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Abstract

Translation quality is a largely subjective concept, but in Machine Translation,
it needs to be measurable. Human judgements are regarded as the gold standard of
evaluation methods, but they are expensive and time-consuming to obtain, so the
field has turned to automatic metrics, such as BLEU, which measures the lexical
overlap between the translation candidate and one or more reference translations.
However, lexical overlap is not all there is to a good translation, and BLEU has
repeatedly been shown to correlate poorly with human judgements of quality. A new
paradigm has emerged in recent years: trainable metrics, based on neural networks
that directly predict quality scores of human judgements, have been topping the
ranks in the latest meta-evaluation studies. However, as they need to be trained
on annotated parallel data, these metrics have limited language support, and so
under-resourced languages are mostly left out.

In this work, we look at the most prominent trainable evaluation system proposed
for MT so far, the COMET framework, and take English—-Maltese and Spanish—-Basque
as a case study to investigate the extent of COMET’s language support restrictions:
how well can it evaluate languages outside of its training data, and languages not
supported by its underlying encoder, as is the case of Maltese and Basque? We run
a crowd-based evaluation campaign to collect human judgements, and then use this
data to analyze the performance of COMET out of the box. We also explore potential
avenues of improvement: by fine-tuning existing models, or training new models from
scratch. Our results, based on correlations between human evaluations and metric
outputs, attest to the potential of fine-tuning to improve existing models, but also
indicate that COMET is highly susceptible to the distribution of scores in its training
data, which is especially concerning in low-resource scenarios.

This dissertation is a step towards the inclusion of under-resourced languages
in the development of better metrics for MT evaluation, and we also release our

anonymized campaign results to public for future works.
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Introduction

In the book “Nineteen Ways of Looking at Wang Wei”, American translator Eliot Wein-
berger takes a close look at 19 different translations of a thousand year-old, four-line
Chinese poem. Each translation is infused not only with its translator’s personal in-
terpretation of the work, but also a multitude of linguistic decisions to transpose that
into the target language—some of which the author criticizes thoroughly. While literary
translation—especially that of poetry—is quite an extreme case, even the most literal
sentence in an instruction manual may be translated a number of different ways. The
mapping between two languages is never 1:1, and so the “correctness” of a translation is
not binary.

The definition of “translation quality” is a thorny issue for scholars of Translation
Studies (Snell-Hornby, 1992); however, as part of a largely theoretical field, translation
criticism does not necessarily aim to produce fully objective assessments. In Machine
Translation (MT), on the other hand, “translation quality” needs to be measurable. Re-
searchers and developers working on MT systems need reliable ways of quantifying how
well their systems are performing, and to compare them to other systems. However, the
“correctness” of MT outputs cannot be measured in terms of “accuracy”, because there is
no ground truth; the subjective nature of “correctness” in this context makes evaluation
an ongoing challenge.

Therefore, lacking actual ground truth results, the field of MT relies on the expertise
of human professionals: human translations are taken as “reference” translations against
which MT outputs can be compared, and human judgement is widely regarded as the gold
standard of evaluation methods (Bojar et al., 2016a). This is, of course, also flawed; as put
by Zehnalova (2013), “why should we expect then that a necessarily subjective evaluation

of something subjective by its very nature will be perfectly objective?”
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Evaluation was performed only by humans in the early decades of MT development,
but since the early 2000s, and notoriously since the creation of BLEU (Papineni et al.,
2002), automatic evaluation has taken over. BLEU and most other automatic methods
are reference-based: they rate an MT output by comparing it to one or more reference
translations. This comparison usually involves calculating the overlap between the seg-
ments through performance metrics such as precision, recall and the F-score, but adapted
to handle specificities of textual content.

This process evokes a number of issues that have been investigated in MT meta-
evaluation studies for decades now, which we will discuss in depth in the next chap-
ter. First, references are simply human translations that could themselves be subjected
to quality assessments. Secondly, most automatic evaluation methods simply measure
the lexical overlap between a translation and the reference, without access to any com-
putational resources about the languages, their vocabulary and grammatical structure.
Therefore, these lexical metrics can only enforce that the translations should be as close
as possible to the references, punishing variability in word choices. Finally, but most
importantly, lexical metrics have repeatedly been shown to correlate poorly with vari-
ous kinds of human judgements of translation quality; they often underestimate systems
which humans find better and vice versa, and also often fail to accurately discriminate
between high-performing systems.

As research in MT evolves, now mostly dominated by Neural Machine Translation
(NMT) systems, the demand for reliable evaluation only grows, and lexical metrics have
fallen behind. A new family of methods has emerged in recent years, known as trainable
metrics, which are based on neural networks trained directly to predict human judgements
of quality. Their power lies in that they can go beyond the lexical level by generating
contextualized, meaning representations of the input segments. The most prominent
trainable evaluation system so far has been COMET, which has topped the rankings in
recent meta-evaluations (Freitag et al., 2021b, 2022; Kocmi et al., 2021; Mathur et al.,
2020b); these studies analyze the performance of automatic metrics by measuring their
correlation with human judgements obtained in manual evaluation campaigns.

However, trainable methods like COMET have a limitation with regards to the lan-
guages that they can evaluate, as they have to encode the input segments into embeddings,
and have to be trained on previous human assessments to learn to predict them. This
limitation has not yet been the subject of thorough analysis, and trainable methods are
most often evaluated on the same languages they were trained on. This dissertation aims
to contribute to the current research in MT meta-evaluation by looking at this gap. If
trainable metrics are to be widely adopted for MT evaluation, in place of simpler lexical

metrics, how do we extend them to evaluate new, under-resourced languages?
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1.1 | Motivation

This dissertation is a meta-evaluation study of COMET and its applicability for under-
resourced languages, and to that end, we conducted a case study centered around two
language pairs': English-Maltese and Spanish-Basque. The motivations for this choice
are both linguistic and sociolinguistic.

Maltese is a Semitic language spoken primarily in Malta, where it is an official language
alongside English. The language mixes elements of Arabic, Italian, and English, due to
the long history of invasions and colonization in the Maltese islands (Brincat, 2005). It is
the only Semitic language written in the Latin script, and also the only Semitic language
with official status in the European Union (Rosner and Joachimsen, 2012).

Basque is the native language of the Basque people, spoken mainly in Euskal Herria,
the cultural territory which comprises the Basque Country autonomous community and
parts of Navarre in Spain, where it holds official status alongside Spanish, and also the
French Basque Country, where it is not recognized (Eberhard et al., 2023).

Maltese and Basque are in relatively similar positions: they are both widely used in
their native regions, but nonetheless threatened by the overwhelming and ever growing
presence of major co-official languages, namely English and Spanish. The scarcity of
digital resources for Maltese and Basque—resources which are readily available for English
and Spanish—Ileaves the minoritary languages in an even more disadvantageous position.

The development of NLP technologies—such as spell checkers, automatic translators
and voice assistants, to name a few—is essential to ensure the survival of minoritary
languages in the digital age, and contributes, alongside language preservation politics on
the part of the local governments, to keep the languages alive and in vigorous use. Machine
translation is often highlighted as a key application in the effort to promote linguistic
diversity through NLP, because high-quality automatic translation allows already existing
online content to be made available in minoritary languages as well (Bartolo, 2022; Wetzel,
2018). However, MT is also particularly demanding due to its data-hungry nature: NMT
systems usually need to be trained on millions of parallel segments to be able to perform
competitively (Koehn and Knowles, 2017), and this scale of data simply is not available
for most languages of the world.

Joshi et al. (2020)? conducted a large-scale study on language resource disparity in
NLP, and classified Maltese and Basque as languages for which there is “light at the end
of the tunnel”: dedicated NLP efforts have collected significant datasets which grant these

'In accordance with MT literature, we use “language pairs” in the sense of “translation direction”:
X-Y is the same as X—Y (translation from X into Y), and X<Y denotes both directions.
’https://microsoft.github.io/linguisticdiversity
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languages the potential to maintain an online presence, provided that there is ongoing
research on new language technologies. Basque, particularly, was reported as possessing
more unlabeled than labeled data; this gap has already been exploited in approaches such
as Unsupervised Machine Translation (Artetxe et al., 2017, 2018).

Basque and Maltese are available on a handful of commercial MT systems, and there
is active research on improving MT technologies for these languages, particularly centered
around Maltese to/from English, and Basque to/from Spanish, English, and sometimes

3 The availability of parallel datasets for Maltese has

French, Catalan and Galician.
increased significantly since it became an official EU language when Malta joined the
EU in 2004; nowadays, most of the available corpora for Maltese comprise official legal-
administrative EU documents. In turn, the lack of corpora in other domains, such as
works of literary fiction or casual speech, may hinder the performance of NLP applications
trained mostly on legal-administrative corpora (Rosner and Borg, 2022).

In the case of English-Maltese and Spanish-Basque, automatic translation is par-
ticularly complex due to the fact that the languages are unrelated: while English is a
West-Germanic language, Maltese is in the Semitic family, descending from Siculo-Arabic
(Agius, 1981); Basque is remarkably the only surviving pre-Indo-European language in
Europe, and is considered a language isolate, while Spanish is a Romance language (Eber-
hard et al., 2023; Trask, 2013). It is easier to produce high-quality MT between languages
that are similar, but with large morphological and grammatical differences, and especially
in scenarios with relatively limited amounts of data, MT systems struggle to align the
elements properly and any errors become more salient.* At the same time, translation
between these pairs is all the more important since the languages have virtually no mutual
intelligibility (Kolovratnik et al., 2009; Popovi¢ et al., 2016).

At the same time, these language pairs potentially suffer the most from the overuse
of BLEU as the sole evaluation metric. Maltese and Basque are morphologically rich
languages, and BLEU strictly counts exact nm-gram matches as correct; moreover, they
are both languages with fairly flexible word order, and BLEU fails to catch long-range
word order errors, as it matches n-grams of up to n = 4 only (Bisazza et al., 2021;
Callison-Burch et al., 2006; Chatterjee et al., 2007; Tatman, 2019).

These factors increase even more the need for human evaluations, which is doubtlessly
the most reliable way to verify translation quality, but they are too expensive to obtain

with the frequency they would be needed; therefore, MT research for these language pairs

3See “API Support” lists at https://machinetranslate.org/maltese and https://machinetrans
late.org/basque, last accessed 03/10/2023.

“https://cordis.europa.eu/article/id/131535-in-the-quest-for-excellence-in-machine-tr
anslation, last accessed 10/10/2023.
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stands to benefit greatly from better evaluation metrics.

1.2 | Aims and Objectives

This dissertation adds to the current research in MT meta-evaluation, focusing on an
analysis of a relatively new, trainable metric, COMET. The main research question that
we focus on is the extension of COMET and its applicability for the evaluation of under-
resourced language pairs. To this extent, we focus on Maltese and Basque, both of which,
to the best of our knowledge, do not have a neural approach to evaluating machine
translation output and thus to date always rely on metrics such as BLEU.

In order to achieve this, we look at the limitations in COMET’s language support,
investigate its generalization capabilities, and also explore the possibility of training new
COMET metrics from scratch to obtain better evaluations for unsupported languages.

Therefore, we outlined the following objectives:

1. Familiarizing ourselves with the COMET framework, how to use it to evaluate MT

outputs, and how to train new COMET models.
2. Defining the correlation metrics that would be used for meta-evaluation.
3. Gathering parallel, annotated data for preliminary tests and analysis.
4. Developing a system to host a crowd-based human evaluation campaign.

5. Gathering parallel datasets for English—Maltese and Spanish—Basque, and manually

selecting segments that would be appropriate for crowd-based human evaluation.

6. Selecting MT systems to evaluate for each language pair, and implementing trans-

lation through them.

7. Selecting and testing encoders that support our languages, to plug into new COMET

models.
8. Defining the quality control procedures and creating quality control items.

9. Launching the campaign and reaching out to bilingual speakers to participate and

evaluate translations.
10. Pre-processing and filtering the raw results of the campaign.

11. Fine-tuning COMET on new datasets, and training new COMET models from scratch.
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12. Evaluating the performance of new models in comparison with existing pre-trained

models.

1.3 | Contributions

We first take a general look at the gap between supported and unsupported languages in
the COMET framework. In many ways, this is akin to the gap between high- and low-
resource languages in the context of MT. Parallel data is already scarce, and parallel data
annotated with human judgements of quality is even harder to find. With the exception
of a few low-resource languages included in the datasets, thanks to efforts to encourage
more research towards low-resource languages in WMT competitions, most languages
supported by COMET models can be considered at least medium- to high-resource.

We explore this restriction on language support by testing pre-trained and custom
COMET models on new datasets: we used WMT data that had not been used to train
COMET, and also obtained our own quality scores by conducting a manual evaluation
campaign aimed at English/Maltese and Spanish/Basque bilingual speakers. We also
attempt to improve the performance of the models by fine-tuning it on this new data,
and by training entire new COMET models from scratch.

We evaluate the performance of all of these COMET models by using them to evaluate
a test set of translations from different systems, and then measuring its correlation with
human judgements, using Kendall’s Tau and Spearman correlation coefficients. We also
compare COMET to other lexical metrics in terms of correlation with human judgements.

The main contributions of this work are as follows:

m We report an analysis of how well COMET models perform when evaluating lan-

guages it has not previously seen in its training.

m We provide a preliminary estimation of how much data is needed for fine-tuning to

improve a pre-trained COMET model in terms of correlation with human judgements.

B We carry out a human evaluation campaign for English-Maltese and Spanish-Basque,

and make our results publicly available for future research.®

B We fine-tune existing COMET models, and train custom ones from scratch on top
of publicly available cross-lingual encoders that specifically support Maltese and

Basque, in order to evaluate their performance in comparison with human scores.

Shttps://github.com/juliafalcao/direct-assessments


https://github.com/juliafalcao/direct-assessments

Chapter 1. Introduction 7

1.4 | Document Structure

We begin in Chapter 2 with an overview of the theoretical background of this work,
which covers the history of MT and MT evaluation, the main types of manual evaluation
methods and automatic metrics, and then also delve deeper on the structure of the COMET
framework.

Chapter 3 details our preliminary experiments with COMET models, which yielded
valuable insights that helped guide our decisions for the next steps in the case study of
our two language pairs. Chapter 4 describes the design of our manual evaluation cam-
paign, where we collected translation quality scores in the form of direct assessments for
English-Maltese and Spanish—Basque from bilingual speakers. In Chapter 5, we present
the experiments we conducted with this assessment data, and discuss the implications
of our results. Finally, in Chapter 6, we recapitulate the conclusions of our work and
what we achieved, and briefly discuss its limitations as well as some directions for future

research.



Background & Literature Overview

This chapter aims to provide all of the necessary theoretical background for the present
dissertation, a meta-evaluation study on the applicability of COMET in low-resource MT
evaluation scenarios.

We begin with an overview of the history of MT up to the present day. This overview
is interlaced with a brief history of MT evaluation methods and metrics, highlighting
how the demand for quick and simple evaluation methods only grew as MT evolved from
specialized rule-based systems to large neural networks. Then, we delve into a literature
review on MT evaluation, presenting a classification of methods for manual evaluation
(Sec. 2.2) and also the main types of automatic methods (Sec. 2.3), and discussing the
main advantages and shortcomings of each.

Once we have established the most important aspects of human and automatic eval-
uation, we clarify our motivation for focusing on COMET, a trainable, automatic metric
that optimizes for correlation with human judgements. We provide greater detail on the

structure of the framework, so that later we can look at its limitations.

2.1 | Machine Translation and its Evaluation

Although ideas about how to automate translation have been elicited since the 17th
century, the true dawn of Machine Translation happened around the 1950s, driven by the
needs of the Cold War (Hutchins, 2006b). The first proposals were based on successful
advances in code breaking from World War II (Poibeau, 2017), and in 1954, IBM and
Georgetown University demonstrated a system which automatically translated around 60
sentences from Russian to English (Hutchins, 2004).

It was a rule-based system, consisting only of 6 grammar rules and 260 lexical items

in its vocabulary. The quality of the translations was good enough for a demonstration

8



Chapter 2. Background & Literature Overview 9

which caused an unprecedentent media attention on the “electronic brains” that could
“turn Russian into English”.! However, as we now know better, rule-based systems are
irrevocably restricted in that the mapping of one language to another through explicit
grammar rules is immensely complex, if not impossible, because grammatical structures
do not always align neatly across languages. The Georgetown-IBM demonstration, for ex-
ample, avoided issues of article insertion when mapping Russian into English by including
only a few English articles to fit the words present in the corpus (Hutchins, 2006a).

