding. One-hot
vector is the traditional approach for word embedding.

One-hot-vector is simple and easy to implement. However, there are some draw-
backs of one-hot-encoder. One is when representing the word in word vector matrix
it takes alphabetically order. For instances, the word 'endure’ and ’tolerate’, al-
though they have a similar meaning , their target '1’s are far from each other due
to the order of the matrix. Therefore, it may reason to not gather these two words
together. Sparsity which means wasting a lot of space is another issue that occurs

in one-hot-encoding.

There are two state-of-the-art methods for word embedding, Word2Vec and
FastText. Both Word2Vec and FastText can address the above-mentiond draw-
back in one-hot-encoding. We employ word embedding with FasteText embedding
method which introduced by Facebook researchers in 2016. Through, Word2Vec
has the biggest challenge to identify the rare words, that not in the training
dataset.FastText breaks words into several n-grams (sub-words) instead of feeding
individual words into Neural Network. It might be a useful approach for segmenting

the morphologically rich language Sinhala and Tamil.
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Figure 2.6: Similar words represents for word se© Word embedding for the data

corpora.

Word embedding enables to identify similar words and group it. FastText
helps to build scalable solutions for text representation and classification. As a
example, Figure 2.6 presents how to gather the approximately similar word for

6@ in monolingual corpora using word embedding.

Word Vectors Mapping

The main purpose in word vector mapping to built up the relationship with each
word in two languages. We use Vecmap tool (M. Artetxe and Agirre., 2018) for
building a mapper between Sinhala and Tamil languages pair.Word embedded data

use for these mapping.

2.1.9 Attempts to improve translation employing machine
translation techniques.
Using shared encoder and decoders

For the experiment so far, we adopted shared encoder which implemented with
BiRNN. In the research work presented by (Artetxe and Labaka, 2018). We
take publicly obtainable implemented framework UndreaMT (Artetxe and Labaka,

2018) for approaching the second research questions.
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Figure 2.7: High Level Architecture for UNdreaMT tool : from(Artetxe and
Labaka, 2018)

o e e e e o

Figure 2.7 manifests the architecture of UNdreaMT tool. It consists of three
main layers as two decoders for both languages and one shared encoder. This is
similar to the standard encoder-decoder architecture with an attention mechanism.
Encoder has two layer bidirectional RNN 2.8 and decoder has two-layer RNN. All
RNN use GRU cells with 600 hidden units and dimensionality of the embeddings
is set to 300.

Outputs ce Y1 Yt Yet1 - - -

Backward Layer 4— @ @
Forward Layer @ @ —>

Inputs R | T Tip1 - - -

Figure 2.8: Bidirectional Recurrent Neural Network

The system is trained to each sentence with two steps. One is denoising and
other step is on-the-fly back translation.
Denoising optimizes the probability of encoding a noised version which means

using authentic sentences create it synthetic version of sentences, of the sentence
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with the shared encoder and reconstructing it with the L1 decoder

On-the-fly back-translation, which translates the sentence in inference mode
which mean encoding it with the shared encoder and decoding it with the L2
decoder. Hereafter, it optimizes the probability of encoding this translated sentence

with the shared encoder and recovering the original sentence with the L1 decoder.

Using sequence to sequence encoder-decoder introduced by MASS

MASS[Masked Sequence to Sequence Pre-training for Language Generation] is the
one of Open Source tool which creates inspired by BERT. It is a sequence to se-

quence encoder-decoder based language generation tool which introduced by (Song

et al., 2019).

P

Encoder Attention Decoder

| |
LT DOEEEE0

Figure 2.9: MASS high level architecture: from(Song et al., 2019)

The unsupervised approach is taken for addressing the second research ques-
tion. Availability of monolingual corpora data drives to this approach. MASS is
another approach which is different than the UndreaMT framework.

The transformer is chosen (Vaswani et al., 2017) as the basic model structure, which
consists of 6-layer encoder and 6-layer decoder with 1024 embedding/hidden size
and 4096 feed-forward filter size. For neural machine translation task, the model

is required to pre-train on the monolingual data of the source and target languages.

2.1.10 Research for Sinhala and Tamil languages

Studies of (Arukgoda and Weerasinghe, 2018) are well documented, it is also well
acknowledged that, the first research for Sinhala-Tamil translation using Neural
Machine Translation. In here they mainly used the parallel corpus for their re-
search. In here they have used back translation technique for increasing the parallel

corpus.
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The main aim of this (Guzman et al., 2019) research paper is to release quality
benchmark datasets for low resourced languages pairs English-Sinhala and English-
Nepali. They have used Wikipedia pages for collecting data to the evaluation
datasets. In model and architectures section, the researches have taken four ap-
proaches for their training setting. Although they have mentioned the models
regarding the semisupervised and supervised approaches, there is no mentioned
model for unsupervised approach. They have mentioned that they used the un-
supervised approach with monolingual corpora. In this research, they have used
transformer architecture for NMT model in supervised approach. They have pre-
processed Sinhala language sentences using NLP library and used Byte Pair En-

coding too.

2.1.11 Bilingual Evaluation Understudy (BLEU)

Human evaluation of machine translation weighs in the machine translation. Be-
cause it gives an accurate result to the output. But when come to the research,
getting human evaluation is not practically applicable because it gets a long time
to check the process and we are going to deal with the huge number of sentences
then it is very difficult to go through every sentence in the given time. Due to the
problem, BLEU (Papineni et al., 2002) score is introduced to getting evaluation
Natural Language Processing task. The BLEU score works by counting matching
n-grams in the translated sentences to n-grams in the reference text.

BLUE score normally getting their score considering under formula
o Accuracy = (No. of correct words /No. of words)

We assume that BLEU will accelerate the Machine translation in research and

development.
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2.1.12 Summary

Considering the above literature review, we can see most of the research in mor-
phological rich and low resourced language have taken in both parallel and the
monolingual corpora. Then when we are going to focus our research in only mono-
lingual corpora, we need to look at how to analyze morphological richness through
preprocessing and post-processing in the research very well. In our research, we

are going to find a solution using monolingual data instead of parallel data.
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Chapter 3

Research Design

In this chapter, we described the overall design to address each research questions
presented in chapter 01. In the first part, we addressed the first research question
that "What is the effect of the Monolingual Corpora on the translation accuracy?’
and the second part we addressed the second research question that "What is the
best approach for achieving high accuracy in Sinhala-Tamil translation using only

monolingual corpora?’ using different experiment using monolingual corpora.

3.1 Research Design for First Research Question

The main focus of the experiments was to investigate the performance of translation
using both monolingual corpora and parallel corpora data in our first research
question. In our preliminary experiments, we estimated some of the models and
preprocessing techniques that used to use through the first research question.In
this experiment has five main stages: data preprocessing, training, translating,

post-processing and evaluating.

