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Abstract

Translation into severely low-resource languages has both the cultural goal
of saving and reviving those languages and the humanitarian goal of assisting
the everyday needs of local communities that are accelerated by the recent
COVID-19 pandemic. In many humanitarian efforts, translation into severely
low-resource languages often does not require a universal translation engine, but
a dedicated text-specific translation engine. For example, healthcare records,
hygienic procedures, government communication, emergency procedures and
religious texts are all limited texts. While generic translation engines for all
languages do not exist, translation of multilingually known limited texts into new,
low-resource languages may be possible and reduce human translation effort.
We attempt to leverage translation resources from rich-resource languages to
efficiently produce best possible translation quality for well known texts, which
are available in multiple languages, in a new, low-resource language.

To achieve this efficiency, we translate a closed text that is known in ad-
vance and available in multiple source languages into a new and low-resource
language. Despite the challenges of little data and few human experts, we build
methods to promote cross-lingual transfer, leverage paraphrase diversity, ad-
dress the variable-binding problem, measure language similarity, build efficient
active learning algorithms for learning seed sentences, activate knowledge in
large pretrained models and produce quality translation with as small as a few
hundreds lines of low-resource data. Working with extremely small data, we
demonstrate that it is possible to produce useful translations for machines to
work alongside human translators to expedite the translation process, which is
exactly the goal of this thesis.

To reach this goal, we argue that in translating a closed text into low-
resource languages, generalization to out-of-domain texts is not necessary, but
generalization to new languages is. Performance gain comes from massive source
parallelism by careful choice of close-by language families, style-consistent corpus-
level paraphrases within the same language and strategic adaptation of existing
large pretrained multilingual models to the domain first and then to the language.
Such performance gain makes it possible for machine translation systems to
collaborate with human translators to expedite the translation process into new,
low-resource languages.
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Chapter 1

Introduction

To have another language is to
possess a second soul.

Charlemagne

ranslation into severely low resource languages has both the

T cultural goal of saving low-resource languages and the humanitarian goal of assisting
the everyday needs of local communities that are accelerated by the recent COVID-19 pan-
demic. In many humanitarian efforts, translation into severely low resource languages often
does not require a universal translation engine, but a dedicatdadxt-specific translation
engine. For example, healthcare records, hygienic procedures, government communication,
emergency procedures and religious texts are all limited texts. Translation of limited texts
have many real-world applications. One such application is the translation of water, sanita-
tion and hygiene (WASH) guidelines to protect Indian tribal children against waterborne
diseases and more recently COVID-19 infections, introducing earthquake preparedness tech-
niques to Indonesian tribal groups living near volcanoes and delivering information to the
disabled or the elderly in low-resource language communities in Ugandd,[201], 221, 239.
These are useful examples of translating a closed text known in advance to the severely
low-resource language. We show wash your hands in many languages in Figure 1.1.

While generic translation engines for all languages do not exist, translation of multilin-
gually known limited texts into new, low-resource languages may be possible and reduce
human translation effort. We attempt to leverage translation resources from rich-resource
languages to efficiently produce best possible translation quality for wédhown texts which
are available in multiple languages, for a new, severely low-resource language.

To achieve better efficiency, we translate a closed text that is known in advance into a
new and severely low-resource language by leveraging massive source parallelism. In other
words, we make use of available translations in many known source languages to produce



Figure 1.1: Wash your hands in world languages [81].

a good translation in severely low-resource language. The source languages may be rich-
resource, but may include other low-resource languages that have slightly more data or
human expertise.

In this problem setup, given a text that is multilingually available, we are interested in
translating it into a new, low-resource language. The problem has three unique aspects
that are different from traditional Machine Translation (MT) problems:

1. Our text is closed, not arbitrary as in traditional MT problems.

2. Our text has multiple source languages with complete text translations while tradi-
tional MT is typically single-source.

3. Our text has little to no translation in the target low-resource language, while tradi-
tional MT assumes abundant data.