Unfortunately, this demonstration gave the public the wrong impression that fully
automated systems for high-quality translation would be feasible much sooner than was
actually realistic (Hutchins, 2006a). This led to a decade of more liberal funding for MT in
the United States, which produced largely unsatisfying results, as researchers were faced
with the inflexibility of rule-based systems in handling syntactic and semantic ambiguity,
for example (Hutchins, 1986).

Funding was brought to an end in 1966 by the publication of an infamous report from
the Automatic Language Processing Advisory Committee (ALPAC), which evaluated the
state of MT—and computational linguistics as a whole at the time—, and concluded that
there was “no immediate or predictable prospect of useful machine translation” (Pierce
and Carroll, 1966, p. 32).

Among other shortcomings, the ALPAC report noted that there were no reliable
measures of translation quality, and thus included a study that aimed to “lay the founda-
tions for a standard procedure for measuring the quality of scientific translations, whether
human or mechanical” (Carroll, 1966). This evaluation study was the main basis for
ALPAC’s conclusion that MT served no useful purpose without post-editing, and fur-
thermore, that post-editing MT might be more costly than simply obtaining human
translations (Hutchins, 1996).

Research in MT continued in a much smaller scale in the aftermath of the ALPAC
report, but in the few remaining research groups, the focus shifted to more realistic
goals, aiming for readability and fidelity to the original text, rather than for perfect
translations. Besides, they were working on translating between other language pairs.
The new systems were still rule-based, and there were more ambitious approaches, based
on linguistic theories in syntax and semantics; nonetheless, there was a gradual realization
that these approaches were not bringing solutions, and the limitations of rule-based MT
seemed insurmountable (Hutchins, 1986).

At the time, the evaluation of these new systems was largely ad hoc, suffering from

the lack of objective evaluation methods for human translations in the first place. MT

"https://aclanthology.org/www.mt-archive.info/50/Georgetown- IBM-1954-reports.htm, last
accessed 18/09,/2023.
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outputs most often needed to be post-edited—revised by professional translators—to be
useful, and the productivity of post-editing was measured in terms of time spent and
also on the amount and severity of errors corrected (Slype, 1979). Naturally, post-editing
productivity depends on the complexity of the original text, and also on the attitude
of the translators—whether they saw MT as an aid or as an inhibitor of their creative
expression. Some evaluations also compared raw MT outputs against post-edited versions
and against human outputs, by rating them on “comprehensibility” and “clarity”, amongst
other criteria varying from project to project (Hutchins, 1986).

Eventually, given the unsatisfying results of rule-based MT, this classical approach
gave way to new, corpus-based methods. In 1981, Makoto Nagao argued that the rule-
based approach is inadequate for very different languages like English and Japanese, where
there is little structural correspondence between a sentence and its translation (Nagao,
1984). His approach, inspired by the analogy principle in human thinking, later became
known as example-based machine translation (EBMT); it used bilingual corpora to match
fragments from the source sentence with real examples, and then the corresponding trans-
lated fragments were recombined to generate the target sentence (Somers, 1999). EBMT
was a solid first step towards machine translation based on bilingual corpora, leaving
behind carefully crafted grammatical rules and lexical resources.

Other sub-fields of NLP were following in a similar direction, reconciling that language
is too complex to be encoded as a set of rules; instead, machines could be made to “learn
the rules” automatically by looking at large corpora (Koehn, 2009). The revolution in MT
came around the late 1980s with the invention of Statistical Machine Translation (SMT),
a strategy for finding the most probable translation for a given input by analyzing the sta-
tistical relations in parallel data—matching pairs of source texts and human translations
(Brown et al., 1988). This strategy leveraged the growing amounts of text available on
the Internet, as well as the development of increasingly powerful computers, to do what
computers do much better than humans: processing huge amounts of data (Poibeau,
2017).

After several years being dismissed as an “expensive failure” (Garvin, 1980), ma-
chine translation was back in the forefront of computational linguistics research. Much
bigger systems were being developed, based on gradually more sophisticated statistical
approaches, and so the demand for standardized evaluation methods only grew. Evalua-
tion was mostly done manually, with the help of human translators, who were asked to
judge MT outputs on attributes such as “comprehensibility”, “adequacy” and ‘“fluency”.
This scenario only started to change significantly with the widespread adoption of BLEU
(Papineni et al., 2002), an automatic metric based on the precision score. It not long

before publications started reporting only BLEU scores, rather than performing regular
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human evaluations (Marie et al., 2021), even though the limitations of BLEU have been
discussed since its early years (Melamed et al., 2003; Koehn and Monz, 2006). Criti-
cally, metrics based on lexical matching only compare the surface form of an MT output
against one or more reference translations provided by humans, thus enforcing the specific
wording of the reference and failing to capture any nuances which may lead to better or
worse quality regardless of similarity to the reference. Such metrics have therefore been
proven to correlate poorly with human judgements, an issue we will discuss further in
Section 2.3.1.

The introduction of deep learning methods for translation brought about another rev-
olution, and NMT has been the dominating approach in the field for the past decade,
with the invention of increasingly powerful model architectures (Bahdanau et al., 2014;
Kalchbrenner and Blunsom, 2013; Sutskever et al., 2014). Early NMT models consisted
of Recurrent Neural Networks (RNNs) (Kalchbrenner and Blunsom, 2013), later evolved
to sequence-to-sequence, encoder-decoder architectures (Sutskever et al., 2014), where
the encoder is responsible for encoding the source sequence into a shared feature space,
and the decoder, for predicting each next word in the target sequence. The attention
mechanism was created to address the issue of maintaining context or handling long se-
quences, allowing the decoder to focus on more important parts of the sequence during
decoding (Bahdanau et al., 2014). Finally, Vaswani et al. (2017) introduced the Trans-
former architecture, based on self-attention, which allows the model to capture long-range
dependencies; transformers are also designed to be highly parallelizable, exploiting the
processing power of GPUs.

The scale of machine translation models nowadays is beyond anything imaginable
in the days of rule-based systems: huge neural networks with millions of parameters
can be trained on terabytes of parallel texts. Recent advances in NMT research have
made it potentially possible to translate between severely under-resourced languages,
even without parallel data, by leveraging monolingual data to perform unsupervised or
zero-shot machine translation (Artetxe et al., 2017; Lample et al., 2017, inter alia). In
2022, Google Translate extended its support to 24 under-resourced languages through a
novel self-supervised method (Bapna et al., 2022; Caswell and Bapna, 2022).

The sheer size of NMT models now and the speed at which new architectures and
techniques are being developed has substantially increased the demand for quick and
efficient evaluation. Neural models need to be evaluated constantly and consistently
during development, in order to validate the quality of the outputs after each training
epoch, to guide hyperparameter selection, and to compare variants of the same model
architecture. This only exarcebates the issue of MT researchers over-relying exclusively

on BLEU, as well as similar automatic metrics with well-documented shortcomings, for
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measuring system performance and reporting results.

The field of MT meta-evaluation is responsible for the study of existing evaluation
metrics, usually by measuring their correlation with human judgements, and thus it also
analyzes methods for collection of human judgements. Researchers in this field also work
on the development of new metrics, in an attempt to provide better, more reliable tools
for the evaluation of MT systems. The Conference on Machine Translation (WMT) has
held annual shared tasks encouraging the development of new metrics for MT since 2008;
the performance of the metrics is evaluated with the human evaluation scores obtained
in the main translation task. So while the main translation task reports on the current

state of MT systems, the metrics task is the main reference in MT meta-evaluation.

2.2 | Manual Evaluation

Before any automatic metrics were conceived, MT outputs were evaluated only manually,
with the help of human assessors. Although human judgements are widely regarded as
the gold standard of evaluation methods (Koehn and Monz, 2006), they do not come
without their own complications. While one assessor may look at two translations and
prefer the one that sounds more natural, another assessor may find that the more literal
but less natural-sounding translation is more faithful to the original text.

Human judgements of translation quality are inherently subjective, but when provided
by trustworthy evaluators and constrained by a well-defined method, they yield valuable
information that can greatly aid in the development of better MT systems. The most
widely used methods nowadays for human evaluation can be divided into three groups, to
be detailed in upcoming subsections: comparison tasks, attribute evaluation, and error
analysis.

When it comes to the choice of task for a given manual evaluation campaign, there is
an interesting tradeoff to be considered: the more information you wish to obtain from
an evaluation, the harder the task will be for the assessors. Alternatively, simpler tasks
yield less fine-grained information, but might make it possible to reach a larger amount
of participants and thus obtain more evaluations. Therefore, it is always necessary to
carefully consider what is reasonable to expect from the assessors, depending on who
they will be and how the campaign will be organized.

Evaluation can be conducted at different levels of granularity, the most common being
segment-level, where a “segment” is a piece of text containing one or more sentences—or

sometimes not even a full sentence, which occurs in web crawled text with headers and

*https://www.statmt.org/wmt08/shared-evaluation-task.html, last accessed 23,/09,/2023.
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bullet points, for example. Segments are most often evaluated out of context, though
sometimes, preceding and subsequent segments are provided for context, if available.
There is also document-level evaluation, where each item is a full text, usually a few
paragraphs long. Word-level evaluation can also be conducted in the form of error analy-
sis, where the translation is marked for errors in specific words or spans. The granularity
level is another decision that will depend on the goals of an evaluation campaign and the
availability of data and assessors.

Choosing the assessors also involves a number of decisions: for example, whether they
need to be bilingual speakers, and whether they will be language professionals or crowd-
sourced participants. All of these decisions are inevitably subjected to the availability of
participants and the resources that the organizers have at their disposal; we will discuss
several works in MT meta-evaluation that have analyzed the impact of some of these
choices. The subject of manual evaluation is highly important because we will proceed
with our study by performing our own evaluation campaign, and then analyzing COMET

framework, which is based on predicting human judgements.

2.2.1 | Comparison Tasks

Comparison tasks consist of obtaining relative rankings for M'T outputs, by showing N
outputs to assessors and asking them to choose the best one, or to rank them by quality.

In the pairwise comparison method, evaluators are presented with a source sentence
and two different MT outputs, and asked to choose the best one; they might also have
the option to vote that the hypotheses are of equal quality. Ranking is also a comparison
task, but with more MT outputs being assessed at once: evaluators either have to pick the
best out of 3 or more translations, or to rank all of them from best to worst (Chatzikoumi,
2019).

Both of these tasks yield relative ranks: the results might attest that system A is
better than system B; however, there is no measure of absolute quality, or the degree
to which A is better. Their main advantage is that they are cognitively easier than the
methods we will see in upcoming sections. The instructions are easy and straightforward,
as judges must only evaluate translations against each other; they do not need to provide
absolute scores of the quality of any translation, or identify any potential errors in them.

The ranking task allows for direct comparison of more systems at once, and thus
requires less evaluators; one evaluation of 5 distinct MT outputs yields 10 pairwise com-
parisons. However, in terms of cognitive effort, it is considerably harder than pairwise
comparison. Gorog (2014) argues that the maximum amount of outputs that a judge

can reliably rank is three, while WMT has used up to five outputs at a time—generating
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a total of 10 pairwise comparisons—which they claim “seems to be a good compromise

between efficiency and reliability” (Bojar et al., 2016a, p. 29).

2.2.2 | Attribute Evaluation

Attribute evaluation, unlike comparison tasks, aims to obtain an absolute score of the
quality of an MT output, according to certain attributes. That is, each output will have
its own score on a given scale, not in relation to other outputs, and these scores allow for
conclusions about which system is better and how much better it is.

The term “attribute” refers to the different aspects in which one translation might be
deemed better than another, since “quality” of translation cannot be defined concretely by
itself. The ALPAC report (1966) defined that the main characteristics a translation should
be judged on are “intelligibility” (or “comprehensibility”) and “fidelity” (or “accuracy”),
and claimed that these aspects are conceptually independent (Carroll, 1966). In the
ARPA MT Initiative, the translation quality score was based on “adequacy”, “fluency”
and “comprehension” (White et al., 1994). “Adequacy” and “fluency” were the quality
score attributes under the criteria developed by the Linguistics Data Consortium for the
annual NIST Machine Translation Evaluation Workshop (LDC, 2005), where adequacy
refers to how well the translation expresses the meaning of the source text, and fluency
refers to the correctness of the translation in terms of grammaticality and proper use
of the target language (White and O’Connell, 1994). Adequacy and fluency scores can
be seen as representing the semantic and the syntactic appropriateness of a translation
hypothesis, respectively (Banchs et al., 2015).

Attributes can be evaluated on a full continuous scale of 0-100, generally presented
on a visual analogue scale. In order to try and make the task cognitively easier for the
assessors, it can also be collected using interval-level scales, usually with five or seven
points, presented as radio buttons with labeled categories; as an example, in Callison-
Burch et al. (2007), assessors could evaluate a hypothesis on fluency by selecting “flawless”,
“good”, “non-native”, “disfluent” or “incomprehensible”. However, this strategy might also
prove counter-productive, forcing humans to choose between categories that might not
accurately represent their judgements, as quality estimates are inherently continuous in
nature (Graham et al., 2013). Direct estimation of adequacy and fluency separately
on 5-point scales was the main evaluation method used during the first two editions of
the WMT shared translation task (Callison-Burch et al., 2007; Koehn and Monz, 2006).
Upon analysis, however, they found this method to be inconsistent, unpopular with the
annotators, and hard to normalize: scores by individual annotators were distributed very

differently and skewed in different directions, and the organizers found no clear way of
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combining judgements from multiple annotators (Bojar et al., 2016a).

Moreover, researchers have found issues with the separation of quality judgements
into attributes like adequacy and fluency. Denkowski and Lavie (2010) hypothesized
that high correlation between these two attributes, as reported by Callison-Burch et al.
(2007) on the 2017 WMT results, for example, may actually happen due to the attributes
influencing each other. A translation must be considerably fluent in order to express the
meaning of a reference, and a highly disfluent translation is difficult to understand and
may therefore lead to low adequacy scores as well. There is also the matter of combining
these two scores in a way that it can be used for other purposes, such as tuning automated
metrics.

Nowadays, absolute evaluations of quality are collected mostly on a single, continuous
0-100 scale, in which the evaluator is asked to rate the overall quality of the translation,
rather than rating separate attributes. This form of evaluation is known as Direct As-
sessment (DA) (Graham et al., 2013), and can be further divided into source-based and
reference-based DA, depending on what sentence is shown to the evaluator as a base for
judging the hypothesis.

Source-based DA, also known as bilingual DA, consists of asking how well the hy-
pothesis expresses the meaning of the source sentence, and therefore the assessors should
be bilingual speakers. Reference-based DA, on the other hand, is referred to as mono-
lingual DA because it can employ monolingual speakers, by asking for judgements of the
hypotheses based on how well they express the same meaning as a reference translation.
However, using the reference may introduce reference bias into the evaluation, and there-
fore source-based DA is more recommended by the literature (Laubli et al., 2020) and
tends to produce more reliable results (Bentivogli et al., 2018).

DA yields absolute scores in a continuous scale, which can then be standardized in
order to smooth over differences in each assessor’s scoring strategy; this cannot be done if
interval-level scales are used. Additionally, statistical tests can be applied to continuous
scores, to filter out contributions from participants deemed unreliable based on quality
control methods (more on this in Section 4.6).

DA scores can also be converted to relative rankings (DARR), like those obtained by
pairwise comparison and ranking methods, if there are scores for at least two translation
hypotheses and the difference between these scores is significant enough to assume one
hypothesis is of superior quality (Bojar et al., 2017). Naturally, the granularity of DA
scores is lost in this conversion process, but the resulting pairwise rankings serve other

purposes.
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2.2.3 | Error Analysis

Error analysis is a family of evaluation methods designed to gather information about
specific translation errors in each hypothesis. Errors can be annotated on different di-
mensions; they are usually categorized according to a hierarchical error typology, and also
rated on their severity.

This method allows for quite a fine-grained analysis, though at the cost of consider-
able cognitive effort and time investment. Moreover, it should ideally be performed by
professional assessors, having enough knowledge of the languages to be able to distin-
guishing certain linguistic phenomena in order to classify the errors. Assessors have to be
provided with guidelines on what and how to annotate, usually based on a standardized
framework.