3.1.1 Data corpus

Most of the researches for low resourced languages have done using both parallel
and monolingual corpora. When coming to the Sinhala and Tamil languages they
are morphologically rich languages and low resourced language.

For our experiments, we use a parallel corpus of 25000 sentences which has

the length of a sentence between 8 and 12. Table 3.1 shows the details of parallel
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corpus data. We use 10 M words Sinhala monolingual corpus and 400,000 word
Tamil monolingual corpus. Both these corpora are suitable for an open-domain
translation as they have been collected from sentences from different domains such

as newspaper articles, technical writing and creative writing.

Table 3.1: Corpus of the Parallel Dataset

Corpus Statistics Sinhala | Tamil

Number of sentence pairs 26,187 | 26,187
Total Number of Words (T) | 262,082 | 227,486
Vocabulary Size 38,203 | 54,543
V/T % 14.58 23.98

Table 3.2: Corpus of the Monolingual Dataset

Corpus Statistics Sinhala Tamil

Number of sentence pairs 1,067,173 | 407,578
Total Number of Words (T) | 13,158,152 | 4,178,440
Vocabulary Size 933,153 301,251

Feasibility of collecting monolingual corpora

If we are going to create the parallel corpus, we need good expertise knowledge in
both languages and it is getting more time and expensive task. However, there are
lot of resources available in publically for both languages. Hence, we focused our
direction for using monolingual corpora. After that, we tried to find the feasibility
for collecting monolingual corpora if we will need more data during the research
process. We wrote the python script for collecting monolingual corpora. Through
this script, we were able to collect near to 1000 sentences per day for monolingual
corpora. Due to this result our feasibility study got successful conclusion. When the
necessity of the monolingual corpora arise then we can use this script for collecting
monolingual corpora data. This is based on quantitative research. To examine
the effect of the monolingual corpora, we created synthetic parallel corpus using

monolingual corpora data.
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3.1.2 Data Pre-processing

As we identified earlier, Sinhala and Tamil language have main inheritance prop-
erties. Those are Sinhala and Tamil languages consider as low resourced languages
due to the lack of resources of linguistics resource and Sinhala and Tamil consider
as morphologically rich languages.

The collected data must be refined. The refinement process includes sorting
sentences by corpus in both languages and eliminating noise such as special char-
acters. Mainly, we need to apply some treatment to reduce the morphological
richness in the language pairs. As a treatment to reduce morphologically richness
of languages, researchers have introduced subword segmentation.

Normal word representation can not handle the unseen and rare word well. for
that issue, character embedding is one of the solutions to overcome the out-of-
vocabulary[OOV]. However, it may too fine-grained any missing some important
information. Subword is in between word and character. It is not too fine-grained
while able to handle unseen word and rare word. In subword segmentation, the
word can be divied into small pieces, until it has a meaning and refines spacing
using the POS tagger or segmenter for each language. This allows you to perform
additional segments and construct a vocabulary list. As a subword segmentation
techniques, we can take two main techniques. One is Byte Pair Encoding(BPE)and
the Other one is the workpiece.

(Sennrich et al., 2016) proposed to use Byte Pair Encoding (BPE) to build a
subword dictionary. WordPiece is another word segmentation algorithm and it is
similar to BPE. At this time, the segmented models learned for the BPE segment
should be kept for future use. In our research, we mainly obtained by the two
approaches for preprocessing. The first approach for full word form segmentation

and a second approach for using BPE.
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Full word form segmentation

+ Sinhala : 2¢0o® I e29OBH | 923800 | eV | 9B | e |

Boenl3 | Onwsleleml.

« Tamil: @ a&s s | Qéovense | Qrebse | @libduisie | #RSHD | et | eufluremrsrasnae

| #RSS I | epestred | Gleveuriioey | Gumlyesae | steory | sredgeD | Gresdnge | .
Byte pair encoding

e Sinhala : 9EE@I1{@RE@|INH@E@ | ®Y e DB 953EW@RE@ | K20 6s@@ | Q@ | SO

2B8@@ | i 020 DBV BIRR | @@ | @@ | 8 0n@@ | uE ¢ a® .

e Tamil : Q@@ I6% L@@ IFD BoaM@E | ° QreEs@@ | 1o PFEHun@@ | dld F@@
@@ | $875@@ | b st WP@@ | WOE | ~@@ [P@@ | $5°n@@ | s @@ | A@@ |
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| b Qyesdnase .

3.1.3 High Level Architecture for Research Question 01

Transformer BLEU Score

Figure 3.1: High Level Architecture for Research Question 01

We create a dataset including two main different datasets. One is the parallel corpus
of Sinhala Tamil and another one is monolingual corpora for each language. After
that, we apply the dataset for back-translation approach (Burlot and Yvon, 2019,
Graga et al., n.d.) for extending the dataset. At the same time, we increase the size
of monolingual corpora without changing the size of the original parallel corpus.

After creating the new data set apply the transformer architecture (Guzman et al.,

!Subwords boundaries are marked with ’|’.
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2019, Vaswani et al., 2017) which is the main DNN model in attention-based.

Finally, we evaluate the process based on the BLEU score.

3.2 Research Design for Second Research Ques-

tion 02

Doing pre-processing for
Dataset Monoligual corpora data DNN model

BLEU score for
Evaluation

Figure 3.2: High Level Architecture for Research question 02

Our main approach is to find out the capability of the developed translation be-
tween Sinhala and Tamil languages pair using only monolingual corpora data. Here
Figure 3.2, represents the flow to the high-level diagram of this process. In the first
step, we are applying the preprocessing techniques that we used in question one.
After doing the pre-processing, we pick the DNN models which are defeated our

requirements, to train the dataset.

3.2.1 Research Data-corpora

The Sinhala and Tamil consider as morphologically rich and low resourced lan-
guage. Through our second research question, we mainly address for acknowledging
the problem of owning less number of linguistic resources of these two languages.
Therefore our exploration directed for monolingual corpora.

Initial we have described the details of monolingual corpora in table 3.2. Here
we supposed to use monolingual corpora data only. We prepare the dataset by
removing duplicate sentences and the null strings. After that, we suppose to ap-

ply the BPE segmentation to reduce the morphological richness of both languages.
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BPE enables the ability to identify rare words. Especially when coming to the
monolingual corpora, those two datasets are unlabeled data. Therefore, it is very
challengable to recognise the words with the correct translated word. The morpho-
logical nature of languages boosts it that difficult to identify the words. Hence-
forward, we decided to apply BPE segmentation to the words. we use (Sennrich

et al., 2016) subword unit implementation for applying BPE to the corpus.