1.1 Thesis Statement

Machine Translation focuses on building a practical solution for human communication
across cultures 141, 194 229 29€. Translation into severely low-resource languages is
ultimately an extremely small data problem. The methods that usually work in big data
settings may not work for severely low-resource scenarios. Many large and evolved models
may not perform as well as small and simple models in cases with little to no data. To
overcome this challenge of extremely small data, our focus is to build a practical text-based
Machine Translation engine that joins forces with human translators and uses minimal
resources to expedite the translation process into severely low-resource languages.
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THESIS STATEMENT In translating a multilingually known limited texts into

a new, low-resource language, we argue that generalization to out-of-domain texts is
not necessary, but generalization to new languages is necessary. Performance gain
comes from massive source parallelism through the following: 1) close-by language
families, 2) style-consistent corpus-level paraphrases within the same language,
3) carefully-constructed linguistic closeness, 4) selective choice of active learning
methods, and 5) strategic adaptation of existing large pretrained multilingual models
to the domain first and then to the language. Such performance gain makes it
possible for machine translation systems to collaborate with human translators to
expedite the translation process into new, low-resource languages.

While the industry trend is to move towards bigger models with bigger data, our approach
uses fewer languages, smaller data and minimal expert efforts. Given that expert efforts
are mostly compensated or measured by the number of translations or edits, this saves
computation power and resources. Therefore, this saves time and money, while improving
translation performance. Saving time and money helps low-resource language communities
to thrive on limited resources. Furthermore, with adequate scheduling and suitable model
training on the whole text of multiple source languages, it is possible to build a sufficiently
good translation model based on little data in a new and severely low-resource language.
This does not mean that we can build a universal interlingua using such small data as the
good translation results produced by learning about the text may not generalize to other
texts. Nevertheless, generalization to other texts is desirable but not necessary in our goal
of producing practical and high quality translation of the given closed text in our research
problem. In this thesis, instead of focusing on translating any text into any language, we
focus on the practical goal of translating a given text into a new, low-resource language.

1.2 Thesis Overview

To realize the goal of expediting the translation process of a multi-source text into new,
low-resource languages, we show an overview of the work done as part of this thesis and
how they are contributing to our main goal in Figure 1.3. Following this introduction, we
examine related existing research work in Chapter 2. After literature review, we then present
this thesis in two main parts: massively multilingual translation (Chapter 3, Chapter 4
and Chapter 5), and human machine translation (Chapter 6, Chapter 7 and Chapter 8).
We focus on a case study in Quechuan language family for applying the methods built
in this thesis to the real-world translation in Chapter 8. All these chapters contribute to
the main goal of this thesis: translation of a multilingually known limited text into a new,
low-resource language. To conclude, Chapter 9 summarizes our main contributions and
explores future research directions and opportunities in this research space.
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Figure 1.2: Quechuan language community in Peru. Photograph by Mark Bean.

We focus on two parts of this thesis: massively multilingual translation (Chapter 3,
Chapter 4 and Chapter 5), and human machine translation (Chapter 6, Chapter 7 and
Chapter 8) and give an overview of these two parts below.

" Massively multilingual translation (Part I): We examine how source parallelism
benefits translation of a given text into new, low-resource languages through multi-
lingual training. In Chapter 3, we build cross-lingual transfer both within a given
language family and also across different language families. We find that in practice,
training on two closely related language families or equivalently around ten closely
related languages is often enough for translating to a given low-resource language.
We also propose an order-preserving named entity translation mechanism to resolve
the variable binding problem and produce high quality lexiconized translations under
severely low-resource scenarios. When data of similar languages is not available, we
may leverage different translations of the same text in the same language as described
in Chapter 4. We treat paraphrases as foreign languages, and train on corpus-level
paraphrases to improve translation performance. We find that our multi-paraphrase
translation models improve performance better than multilingual models and im-
proves the sparsity issue of rare word translation as well as diversity in lexical choice.
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Figure 1.3: Overview of the work done as part of this thesis.

When paraphrase information is also not available, we may build our own linguistic
distance metric based on translation distortion, fertility and performance. In Chapter
5, we propose a methoditeratively Pretrained Multilingual Order-preserving Lexi-
conized Transformer to train on low-resource language data. We push the limit by
using only 1,000 lines ( 3.5% of the entire text) to translate the whole text and
achieve good translation performance.