In 2011, TAUS proposed the Dynamic Quality Framework (DQF), built on the as-
sumption that translation quality depends on the type of content, the purpose of the
content, and on its audience (A. Gorog, 2014). It was created with the goal of standard-
izing MT error analysis, offering a way to categorize and count translation errors based
on criteria commonly used in the industry. In 2014 it was unified® with another popular
framework, Multidimensional Quality Metrics (MQM), and now DQF is a subset of MQM
2.0.4

MQM was originally developed at the DFKI for the EU-funded QTLaunchPad project
(Burchardt, 2013), and it lists over 100 types of issues in a catalog® from which evaluation
organizers can select the relevant issues to annotate for their tasks. The issues are divided
in three main types: “style”, “fluency”, and “accuracy”, and then weighted depending on
their severity to calculate the final score, which ranges from —oo to 100. The score is
calculated according to equation 2.1, where Lyinor; Imajor and I are the numbers of

errors classified as “minor”, “major” and “critical”.

Iminor + (5 * Imajor) + (10 * Icm’t.)

MQM =100 —
@ 00 sentence length * 100

(2.1)

Other evaluation campaigns might come up with their own frameworks for error anal-
ysis, or set out to investigate translation errors from different perspectives. An interesting
example is the work of Popovi¢ (2021), which analyzed the nature and the causes of trans-
lation errors in order to identify what phenomena are dependant on specific domains or

language pairs, and what can be seen as “universally challenging” for MT systems.

3https://o.taus.net/academy/news/press-release/dqf - and-mgm-harmonized-to-create-an-in
dustry-wide-quality-standard, last accessed 05/08,/2023.

‘https://themgm.org/faq, last accessed 06,/08/2023.

Shttps://themgm.org/error-types-2/typology, last accessed 06/08,/2023.
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MQM has been used as the standard evaluation method in WMT campaigns since
2021 (Freitag et al., 2021b, 2022). In addition to the final quality scores, it also provides
word-level tags which may be used for various purposes, such as word-level QE (Bojar
et al., 2015), which aims to attribute a binary OK or BAD label to each token in the
hypothesis.

2.3 | Automatic Evaluation

The previous section covered the main families of methods for manual evaluation of
MT quality; it should be clear by now that human judgements, although valuable, are
considerably expensive and time-consuming to obtain. As MT research continued to
evolve and more systems and techniques were being developed, evaluations were needed
more and more often. Naturally, there was a lot of interest in creating methods that could
measure translation quality automatically.

Banerjee and Lavie (2005) named a few basic criteria an automatic metric must satisfy
in order to be useful and effective for MT evaluation: it must correlate well with human
judgements of M'T quality; it should be sensitive to differences in quality between systems;
it should be consistent, producing similar scores for similar texts from the same system,
and reliable, so that similarly scored systems can be considered of similar quality; and it
should be general, usable for different tasks across a variety of domains.

It is immediately clear that these are not simple criteria to satisfy all at once by any
single metric, given the inherent complexity of evaluating translation quality in the first
place. In the following sections, we will describe three families of automatic evaluation
methods, which have surfaced in a chronological manner as research evolved and more
resources became available. We also emphasize their limitations and shortcomings, so

that we may explore these limitations in upcoming chapters.

2.3.1 | Lexical Metrics

This category comprises the most widely used automatic methods for MT evaluation, also
known as “string-based”, “n-gram matching” or “lexical overlap” metrics. They require
two elements: a reference translation, and a formula by which the overlap between the
reference and the hypothesis will be calculated. The metric operates at the lexical level,
measuring the overlap in terms of n-grams, words or sub-word units. It is usually a simple
formula, easy to compute, thus making the metric fast and lightweight. Additionally,
these metrics are relatively language-independent, requiring only that the segments can

be tokenized into n-grams for the calculation.
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These would be the main reasons why lexical metrics are so widely used, fulfilling the
demand for constant evaluation in MT development.

One well-established metric is Word Error Rate (WER), which computes the edit
distance (Eq. 2.2): the amount of edits (substitutions (S), insertions (I) and deletions
(D)) necessary for a hypothesis translation to match a reference of length N. WER is still
used nowadays for evaluating speech recognition systems, and in MT, it is also known as
Translation Edit Rate (TER), with an adjustment where N can be the average length of
the references in multi-reference scenarios (Snover et al., 2006b).

Snover et al. (2006a) proposed a variation called Human-targeted Translation Edit
Rate (HTER), aiming for a human-in-the-loop approach by calculating the edit distance
between an MT output and a post-edited version of it. HTER requires more effort, in
that translators need to be hired and instructed to post-edit each hypothesis until it is
fluent.

WER = StI+D (2.2)
N

The overlap between hypothesis and reference can also be measured based on two
performance scores well known in Machine Learning: precision and recall. These scores
consider the amount of overlapping tokens as the “true positives”, which is then divided
by the hypothesis’ own length (|A]) in the case of precision (Eq. 2.3), to contabilize how
many of the generated tokens are relevant (i.e. present in the reference); for recall, it’s
divided by the length of the reference (|r|), to measure how many of the reference’s tokens

were correctly generated (Eq. 2.4).

_ |overlapping tokens|

|l

(2.3)

R loverlapping tokens| (2.4)

7]

Precision and recall are widely used in Machine Learning with numerical data, but
for NLP, they are rather limited: these formulas alone cannot account for word order in
sentences, or repetition, for example. They have been modified in a variety of ways for
measuring MT quality.

The current most used metric in the field, BLEU (“Bilingual Evaluation Understudy”,
Papineni et al. (2002)), is based on clipped (or modified) precision, by only counting an
n-gram as correct as many times as it occurs in the references. The clipped precision score
is calculated for n-grams of N = {1,2,3,4}; the idea behind this is that the uni-gram

matching should capture the adequacy of the translation, while the longer n-grams should
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account for fluency. The final score will be their weighted geometric average (Eq. 2.5); this
average is then multiplied by a Brevity Penalty (BP, Eq. 2.6), which serves to penalize

translations that are too short compared to the closest reference length.

N
BLEU = BP > wy, logp, (2.5)

n=1

1 ife>r
BP = (2.6)
exp(l—r/c) ife<r

The acronym “BLEU” stands for Bilingual Evaluation Understudy, because it was
originally proposed as “an automated understudy to skilled human judges which substitutes
for them when there is need for quick or frequent evaluations” (Papineni et al., 2002, p.
1); nowadays, however, it is used extensively on its own and not accompanied by regular
human evaluations. Furthermore, its design supports multiple references, to allow for
variation in word choices, but in practice, due to scarcity of reference translations, it is
most often used with only one.

The limitations of BLEU have been well known and discussed for years (e.g. Callison-
Burch et al., 2006; Kocmi et al., 2021; Mathur et al., 2020a; Reiter, 2018). In the latest
WMT metrics task, it was ranked last amongst the 13 reference-based metrics that were
evaluated, based on low correlations with human judgements of translation quality (Fre-
itag et al., 2022).

One major limitation is inherent to all lexical metrics, as they are based entirely
on lexical matching between the hypotheses and references: the metric will enforce the
wording of the references, failing to reward translations which might be of similar quality
but worded differently (Popovié¢, 2019). This is acknowledged in the BLEU paper, where
they consistently recommend the use of multiple references from different translators, and
if that is not possible, single references can be used for a test corpus if they were not all
written by the same translator (Papineni et al., 2002).

Lexical metrics also fail to discriminate the severity of translation errors (Federico
et al., 2014; Freitag et al., 2021a), since minor errors are treated the same as critical ones
which can highly alter the meaning or the polarity of a sentence (Saadany and Orasan,
2021).

Most importantly, lexical metrics have been repeatedly shown to correlate poorly with
human judgements (e.g. Edunov et al., 2020; Freitag et al., 2019; Mathur et al., 2020b).
One of the first publications to point this out, Melamed et al. (2003), found that BLEU,
in a single-reference evaluation of English—Arabic translations, had low correlations with

human judgements of adequacy and fluency.
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The shortcomings of BLEU have been a re-ocurring topic in all the latest WMT met-
rics tasks. The results in Barrault et al. (2019) indicated that BLEU failed to correlate
with human DA scores at segment-level, and also failed to distinguish the highest perform-
ing MT systems. Freitag et al. (2020) pointed out a discrepancy between the systems that
were deemed the best by automatic metrics and by humans in the WMT English—German
tasks of 2018 and 2019 (Barrault et al., 2019; Bojar et al., 2018). In Freitag et al. (2022),
BLEU was ranked last in both MQM and DA +SQM?® human evaluation campaigns.

Mathur et al. (2020a) found cases in which systems with insignificant BLEU deltas
were judged by humans to differ significantly in quality, and other cases in which system
pairs that humans thought to be of similar quality had BLEU deltas as large as 3—5 points.
Additionally, Callison-Burch et al. (2006) reported cases in which hypotheses assigned
the same BLEU score were judged very differently in human evaluation; in practice,
improvement in BLEU scores is insufficient to claim better translation quality. These
analyses are particularly concerning because an increase higher than 1 or 2 BLEU points in
comparison to a previous state-of-the-art system is widely regarded as a reliable evidence
of improvement (Kocmi et al., 2021), and a sort of minimum improvement threshold for
paper acceptance in the field (Mathur et al., 2020a). As Kocmi et al. (2021) argues, the
use of BLEU might have even hampered progress in MT, as the metric can underestimate
systems that showed improvements according to human judgements.

Other n-gram matching metrics have been proposed to try and mitigate some of the
issues of BLEU, and although they are similarly limited, some of them have significantly
outperformed BLEU in terms of correlations.

In the U.S., the National Institute of Standards and Technology (NIST) adopted a
variation of BLEU, simply known as the NIST metric, which differs by weighting the
n-grams by informativeness, based on how rare a particular n-gram is, whereas BLEU
weighs all n-grams equally (Doddington, 2002). Zhang et al. (2004) found NIST to have
more discriminative power than BLEU, although they say both metrics are flawed. NIST
scores were used alongside BLEU during the OpenMT Evaluation series, which ran from
2001 to 20157, but the NIST metric has mostly fallen out of use since then (Marie et al.,
2021).

cHRF (Popovié¢, 2015) is a metric that allows for more flexible matching by using
character n-grams instead of words; unlike BLEU, it is tokenization-agnostic, and thus

appropriate for more target languages. CHRF is based on the F-score, which is the har-

S5DA+SQM is a variation of DA where evaluators rate segments on a 0-100 sliding scale annotated
with 7 labeled tick marks, ranging from “Nonsense / No meaning preserved” to “Perfect meaning and
grammar” (Kocmi et al., 2022).

"https://catalog.ldc.upenn.edu/LDC2010T10, last accessed 23/09/2023.
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monic mean of precision and recall. For the CHRF score (Eq. 2.7), the parameter 3 is
used to weigh recall 5 times more important than precision. The standard value was
B =1 for equal weights in the original publication, but following Popovié¢ (2016), both
the original® and the SacreBLEU implementation® use 8 = 2. CHRF was recommended
by Kocmi et al. (2021) as the best lexical metric to use, if necessary—as other metrics we
will discuss in upcoming sections require different resources—, and it continues to rank
higher than BLEU in the latest WMT metrics tasks (Freitag et al., 2021b, 2022). There
are also variations of CHRF, named CHRF-+ and CHRF++, which include word uni-grams

and bi-grams in the calculation respectively (Popovié¢, 2017).

PxR
B2P + R
The F-score is also the base for METEOR (Banerjee and Lavie, 2005), with recall

weighted higher than precision; the authors believe this is important because recall is

CcHRF = (1 + %) (2.7)

what measures how thoroughly the source sentence is covered by the translation, and
they argue that the brevity penalty of BLEU does not make up for it. METEOR also
aims for more generalized word-matching by allowing stems and synonyms besides exact
matches. For this, however, it requires language-specific resources: a stemmer and a
module for synonymy checks (e.g. WordNet for English.)

Ultimately, although BLEU is still by far the most used metric for evaluating MT,
the latest meta-evaluations suggest that the field might be moving away from this type
of metric: in last year’s WMT metrics task, for the first time since 2008, there were no

submissions of new metrics based purely on n-gram matching (Freitag et al., 2022).

2.3.2 | Embedding-Based Metrics

A new family of embedding-based metrics emerged in recent years. They aim to capture
semantic similarity between words by using word embeddings, creating soft alignments
between hypotheses and references and computing the similarity in embedding space
(Bojar et al., 2017). The most prominent of these, scoring consistently higher than n-
gram matching metrics in the latest years of WMT metrics tasks, have been Y1S1-1 (Lo,
2019) and BERTSCORE (Zhang et al., 2019). They both use contextual embeddings
from pre-trained Language Models (LMs) such as RoOBERTa (Liu et al., 2019) and XLM-
RoBERTa (Conneau et al., 2019); Y1S1-1 measures similarity by aggregating the IDF-

weighted distributional lexical semantic similarities between hypothesis and reference,

8https://github.com/m-popovic/chrF, last accessed 25/09/2023.
“https://github.com/mjpost/sacrebleu#chrs--chrf, last accessed 25/09/2023.
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whereas BERTSCORE uses cosine similarity to generate an alignment matrix and returns
precision, recall and F1 score.

While they may be performing better than lexical metrics, semantic similarity with
a reference is hardly all there is to a good translation. Freitag et al. (2021b) found that
embedding-based metrics did not significantly outperform simpler lexical metrics, and
Freitag et al. (2022) reported, in results on the HWTSC Challenge Set (Chen et al.,
2022), that these metrics performed poorly on relating synonyms and also seemed to
generalize poorly, due to susceptibility to different text styles. We hypothesize that this
might be why they have largely failed to find widespread acceptance in MT; for the added
trouble of including additional resources such as WordNet or lists of synonyms for each

language, it seems that the gains were not enough.

2.3.3 | Trainable Metrics

Lexical metrics are simple and cheap to compute, and for that they have been crucial
in the progress of MT to where we are today. However, as succintly put by Koehn and
Monz (2006), “they are only an imperfect substitute for human assessment of translation
quality”.

In the search for a better substitute, a new paradigm of methods has come up: train-
able metrics, also known as learnable or neural metrics, are systems based on neural
network models that explicitly optimize for correlation with human judgements (Mathur
et al., 2019). Rather than attempting to compute lexical or semantic overlap between the
input segments, these models are trained with data from human evaluations in order to
predict different types of human judgements, based on long-established frameworks such
as DA and MQM.

While they are still not widely used, trainable metrics have undeniably made an
impact in the field of MT evaluation: they have been achieving the best results in terms
of correlation with human judgements in large-scale meta-evaluation studies, consistently
outperforming lexical and embedding-based metrics (e.g. Freitag et al., 2022; Kocmi et al.,
2021).

RUSE, which was one of the first trainable metrics, is a multi-layer perceptron regressor
based on sentence embeddings and trained on DA scores from WMT 2015-2017 metrics
tasks (Shimanaka et al., 2018). RUSE introduced an approach where the input segments—
the translation reference and hypothesis—are encoded separately and then combined
through vector operations such as concatenation and element-wise product and difference.

It achieved high correlations in the 2018 task (Bojar et al., 2018), but it was not
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submitted to the competition in subsequent years and has not gotten updates since 2019.1°

ESIM (Chen et al., 2017) is a neural metric developed for Natural Language Inference
and adapted for MT evaluation (Mathur et al., 2019); it uses a Bidirectional LSTM
(Graves et al., 2013) to encode reference and hypothesis and then passes them through
a feed-forward regressor trained on WMT 2016 DA scores. Prism (Thompson and Post,
2020) is a metric that treats MT evaluation as a zero-shot paraphrasing task, and scores
outputs with a sequence-to-sequence model conditioned on reference translations. It is
trained only on parallel data, not requiring prior human judgements. Similarly to RUSE,
both ESIM and Prism performed well in the 2019-2021 WMT metrics tasks, but did not
seem to gain much attention elsewhere and their development stalled since then.!!:!2

The first trainable evaluation system to get some traction was COMET (Rei et al.,
2020a), created by researchers at Unbabel Al who believed that the existing automatic
metrics failed to distinguish accurately between better and worse translation hypotheses,
and consequently, between better and worse MT systems (Lavie, 2020). COMET is built
on top of a cross-lingual encoder, such as XLM-RoBERTa (Conneau et al., 2019), which
it uses to encode the source, reference and hypothesis segments into a shared feature
space, and then passes them through a feed-forward regressor to predict human judge-
ments of quality—it can be trained on DA scores, like most other trainable models we
mentioned, but also on MQM or HTER. COMET introduced the novel approach of in-
cluding the source segment as input alongside the reference; previously, this was only
done in Quality Estimation, a reference-free evaluation strategy we will describe in the
upcoming Section 2.3.4.

COMET models have been at the top of the rankings in the WMT 2020-22 metrics
tasks (Freitag et al., 2021b, 2022; Mathur et al., 2020b), and it was the primary automatic
metric recommended for use by Kocmi et al. (2021), provided that the languages are
supported.