3.2.2 Evaluation

As mentioned is Chapter 1, the quality of the different translation approaches we
explore will be measured using the automatic evaluation technique BLEU (Bilin-
gual Evaluation Understudy). We evaluated the results in First research question

obtained for the following models
« BLEU score for full-word form (based approach)
o BLEU score for BPE segmentation approach
o BLEU score for different DNN architecture
o BLEU score for back-translation.

In addition to that we do manual semantically analysis for finding the sentences
which have same meaning. An error analysis was also done to compare the effect
of our treatments at different stages, against the full word-form baseline model as

follows.

e 01. Count the number of total words (TotW) and unique words (UniW) in

each training (Tr) and testing (Te) datasets.

e 02. Count the number of out-of-vocabulary (OOV) words in the test dataset

(as a percentage of test dataset).
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3.2.3 Summary

In this chapter, we have discussed the high-level architecture and the overall design
to address the two research questions we are focusing on. As the initial step, the
methodology to find suitable segmentation for pre-processing in both language.

Hereafter, find the performance using both parallel and monolingual corpora for
Sinhala- Tamil. This discussion also contains how we designed our research pro-
cess to treating the challenges of Sinhala—Tamil translation step by step. Chapter
discuss the technique of DNN model and dataset increasing methodologies. When
coming to the second research question, we address for to monolingual corpora

dataset. All the observation and result analysed in the Chapter 5 and 6.
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Chapter 4

Implementation

In this chapter, we describe the implementation of the methods that we have dis-
cussed in chapter 3.We are going to explain the pre-processing techniques and

details of the research tool that we used to our research question.

4.1 Pre-processing Techniques

4.1.1 Removing the duplicated sentences from corpora.

2") .read ()

input filel = open(r’
#print (type (input_fil
input_file2 = open(r'si

i',encoding="utf ) .read()

input_filel.split("\n"') #75000
input file2.split('\n')#2500

bl =
b2 =
print (len (b2))

mysetl = set(bl)
myset2 = set(b2)

#b2 = myset.intersection (mysetl)
print (len(bl))

myset2.difference update (mysetl)

#print (mysetl)
print (len(myset2))
file object = open('mono_cleandata_ sinhala.txzt', "a", enceding="utf-8")
Hfor x in myset2:
file object.write (x)
file cbject.write('\n')

Figure 4.1: Removing duplicate sentences in data set.
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4.1.2 Treatment to reduce morphological richness in the

Sinhala and Tamil Languages pairs.
Byte Pair Encoding Technique

We used byte pair encoding for balancing the character - and word-level hybrid
representations that make it capable of managing large corpus.Character-level and
word-level representations are based on the hyper-parameter (number of merge
operation) in BPE. Low value of hyper-parameter would lead to character-level
segmentation and very high-level value would lead to word-level segmentation.

The main purpose of using BPE is identifying unknown /rare words in the vocab-

ulary with appropriate sub-word tokens without introducing <unknow> token.

Then We used BPE approach with using different hyper-parameter values for

our pre-processing technique.

4.1.3 Data collecting- Web Scraping Code

If we need to collect more monolingual corpora, we did the feasibility study for

collecting monolingual corpora.
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import regquests

from bs4 import BeautifulSoup
import cav

import ic

import re

from html.parser import HTMLParser
# from html.entities import codepoint2name
+ import htmlentitydefs

from gtts import gITS

class HTMLTextExtractor (HTMLParser):
E def _ init_ (self):
HIMLParser._ init_ (self)

F self.result = [ ]

= def ha a(self, d):
self.result.append(d)

= def ha £(3elf, number):
codepoint int(number[l:], l¢) if number[0] in (u'x', u'%') else int(number)
= self.result.append (unichr (codepoint))
B def handle_: (self, name):
# codepoint = html.entities.codepoint2name [name]
codepoint = htmlentitydefs.name2codepoint [name]
- self.result.append (unichr (codepoint))
EE return u''.join(self.result)

= £ (html) :
s = HTMLTextExtractor()
3.feed (html)

return s.get_text()

offget = 26614

line_number = 1

i

table2 = []

while i<é:
offset_str
URL = "

print (URL)
r = requests.get (URL)

2/ "+offset_str

soup = BeautifulSoup(r.content,

quotes=[] # & list to store quotes

table = soup.find{'d

|

}).get_text()

file

Figure 4.2: Code for web-scraping

We used figure 4.2 code for collecting monolingual corpora data. Appendix B.1

shows the sample of collected data.
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4.2 Back Translation Algorithms implemented

4.2.1 Normal Back-Translation

Algorithm 1: Normal Back-Translation

1

e o &

A

Input: model trained from target-language to source-language using

authentic parallel sentences f_ , target language monolingual
sentences tglmono , k = 1, parallel corpus with authentic parallel
sentences D

repeat
Select an amount of target-side monolingual sentences (tmp-tgt) from
Lglmono such that the ratio between authentic sentences and tmp-tgt
is 1:k
Generate synthetic source sentences (synth-src) by tranlsating tmp-tgt
using f. and create a parallel corpus S = {synth-src, tmp-tgt}
D=DUS
Train a model from source language to target l;uxgll;k};v 0. lJSillg D
L — L9l mono — (tmp —tgl) /* Update lgly,on, by removing
the chosen tmp-tgt mono sentences from igl,on, */
k=k+1
until convergence-condition or ||iglmono|l = 0;

Ulliplll: Newly rt]u‘irihd model 0_,

Figure 4.3: Code for web-scraping

4.3 BLUE score algorithm

4.3.1 Validation and testing the models

Throughout the experiments conducted using only the 25000 parallel corpora, and
10,000,000 monolingual corpora, the models were validated using a small extracted
parallel dataset of 1250 sentences. The perplexity that is given by the OpenNMT
framework will help to evaluate the training and validation set accuracy. To test
the models, we selected a test-set of 1250 sentences. The test-set consisted of sen-

tences which were mutually exclusive from the training-data. Using the preplexity

value we can find out the best model in the training process.
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4.4 Research Tool

o We chose OpenNMT (G. Klein et al., 2017) which is Open source frame work
for sequence to sequence translation. It is implemented with in Torch with

many model configuration.

o Used Sub-wordNMT (Sennrich et al., 2016) for doing preprocessing BPE.
This framework contains preprocessing scripts to segment text into subword

units.

 Beautiful-Soup web-crawler (a python implementation) was used to collect

data.

e Used Python modules sci-py, matplotlib, statsmodel to generate graphs and

charts in the evaluation.
o Used the antpc server in UCSC for training.

o Google colab used for building the suitable environment to doing training

and evaluation process. Appendix B.2 and B.3 for colab training.