Human Machine translation (Part I1): Having examined source parallelism, we
build a human machine translation workflow algorithm for machine translation sys-
tems to collaborate with human translators to expedite the process. Our proposed
human machine translation is not to replace the human translators with machine
translation systems, but instead, to get the best of both worlds as shown in Figure
1.4. In our translation process, human translators are informed by machine sentence
ranking through active learning to produce a seed corpus. Machine systems then use
this seed corpus to produce a full translation draft. Human translators post-edit the
draft, and feed new data to machines each time they finish post-editing a portion of
the text. In each iteration, machines produce better and better drafts with new data,
and human translators find it easier and faster to post-edit. Together they complete
the translation of the whole text into a severely low-resource language. We first de-
velop various active learning methods on known languages and transfer ranking to
the new, low-resource language in Chapter 6. Secondly, we activate the knowledge
of large multilingual models by proposing multilingual and multi-stage adaptations
through different training schedules in Chapter 7; we find that adapting pretrained
models to the domain and then to the low-resource language works best. Thirdly,
we aggregate scores from 115 languages to provide a universal ranking and increase
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Figure 1.4: Human machine translation process.

robustness by therelaxed memoizationrmethod. In Chapter 8, having examined both
source parallelism and human machine translation workflow, we evaluate our work in
all previous chapters by translating it into practical use in a case study in Quechuan
language family in extensive collaboration with Mark Bean and his translation group
with in-depth knowledge of various Quechuan languages. We find that machine trans-
lation performance is significantly positively correlated with language similarity. The
more connected a language is, the higher the performance. Moreover, we find that
decluttering poorly-connected languages improves translation score. Based on this
finding, we show effectiveness of our models through good results in translation into
a new, low-resource language called Sihuas Quechua.

Finally, we summarize our contributions and discuss future research opportunities in

translating into new, low-resource languages in Chapter 9.

1.3 Practical Goal Setting

Having understood the overview of this thesis, we would like to clarify the goal of this work
and how to make it practical and attainable given the real-life constraints of low-resource
languages.

In essence, our goal is to minimize human translation and post-editing efforts required to
generate a full publishable-standard translation of a given text. We aim to minimize human
translators' efforts in both the translation process of the seed corpus sentences and the post-
editing process of the subsequent iterations. In other words, we want to make translation
and post-editing work easier and smaller for human translators through automation.
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To realize this goal, ideally we want to hire a large number of human translators, measure
and compare the resources (time and money) used to translate the same text into a target
low-resource language that does not have any translations of the text. To show that this
thesis has achieved the goal of reducing human translation efforts, optimally we need to
measure and compare time taken and money spent in two translation scenarios:

1. Baseline: total time taken and total amount of money paid when human translators

translate the text to meet publishable standards.

2. Total time taken and total amount of money paid when human translators work with
machine translation systems to translate and post-edit the text to meet publishable
standards through the human machine translation algorithm introduced in this thesis.

However, this ideal solution is unrealistic especially in large translation projects. Large
translation projects in real-life usually takes decades, if not centuries of work. For example,
in the case of Bible Translation, the average project cost of a complete written Bible is
$937,446 and the average time of completing a Bible translation with sufficient resources
is 15.8 years [142]. This is clearly not realistic and beyond the scope of this thesis.

To set more practical goals, we treat the translation process of the seed corpus and
the post-editing process of the subsequent iterations separately, and use the following two
sub-goals as the proxy sub-goals for minimizing time and money used for the translation
project:

1. To minimize human translation effort at the translation process of the seed corpus, we

optimize and minimize the amount of sentences to be used to construct seed corpus
as a proxy.

2. To minimize human post-editing process of the subsequent iterations, we maximize
the quality and utility of MT-generated translation of the full text and optimize
translation efficiency.