In the 2022 WMT metrics task, COMET-22 was followed by BLEURT and UNITE,
two other trainable metrics that have been showing good correlations.'®> BLEURT (Pu
et al., 2021; Sellam et al., 2020) encodes each hypothesis jointly with the corresponding
reference and is then fine-tuned to produce a DA score. It was originally built on top of
English-BERT, and thus had limited applicability, but by now it has been tested on 14
(mostly high-resource) languages and should theoretically work for the 100+ languages

https://github.com/Shi-ma/RUSE, last accessed 23/09/2023.

"https://github.com/nitikam/mteval-in-context, last accessed 23/09/2023.

2https://github. com/thompsonb/prism, last accessed 23/09/2023.

BCoMET, BLEURT and UNITE were outperformed only by the proprietary METRICX XXL, a massive
multi-task metric fine-tuned on a 30B mT5 large LM (Freitag et al., 2022).
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in the training data of its new RemBERT (Chung et al., 2020) model.}* UNITE (Wan
et al., 2022)!° is a new architecture proposed by Wan et al. (2022) for COMET, aiming to
unify the functionalities of three MT evaluation scenarios: SRC (source-only, as in Quality
Estimation), REF (reference-only, as is the case of RUSE, ESIM, Prism and BLEURT),
and SRC-REF (like COMET, except for COMET-QE). UNITE encodes the input sentences
in a joint manner to obtain contextualized representations, while COMET encodes the
inputs separately and then combines them (Rei et al., 2023b).

COMET is currently used at Unbabel as the primary evaluation method for their MT
systems, and it has also started being used to report results in MT publications, often
alongside other metrics like BLEU, and sometimes CHRF, TER and/or BLEURT (e.g.
Agarwal et al., 2023; Macken et al., 2023; Zeng et al., 2023; Zhao et al., 2023). At
the moment, it seems that COMET is the neural metric with the highest potential to
achieve widespread use; new versions are in development and it is constantly receiving
improvements, often based on findings from meta-evaluation studies.

Despite the undeniable superior performance of neural metrics, there are a few reasons
why they have yet to achieve widespread use. At the root of most criticisms, there is
the inherent complexity of using neural networks, which are typically considered “black
box” systems, for evaluation purposes (Rei et al., 2023b). As neural metrics continue to
evolve and find wider acceptance MT research, there will be growing demand for work on
explainability, to substantiate the reliability of the metric and make it easier for users to
interpret the scores that they see (Leiter et al., 2022).

Moreover, the use of neural networks for evaluation naturally raises the question of
how much their performance is modulated by the data on which they were trained, and
whether they are acquiring biases from this data, which is a complex issue to diagnose.
This has also not been the subject of systematic analysis. Kocmi et al. (2021) observed
that, despite being fine-tuned on the WMT news domain, the original COMET model
did not appear to have overfitted to it, showing equally good results on other domains;
similarly, Freitag et al. (2022) reported that COMET, BLEURT and UNITE were robust
to different domains, exhibiting superior performance in test sets in the domains of news,
social, e-commerce and conversational chat.

Critically, an issue that is at the forefront of this dissertation is language support —
unlike lexical metrics, which are mostly language-independent, trainable metrics, as the
name implies, have to be trained in order to learn to predict quality scores, and thus
they are somehow restricted to a set of languages. COMET and BLEURT, for example,

are built by default on top of cross-lingual encoders that support 100 languages—mostly

“https://github.com/google-research/bleurt#language- coverage, last accessed 03/10/2023.
YShttps://github.com/NLP2CT/UniTE, last accessed 30/08,/2023.
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high-resource languages, but also a few under-resourced ones. Section 3.1 will go into

further detail on this issue in the scope of COMET.

2.3.4 | Quality Estimation (QE)

Quality Estimation (QE) is defined as the task of “predicting the quality of a system’s
output for a given input, without any information about the expected output” (Specia
et al., 2009, p. 28). It is a concept rather than a type of metric, but it has inspired
the development of metrics known as “referenceless” or ‘reference-free”, because they do
not look at reference translations to estimate translation quality, instead using only the
source Segmen‘c.16

These metrics were not created necessarily to replace reference-based ones, but rather,
to fill in the gap where reference translations are unavailable or insufficiently good (Chatzik-
oumi, 2019). Nevertheless, many of the existing reference-based metrics now have QE
alternatives.

The COMET framework has two types of reference-free models, COMET-QE and
COMETKIWI (more on this in Section 2.4.2). OPENKIwI (Kepler et al., 2019)!7, in-
corporated into COMETKIWI, can also be used on its own as an open-source framework
for QE which implements four different QE systems, ranked the highest in WMT 2015—
18 metrics tasks: QUETCH (Kreutzer et al., 2015), NUQE (Martins et al., 2016, 2017),
Stacked Ensemble (Martins et al., 2016, 2017), and Predictor—Estimator (Kim et al., 2017;
Wang et al., 2018). Most recently, Unbabel also released COMETKIwI XL and XXL (Rei
et al., 2023a), their first QE models based on Large Language Models (LLMs).

UNITE, designed to cover all three evaluation scenarios (source-only, reference-only
and source-reference-combined), can naturally function as a reference-free metric (UNITE-
SRC). Prism (Thompson and Post, 2020) can be applied as a reference-free metric as well,
by scoring MT outputs conditioned only on source sentences instead of reference trans-
lations (Thompson and Post, 2020). REUSE is an embedding-based, purely reference-free
metric which computes chunk- and sentence-level similarity by leveraging BERT embed-
dings (Mukherjee and Shrivastava, 2022).

16 As mentioned in Section 2.3.3 where we talked about UNITE, this can also be referred to as source-
only evaluation.
"https://github.com/Unbabel/OpenKiwi, last accessed 30/08/2023.
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2.4 | COMET

CoMET (Crosslingual Optimized Metric for Evaluation of Translation) was created in
2020 by Unbabel, a multilingual translation services company, to evaluate the quality of
their own specialized MT systems.'® It was released as an open-source framework for MT
evaluation models and a suite of pre-trained models that can evaluate translations to and
from 100+ languages, by predicting human scores of translation quality.

CoMET-based models have lately been considered the most promising neural metric
for MT; they have scored impressive correlation scores in WMT metrics tasks since the
2020 edition (Freitag et al., 2021b, 2022; Mathur et al., 2020b), and were recommended
by Kocmi et al. (2021) as the primary metric to use when possible. Other specialized
meta-evaluations have also found that COMET correlated better with human judgements
than other lexical and neural metrics (e.g. Macken et al., 2023; Sai et al., 2023). These
findings are the main motivation behind our choice to focus on COMET in this study; we
believe that the outstanding results that COMET metrics have shown are slowly changing
the status quo in MT evaluation. Furthermore, we exploit the flexibility of the COMET
framework in our experiments, as we are focusing on two language pairs that are not
supported in any pre-trained models.

First, this section will provide more detail on the COMET framework structure and

its capabilities.

2.4.1 | Framework Structure

“CoOMET” itself is not a single model or metric, but rather a framework for neural models
that function as evaluation metrics. The framework is fully open-source and is currently
in version 2.0. It includes several pre-trained models ready to be used out-of-the-box for
scoring MT hypotheses, as well as the possibility to train custom COMET models. All of
the pre-trained models were trained on publicly available data from WMT metrics tasks.

The base structure that is shared by all the models consists of two parts: a cross-
lingual encoder and a pooling layer (Rei et al., 2020a).

The cross-lingual encoder is a pre-trained masked language model, which is used to

map all of the inputs—the source (s), reference (r) and hypothesis (h) segments—into
(
J
token x; and each layer I € {0,1,...,k}. The default encoder architecture used in pre-

a shared, multilingual feature space. This encoder generates an embedding e D for each

trained COMET models is XLM-RoBERTa!?, but COMET configuration also supports

8https://unbabel.com/research/comet, last accessed 01/10/2023.
9CoMET-20 uses xlm-roberta-base, and COMET-22 uses xlm-roberta-large.
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any pre-trained encoder from HuggingFace Hub which is compatible with XLM-R, BERT
(Devlin et al., 2018), RemBERT (Chung et al., 2020), or MiniLM (Wang et al., 2020).
The pooling layer employs layer-wise attention to pool information from the most
important encoder layers into a single embedding. Rather than using only the last encoder
layer, which has been shown to potentially generate worse results (Zhang et al., 2019),
this pooling method is motivated by findings that intermediate layers capture different
linguistic information that might be important for different tasks (Peters et al., 2018;
Tenney et al., 2019). The network also employs layer dropout in order to avoid overfitting,
and finally, the word embeddings are average-pooled to generate a sentence embedding

for each of the segments.

2.4.2 | Architectures

The structure described in the previous section is the common base of all COMET models,
but the framework provides a few distinct model architectures, which vary in aspects
such as the type of training data and whether they are reference-dependent. Models of
all architectures can be used in the same way for inference, and take the same input
data— except that referenceless models do not use references—, but they differ in how
the training works, as they leverage different types of data for different purposes.

These are the four architectures available currently, also described as diagrams in

Figure 2.1:

m Estimator (or Regression) models are trained on absolute scores of human judge-
ments, namely DA and MQM.2° The inputs s, h and r are combined into a single
vector z = [ h;r; h® s; h©1; |h—s|; |h—r| ]. The combinations of embeddings serve
to highlight the differences between them in the shared feature space, and further-
more, as this space is multilingual, the source segment is included in combinations
so that the model may be able to identify errors that cannot be detected only by
comparing hypothesis and reference (Amrhein et al., 2022). Nonetheless, s is not
included in raw form (like h and r are), due to concerns that the feature space
between different languages might be poorly aligned (Zhao et al., 2020). With the
features encoded and combined, the model is then trained to regress directly on the

quality scores by minimizing the mean squared error (MSE).

This is the main architecture in the COMET framework, used by the default pre-
trained models, initially COMET-20 and now COMET-22, which are both DA Esti-

20The original COMET paper also featured experiments with a CoMET-HTER model, which was later
discontinued because its correlation with human judgements was inferior to CoMET-DA and COMET-
MQM (https://github.com/Unbabel/COMET/issues/28, last accessed 26,/09,/2023).
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mators. Although MQM has been gaining more traction in recent years of WMT
metrics tasks, it requires a lot more effort and so MQM datasets are scarce; using

DA allows for larger and more diverse training datasets.

m Translation Ranking models are trained on pairwise rankings of hypotheses,
where ht is a “better” hypothesis and h™ is a “worse” one. These rankings can
be obtained in the form of DARR, for example. Inputs are embedded and then
combined into a vector z = [ s;hT;h7;7 ], and the model is trained to minimize
the Triplet Margin Loss (Schroff et al., 2015), which encourages it to encode better
translations closer to the anchors (source and reference) and to push worse transla-

tions away.

B Referenceless models are the reference-free versions of COMET, based purely on
Quality Estimation (QE). They are trained to predict absolute scores (DA or MQM)
by looking only at the source and hypothesis. There are currently two sub-types of

referenceless models:

— CoMET-QE (Rei et al., 2021a) was the first QE architecture, which works
similarly to Estimator models, except that the combination of inputs is dif-
ferent, as references are not used: x = [ h;s;h — s;h x s |. Note that, unlike
in the Estimator architecture, here the source is also passed raw alongside the
combined features. COMET-QE (wmt20-comet-qe-da) was the default refer-

enceless model in COMET 1.0.

— CoMETKIWI (Rei et al., 2022¢) is a newer QE model based on OpenKiwi (Ke-
pler et al., 2019), an open-source framework for QE. This model combines the
predictor-estimator architecture of OPENKIWI with COMET’s training style,
and leverages word-level OK/BAD annotations. It is currently the default ref-

erenceless model (wmt22-cometkiwi-da), as of the COMET 2.0 release.

B The Unified architecture, also known as the UNITE model, was proposed by Wan
et al. (2022) and incorporated into COMET 2.0. It employs novel strategies to com-
bine into a single model the functionalities of source-only, reference-only and source-
reference-combined MT evaluation. Although there are no pre-trained COMET
models with this architecture as of yet, UNITE is available on its own GitHub
repository?! and the Unified architecture is available in the COMET framework for

custom models.

*'https://github. com/NLP2CT/UniTE
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Figure 2.1: Diagrams of the four currently available COMET architectures: Estimator (top
left), Translation Ranking (top middle), Referenceless (top right), and Unified Metric
(bottom). (https://unbabel.github.io/COMET/html/models.html, last accessed
10/10/2023.)

In addition to these, the framework also features COMETINHO models, which are
lightweight versions of COMET: they have the same architecture as Estimator models,
available for both DA and MQM, but built on top of a smaller cross-lingual encoder,
MiniLMv2 (Wang et al., 2020). COMETINHO was created in an attempt to bridge the gap
between COMET, a neural metric, and string-based metrics which are very light-weight.
Rei et al. (2021a) reported COMETINHO to be 19x faster than the original COMET model,
whilst maintaining the level of correlation with human judgements. In another, more
recent study, the authors employed knowledge distillation and pruning techniques to
generate new lightweight versions of COMET (Rei et al., 2022b).

It is worth noting that, as of the current stable version of the framework (2.0), COMET
has no support for multiple references. Rei et al. (2020c) introduced an experimental ap-
proach for handling one alternative reference at inference time, but the results showed
little to no improvement with the inclusion of alternative references, so the authors spec-
ulated that quality might be more important than quantity for COMET. Unlike the
case of lexical metrics like BLEU, where using multiple references is recommended, as it
creates a larger pool of wording variations, approaches like COMET are based on meaning-
representation of the segments, and thus it might be better to have only one high-quality
reference. Creators have suggested that, in case the user wishes to leverage multiple avail-

able references, scoring the hypotheses separately with each set of references and then
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averaging them out would be best.??

All of the pre-trained COMET models are available for use with the unbabel-comet

pip package?3, directly through the command line interface or in Python.

2.4.3 | Score Interpretation

For a given test set of N samples, each sample consisting of source, hypothesis, and
reference (unless using a referenceless model), any COMET model will return N segment-
level scores, and their average (as a “system score”).

When using COMET 1.0 models, each score is an unbound rational number, meaning it
can be positive or negative; the higher, the better. These scores are not very interpretable
on their own, but can be used to compare translations and MT systems.

As of COMET 2.0, quality scores are in the range of |0,1], to increase their inter-
pretability: the translations with scores closest to 1.0 should be the “best” translations,
and translations scored close to 0.0 should be considered no better than random chance.?
In order to obtain scores in this range, the model has to be trained with data in the same
range, which is done by applying feature scaling to the standardized z-scores, a procedure
we will describe in more detail in Section 3.3.

In any case, the range of quality scores that COMET models produce is highly vari-
able across language pairs, because there are a lot of factors which influence the human
judgements used as training and test data: the complexity of translating between these
languages, the data domain(s), the assessors who provided the assessments, among other
factors. Therefore, COMET scores are more applicable for comparing systems or segment

translations within the same language pair.2°

2.5 | Summary

This chapter has been a thorough overview of the theoretical background of this disserta-
tion, which is centered mainly on M'T meta-evaluation. We have started by describing the
main existing types of methods for human evaluation of MT quality, and afterwards, we
have taken a look at three categories of automatic methods: lexical or n-gram matching

metrics, embedding-based metrics, and trainable metrics. As our focus will be henceforth

https://github. com/Unbabel/COMET/issues/20, last accessed 26/09/2023.

https://pypi.org/project/unbabel-comet

#https://unbabel.github.io/COMET/html/faqgs.html#interpreting-scores, last accessed
07/09/2023.

Zhttps://github.com/Unbabel/COMET/issues/110, last accessed 07,/09/2023.
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placed on the COMET framework, we have also gone into deeper detail on its overall
structure and available architectures for the design of evaluation models.

All of these concepts will be essential for understanding our motivations and the
decisions we have taken while designing and executing our own experiments, the first of

which will be described in the next chapter.



Experiments with COMET

As we discussed in the previous chapter, strictly string-based metrics are so widely used
in MT evaluation because they are easy and cheap to compute, as they only compare
the surface forms of the segments. This is also why their results might correlate poorly
with human judgements; naturally, some knowledge of the source and target languages is
necessary for any method to be able to discriminate translation quality on a deeper level,
and as a consequence, more computational power is needed to access this knowledge.

Embedding-based metrics (see Section 2.3.2) make use of linguistic resources, such as
lexical databases or language models, in order to in order to measure semantic similarity—
they create a soft alignment between reference and hypothesis, in an attempt to capture
distinct wording with equal meaning, which should make them more flexible than strictly
lexical metrics. Consequently, they can only be used to evaluate languages for which
such resources are available, and still, they remain fully based on comparison with the
reference segment, albeit a fuzzy comparison.