4.5 Summary

This chapter we discussed a data-collection technique, preprocessing technique,
machine learning techniques and back-translation techniques we have used to im-
prove translation accuracy. Their contributions and effect on the translations are
discussed and analyzed in Chapter 5. We have also made aware of the tools, frame-

works, GPU specifications that enabled the implementation of our experiments.

37



Chapter 5

Results and Analysis

In the chapter, we describe the translation accuracy obtained with each technique
discussed in Chapter 3. We elaborate the approach for our research questions by
providing the justification and conclusion for observed results. Then the reader

can have an idea of how BLUE score varies in the approaches.

5.1 Results obtained from the First Research Ques-
tion.

Before analysing the Sinhala-Tamil Language pair we used Finnish-English (Fi-
En) corpus for getting the idea of OpenNMT Framework work-flow. In chapter
3, we discussed the pre-processing technique using BPE and Deep Neural Network
models. To find out the best pre-processing technique and DNN model for research
question one, we used authentic 25000 parallel Sinhala-Tamil language pair corpus

to train the models. Table 5.1 shows corpus details for using the first step.

Table 5.1: Corpus of the Parallel Dataset

Corpus Statistics Sinhala | Tamil

Number of sentence pairs 26,187 | 26,187
Total Number of Words (T) | 262,082 | 227,486
Vocabulary Size(V) 38,203 | 54,543
V/T % 14.58 23.98
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5.1.1 Using full- word form for training

Firstly we used full word form for checking the translation. Under the full-word

form pre-processing,we used the table 5.1 data for training.

Deep Neural Model: Long Short Term Memory(LSTM)

Table 5.2: Architecture details:LSTM

Layers 2
Hidden Unites (both encoder and decoder) | 512
Training Steps 100 000
Bath Size 64

As shown in Tableb.2, the whole LSTM architecture is with two main layers encoder

and decoder with 500 hidden units.

Deep Neural Model: Transformer

As we have dissucced in Chapter 3, we came to conclude that the transformer
model will be the most effective model for the sequence to sequence machine trans-
lation. Therefor Table 5.3 shows that the hyper-parameters that we used for our

experiment with the transformer model.

Table 5.3: Architecture details: Transformer

Encoding layers | 6 identical layers

Decoding layers | 6 identical layers

Training steps 100 000

Label smoothing | 0.1
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5.1.2 Pre-processing with Byte Pair Encoding.

The main hyperparameter in BPE is merging operation. As we have discussed
in Chapter 4, a higher value to merge operation would lead to character level
segmentation and low value of the merge operation will lead to word-level.
Researchers have introduced the 30 000 is the good starting point to the corpus
including with a large number of rare words. They have observed that this value
is suitable for corpus which has a size above 1 million.

If we consider the dataset Sinhala-Tamil languages pair that we are using to our
research, those are morphologically rich language. It is self-sustaining with more
rare words. Then using BPE, we were able to address the identification of rare
words. Our parallel corpus data has 25000 sentence pairs.

At the current moment, we used parallel corpus data to check the identification of
the two different model architectures and pre-processing technique. Therefore, the
dataset is lower than 1 million, we used lower value 3000 to the merge operation
to the dataset concerning our data corpus after experimenting with different merge

operations values.
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Table 5.4: Original word with its’ BPE segmentation

Original Word | BPE segmentation
Busesss B8u@@ ¢6@@
238 >Bee Bee

8B sC@R@ B

PO @@ Q@ H@@ O

Table 5.4, shows that how BPE segment the word. The words represent how
BPE segments each word. Through BPE, we can increase our total number of the
word in data corpus. BPE can reduce the morphological richness of word. Below
example sentence represents the sentences pair that segment with BPE.

Example Sentence for Byte pair encoding

« Sinhala: gRE@ @@ WNHE@E ©L 2 VBV 9B EL@E@ KO0 R B3@@ S0 9BI@@

W 02N VB0 BIRE@ ©H@E@ @@ 3 @@ GH ¢ B .

s Tamil : O M@QQ@ &% L@@ Hb P @@ s PrerEsH@@ 1o QEHUTR@ o FR@ N@@
SATQR@ e ay@@ WRR  ~R@ @@ $57@@ HHier @@ N@@ SHTQ@ @ 1 TN @@

b Bleven @@ e CUT@R@ W@ - We@@ &&mLD 616N HIPHS@ @ | ™ Qlrsdnge .

Table 5.5: Error Analysing in parallel Corpus (Full-Word form)

Description Sinhala Tamil
UnigW | TotalW | UnigW | TotalW
Training Dataset | 35 593 | 227 447 | 50 002 | 197 228
Testing Dataset | 5 390 13 866 | 6 141 10 765

OOV% 19.38 - 29.57 -

Table 5.5 represents how the word counts vary from testing and training data
corpus. we can recognise that the total number of words count in training dataset
in the Sinhala language is higher than the total number of words in the Tamil
language. In addition to that, the testing dataset words count exposes the same

result as the training dataset. When analysing the unique word count in both
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training and testing dataset, gives the higher value to the Tamil language than the
Sinhala language.

This is an important finding in the understanding of the Out-of-Vocabulary
(OOV) ratio. We consider the testing dataset for OOV. Table 5.5 gives the value
nearly 19% for the unique words are Out-of-vocabulary in the Sinhala language
testing datasets and 30% of unique testing words are Out-of-vocabulary in Tamil
language testing dataset. It is proved that translation getting lower BLEU score

for Sinhala to Tamil rather than Tamil to Sinhala.

Table 5.6: Error Analysing in parallel Corpus (BPE)

Description Sinhala Tamil
UnigW | TotalW | UnigW | TotalW
Training Dataset | 3 158 423 980 | 3 184 398 203

Testing Dataset | 2 868 22 641 | 2798 22 035
OOV% 0 - 0 -

Another promising finding was that the OOV ratio with the BPE segmentation.
According to Table ed, we can see the Sinhala language has a higher value to the
total number of words in training and testing datasets than the Tamil language.
Here we can compare the results of the total number of words in training and
testing dataset with those of the based methods the full word form. As a result of
this comparison, BPE increases the datasets by approximate trice in the dataset

of full-word form.

In line with previous studies, we can see that BPE segmentations of both lan-
guages gives roughly similar value to the number of unique words in both testing
and training dataset and it receives a lower value concerning the table 5.5 values.
The promising result is showing the OOV value in BPE. It takes 0% values for both
unique and total words. This exposes that the BPE can use for NMT for open-
domain translation. Finally, we can conclude that using BPE for the pre-processing

technique answers the research problems with handling Out-Of-Vocabulary.
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Table 5.7: LSTM Architecture Outputs (BPE)

Reference Sentences

Output Sentences

& 015 ©259 AENS BeNQABBOSW@H

BB BO6W & 912 @I SIENE & BDGwW

. 308 2RO FOBOGWIO et ¢siesis . 505 Qe el ¢riensie .