To understand why we choose these two sub-goals as proxies, we first need to understand
that most of the human translators are paid by the number of words they translate or
post-edit [33, 82 284. The rate they translate a word is different from the rate they
post-edit a word BZ]. Therefore, the total human translation cost is entirely tied to the
number of translated words and post-edits human translators need to perform to meet
publishable standards. Firstly, minimizing the amount of sentences used to construct seed
corpus directly reduces the number of words human translators need to translate. Therefore,
it serves as a good proxy for minimizing human translation efforts of the seed corpus.
Secondly, maximizing translation performance of the MT-system minimizes the number
of edits required for generating a full publishable-standard translation of the given text
[25, 26, 265 297. Since time and money saved is directly linked with the number of edits
saved, maximizing translation performance is an appropriate proxy sub-goal for minimizing
human post-editing processes.



Using the proxy sub-goals, we transform our goal of minimizing human translation efforts
required to generate a full translation of the given text into two practical proxy sub-goals
as the following:

1. Optimizing and minimizing the amount of sentences used to construct seed corpus.

2. Maximizing the quality and utility of MT-generated translations of the full text and

optimizing translation efficiency.

The first sub-goal of minimizing the seed corpus serves as a proxy in Chapter 6 to
minimize the human translation efforts in the creation of the seed corpus, while the second
sub-goal of maximizing translation performance serves as a proxy in Chapter 7 to minimize
human translation efforts in the post-editing process during the subsequent iterations.

To measure translation performance, our primary automatic metric in this thesis is chrF
[230. We choose chrF for accuracy, fluency and expressive power in morphologically-rich
languages217. We use the metric chrF for the beginning and the conclusion of this thesis
to motivate and summarize our main contributions of this paper. In addition to our main
evaluation metric chrF, in order to have a comprehensive understanding of each chapter,
we give a wide range of evaluation metrics to supplement our understanding of translation
performance through BLEU , characTER, COMET score, and BERTscor@81, 241, 275 305
317. Moreover, we explore human evaluation methods in addition to automatic evaluation
methods. For detailed analysis, we prioritize BLEU in Massively multilingual translation
(Part 1) as we mainly work with European languages while we prioritize chrF in Human
Machine translation (Part II) as we mainly work with morphologically-rich low-resource
languages. Overall, we will use our metric chrF to conclude this thesis.

1.4 Thesis in Practice

As we have discussed in the Thesis Overview, we integrate this thesis into real-world
scenarios by examining a case study in Quechuan language family in Chapter 8. This
provides practical insights in understanding how to use this thesis for practical situations.
We will discuss the case study in Quechuan language family in detail at the end of our thesis.
However, we would like to give a glimpse of this case study before we dive into the details
of the different chapters of this thesis, so that we have a more intuitive understanding of
the problem we are solving.

The Quechuan language family, also called Runasimi ( people's language ) by local
communities, is a varied group of languages covering a wide region of Peruvian Andes in
South America, extending from Colombia, Ecuador, Peru, Bolivia to northwest Argentina
[137, 184. Its history traces back to the Inca Empire and there is broad spectrum of
sociolinguistic diversity among Quechuan languages throughout the Spanish colonial history
of the area [77]. Many are low-resource languages.
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Figure 1.5: A practical application of this thesis in Peru. Photograph provided by Mark Bean.

We make practical use of findings of this thesis to translate into a few low-resource
languages in Quechua in Chapter 8. We provide extensive analysis to answer the following
guestions:

1. Under what conditions does our method work?

2. Under what conditions does our method fail to work?
3. When it works, does it provide real help to human translators working in the field?

4. When it does not work, are there ways we can improve user experience for human
translators?

Through the extensive analysis to answer the above questions, we find that machine trans-
lation performance is significantly positively correlated with language similarity. The more
connected a language is, the better it is to translate into this language. Using this result,
we employ our thesis in practice and achieve good performance for translation into a new,
low-resource language called Sihuas Quechua. We give a glimpse of this thesis in practice
before we dive into the details of each chapter, and we will look closely at this Quechuan
case study after the detailed discussion of this thesis in Chapter 8. Through this case study,
we show a few opportunities for further research that this thesis presents.
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1.5 How to Read This Thesis

Given the overview, we aim to make this thesis accessible and inclusive to readers coming
from diverse research backgrounds for the many potential collaborative opportunities in
this research space.