Trainable (or neural) metrics, which aim to go even further and learn to predict quality
scores directly based on human judgements, require cross-lingual encoders and annotated
parallel data, which leaves them with a critical limitation: they can only provide reliable
results for languages they have been trained on.

Neural metrics have been topping the rankings in the latest WMT metrics tasks, the
competition that is the biggest reference in the field of MT meta-evaluation. Moreover,
according to the findings of these competitions and from other meta-evaluation studies
cited in the previous chapter, many researchers in the field believe that COMET has a
lot of potential as a neural metric that has been proven to be more reliable than regular
string-based metrics, such as BLEU, in multiple scenarios of MT evaluation. Therefore,
it is in our best interest to explore these language-related limitations.

We will begin in Section 3.1 by discussing the ways in which COMET’s language
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support is limited, based on its architecture, and what that might mean for the evaluation
of languages that are not covered. In Section 3.3, we present the preliminary experiments
we carried out with COMET, exploring its potential to evaluate language pairs outside
of its training data. We did this first because there are publicly available datasets of
human quality scores for language pairs that fit this scenario, which is not the case for
the under-resourced pairs that are our main focus, English—Maltese and Spanish—Basque.
Our results and conclusions are discussed in Section 3.5, as well as the ways in which

these conclusions will guide our decisions in designing our upcoming experiments.

3.1 | Language Support in COMET

COMET is a neural evaluation framework with a base structure composed of two parts: a
pre-trained cross-lingual encoder, and a feed-forward regression model (see Section 2.4.1).
This architecture leads to two ways in which language support is somehow limited, also

shown in the diagram in Figure 3.1:

1. Cross-lingual encoders are trained with monolingual data in N languages, and there-
fore can only reliably encode segments in these languages. Its training is outside
of COMET’s scope; the encoder is simply plugged in from HuggingFace Hub. By
default, most COMET models have been using XLM-RoBERTa, which supports
N = 100 languages (Conneau et al., 2019), but it can be replaced by any encoder
of compatible architecture when training a custom COMET model. We will refer
to these N languages as the languages that a COMET model supports, and any

languages outside this set are therefore unsupported languages.

2. The feed-forward regressor is trained on parallel data for M language pairs, anno-
tated with quality scores. For example, COMET-20' was trained on WMT 2017~
2019 DA scores covering 24 language pairs (Rei et al., 2020c), and COMET-22
additionally included the WMT 2020 data, totaling 32 language pairs. The encoder
will first map this data into a shared feature space, and thus the languages in these
M pairs should ideally be—and historically have been—a subset of the IV languages
supported by the encoder. They will be henceforth referred to as the language pairs
that a COMET model has seen, and thus any pairs outside of this set are unseen

language pairs.

The first restriction, referring to the encoder’s language support, appears to be much

stronger than the second one. Encoding the inputs is the first step, so if a language

'https://huggingface.co/Unbabel/wumt20- comet-da
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quality scores)

Pre-trained cross-lingual encoder

Figure 3.1: Diagram of the base structure of COMET models, showcasing the two sources
of language restrictions: the monolingual training data of its cross-lingual encoder, and
the training data of COMET itself.

is unsupported, and thus the quality of the embeddings cannot be trusted, then the
performance of the COMET model will also be questionable.

COMET documentation warns upfront that the results are unreliable for unsupported
languages?, and Ricardo Rei, the main developer of COMET, stated that the models
should work well for all languages supported by XLM-R, in theory, but otherwise its
results might be unreliable, especially if the target language is unsupported.®* There
are exceptions, such as the case of English<>Inuktitut in the WMT 2020 metrics task
(Mathur et al., 2020b), for which COMET models obtained Pearson correlation scores in
the range of 0.6-0.8 despite Inuktitut not being supported by XLM-R nor included in the
models’ training data. On the other hand, Tom Kocmi from Microsoft reported unstable
correlations in a number of language pairs featuring unsupported languages®; in the end,
the published study (Kocmi et al., 2021) only covered supported languages. Therefore,
the extent of this limitation in encoder support has never been systematically analyzed.

As for the second restriction, relating to the language pairs present in COMET’s train-
ing data, it is an aspect we emphasize on because it is relevant to our study and will
be explored further in our experiments, but from what we have seen in published works
about COMET and in other meta-evaluations, it has never been pointed out explicitly as

an actual “limitation” of the models. One could say that, once the inputs are encoded into

*https://github.com/Unbabel/COMET#languages- covered, last accessed 22/09/2023.

3https://github.com/Unbabel/COMET/issues/38, last accessed 11/10,/2023.

*We understand that this distinction is probably due to the target and reference segment being more
important for evaluation, and their embeddings playing a bigger role in the combined vector that is passed
to the feed-forward regressor, since the source embedding is not included in raw form (see Section 2.4.2).

Shttps://github.com/Unbabel/COMET/issues/18, last accessed 11,/10,/2023.
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a shared, multilingual feature space, the training process uses all embeddings the same
way for the model to learn the task of predicting human quality scores; however, we know
that is not exactly the case, as languages are not equally represented in the encoder, and
thus embedding quality can vary (Conneau et al., 2019; Wu and Dredze, 2020).

Of course, the training data of any COMET model understandably represents only
a small portion of all the possible language pairs that can be made from combining
N languages supported by XLM-R. Similarly, published test results tend to cover only a
number of language pairs. Nonetheless, as the framework documentation and publications
do not make note of this restriction, we assume that the models can be expected to produce
reliable scores, and this assumption is what we will investigate with the experiments
described in this chapter.

For the overarching purposes of this dissertation, we should note that Maltese and
Basque are unsupported by all currently available COMET models, and English—-Maltese
and Spanish-Basque are unseen language pairs, i.e. not present in any of the training
datasets used. Therefore, there is essentially no basis for COMET to perform reliably well
for these language pairs, or for any others involving Maltese or Basque. We will come
back to how these limitations impact the evaluation of translations involving Maltese and

Basque specifically in Chapter 5.

3.2 | Motivation

Before we approach the specific cases of English-Maltese and Spanish—Basque translation,
we looked at another scenario that was more readily available for analysis: other language
pairs that consist of languages that COMET supports, but that were not in its training
data (unseen language pairs). It is important to emphasize that all languages covered in
the experiments in this chapter are supported by XLM-R.

We decided to perform this analysis because COMET models are most often evaluated
on the same language pairs they were trained on, which is the typical scenario of WMT
metrics shared tasks. In fact, participants of the shared task have the opportunity to fine-
tune their metrics specifically to perform well on the languages that will be evaluated, as
was the case of the COMET ensemble model submitted to WMT 2022, which was fine-
tuned on MQM data for Chinese—English, English—-German and English-Russian and
then tested on these language pairs (Rei et al., 2022a).

Differently from this scenario of WMT metrics tasks, a large-scale meta-evaluation
study conducted at Microsoft covered 232 language pairs made up only of languages

supported by COMET (Kocmi et al., 2021). They obtained 2.3M sentence-level human
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judgements for 4,380 MT systems, and recommended COMET® as the primary metric to
use for supported languages.

Our goal here is to address two main questions:

1. How well does COMET perform for other encoder-supported languages that were

not seen in its training data?

2. How much can we improve this performance for each unseen language pair, in terms
of correlation with human judgements, by fine-tuning the model on more Direct

Assessment (DA) scores?

Recently, Sai et al. (2023) described a similar experiment, focused on 5 Indic lan-
guages: Tamil, Gujarati, Hindi, Marathi, and Malayalam. They evaluated translations of
FLORES-1017 sentences from English into these 5 languages, obtained from 7 MT sys-
tems, and found that COMET-MQM and CoMET-DAS® obtained the best correlations, in
comparison with metrics like BLEU, BLEURT-20 and CHRF, among others. Furthermore,
they used the same data to fine-tune COMET-MQM; this fine-tuned model outperformed
the COMET baselines, not only when trained on the 5 selected languages at once, but also
in a zero-shot setting, using 4 languages in training and evaluating on a separate one.
This study further motivates us to explore such possibilities of improving COMET models

for unseen language pairs.

3.3 | The Experiment

At the time of submission of this dissertation, the latest stable pre-trained COMET model
for general purpose MT evaluation was COMET-22 (Rei et al., 2022a).” COMET-22 has
been the default model since the release of COMET 2.0, the second open-source version of

the framework, after its original release in 2020.'° COMET-22 is a DA Estimator model

5The model evaluated in this study was wmt20-comet-da (https://huggingface.co/Unbabel/wmt20
-comet-da).

"https://github.com/facebookresearch/flores

8The pre-trained COMET models they used were wmt20-comet-da and wmt21-comet-mgm (https:
//unbabel .github.io/COMET/html/models.html).

9To clear up any naming confusions, what we are calling “CoMET-22” here is the DA Estima-
tor model described in Rei et al. (2022a), released as wmt22-comet-da (https://huggingface.
co/Unbabel/wmt22-comet-da). In their paper, “COMET-22” refers to an ensemble model com-
posed of this DA Estimator and a new multitask model trained on MQM, but ultimately the en-
semble was not released, as it performed poorly on language pairs not included in the competition
(https://github.com/Unbabel/COMET/issues/163, last accessed 13/09/2023).

10https ://unbabel.com/introducing-unbabel-comet-v2-0-improved-models-and-metrics-for
-better-machine-translation-evaluation, last accessed 10/10/2023.
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(see Section 2.4.2), built on top of XLM-R and trained on DA scores from 2017-2020
WMT metrics tasks. All the language pairs included in this dataset and the counts of

segments for each of them can be seen in Table 3.1.

Language pair Size | Language pair Size | Language pair  Size
Chinese-English 126,947 | Estonian—English 20,496 | English-Tamil 7,890
English-German 112,420 | German—Czech 13,804 | Tamil-English 7,577
German—FEnglish 99,183 | English-Estonian 13,376 | English-Gujarati 6,924
English-Chinese 81,805 | Polish-English 11,816 | Kazakh—FEnglish 6,789
Russian—English 70,280 | English—Polish 10,572 | German—French 6,691

English-Russian 62,749 | Lithuanian—English 10,315 | English-Latvian 5,810
English-Czech 60,937 | English—Japanese 9,578 | English-Turkish 5,171
Finnish-English 46,145 | Gujarati-English 9,063 | Khmer-English 4,722
English-Finnish 34,335 | English-Lithuanian 8,959 | Pushto-English 4,611
Turkish—English 30,186 | Japanese—English 8,939 | French—-German 3,999
Czech—English 27,847 | English—Kazakh 8,219

Table 3.1: Size of the COMET-22 training set per language pair. (Table generated from
the training data files.)

We collected the data released by WMT for the 2021 and 2022 campaigns (Freitag
et al., 2021b, 2022)'!) which was not used to train COMET-22, and looked at the newly in-
cluded language pairs, to find those that were not seen by COMET-22 in its training. Out
of 9 new language pairs, we selected the ones with at least 10,000 tuples available, which
were the top 4: Ukrainian—English (uk-en, 16,470 tuples), Hausa—English (ha-en, 13,171
tuples), English-Icelandic (en-is, 10,838 tuples), and English-Hausa (en-ha, 10,812 tu-
ples).

All languages involved (Icelandic, English, Hausa and Ukrainian) are supported by
XLM-RoBERTa. Additionally, we verified that the four language pairs we selected are
either X—en or en—X, where X is not seen in the training data of COMET-22 even as part
of other language pairs.

The DA datasets provided by WMT consist of two scores for each tuple: the raw score,
between 0 and 100, and the z-score, obtained by standardizing the raw scores according to
each evaluator’s mean score and the standard deviation (Bojar et al., 2016b). In addition
to that, as explained in Section 2.4, COMET-22 introduced a new training approach
where DA scores are scaled to the range [0,1] before training, so that the model would

also mostly produce scores in this range, and anything outside of it is clipped to fit the

"https://unbabel.github.io/COMET/html/fags.html, last accessed 08,/10,2023.
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interval. We rescaled the z-scores in the DA data using feature scaling, similarly to the

process described by COMET creators'?, which originally consists of the following 4 steps:

1. Find a reasonable mininum value (7,,;,): the average z-score of all segments with

more than 1 annotator where all annotators agreed that the score was 0.

2. Find a reasonable maximum value (r,q,): the average z-score of all segments with

more than 1 annotator where all annotators agreed that the score was 100.
3. Apply a MinMaxScaler!? to the data using 7, and 7mq, as the feature range.

4. Clip (truncate) the data to the range of [0,1].

We had to make a change to this process in steps 1 and 2 because, for the 4 language
pairs we covered in this experiment, there were no items annotated by more than 1
annotator; therefore, we calculated the minimum and maximum values (7, and 7pqz)
out of all segments scored 0 and 100.

Once the data was rescaled, we set aside random sets of 200 samples for validation
and 200 for testing, and then defined three training sets: a small one with 400 samples,
a medium one with 4,000 samples, and a large one with 10,000 samples. We set up
the training configuration and the datasets so that the process could be executed incre-
mentally: the small model was trained on top of COMET-22 with the first 400 samples,
the medium model was trained on top of the small model’s checkpoint with 3,600 more
samples, and finally, the large model was trained on top of the medium checkpoint with
the 6,000 remaining tuples. We did it this way to save resources in training, and also
to ensure that each subsequent model would only be different to the previous one by its
additional data.

The hyperparameters we used are described in Table 3.2; we followed the values

recommended in the COMET 2.0 repository, for comparability.

3.4 | Meta-Evaluation Methods

In order to evaluate our custom models in comparison to the base COMET-22 model,
we used two correlation coefficients that have been typically used in previous MT meta-
evaluation works, namely Kendall’s Tau and Spearman rank correlations. They measure

the ordinal association between the scores given by the metrics and by humans (Kendall,

2https://github. com/Unbabel/COMET/issues/131, last accessed 05/10/2023.
https://scikit-learn.org/stable/modules/generated/sklearn.preprocessing.MinMaxScaler
.html
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Hyperparameter Value
Encoder model XLM-RoBERTa (large)
Optimizer AdamW
Num. frozen epochs 0.3
Learning rate 1.5e-5
Batch size 16

Loss function MSE

FP precision 16
Feed-forward hidden units (3072, 1024)
Feed-forward activations Tanh
Feed-forward dropout rate 0.1

Min. epochs 1

Max. epochs 4

Table 3.2: Hyperparameters used to fine-tune COMET-22 on unseen language pairs.

1970), where the human scores are the DA scores, and the metric scores are the outputs
from pre-trained and custom COMET models.

Kendall’s Tau (Kendall, 1938) is calculated based on the number of “concordant pairs”
(n¢), for which the metric points to the same ordering as the humans, and “discordant”
pairs (n.), for which the orderings are different. There may also be tied pairs (¢, and t,,),
which are not concordant nor discordant, and are thus handled differently in Kendall’s
Tau-b (Kendall, 1945). The Tau-b variant (75, Eq. 3.1) was used in the latest WMT
edition (Freitag et al., 2022) and is the default variant implemented in scipy'4, so it is
the one we will be using. Kendall’s Tau-b is also the default metric used to monitor the

performance of COMET models during training.

Ne —Ng

B <h7 m) -
\/(nc +ng + 75h)(nc +ng + tm)

(3.1)

The Spearman rank correlation coefficient (Dodge, 2008), denoted p, is defined as the
Pearson correlation (Freedman et al., 2007) between the rankings (R(h) and R(m)) of

the raw scores (h; and m;), as per Equation 3.2.

cov(R(h), R(m))
TR(h),R(m)

p (h,m) =

(3.2)

Spearman correlation is often used alongside Kendall for MT meta-evaluation (e.g.

Kocmi et al., 2021). These two correlation coefficients can be considered mostly inter-

Mhttps://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.kendalltau.html
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changeable, and tend to produce close values (Crichton, 2001). We decided to calculate

and report both, in line with what we have seen in the recent literature.