0 8000 300 e30Y) LHWOLHOWO %) @O 8000 300 3PP DKL SBeDSS
02086 QNN 6O LIMRW DOE . OO ©ebcr Dwmn 6 GYrnnw DeEs .

03 @® 8uiEe § o Bewdd uuiend 0tl® eredtiods ©® BuEe & cron Bewed sniews

DED ©EOPED OOE, @ . S8 Gt v 83D Bw D .
Table 5.8: Transformer Architecture Outputs (BPE)
Source Sentences Output Sentences
01 & O @t RTINS LN BOSW BNJeBOS0 & 012 @883 E EHOBOSH
808 2GLe® FOBOSWIO et ¢siesies . 8308 GORRE CBeLs 8305 .

02 E00en 300 2308 £0DHOWO 8% OIS 80e% 300 3080 DO SBeDSHS
@80 O 0O LENRW BOEW . 0880 DN ©® IR DO .

03 @® BuEe § o Bewed aniend 0ed® aredf)oon @® BuEe § cwn Bewed au5iensd 0@530

DEBID) GGHDED OOE, @ .

&I BYIO AELID OROCEVA .

given test data using the LSTM model.

From the result in Table5.7, shows the output sample sentences using BPE for

Table 5.8, Shows the output sample sentences using BPE for given test sentences

using the Transformer model.

Table 5.9: BLEU Score of full word form and Byte pair encoding

Architectures | Full-word-form [Tamil-Sinhala] | BPE [Tamil-Sinhala]
LSTM 7.85 9.52
Transformer | 8.01 11.18

shown in Table 5.9.
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In BLEU score we used for evaluating the machine translation research. Based
on the observed valued, we decided that applied BPE pre-processing to data corpus
increase the BLEU score concerning the full-word form data corpus in both two
models(LSTM, transformer.) Through this observation, we applied BPE for our

further experiments.

When selecting the model for moreover experiment in the first research ques-
tion, we concluded that the transformer model performs well rather than LSTM.
Table 5.9 values of BLEU score show that. Table 5.7, 5.8 represents some test
sentences in both models. The translations did not relate the semantics of the
reference sentences. Only a few words from each sentence were correctly translated
but it did not add any value to the underlying meaning of the sentence in BLEU
score. Such semantically correct translation outputs are given in Table 5.8 third
sentences. We deeply investigated the output corpus for finding the semantically
similar sentences. Then we found more sentences in semantically equal in trans-
former model output. Third sentence in both tables 5.7 and 5.8 elaborated it. You
can see the transformer model gave the output sentences approximately similar its’
meaning to the reference sentence s’ meaning. When we compare the reference
sentence with LSTM model output sentence it shows you that both reference and
output sentence have two different meaning. Then finally we can conclude that the
transformer model supports well for NMT in getting accurate result for semantic
way also.

According to the analysis of the training values, we selected BPE for preprocessing
techniques and transformer architecture for answering the first research question

further experiment.
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Before applying the back translation techniques, we investigated the perfor-
mance while increasing the authentic parallel corpus data. In here first round we
checked using 1000 sentences pairs. we trained it using LSTM and Transformer
model. Likewise, we increased 1000, 2000, 4000, 5000 ,10 000, 15 000 and 25 000
sentences pairs eventually. At the begin of 1000, it didn’t show the promising re-
sult due to the lack amount of data. When it eventually reached 25 000 sentences

pairs, it ended up the results in representing in table 5.9.

5.2 Result with Back-Translation technique

5.2.1 Normal Back-Translation

In chapter 3, we deeply discussed the step of the back-translation technique. In
the beginning, we used the same parallel corpus data 25k sentences pairs in table
3.1 and gradually, expand the dataset using monolingual corpus data table 3.2.
Normally, Deep Learning methods show encouraging results when the dataset is
increasing. DNNs called as the data hunger models.

Ultimately, we selected the best pre-processing technique and DNN model for em-

ploying the back-translation in NMT for the Sinhala-Tamil languages pair.

Table 5.10: BLEU Score for Back translation.

Ratio between authentic parallel sentences
Tamil-Sinhala | Sinhala-Tamil

: synthetic parallel sentences

1:1 11.18 4.02
1:2 13.53 4.09
1:3 14.68

Table 5.10 shows the results of the back-translation technique. The results
demonstrate the enormous gap in BLEU score in between 1:1 and 1:2 ratios.
The 1:2 ratio gives the best result in the BLEU score for the Tamil to Sinhala
translation so far.
In here, we stop our translation in 1:3 stage, because when comes to Sinhala-Tamil

in 1:2 ratio, it gave the BLEU score which similar to the 1:1. It did not show the
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prominence improvement.

Using only the BLEU score we unable to find the accuracy of the semantic of the
sentences. Then we analyzed test data by manually for checking the semantically
similar sentence and evaluate the model through the semantic aspect also. Figure

5.1 visualizes the behaviour of BLEU score with increasing size of the data corpus.

5

BLEU score

20

15

0 100000 200000 300000 400000 500000 600000 700000
Corpus size (number of sentences pairs)

Figure 5.1: BLEU score with corpus size.

5.2.2 Semantic analysing with final models
Model given by 1:2 ratio

Through this method, we created synthetic parallel corpus data using 25000 sen-
tences pairs from the authentic parallel corpus and 50000 sentences pairs for mono-
lingual corpora data. Whole data corpus size is 75000 sentences pairs. For 1:3 ratio,
we used 25000 sentences pairs of authentic parallel corpurs and 75000 monolingual
corpora data. then whole dataset getting 100 000 sentence pairs

The results of the experiment found in choosing BPE to merge operations, clearly
support for this to set our merge operation vale 10000, because of our dataset ap-
proximately to 1 million. Table 5.12 represent the example of test sentences which

give correct semantic for the reference sentences in final model in back-translation.
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Table 5.11: 1:3 Ratio model output sentences

Source Sentences

Output Sentences

AENOR @29 OB 953800 ©e5ORO
9Bz @20 OB BRew@ 9518 ¢ D .

alg o0 5B 2O 9558wed 9B ©1B)
2D ©Y BIOD B 538 O3 .

OB0BB 21005 @O ) YeBHDIs
BBO0 Seds 500 yebns etddws Bed .

OB B 2570053 @O 191€38) gebnsi R8O
SeRs 500 yebns etddwns Bed .