Following this introduction, we give an overview of the research landscape by examining
related existing research done in the space of translation into low-resource languages in
Chapter 2. For Chapter 3 to Chapter 8, each chapter is relatively self-contained and readers
can read them not in sequence. However, we suggest to read Chapter 3 and 4 first before
Chapter 5 to gain an understanding what could be done with language closeness and why
it is important to measure language closeness when such information is not available. We
also recommend to read Chapter 6 and Chapter 7 together as most of the work in these two
chapters have previously appeared in publications together. Lastly, we recommend reading
Chapter 8 after having completed all the previous chapters as this chapter leads us from
the comfort zone of academic research to enter the real-world translation process, which is
exactly the place our work is most impactful.
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Chapter 2

Literature Review

Every act of communication is
a miracle of translation.

Ken Liu

o0 understand the existing literature in the space of translation into
low-resource languages, we focus on examining different aspects of our translation
task through related research works. We only show related works that are relevant to all
parts of this thesis in this chapter. For related works that are only relevant to a particular
chapter, we will introduce them in the specific chapter directly.

In this chapter, we show related works that are closely connected to all parts of this thesis
in three broad categories: low-resource languages, machine translation, and translation in
practice. These three categories are intricately linked to each other. Firstly, related works
in low-resource languages show the broader impact of empowering low-resource language
communities and facilitating information dissemination in these communities. Secondly,
related works in Machine Translation demonstrate the state-of-the-art tools researchers
have built that could be applied in the severely low-resource translation, including massively
multilingual translation and large pretrained multilingual models. Finally, related works in
translation in practice bridge the two worlds by putting MT tools into practical use of
real-world translation. More specifically, we show the related works in the areas of human
machine translation, active learning and post-editing.

Having examined related works in low-resource languages, machine translation, and
translation in practice, we conclude this chapter by introducing our research framework
that is built based on existing literature, including the toolkits we use, our core datasets
and evaluation metrics we employ.
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2.1 Low-Resource Languages

2.1.1 Information Dissemination

Interactive Natural Language Processing (NLP) systems are classified into information
assimilation, dissemination, and dialogue3p, 238 302 303 304. Assimilation and dissem-
ination have very broad definition and our definition below assumes the reference point of
rich-resource communities and discusses them only in the context of rich and low-resource
languages.Information assimilation involves information flow from low-resource to rich-
resource language communities whileformation dissemination involves information flow
from rich-resource to low-resource language communities. It helps low-resource language
communities to make better-informed and autonomous decisions. Taken together, they allow
dialogueand interaction of different groups at eye level. Most research is on information
assimilation with examples span from urgent earthquake detection to infectious disease
surveillance R7, 40, 79). Few work on dissemination is on information dissemination with
examples ranging from introducing disaster prevention techniques to delivering information
to the disabled and the elderly in low-resource language communitids 12, 19, 213 32§.
Information dissemination is challenging because there is little low-resource language data,
much less parallel corpus, little funding, and few human experts in training and evaluation
[12, 75. Some low-resource languages have no formal writing systerhs19]. Note that

in a broader definition of dissemination, the field is largely under-researched even if the
focus is not low-resource. However, our discussion focuses largely on dissemination in the
severely low-resource scenarios.

2.1.2 Low-Resource Languages

A language is alive when many people speaks it and dies when no one speaks it. There
are 7,139 languages in the world, unequally distributed across the world, with drastic
differences in their number of speakers and vitalityl[L1, 200 219. More than half of these
languages will die in the next 80 yearslp, 81]. Though there are cases where a language
dies through war, genocide, natural disasters or infectious diseases, most languages dies
while the speakers do not; the speakers either voluntarily or are forced to speak another
mainstream language as part of the endangerment process that is deeply rooted in political,
historical, social and economical reasons [187, 283].

A language needs attention when it is spoken by enough people that it could survive
under favorable conditions but few or no children are learning it6R, 154 313. Such
languages may survive and thrive if they gain prestige, power and visibilitg®]. Language
preservation is therefore an intricate and complex matter that invites many different views
[14, 71, 122, 166, 245].
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