3.5 | Results & Discussion

We evaluated our 12 fine-tuned models on test sets of 200 samples for each language pair,
and compared the results to the base COMET-22 model. Table 3.3 shows the Kendall’s
Tau and Spearman correlation scores between human judgements and the scores generated

by all these models.

uk-en en-is ha-en en-ha
Model T p T P T P T P
Base (COMET—22) 0.017 0.025 0.423 0.589 0.110 0.159 0.145 0.190
Small 0.025 0.038 0426 0.591 0.106 0.152 0.112 0.147
Medium 0.087 0.123 0476 0.657 0.111 0.156 0.194 0.255
Large 0.099 0.139 0.488 0.673 0.082 0.114 0.206 0.270
Improvement 0.082 0.114 0.065 0.084 -0.028 -0.046 0.062 0.081

Table 3.3: Kendall’s Tau (7) and Spearman (p) correlation scores for the base and fine-
tuned models on our test set. (The scores in red were deemed statistically insignificant,
with p-values < 0.05.)

zh-en en-de en-ru

Model T P T p T p

CoMET-20 0.336 0.463 0.206 0.270 0.256  0.330
CoMET-21 0.377 0.513 0.237 0.309 0.263 0.345
CoMET-22 0.362 0.495 0.221 0.289 0.285 0.369

Table 3.4: Correlation scores for 3 COMET DA Estimator models, tested on the 2021
WMT metrics task MQM annotations. Partially reproduced from Rei et al. (2022a).
COMET-{20,21,22} are {wmt20,wmt21,wmt22}-comet-da, respectively (Rei et al., 2020b,
2021b, 2022a).

The first thing to notice is that most of the correlation scores for COMET-22 out-
of-the-box are quite low, with the notable exception of English—-Icelandic, for which the
model’s results correlate surprisingly well with human judgements, with Kendall’s Tau
and Spearman correlation values of 0.423 and 0.589, respectively. For comparison, and

to exemplify the scale of correlation scores that COMET models can reach, Table 3.4



Chapter 3. Experiments with COMET 41

shows the same correlation measures for 3 DA Estimator models (20202022 versions) on
3 high-resource language pairs from the 2022 WMT test set: Chinese-English (zh-en),
English-German (en-de) and English-Russian (en-ru).

The impressive performance of COMET-22 on our English—Icelandic test set could be
attributed to these two languages sharing a common ancestor, as they are both in the
Germanic family; albeit distant relatives, they are closer to each other than English is
to Hausa, an Afro—Asiatic language, or to Ukrainian, part of the Indo—European family
(Hammarstrom et al., 2023).

Overall, Ukrainian—English has the worst scores, which might be due to the quality
of the data: while the segments for the other three pairs were extracted from news
articles'®, the uk-en data is made up of segments collected from real use cases of the
Charles Translator for Ukraine (Kocmi et al., 2022)'6, and contains segments that are
noisier and not as well-formed as the news domain. Additionally, most of the training
data of COMET-22 is also in the news domain (928,822 segments); the remanining 9,333
segments are from Wikipedia.

Nonetheless, Ukrainian—English was also the pair which improved the most after fine-
tuning; the model fine-tuned on the large training set obtained an improvement of 0.11
in Spearman correlation compared to the base model.

Hausa—English was the only pair to show no improvement; the fine-tuned models have
slightly low correlation scores than the base. To investigate this poor performance on the
test set, we looked at the training logs, as COMET also calculates Kendall’s Tau on the
train and validation sets to monitor the performance at each epoch.!” These scores show
(Fig. 3.2) that there was a small but noticeable improvement in correlation on the training
set, but the performance on the validation set almost did not change after each epoch.
We hypothesize, therefore, that these models might have overfit on the training data and

thus performed poorly in testing.

152021 WMT News Translation Task (https://www.statmt.org/wmt21, last accessed 06/09/2023.)

162022 WMT General MT Task (https://www.statmt.org/wmt22, last accessed 06,/09/2023.)

"We trained every model with a minimum of 1 and a maximum of 3 epochs; some models stopped on
the first or second epoch due to early stopping, because the validation performance started decreasing.
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Kendall's Tau during training

Hausa-English
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Figure 3.2: Kendall’s Tau correlation scores for the three Hausa—English models on their
corresponding train and validation sets.

Besides calculating the correlation measures, we also analyzed the segment-level qual-
ity scores generated by the COMET models for each segment in the test set. They are
shown in Figure 3.3, with the corresponding human judgements for each segment in the
y-axis. The diagonal line is where automatic and human scores would be exactly equal,

so the closer our data points are to this line, the better.
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Figure 3.3: Quality scores generated by COMET-22 and by our fine-tuned models (x-
axes), and the corresponding human scores (y-axis).

The plots for the medium and large models showcase a curious pattern: for the ha<ren
and uk-en pairs, these fine-tuned models only produced results in the same short range,
noticeable as the vertical clusters of markers between 0.0-0.2 for ha<»en and around 0.6
for uk-en. We hypothesize that this was due to the lack of diversity in human scores
present in the data, and consequently in our training sets; we plotted the distributions of
these sets to illustrate this issue (Fig. 3.4). Besides the obvious disproportional amount of
near-zero scores for ha<+en, the medium and large sets are also entirely within the 0.0-0.3
range for these pairs and around 0.6 for uk-en, which explains the range of results the

models were able to generate, while for en-is the data is more evenly distributed, thus,
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so are the results. It is only fair to conclude that COMET needs to be trained on balanced

distributions of scores to be able to properly discriminate translation quality.

Small training set (400 samples) Medium training set (4,000 samples) Large training set (10,000 samples)
254 25

251 —— uk-en

en-is
ha-en

20 enha | 207 204

Density
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Figure 3.4: Density plots of the human scores in the incremental training sets for our
fine-tuned models.

3.6 | Summary

This chapter covered preliminary experiments we did with the latest stable COMET model,
in order to investigate the model’s ability to generalize and evaluate translations to and
from languages it has not seen in training. The languages we selected are supported by
the XLM-R encoder, and thus presumed to be supported for evaluation with COMET.

Our results for test sets of 200 tuples showed that, with the exception of English—Icelandic,
the correlations between human scores and the scores generated by COMET-22 were rel-
atively low for the other three language pairs, Ukrainian—English and Hausa<sEnglish.
This raises the question of how well COMET models—and perhaps trainable metrics in
general—are able to perform for language pairs that they were not trained to evaluate.
We believe that such models should be evaluated more often on unseen language pairs,
and not only on the same pairs as its training data, since there is a large number of lan-
guage pairs that are presumed to be supported since they are supported by the underlying
cross-lingual encoder.

In addition to that, we gathered data for these language pairs that had not been
included in training, and used it to fine-tune COMET-22 with gradually large training
sets, to analyze its improvement. Our largest training sets contained 10,000 samples,
and we did see improvement of up to 0.11 points in Spearman correlation for uk-en.
There were small improvements for the other language pairs, except for ha-en, for which
the performance got slightly worse after fine-tuning, which we hypothesize might have

happened due to overfitting on the training set.
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Our main goal with this analysis was to explore COMET’s generalization abilities,
as well as play with the idea of fine-tuning as one of the possible strategies to improve
models for unseen language pairs. This is highly important for our goals in the scenario of
English-Maltese and Spanish—Basque, as Maltese and Basque are currently unsupported
languages in the COMET framework, and our conclusions from this chapter have informed

some of the choices we will discuss in upcoming chapters.



Manual Evaluation Campaign

In order to carry out a meta-evaluation study of MT for English-Maltese and Span-
ish-Basque, we needed annotated parallel data—parallel datasets of source sentences,
reference translations and translation hypotheses, annotated with human quality scores,
which we could use to compare against automated metrics and to train new MT eval-
uation models. To the best of our knowledge, there were no publicly available datasets
that satisfied this requirement; therefore, we decided to run our own evaluation campaign
to collect human judgements. This project is the first instance of a manual evaluation
campaign for English—Maltese translations.

For translations into Basque, manual evaluations of various systems have been re-
ported in previous works. Labaka (2010) proposed an SMT system for Spanish-Basque,
and performed an evaluation based on HTER by collecting human post-edits for 100 out-
puts. Although too expensive to carry out at development time, they chose HTER to try
and obtain a more reliable evaluation, as multiple publications had already risen doubts
about BLEU (i.e. Melamed et al., 2003, Koehn and Monz, 2006). Later, Labaka et al.
(2014) built three MT systems for Spanish-Basque with a hybrid rule-based/statistical
architecture, and evaluated their systems in two steps: six native speakers of Basque
evaluated 100 outputs through pairwise comparison, and three professional translators
post-edited the same 100 outputs for evaluation with HTER. Both human evaluation
steps produced results that partially contradicted those obtained from automatic metrics
such as BLEU, WER and NIST.

More similarly to our project, Aranberri et al. (2017) carried out a large-scale, crowd-
based evaluation campaign of English-Basque translations. As their goal was to inves-
tigate whether users found noticeable differences in quality between five MT systems,
they conducted their evaluation in the form of pairwise comparisons, where users saw two

hypotheses and were asked which one they found better or if both were of equal quality.

45
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When we started planning our own evaluation campaign, the first decision we had
to make was regarding who our participants would be. Due to our limited resources
and budget, we designed our campaign for crowd-based, bilingual speakers to participate
on a voluntary basis. Therefore, as our expected participants would be mostly non-
professionals, it was especially important to be careful with the amount of effort required
for the task. We wanted volunteers to be able to participate with minimal effort, and to
understand the task easily, so that they would be encouraged to contribute as much as
possible. These concerns were taken into account in the design of our evaluation tool, the
selection of the data, the systems that we evaluated, and most importantly, the format
of the evaluation task chosen.

In the following sections we will discuss in greater detail all the decisions involved in

the preparation of this campaign.

4.1 | Participants

In an ideal scenario, it is usually recommended that evaluations like this be carried out
by experts, such as professional linguists or translators. The main concern is that crowd-
sourced judgements are more prone to inconsistencies, as the participants are mostly
anonymous and have no verifiable language skills. However, as Graham et al. (2017)
argued, it is possible to obtain reliable crowd-sourced judgements with appropriate quality
control.

Ultimately, we agree with this view, and we also believe that regular bilingual speakers
who actively use both languages in their day-to-day lives can still provide useful insight
on what they perceive as good or bad translations (Graham et al., 2013). Both Maltese
and Basque are minoritary languages, threatened by the presence of major co-official
languages in the region, respectively English in Malta and Spanish and French in the
Basque Country, but they have large communities of native speakers who are interested
in actively engaging with initiatives to secure the survival of their language in the digital
age.

Furthermore, we expect that the actual turnout would feature a mix of experts and
language enthusiasts. This dissertation project was carried out in collaboration between
the University of Malta (UM) and the University of the Basque Country (UPV/EHU), the
two biggest references in terms of linguistics and NLP research for Maltese and Basque re-
spectively. We were in contact with several researchers in both universities, who are bilin-
gual speakers and have been working in Computational Linguistics with these languages

for a long time, and we are very thankful that they could help us with the campaign,
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participate in the evaluation and provide us with feedback as well.

4.2 | The Task

As we discussed in Section 2.2, there are essentially three major types of manual evaluation
tasks: translation comparison or ranking, attribute evaluation (i.e. direct assessment)
and error analysis (e.g. MQM). Error analysis would provide the most fine-grained
evaluation, but it requires significant cognitive effort and time commitment from assessors,
as they would need to identify and classify specific error spans in each text. Pair-wise
comparison is cognitively the simplest, and translation ranking is harder but saves time
by collecting multiple pairwise comparisons at once; however, these tasks were ruled
out because they yield relative rankings, which allows only for a ranking of systems or
individual hypotheses, with no measure of absolute quality or magnitude of difference in
quality.

We therefore chose to collect direct assessments (DA), as a tradeoff between the cog-
nitive effort for our assessors and the usefulness of the results for our purposes. With DA,
a single hypothesis is evaluated at a time, and the assessor gives it an absolute ranking
between 0 and 100. Thus, we obtain absolute scores which are more informative and can
be used in more fine-grained analyses. Furthermore, as we mentioned in Section 2.4.2,
DA is the standard method used for training COMET models, and DA scores are flexible
enough that we could use them to train all three architectures: COMET-DA and COMET-
QE with the normalized DA scores (with or without references), and COMET-RANK by
converting them to relative rankings (DARR).

We structured the task in a format known as source-based DA, where assessors rate a
translation hypothesis in the target language based on how well it expresses the meaning
of a given source sentence. This is in line with the best practices recommended by
most of the literature in MT evaluation (Laubli et al., 2020), in contrast with reference-
based DA, where the assessor would instead see a reference translation and rate how well
the hypothesis expresses the same meaning. Reference-based DA has the advantage of
requiring only speakers of the target language, since it is basically a semantic similarity
task, and thus it is commonly used in WMT tasks for language pairs where there might
be a scarcity of bilingual assessors (Freitag et al., 2021b). We decided against it mainly
because it might be counter-productive to ask for semantic similarity judgements with
the goal of evaluating translation, unintentionally leading non-professional assessors into a
superficial, lexical comparison of the sentences (Freitag et al., 2021a, 2022). Moreover, the

evaluation would have been too tied to the quality of the references, which we preferred
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to avoid even though we have only used reliable human-translated references. Thus, for
source-based DA, we limited the pool of assessors to bilingual speakers in order to create
space for hypotheses to be deemed good regardless of their similarity to a reference, and
in addition, this format allows us to use the references as one of the systems for quality

control (Bojar et al., 2018), explained further in Section 4.6.

4.3 | The Software

We set up our campaign using Appraise (Federmann, 2018)!, an open-source, web-based
framework for MT evaluation, largely used in the WMT campaigns. Appraise provides a
simple and neat user interface with a responsive layout that works well both on computer
and mobile screens, an easy registration and authentication process, and the framework
for us to set up the source-based DA task with our own data and system outputs.

We did, however, thoroughly customize the system to better fit our scenario, as it was
originally designed for a public of pre-selected evaluators. We adapted the interface to
be available in both English and Spanish, and the task instructions were also available in
Maltese and Basque?, in order to make sure our users were able to understand them as
well as possible. As our participants would be mostly non-professional, bilingual speakers,
we aimed to explain the project just enough so that our goals and purposes were clear
and that the task seemed simple and interesting, but without overwhelming them with
too much technical detail (Fig. 4.1).

Upon registration, users were only required to create an username and a password
(Fig. 4.2); we did not ask for email address or any personally identifiable information in
order to maintain privacy and anonymity. The only other information we asked for was
their proficiency level in each of the languages in their language pair, out of five options:
“beginner”, “intermediate”, “advanced”, “fluent” and “native”. The purpose of this was to
rule out potential participants who were not proficient enough?® in both languages to be
able to judge translations, as well as later on being able to analyze the distribution of our
participants across proficiency levels they identified with.

Once registered and logged in, users could enter the task and rate as many translations
as they wanted, over one sitting or multiple separate sessions. Figure 4.3 shows an example
screen of the task. They see one source sentence identified as “original text”, and one

hypothesis labeled as “candidate translation”, without any hint of what system it is from.

"https://github.com/AppraiseDev/Appraise

2We thank Marthese Borg (UM) and Nora Aranberri (UPV/EHU) for kindly providing these trans-
lations.

3We decided to allow participants who marked their proficiency level as “intermediate” or above.


https://github.com/AppraiseDev/Appraise
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The priming question at the top of the page asks participants to express how much they
agree that “the candidate translation adequately expresses the meaning of the original
text.” This format of priming question for source-based DA could be seen as asking for
a judgement of adequacy, which traditionally refers to how well the translation conveys
the meaning of the source regardless of its fluency, but we also previously encouraged
participants to “deduct points” for any potential disfluencies in the hyptotheses, and we
believe such disfluencies would be the most obvious translation errors that people would
notice. The user can then select their rating on a simple slider from 0% to 100%, with
their selected value being displayed below. Once a rating is submitted, the user cannot
go back to see or edit it.

The system was made available on a public website in the UM NLP research group

domain.

Dashboard

Ghal kull mistogsija / prova, se tintwera sentenza originali bl-Ingliz u verzjoni ghal traduzzjoni bil-Malti. Imbaghad se tintalab tikklassifika I-kwalita tat-
traduzzjoni fuq skala minn 0 sa 100, ibbazat fug kemm temmen i t-traduzzjoni tesprimi t-tifsira shiha tas-sentenza originali. Klassifikazzjoni ta' 100
tfisser li I-verzjoni li grajt hija traduzzjoni perfetta: tesprimi l-istess haga bhas-sentenza originali, b'mod ¢ar u korrett. ll-verzjoni ghandha tigi
kklassifikata aktar baxxa jekk ikun fiha zbalji grammatikali jew ortografici, jekk ikun hemm informazzjoni niegsa, jekk tinstema' mhux naturali jew
stramba, ecc.

Anna se nzommu kull puntegg i tissottometti, u tista' tevalwa sentenzi kemm trid inti, imma ovvjament, I-aktar ma taghmel ahjar! Ma tistax tbiddel I-
klassifikazzjoni tieghek wara li ddahhala, ghalhekk jekk joghgbok, kun zgur/a li tagra sew is-sentenza originali kif ukoll il-verzjoni ghat- traduzzjoni
gabel ma tiddeciedi fuq il-puntegg tieghek.