Experiment with the Out of data set

In here, we translated some sentences which

shows in table aa.

are not in test corpus. The result will

Table 5.12: Experiment with the sentences of Out of dataset

Source Sentences

Output Sentences

&8 @B g 8880 efneds’ O we O3 &
DD 5edeDy O

8 508 8830 Ben O18 w¢ ot OO

a3 HolnDntly e .

DDEBEE Vel 988D OB

OB 88 OO 6¢ 9CE 8OB

©&8 Ge2n B0 0] L3CeORRSS aoNBI EENE

0B 8D © NV L3GLRNOD WEDT

O &8 o0 Enns eEes 602

200 e cBEOS Ses .

5.2.3 Conclusion

Based on the received values, Sinhala-Tamil translation has confirmed promising

result using BPE techniques, back translation and the transformer architecture.

Morphologically rich languages can be treate

nature of the word. BPE reasoned to reduces

d using BPE for reducing the complex
the ’'OOV’ words in the dataset. Using

marked data improve the accuracy of the translation and increasing the dataset

improves the neural machine translation training. Using Transformer architecture

for translation will address the problem of long term dependency.
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5.3 Results obtained from the Second Research
Question.

In this research question, we exposed result through monolingual corpora data. We
have 1 000 000 sentences with Sinhala and 400 000 sentences Tamil sentences. Our
aim to achieve some considerable result through this corpora. Table 5.13 shows

the details of the monolingual corpora that we are going to used.

Table 5.13: Corpus of the Monolingual Dataset

Corpus Statistics Sinhala Tamil

Number of sentence pairs 1,067,173 | 407,578
Total Number of Words (T) | 13,158,152 | 4,178,440
Vocabulary Size 933,153 301,251

After successfully addressing the first research question, we satisfied with the
OpenNMT-py Framework. As a result of our satisfaction, we had a curiosity
to investigate deeply in OpenNMT-py for Generative Adversarial Network. We
discussed with the authors and contributors of OpenNMT-py for recognising the
strength to create GAN architecture using OpenNMT-py framework . we awak-
ened to OpenNMT-py framework is not supporting to the GAN architecture.
Hereafter, we tried the GAN approach with NMT-GAN and UndreaMT? frame-
works and MASS. Firstly we tried to examined the MASS approach and we ob-
served its’ performance for their given dataset.It performed well for their pre-
trained and fine-tuned models of English and Finnish. After that we investigated
its” architecture and how they input their sentences.When mapped to the Sinhala-
Tamil and languages they have mentioned that to create own sourced codes for lan-
guages which hasn’t pre-trained models. Hereafter we tried to prepare the source
code for Sinhala-Tamil | but it didn’t work properly. After that we had discussion
with the author about how they prepared the source code.Until receiving a answer

from him, we examined other approached that we can achieved.

https://opennmt.net /
Zhttps://github.com/artetxem /undreamt

48



In addition to that, we drove our direction to examine whether it is possible to
take the unsupervised approach without using GAN and we tried to use encoder-

decoder based architecture to training the data in an unsupervised way.

5.3.1 Architecture Detail of UndreaMT

Table 5.14: Architecture details:UndreaMT

Shared Encoding layers | 2 layers Bidirectional RNN

Decoding layers 2 identical layers RNN
Training steps 300 000 or 100 000

Figure 5.14 represents the details of the architecture. When we used the 300 000
iteration, it took 3 days for the training process. After analysing the time of
processing we decided to use 100 000 iteration for train, based on the size of the

monolingual corpora.

5.3.2 Data preparation

Before using the raw data, we remove the special characters and symbol in the
both data-set. After that we remove the repeating sentences in the data-sets.Our
Experiments are mainly dividing into two-part based on the dataset pre-processing
technique.

In the first part, full word form segmentation dataset was used for experiments. In

the second part, the BPE segmentation technique used for pre-processing.
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5.3.3 Result analysis for Full word form
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Figure 5.2: Most similar words represents for word se® Word embedding for the

data corpora.
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's@@e', ©.8764417171478271),
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Figure 5.3: Most similar words for '@®@» in sinhala
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Figure 5.4: Most similar words for in tamil

Both of the above figure 5.3 and 5.4 represent the word embedding representation
of similar words to '¢®»'(Mother) in Sinhala and Tamil languages .

For a instance , figure 5.3 you can see the similar words to '¢®@»'(Mother) and at the
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same time it representmnsion '(Father) word proving word embedding can identify
the pair of male-female relation. In addition to, that it displays the approximately

similar words gather around Mother.

Error analysis for the full-word form

Table 5.15: Error analysis for the full-word form

Source Sentences Output Sentences

AENOD ez OB 923800 8sBOO <O00V> <O0V> <O0V> <O0V> <O0V> ©12)

9 B9e30% @20 DB Ba€n B OB ¢ D . <O0V> <O0V> <00V> <O0V>

OB 20085 @O €38 e3e80BIS <0O0V> <00V> <O0V> B30 <O0V>

BBOO Sors L00 yebns 0eidws) Bed . <O0V> <O0V> <O0V> <O0V>

5.3.4 Using Byte Pair Encoding for segmentation
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Figure 5.5: Most Similar words represents for word se® Word embedding for the

data corpora BPE segmentation.

Figure 5.5 represents the word embedding behaviour with the BPE segmentation.
BPE segmented word embedding and full word form segmentation represent two
different word sets for same word. When comparing the full word form embedding
with the BPE segmented word embedding, figure 5.2 represent the words only
similar with given word rata. However, when coming to the BPE segmented word
embedding, figure 5.5 displays word sets with a given word mostly associated.It

shows that the words which are around with the given words. It reasoned to
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increase the translation accuracy. Hence, the architecture can identify the relative

words when translating the sentences.

5.3.5 Error Analysis in BPE segmented word embedding.

In this novel approach, we examined the translation accuracy by checking the
synonyms rather than getting a BLEU score. BLEU score can not measure the
semantically similar phrases. Then we manually checked the tests data for finding

the semantically similar words.

Table 5.16: Error analysis for the full-word form

Source Sentences Output Sentences
00w 855 e0ewwdr) i) & epwewl Aed aBe
29 e300 %) dewm e Bo s . e’ & Qe 8 Sw <O0V>
A ensied b o gon a8 aesey emed S Bude
B 86585 0055 008 . BEe @8 ©e ©¥BS <OOV>
& 00 OB 638psns @z eB® | & oo &1 eBt)ed Oy t-dihmedd
£3589 EDYE INEDIR GORE 0D . | eQewwded®s’ g Bl S <O0V>

Table 5.16, displays the result sentences given by the BPE segmented word em-
bedding approach. It is very challenging to generate correct words phase without
training the labelled dataset. At a glimpse, it seemed that there is no relationship
of these reference sentence and translated output. Hence we examined the syn-
onyms of the sentences with came up with some likelihood to achieve translation

using monolingual corpora data.

01 Reference: § w000 d0@10s 8¢ QWO @D 5H)s BOO eaewds’
251638308 (31 NG RO WS .

Translated :§ @m0 @Emw 262 a¢ e OS¢ &8 BSEwWs e tiee® <O0V>

02 Reference : dows exdEiem Suw ey 00O eHBO0WR) D08 AL WD
BSOS @0 D108 .
Translated : dews ninsen o BEe EOwE cah OBO0 B G B8 s&ws
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B & @058 B3 <OOV>

03 Reference : § c-200D 060 Beved edoce i BO00 98 eon ¢y .

Translated: § cw00 exddem de D8E5w ¢déh Bed <OOV>

As a novel approach to building a translation for Sinhala and Tamil languages
pair only using monolingual corpora shows the promising results of 3 reference
sentences. Although Those references sentences received the wrong sentences as
output, It s’ output sentences have well build sentences based on the POS tag-
ging.This indication illuminates the hope of building the translation using mono-

lingual corpora to morphologically rich and low resourced languages pair.

POS tag explanation example:

a8 aresey el &J B BENE omnond @ ©BS
« &82:Noun(Subject)
o J8BuEe: Object

o ®e3c0 ©BS :Verb

5.3.6 Conclusion

When compared to the full word form with the BPE approach it significantly shows
through the results the BPE perform well rather than full word form. Through the
second research question, we demonstrated that using only monolingual corpora

has the ability to implement a translation between Sinhala-Tamil languages pair.

5.3.7 Overall observation and Discussion

Through our experiments, we observed implement a translation in Tamil to Sinhala
performed well rather than implementing the translation Sinhala to Tamil. By re-
ducing the inflexion morphe in both language reason to reduce the morphological
richness and reduced the vocabulary size. Therefor address the rare words while

translating performs well.
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In parallel corpora confirmed that the Tamil language is morphologically richer
than the Sinhala language. Because of it V to T ratio almost two times than Sin-
hala language V to T ratio. When com to the Monolingual corpora Sinhala has
V/T ratio is 7.0% and Tamil has 7.2%. Based on the NMT architecture encoder
performed well when employing higher morphologically rich language as the source
language. Because When the source-side is morphologically richer than the target-
side, the encoder tends to encode more information about the sentence, leading to
better decoding by the decoder. Overall First research question, we are addressing
the problem using parallel and monolingual corpora data. It shows the promising
results for Sinhala-Tamil translation. It justified the Tamil to Sinhala translation
performed well than Sinhala to Tamil translation.

Doing the second research question, we addressed only monolingual corpora. In
here, both V to T ratio is approximately the same, then we examined that the
translation has low performance as a translator. As an observation of the experi-
ment, we concluded that there is still availability for Sinhala and Tamil languages

can use only monolingual corpora for translation.
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Chapter 6

Conclusions

This dissertation is on developing an NMT system for improving the translation be-
tween the morphologically rich and low resource language pairs Sinhala and Tamil
by using monolingual corpora data. This chapter presents an overall representation

of the conclusions drawn from the overall research work conducted by us.

6.1 Conclusions about research questions

The main aim is to develop more sophisticated methods for implementing Sinhala-
Tamil translator. For our first goal, we focus on one main problem Sinhala and
Tamil are considered as low resourced languages and they have limited parallel
corpus data. Most of the research on Natural Language Processing in Neural Ma-
chine Translation has achieved an impressive result through parallel corpus dataset.
Low resourced languages confront with low performance due to the lack amount of
parallel corpus data. Creating parallel corpus for language pair is more expensive
and needs the persons who are expert knowledge for both languages. Sinhala and
Tamil consider as low resourced languages due to the lack of linguistics references.
Conversely, monolingual corpora data is much easier to find than parallel corpus
data and many languages with a limited amount of parallel corpus may perform
prominent result with monolingual corpora.Inspiring these methodologies we ad-
dressed our first research question as "What is the effect of the Monolingual Corpora
on the translation accuracy? ’ for examing the performance of translation in be-

tween Sinhala and Tamil language with both monolingual and parallel corpora. we
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examined the morphological richness in both languages and apply the BPE word
segmentation for reducing the inflection morpheme. The performance of the BPE
and full word form we discussed in Chapter 5. Both of the approch, BPE seg-
mentation perform well for translation. In table 5.6, represents the details of the
vocabulary may change after employing the BPE to the dataset. In line with pre-
vious studies, we can see that BPE segmentations of both languages gives roughly
similar value to the number of unique words in both testing and training dataset
and it receives a lower value concerning the table 5.5 values.

The promising result is showing the OOV value in BPE. It takes 0% values for both
unique and total words. This exposes that the BPE can use for NMT for open-
domain translation. Finally, we concluded that using BPE for the pre-processing
technique answers the research problems with handling Out-Of-Vocabulary. After
finding the proper segmentation technique, we chose transformer architecture for
doing our further experiments after doing many experiments with LSTM model.
Up to this stage, we used only parallel corpora. after finalizing the proper tech-
niques we tried to find a way for increasing the parallel corpus. Back translation
was the techniques we used in the increasing the parallel corpus with the help of
the monolingual corpora. After coming to the end stage of the first research ques-
tion we examined that using both parallel and monolingual corpora reasoned to
increase the performance in the translation.

As the inspiring, the first research question resulted, we were heading to find a
way to develop a translator using only monolingual corpora data. Then our second
research question is "What is the best approach for achieving high accuracy in
Sinhala-Tamil translation using only monolingual corpora?”

To address this research question, we experimented in many ways. First, we started
with the GAN architecture. But it used parallel corpus data to discriminator model
train. Our intention was to use only monolingual corpora data then we drove our
direction to adversarial networks by inspiring from GAN. Finally, we came up with
the architecture using the encoder-decoder approach. When compared to the full
word form with the BPE approach it significantly shows through the results the
BPE perform well rather than full word form.

Through the second research question, we demonstrated that using only mono-
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lingual corpora has the ability to implement a translation between Sinhala-Tamil
languages pair.

Finally we concluded that, the due to the morphological richness in Tamil language
than the Sinhala Language Tamil to Sinhala translation perform well rather than

to Sinhala to Tamil. we discussed it in Chapter 05.

6.2 Limitations

The considerable limitation that we are come a cross to research is limiting the
iterations of training based on the fixed size considering the dataset size and used

the fixed size merge operation to the BPE according to the corpus size.