For each item, you will be shown an original sentence in English and a translation candidate in Maltese. You will then be asked to rate the quality of
the translation on a scale of 0 to 100, based on how well you believe the translation expresses the full meaning of the original sentence. A rating of
100 means that the candidate is a perfect translation: it expresses the same thing as the original sentence, in a clear and correct manner. A
candidate should be rated lower if it contains grammatical or orthographic errors, if it's missing information, if it sounds unnatural or weird, and so on.

We will save every score you submit, and you can do as many sentences as you wish, but of course, the more the merrier! You cannot edit your
rating after you submit it, so please, make sure to read both the source sentence and the candidate carefully before you decide on your score.

Go to task »

Figure 4.1: The dashboard page on Appraise.
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Register to participate

Please create an username and a password, and then tell us which languages you can evaluate
Username ~
Please create an username

Password ~

Please enter your desired password

Password (again) ~

Please re-type your password

For this project, we wish to evaluate of translations between two pairs of languages: from English into Maltese, and from Spanish into
Basque. Please select below which language pair you would like to contribute with, and tell us your proficiency level in each language.

Language pair * @ Maltese and English
QO Basque and Spanish

Proficiency level Maltese: select v

English: select v

Create profile

Figure 4.2: The registration page on Appraise.

Sentence pair Item #120 English to Maltese

For the pair of sentences below, state how much you agree that:
The candidate translation adequately expresses the meaning of the original text.
Many entire nations are completely fluent in English, and in even more you can expect a limited knowledge
- especially among younger people.

— Original text

Hafna nazzjonijiet shah huma kompletament fluwenti bl-Ingliz, u f’'sahansitra hafna iktar tista’ tistenna
gharfien limitat - specjalment fost iz-zghazagh.

— Candidate translation

0% \ \ \ 100%

—_]

89%

Figure 4.3: The task page on Appraise, showing an English—-Maltese hypothesis to be
evaluated.
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4.4 | Datasets

Our main concern with the data selection for our human evaluation campaign was that
the segments had to be relatively simple and easy for all our potential participants to
understand. Each segment should be understandable on its own, without the need for
additional context, and it shouldn not be too long or feature overly complex vocabulary.
Moreover, we wanted the content to be diverse enough to keep the participants engaged.
We ruled out a large portion of the existing parallel datasets for both our language
pairs, which consisted of texts in overly specific domains, such as legal documents, med-
ical corpora and parliament publications. Especially in the case of English—Maltese, the
overwhelming majority of corpora for this language pair were available thanks to Maltese
being an official EU language since Malta joined the EU in 2004, meaning that most of
the corpora consist of documents and publications from the EU parliament and other
European agencies, such as Covid- and vaccination-related information, and so on.
With the remaining available corpora, we carried out several filtering steps, based on
the source sentences. First the segments were tokenized?, and we kept those between
5 and 50 tokens, although most of them ended up being in the range of 20-30 tokens.
We also used regular expressions to check if the segments were well-formed, starting with
capital letters and ending with periods or question and exclamation marks, thus removing
incomplete segments extracted from the middle of full sentences, bullet points, and so on.
Lastly, from this filtered dataset, we selected the final segments by hand, in order to
make sure that they would fit all of our criteria. We also had to check the references
manually, as some corpora had misaligned source-reference pairs.
We selected a total of 400 segments for each language pair, an amount we believed
would be feasible to obtain evaluations for. These sets are henceforth referred to as our
evaluation sets. Table 4.1 shows the amount of sentences per corpus, and below is a brief

description of each of these corpora.

m FLORES-200: A many-to-many multilingual translation benchmark by Meta AI>
It contains segments in 101 languages, including English, Spanish, Maltese and
Basque; the texts were extracted from web articles and translated by professional
translators (Goyal et al., 2021).

B CrowS-Pairs: A challenge dataset created with the goal of measuring the presence

of U.S. stereotypical biases in masked language models (Nangia et al., 2020; Névéol

“We used the word_tokenize function from NLTK (https://www.nltk.org), which supports both
English and Spanish.

Shttps://github.com/facebookresearch/flores/blob/main/flores200/README.md, last accessed
21/09/2023.


https://www.nltk.org
https://github.com/facebookresearch/flores/blob/main/flores200/README.md
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Language pair Corpus Count
FLORES-200 281

. CrowS-Pairs 49
English—Maltese EUbookshop A7
ELITR-ECA 23

FLORES-200 110

TED2020 60

Elhuyar 54

. OpenSubtitles 48
Spanish—Basque Ehufac 16
QED 40

WikiMatrix 30

NeuLab-TedTalks 12

Table 4.1: Number of segments per corpus in the evaluation sets.

et al., 2022).5 Each example consists of a pair of segments, where one is an offensive
statement about a minoritary group, and the other is the same statement but edited
to be about an advantaged group. The segments were translated from English into
Maltese and kindly provided to us via private correspondence; it will be made

publicly available later in 2023.
We were careful to select relatively “mild” segments from this dataset, and also

included a disclaimer on our system to warn participants that the sentences were

not written by us and do not express the views of anyone involved in the project.

m EUbookshop: A corpus of documents shared by the Publications Office of the
EU7 and compiled by OPUS (Tiedemann, 2012).

m ELITR-ECA: Corpus of documents published by the European Court of Auditors
(ECA)3, crawled by the European Live Translor (ELITR) project (Williams and
Haddow, 2021).

m TED2020: Parallel corpus of TED and TED-X talk transcripts, translated by

volunteers (Reimers and Gurevych, 2020).

m Elhuyar corpus: Parallel corpus of textbook translations in Spanish and Basque,
compiled by the foundation Elhuyar for the UPV/EHU.Y

Shttps://github.com/nyu-mll/crows-pairs, last accessed 06/09,/2023.

"https://op.europa.eu/en/web/general -publications

Shttps://www.eca.europa.eu

9h‘c‘cps ://www.elhuyar.eus/en/services/language-services-and-basque-plans/translations-
and-language-resources/corpus


https://github.com/nyu-mll/crows-pairs
https://op.europa.eu/en/web/general-publications
https://www.eca.europa.eu
https://www.elhuyar.eus/en/services/language-services-and-basque-plans/translations-and-language-resources/corpus
https://www.elhuyar.eus/en/services/language-services-and-basque-plans/translations-and-language-resources/corpus
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B OpenSubtitles: A corpus of translated movie and TV show subtitles from the
OpenSubtitles website (Lison and Tiedemann, 2016).19

m EhuHac: Multilingual corpus of books compiled by the UPV/EHU.!

® QCRI Educational Domain Corpus (QED): Corpus of subtitles from educa-
tional videos, transcribed and translated over the AMARA platform (Abdelali et al.,
2014).

B NeulLab-TedTalks: Crawl of original subtitles and translations from TED Talks
(Qi et al., 2018).

m WikiMatrix: Corpus of parallel sentences mined from Wikipedia articles by Face-
book Research (Schwenk et al., 2019).12

We downloaded most of these corpora from OPUS (Tiedemann, 2012)!3 using the
OpusTools package (Aulamo et al., 2020).14

4.5 | Systems

Once we had the data, we translated all of it using a variety of MT systems in order to
have different translation hypotheses for our participants to evaluate. It is worth noting
that this project is a meta-evaluation study, not an evaluation of the state of MT research
itself; therefore, our focus is not on the quality of the MT outputs, but on the quality of
the methods used to evaluate these outputs.

With this in mind, it was in our best interest to have as much variety as possible
amongst the systems that we chose. At the same time, we could only include outputs
from a limited amount of systems, considering the amount of evaluations that we could
expect to obtain. We picked 3 systems for each language pair: one proprietary MT system,
one open-source, publicly available model, and one in-house model, out of the new models
currently in development at each of our partner universities, in order to collaborate by
providing some human evaluations for these systems.

The one system we used for both language pairs is an open-source suite of many-to-
many MT models developed by Meta AI, named No Language Left Behind (NLLB), which

translate directly between any pair out of 200 available languages, including Maltese and

10h‘ctp ://wuw.opensubtitles.org

"https://www.ehu.eus/ehg/hac

2https://github. com/facebookresearch/LASER/tree/main/tasks/WikiMatrix
3https://opus.nlpl.eu

“https://github.com/Helsinki-NLP/OpusTools


http://www.opensubtitles.org
https://www.ehu.eus/ehg/hac
https://github.com/facebookresearch/LASER/tree/main/tasks/WikiMatrix
https://opus.nlpl.eu
https://github.com/Helsinki-NLP/OpusTools
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Basque (Team et al., 2022). We used the 1.3B Dense Transformer variant!®, henceforth
referred to simply as “NLLB”, which is available through the HuggingFace transformers

library.

Bhttps://huggingface.co/facebook/nllb-200-1.3B


https://huggingface.co/facebook/nllb-200-1.3B
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These are the systems we picked only for English—Maltese:

m Google Translate (GT): Popular multilingual translation service developed by
Google. There are not many details available to the public about the engine behind
it, but since 2016 it is an NMT system that consists of a deep LSTM encoder-
decoder network with attention (Wu et al., 2016). It is trained on parallel data
collected from the public web, as well as synthetic parallel data and monolingual
data for under-resourced languages (Caswell and Bapna, 2022; Caswell and Liang,
2020). One potential downfall of GT is that it supposedly pivots through English
for most of all its language pairs, with a few exceptions that are supported directly
(Benjamin, 2019), which could affect the quality of Spanish-Basque translations;
hence our decision to use it only for English—Maltese. We obtained translations

from GT with the deep-translator pip package.'6

m UM-IWSLT: The first open-source NMT system for English—Maltese translation,
developed at the University of Malta (Abela, 2023).17 It was trained on a series
of English<>Maltese corpora available on OPUS, including EU documents, Maltese
government documents and laws, and the Tatoeba!® and MaCoCu'® corpora. We
used a version that had been improved and re-trained for submission to the 2023 In-
ternational Conference on Spoken Language Translation (IWSLT) (Williams et al.,
2023).

And this is our choice of systems for the Spanish—Basque language pair:

m Itzuli: NMT system provided by the Basque Country government through their
official website.?? It translates between Basque and Spanish, English, and French,
and can be set to use either the “general” or the “legal-administrative” domain.
This system does not provide an API, so we obtained translations in batches on
the web interface, and we used the “general” domain since our texts are mostly not

legal-administrative.

m UPV-CMBT: A model developed at HiTZ (the Basque Center for Language Tech-
nology), based on the Transformer architecture (Vaswani et al., 2017) and built with

the Marian toolkit (Junczys-Dowmunt et al., 2018). It employs inline case markers

Yhttps://pypi.org/project/deep-translator
"https://github.com/kurtabela/MSc-Thesis
Bhttps://tatoeba.org

Yhttps://macocu.eu
nttps://wuw.euskadi.eus/traductor


https://pypi.org/project/deep-translator
https://github.com/kurtabela/MSc-Thesis
https://tatoeba.org
https://macocu.eu
https://www.euskadi.eus/traductor
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(Berard et al., 2019) to handle text casing, and uses 251 million Basque tokens ob-
tained from monolingual data for back translation (Sennrich et al., 2016). Its train-
ing data contains both public and proprietary parallel corpora, consisting mostly of
news articles and administrative documents, but also including web-crawled data,
literary texts and film subtitles. This model has not been published or made avail-
able to the public yet, so we thank Gorka Labaka (UPV/EHU) for providing us

with the translations.

Table 4.2 provides a summary of the systems chosen for each language pair.

Language pair System Type
Google Translate Proprietary

English—Maltese NLLB Open-source
UM-IWSLT In-house
Itzuli Proprietary

Spanish—Basque NLLB Open-source
UPV-CMBT In-house

Table 4.2: Machine translation systems selected for evaluation.

4.6 | Quality Control

In any evaluation campaign, but especially crowd-based ones, there is the concern that
some participants might not be performing the task very well, even if acting in good
faith (Graham et al., 2013). They might have misunderstood the instructions, might not
be paying full attention, or trying to go through the items as fast as possible without
thinking too much.

In order to identify these assessors, control tasks can be included amongst the evalu-
ation tasks. These tasks are designed to have an expected response, so that if a judge’s
score diverges too much, it means they are not doing the task properly and their scores
should be discarded. Additionally, control tasks allow reliable evaluators a moment of
rest—if a translation is easy to judge, one way or another, it gives them a break from
other tasks which they have to think longer about (Aranberri et al., 2017).

We employed two types of control tasks, REF items and BAD items. REF items are
human-translated references from our parallel datasets, passed as if they were MT outputs,
thus expected to have a high score. BAD items are created by damaging a regular MT

output, and thus they are expected to have low scores.
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There are multiple strategies to produce damaged MT outputs, in a way so that
their low quality is not immediately obvious and the sentence still appears legible to
the innatentive eye. Graham et al. (2013), for example, created them by duplicating
two random words from the output in random positions. We followed another strategy
implemented by Appraise, which consists of replacing a random part in the middle of an
MT output with a segment of similar length taken from a randomly chosen reference, in
the same language, resulting in an output that has a nonsensical piece of another text in
the middle, but superficially looks like a grammatical segment. Table 4.3 exemplifies this
procedure with one TGT-REF—BAD item triplet from the English—-Maltese set.

Source segment Nowadays air travel is only rarely booked directly through
the airline without first searching and comparing prices.

Reference (REF Mlum il-gurnata l-ivvjaggar bl-ajru rari jigi bbukkjat
item) direttament permezz tal-linja tal-ajru minghajr ma I-
ewwel isir tiftix u paragunar tal-prezzijiet.

MT output (TGT Nlum il-gurnata l-ivvjaggar bl-ajru huwa rari biss
item) ibbukkjat direttament permezz tal-linja tal-ajru minghajr
ma l-ewwel wiehed ifittex u jgabbel il-prezzijiet.

Another reference, Dan is-servizz huwa b’xejn, u b’'mod facli, jista’ jkollok
picked randomly access ghall-ahbarijiet ricenti, fatti u figuri, dokumenti
legali u ghadd kbir ta’ informazzjoni prattika.

Damaged output MNum il-gurnata l-ivvjaggar bl-ajru huwa rari biss

(BAD item) ibbukkjat direttament permezz tal-linja tal-ajru minghajr
jkollok access ghall-ahbarijiet ricenti, fatti jgabbel il-
prezzijiet.

Table 4.3: Example of TGT, REF and BAD items for a given source segment, taken from the
English—Maltese evaluation set.

These are strategies for quality control that we have seen in the literature and we
deemed reasonable for our campaign, but of course, there are potential drawbacks. The
human references, for example, are not necessarily all worth the highest rating; their
“quality” is still debatable, as for all translations, especially if compared to the highest-
performing systems, and so we might find a large variation of scores. With the damaged
outputs, we treaded a fine line to damage them just enough so that they would deserve
lower scores than regular outputs, but also that they would not be too obviously horrible,
in order to try and identify whether assessors were really paying attention; on the other
hand, there might be assessors who end up rating the segment proportionally to how

much of it is well translated. Therefore, there are many variables to consider, which will
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be discussed further when we present the results (Section 5.1.2).

For each language pair, with 400 sentences in the evaluation set and 3 systems, the
total amount of source-hypothesis pairs is 1200. This number could be reduced if two
hypotheses from different systems happened to be equal, in which case they would be
evaluated as one, meaning that all source-hypothesis pairs are unique; this, however, did
not happen with any of our segments, likely because we tested systems from which we
expected very different levels of translation quality.

The amount of control tasks is defined per batch of 100 items on a ratio of 80 : 10 : 10,
so out of each 100 items, 80 are TGT, 10 are REF and 10 are BAD items.

4.7 | Dissemination

Once the campaign website was ready, we started spreading the word in channels that
seemed appropriate to reach bilingual speakers to participate. We shared it internally first,
in channels for the respective NLP research groups inside the UM and the UPV/EHU,
and then also posted about it on Facebook groups related to the minoritary languages,
on local mailing lists for linguists and for Maltese and Basque translators, and asked for
it to be shared on internal university communication channels to students and faculty.

Below is the English version of the statement that was included in the front page of
the campaign website, and also used in the posts and messages that we wrote to share
the campaign:

Are you a bilingual speaker of Maltese and English, or Spanish and Basque? If
so, we need your help! We are researchers from the University of Malta (UM) and
from the University of the Basque Country (UPV/EHU), and we are conducting
this study in order to evaluate the quality of translations into two under-resourced
languages, Maltese and Basque. Translation is not an easy task, so we would like
to hear from you: if you wish to participate, we will show you some sentences and
ask you to rate the translations, and that would help us a lot with our research to
improve them in the future. If you want to read more and try it out, go on and
create a profile — we won’t ask you for any private information, just tell us what

languages you speak and you’re good to go!