6.3 Implications for further research

In our research we focused on mainly semi-supervised and unsupervised approach
for addressing the morphological rich and low resourced languages. Through our
research we were able to give a possible clue to develop translator using monolingual
corpora only. There are many ways we have discuss in our chapter 3. As future
works anyone can improve a method suggested by us and try out the another
methods such as GAN, MASS for improving translation accuracy for Sinhala-Tamil
languages pair. In adition to that , further experiment can be done using wordPiece
segmentation methods. WordPiece !. is another word segmentation algorithm and
it is similar with BPE. Schuster and Nakajima introduced WordPiece by solving
Japanese and Korea voice problem in 2012. Basically, WordPiece is similar with
BPE and the difference part is forming a new subword by likelihood but not the
next highest frequency pair

Many Asian language word cannot be separated by space. Therefore, the initial
vocabulary is larger than English a lot. You may need to prepare over 10k initial
word to kick start the word segmentation. From Schuster and Nakajima research,

they propose to use 22k word and 11k word for Japanese and Korean respectively.

Thttps:/ /medium.com/@makcedward /how-subword-helps-on-your-nlp-model-83dd 1b836f46
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Appendix A

Diagrams

A.1 Transformer Architecture
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A.2 MASS architecture

MASS: Masked Seq to Seq Pre-training for Language Generation
ERRaRnas
[ Encoder [ venion Decoder ] [ Encoder Decoder ]
BIGIEIGIDIR BIG) CodooooD donataas (e BRI REIE)

(a) Masked language modeling in BERT (k = 1) (b) Standard language modeling (k = m)

Figure 2. The model structure of MASS when k& = 1 and & = m. Masked language modeling in BERT can be viewed as the case k = 1
and standard language modeling can be viewed as the case k = m.

Figure A.2: MASS:Pretraing architecture: from(Song et al., 2019)

A.3 GAN architecture
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Figure A.3: Genarative Adversarial Network architecture
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Appendix B

Interfaces

B.1 Collected data sample

[H sinhala tet E3 ‘ 25000_train.si £3| E25000 testsi £3| 25000 testsi £3| B sinhala28814-28819 ¢t £3| B sinhala2 txt £3| B airiine arff 3| B bank-data arff £3| Bl new 1 \

-

EE GEBS MPBe e3en Ved.ers WO EDD.

&6ed mendecs en ced mmdeds den DO 6150808 pm BOem Behdencs IO B BBmnsS @bennsS #m8 84 &) 66iH w0 Beddm rErmEdwE Bzemnd O 68iBmied 881w 6D ¥BOD S
6968 B3SO €8BS WER G1REd sSmt e dBE Decs 53D B

0% mdngames ¢dud meded &n ¢ad mmdeds Oen DS O 5980 tSen 6BBDIOE sy 8Os Hesadems & BY&.

6B BNGE B¥6IBIOD EEYD 5O 68K ¥INEH ¥KNEEEHO BsE® DD He@Ber QEH 660K CoXz ARG VBN 8DBH.

6 69¢ 9B 3D SR DD 8De8E DeEne REB 66D25DEE 6O LB L2 ER 86653 66INED B e BeP DU 69 DD & 6:5ID) GLB.

T @6 Gorned 826210 3B OB 855m® an)bns 18:89m O ausiens 8usie® Bfscs 80 DD & euneg @RS 66215 Cogim ceDBE Dy BD8E.

B e 68IneE wae ¥ ¢St S TmWEE 608 GEBEDE Beznd B g6 & 13eM) B WG B WEHE OB P

QEEHEDBD $0BBIS e GEIB B 9N BeMe 680 HBBDEHE 88D%) 4BE ¥es:8es D BE D) DOKS DDars 6250 920 Begd 2365 6 2315 BEEENO BEA.
6O%B i BENE penes erfOBs Dern g REL 66D Soim CERRE @WsN 696 51D,
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Figure B.1: Collected data using web-scraping
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B.2 Google colab interface-01

& word_embedding.ipynb

B comment
File Edit View Insert Runtime Tools Help Lastsaved at 11:02 AM
+ Code + Text Connect ~ Editing ~
v o8/
<> )
~ WordEmbedding
]
[]1 1 from google.colab import drive
2 drive.mount('/content/drive')
[» Go to this URL in a browser: https://accounts.google.com/o/oauth2/auth?client id=04731 f4nag3pfee6491hcobredi . apps .googleusercontent . comdredirect _ur: h @%3a00b&res
Enter your authorization code:
Mounted at /content/drive
»
[1 1
[ 1 1 lunzip '/content/drive/My Drive/my Research/data/sinhala.si.zip
[ Archive: /content/drive/My Drive/my Research/data/sinhala.si.zip
inflating: sinhala.si
[1 1 |lunzip '/content/drive/My Drive/my Research/data/tamil.ta.zip'
[» Archive: /content/drive/My Drive/my Research/data/tamil.ta.zip
inflating: tamil.ta
[ 1 import re
2
3 path ="/content/drive/My Drive/my Research/data/bothdata/subword_nmt/sinhala.BPE.L1"
4 #path ="/content/drive/My Drive/my Research/data/sinhala.si
6 with open(path, 'r') as f:
7 content = f.read()
B i
3 oogle colab interface-02
.
y & word_embedding.ipynb
(a(e] = 9-IPY! B comment Share A £ @
File Edit View Insert Runtime Tools Help Lastsavedat11:.02 AM
+ Code + Text Comnect ~ Eding = A

[ 359395
o ~ FastText embedding

sinhala

[ ] 1 from gensim.models import FastText
model_ted = FastText(sentences_ted, size=100, window=5, min_count=5, workers=4,sg=1)

[1 1 model ted.wv.most similar(u'Sed")

s

[» /usr/local/lib/python3.6/dist-packages/gensim/matutils.py:737: FutureWarning: Conversion of the second argument of issubdtype from “int™ to “np.signedinteger’ is deprecated. In future, it will be treated as
if np.issubdtype(vec.dtype, np.int):
[('o@5D", 0.6384331583976746),
(*Gozned)’, 0.6147441864013672),
('2e3", 8.6055795550346375),
("e', 0.6049793362617493),
("eEImEE", 0.5759732723236084),
("6ODGE', 0.5651464462280273),
("e3@edecd’, 0.5636255741119385),
("eedRed’, 0.5549261569976807),
(*&I550ndeus’, 0.5521716475486755) ,
("e88m°, 0.5402588844299316)]

[ ] 1 model ted.uv.save word2vec_format('/content/drive/My Drive/my Research/data/bothdata/subuiord_nmt/fasttext_model si_emb.txt')

[ /usr/local/lib/python3.6/dist-packages/smart_open/smart_open_lib.py:402: UserWarning: This function is deprecated, use smart_open.open instead. See the migration notes for details: https://github.con/RaRe-T
"See the migration notes for details: %s' % _MIGRATION NOTES_URL

Tamil

Figure B.3: Google colab using

66