4.8 | Turnout

We started the evaluation campaign on August 1st, 2023. For the purpose of this

dissertation, the results we will discuss below were collected from the beginning
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English—Maltese Spanish—Basque

Total evaluations 992 Total evaluations 1215
Per item type Per item type

— TGT 811 — TGT 996
— BAD 101 — BAD 133
<— REF 80 <— REF 86
Per system (TGT only) Per system (TGT only)

— Google Translate 274 — Itzuli 354
— NLLB 252 — NLLB 293
— UM-IWSLT 285 — UPV-CMBT 349
Total participants 41 Total participants 44
Avg. evaluations per user 24 Avg. evaluations per user 27

Table 4.4: Statistics of the human evaluation campaign.

up to October 3rd, 2023, thus spanning 63 days.

To recapitulate, our ultimate goal was to obtain at least 1500 annotations for
each language pair, 1200 of which would be actual MT outputs to evaluate (400
segments X 3 systems), and the remaining 300 would be our quality control tasks.

We were not able to meet this goal, and thus we do not have exactly equal
amounts of evaluations per language pair and per system, which will be taken into
consideration when we discuss our results. Table 4.4 describes how many scores
we received for each language pair, divided by system and by item type, and also

the numbers of participants.

4.9 | Summary

In this chapter we have covered the design and preparation of our own human
evaluation campaign, where we asked bilingual speakers to rate translations from
English into Maltese and from Spanish into Basque, in order to collect direct
assessments for our meta-evaluation analysis. The decisions we made in the design
of this campain are based on previous meta-evaluation studies that we discussed
in Chapter 2, regarding the types of human evaluation tasks that have typically
been done in MT and the application of each of them depending on the needs of
the project and the availability of resources.

The results of this evaluation campaign, as well as the analysis that we have

carried out with these results as data, will be detailed in the next chapter.
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Meta-Evaluation Analysis

Once we collected a number of evaluations for English-Maltese and Spanish-Basque
translations in the form of Direct Assessments (DA), we were able to perform
a small-scale meta-evaluation study on the performance of COMET models for
evaluating these language pairs. The present chapter describes this analysis, as a
case study on the usability of COMET for unsupported languages.

First, in Section 5.1 we describe our data pre-processing steps: standardizing
the raw DA scores according to each user’s averages, and filtering these scores
based on our quality control procedures.

We start our analysis with a system-level evaluation of our 3 MT systems
(Section 5.2), according to human judgements from the campaign and to COMET-
22, as well as a few lexical metrics for comparison. We look at how each method
ranks the systems, and also at the magnitude of difference between each system
score.

Then, as we knew beforehand that COMET technically does not support Mal-
tese and Basque, we also explore potential routes of improvement and discuss two
strategies we devised (Sec. 5.3); the idea was to introduce assessment data in these
languages to try and obtain more accurate scores from the models. To do this, we
tried fine-tuning COMET-22 on our DA scores, and also trained new COMET-DA
models from scratch, exploiting the possibility of switching XLM-R for custom
encoders developed specifically for Maltese and Basque.

We finish this chapter with a discussion on the results obtained from this study,
and what they say about how COMET functions and what might be done in the

future to extend its language support.
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5.1 | Data Pre-Processing

This section details the pre-processing steps we performed on the raw scores from

our evaluation campaign, to prepare them for analysis.

5.1.1 | Standardization

Different assessors tend to have very different scoring strategies; some of them
might stick to the middle of the scale, adding or subtracting only a few points
to express that each translation is better or worse, while others might go straight
for the extremes. In order to iron out these differences, the raw scores are con-
verted to z-scores, a measure which expresses each value’s relation to the mean
(Kreyszig, 1979). Standardization is applied by WMT organizers to all the DA
scores obtained through their campaigns (Bojar et al., 2016b), which are used to
train COMET and were also used by us for evaluation and fine-tuning in Chapter 3,
so we did the same with our own campaign results.

The z-score for a raw score z is calculated by Equation 5.1, based on the user’s
mean score (fiyser) and standard deviation (oyser) over all segments that they

scored.

2y = L~ Huser (5.1)

Ouser

Figure 5.1 shows the distributions of raw scores and the corresponding z-scores
from two randomly chosen participants, to demonstrate the effect of the stan-
dardization. It is noticeable how standardization shrinks the peaks in user B’s
distribution, so that both users’ standardized scores are now centered around 0,

which is the z-score value when the raw score corresponds to the mean.

Raw scores Standardized z-scores
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Figure 5.1: Density plots of two participants’ raw scores and the corresponding z-scores.
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5.1.2 | Quality Control

As we described in Section 4.6, we included a number of control tasks amongst
the items in our campaign, in order to identify participants who might not have
performed the evaluation properly. There were two types of control tasks: BAD
items, which were damaged MT outputs, intended to receive low scores, and REF
items, human translations which should be given high scores. Fig. 5.2 show the
distribution of the raw scores assigned to both types of control tasks across the

English—-Maltese and Spanish-Basque evaluations.

Raw scores of quality control items
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Figure 5.2: Distribution of raw scores received for quality control items, showing the
average and standard deviation for each item type.

We tried as best as possible to follow the best practices in quality control
as recommended by the literature in MT meta-evaluation (Freitag et al., 2021a;
Graham et al., 2013); however, we had to adapt them to the particular circum-
stances of our campaign. In these large-scale studies, there is a pre-defined pool
of assessors who receive batches of items to evaluate; therefore, each batch could
include pairs of TGT-BAD or TGT-REF items (return to Table 4.3 for an example).
In simplified terms, each REF/BAD item is then considered “passed” if the REF score
is higher than the TGT score, and the BAD score is lower.

We, however, left it up to each participant to evaluate as many sentences as
they wished, which made it complicated to decide when to show them the quality
control task pairs. We could not ensure that each participant would evaluate the
corresponding TGT item of each control item, so we defined another method for
filtering our scores. For the purposes of judging the control item scores, we decided
to simplify the 0-100 DA scale as one of binary choice, as if a translation could

only be voted as “good” or “bad”, which would correspond to values above or below



Chapter 5. Meta-Evaluation Analysis

50. Therefore, a BAD item should be rated lower than 50 to be considered passing,
and a REF item should receive a score of at least 50.

However, as we discussed in the previous section, different participants have
different scoring strategies. In extreme cases, there were participants with dozens
of evaluations within a range of high scores (80420), but who still rated the BAD
and REF items lower or higher than their TGT items, which is what we were looking
for. To cover such cases as well, we looked at the standardized z-scores, considering
that a z-score of 0.0 corresponds to the user’s average; a given control task was
also considered “passed” if the z-score was below 0.0 for BAD items, and above for
REF items.

Table 5.1 shows the amount of quality control items that were evaluated, per
language pair and per type, and how many failures occurred. It also shows the
number of participants responsible for the failures, and how many TGT items were

discarded as a consequence, since such participants were deemed unreliable.

en-mt es-eu

Item occurrences 181 219
< BAD 101 133
— REF 80 86
Failures 8 11
— BAD 4 2
— REF 4 9
Unique participants 5 8

Discarded evaluations 183 361

Table 5.1: Statistics of the quality control procedures.

It is notable that there is a large number of discarded items submitted by a
small number of “unreliable” participants, which indicates that these few partici-
pants completed quite a lot of evaluations each; this might corroborate that they
failed because they were doing the evaluations too fast and/or without paying full
attention.

We also note that there were more failures for REF items than for BAD items. It
might be that the BAD items were only seen as partially bad, as they only contained
a segment out of context inserted in the middle of a regular MT output, so these
translations were not complete nonsense. Moreover, the quality of the BAD items
could also vary amongst them since they were based on MT outputs from different

systems.
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It could also be, on the other hand, that the REF items were underestimated by
the participants. Freitag et al. (2021a) pointed out that human crowd-workers tend
to underestimate human translations (references), or overestimate MT outputs,
and that professional translators are better at distinguishing them appropriately.
Although our REF items received a high mean score of 75.364+26.13, this is not much
higher than the mean of 69.16+29.04 over all TGT items. Similarly, Freitag et al.
(2021b) saw that human crowd-sourced participants ranked human translations
below multiple MT systems in DA evaluation. They hypothesized that a method
like DA might lead assessors to prefer more literal translations which are easy to
compare to the source and judge, while a more fine-grained method of error analysis
(like MQM) forces them to mark specific errors to justify their scores; thus, error
analysis encourages assessors to be accepting of non-literal human translations,
and to penalize errors in MT outputs more fairly (Freitag et al., 2021a).

Table 5.2 summarizes the amount of TGT item evaluations we had, per lan-
guage pair and system, before and after filtering out the scores from unreliable
participants. We retained 77% of the evaluations for English-Maltese, and 63%
for Spanish—Basque.

en-mt es-eu
System Before After System Before After
Google Translate 274 214 Ttzuli 354 228
NLLB 252 189 NLLB 293 192
UM-IWSLT 285 225 UPV-CMBT 349 215
Total 811 628 Total 996 635

Table 5.2: Number of TGT items per system, before and after filtering based on quality
control.

5.2 | System-Level Evaluation

Using the filtered DA scores from our evaluation campaign, we performed a system-
level evaluation of the 3 MT systems we considered for each language pair. Our
aim is to compare the results from different automatic methods with human judge-
ments. In the following subsections we will describe our approach to calculate sys-

tem scores from each method, the results from each, and discuss our conclusions.
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5.2.1 | System Scores From Automatic Metrics

We scored each system’s outputs using CoMET-22! out of the box, and for com-
parison, we also obtained scores from BLEU, TER and CHRF. For these lexical
metrics, we used the SacreBLEU implementation, with the default parameters for

each metric; below are the corresponding SacreBLEU signatures:

B BLEU: nrefs:1|case:mixed|eff:yes|tok:13alsmooth:exp|version:2.3.1
B CHRF: nrefs:1|case:mixed|eff:yes|nc:6|nw:0|space:no|version:2.3.1

B TER: nrefs:1|case:1c|tok:tercom|norm:no|punct:yes|asian:nol

version:2.3.1

For all of the lexical metrics, as well as COMET-22, the system-level score is the
average of all segment-level scores, assigned to each of the 400 segments translated
by each of the 3 systems. Therefore, we used automatic metrics to rate our whole

evaluation set, and the results are reported in Table 5.3.

System CoMET-22 BLEU TER* CcHRF
Google Translate 0.7434 #1 43.95 #1 39.49 #1 73.66 #1
en-mt NLLB 0.6938 #2 24.73 #2  64.47 #3  62.95 #2
UM-IWSLT 0.6885 #3 23.82 #3  61.09 #2  59.09 #3
Itzuli 0.8367 #2 15.35 #3  79.20 #3 54.17 #3
es-eu NLLB 0.8282 #3 2719 #1 69.36 #1  56.80 #1
UPV-CMBT 0.8371 #1 15.61 #2  78.50 #2 54.36 #2

Table 5.3: System scores assigned by each metric, based on the evaluation sets of 400
segments. (*As opposed to the other metrics, TER is a measure of error, so the lower
the value, the better.)

5.2.2 | System Scores from Human Evaluation

To calculate the system-level scores based on the human evaluations, first we
averaged out the available scores per segment, in case of redundancy, and then
calculated the average over these segment-level averages. We did this procedure
for both the raw DA scores and the standardized z-scores; therefore, the resulting
system level scores are presented in the 0-100 range and also in standardized form,

calculated from the segment-level z-scores. The z-score measures the amount of

'https://huggingface.co/Unbabel /umt22- comet-da


https://huggingface.co/Unbabel/wmt22-comet-da
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standard deviations between each segment-level raw score and the user’s mean
score, so the system-level z-score can be interpreted as “above average” if greater
than zero, and “below average” if lower than zero.

Table 5.4 shows the system scores alongside their respective rankings; since
we were not able to obtain evaluations for all the segments from all systems, and
these evaluations have undergone quality control, the table also shows the number

of evaluations taken into account for each system.

System scores

System Evaluations
Raw Standardized
Google Translate 214 82.03 #1 0.593 #1
en-mt NLLB 189 65.43 #2 0.116 #2
UM-IWSLT 225 49.11 #3 -0.425 #3
Itzuli 228 82.81 #1 0.439 #1
es-eu NLLB 192 63.60 #3 -0.170 #3
UPV-CMBT 215 82.42 #2 0.358 #2

Table 5.4: System scores resulting from the human evaluation campaign, and their cor-
responding rankings. Raw scores are calculated from original DA scores (0-100), and
standardized scores are from the z-scores.

5.2.3 | Discussion

In the previous subsections, we presented the results of our system-level evaluation,
based on the evaluation set of 400 segments translated by 3 MT systems for each
language pair. We obtained quality scores from 4 automatic metrics, on the whole
set, which were averaged out to generate system scores (Table 5.3), and then also
calculated system scores from human judgements on the segments that we received
evaluations for (Table 5.4). Based on these system rankings and the magnitude of
difference between each method’s scores, we can make a few observations.

Based on these rankings and the magnitude of difference between each metric’s
scores, we can make a few observations.

For English—-Maltese, the ranking of GT > NLLB > UM-IWSLT is agreed on
by humans and by nearly all metrics, except for TER, which assigns a slightly
higher edit rate for NLLB than UM-IWSLT. However, despite the agreement on
the ranking, we note the deltas: COMET-22 rates the best and worst systems quite
closely (0.74 vs. 0.68), while human scores are 40% lower (82.03 vs. 49.11). In
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this case, it seems that the other metrics better capture the degree to which GT
is deemed better than both NLLB and UM-IWSLT.

As for Spanish—Basque, both human scores and COMET-22 indicate that Itzuli
and UPV-CMBT are the best performing systems and are very similar to each
other in quality (0.83 from COMET-22 and 82 from humans), while all the lexical
metrics put NLLB as the best system. The BLEU score for NLLB places it 12
points ahead of both Itzuli and UPV-CMBT, while human participants seem to
have found NLLB significantly worse than both other systems. Interestingly, Itzuli
and UPV-CMBT being rated so closely by all the methods is an impressive result
for UPV-CMBT, a new model developed in the University of the Basque Coun-
try (UPV/EHU), which seems to be on par with the translator provided by the
Basque Government. Nevertheless, like in the English-Maltese results, COMET-22
underestimates the magnitude of difference between the 3 systems, rating NLLB
only 0.01 less than the others (as opposed to a delta of 19 in human scores).

We emphasize that this is a discussion based on preliminary results; ideally,
we should compare the metrics with human judgements on the whole evaluation
set, and with redundancy on all the segments, for a more reliable evaluation. As
we have not been able to obtain so many evaluations yet, we presented the results

from what was available.

5.3 | Improvement Strategies

Besides using our DA scores for evaluation of existing metrics, another one of our
goals was to investigate whether we could improve COMET’s performance on our
language pairs by using this data at training time. There are two ways in which we
could do this: fine-tuning existing COMET models on our data, or training custom
COMET models from scratch.

Fine-tuning, the same way we did with 4 unseen language pairs in Chapter 3,
consists in using an existing pre-trained COMET model, namely COMET-22, as
initial checkpoint, and then training it for a few more epochs on our data. It was
also done by Sai et al. (2023), where the authors fine-tuned COMET-MQM on 5
Indic languages and achieved improvements in correlation scores, as we mentioned
previously.

The fine-tuning approach has potential advantages and downsides: COMET-22
is a large model, built on top of xlm-roberta-large, and trained on a total of

938,155 samples, covering 32 different translation directions in 18 languages (listed
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in Table 3.1). Although Maltese and Basque are not supported by XLM-R nor seen
in the training data, COMET-22 and other pre-trained COMET models are much
larger than what we can build with our data, and it might be that they are able
to generalize to unseen languages. The other languages in each pair, English and
Spanish, are both supported, and English is present in many other language pairs,
which might help the model learn to evaluate English—-Maltese anyway. The idea
behind fine-tuning is to try and improve this model by showing it a few hundred
examples of the language pairs we wish to evaluate.

On the other hand, training new models from scratch consists in using the
framework’s base structure to train a whole new DA Estimator using our DA
scores from the campaign. The main advantage of this approach is that we can
switch the cross-lingual encoder, and plug in different encoders that support our
under-resourced languages, which ensures that they can be encoded better. The
downside is that the dataset we have is much smaller than the usual training
datasets of COMET; therefore, we are conducting this experiment as a proof-of-

concept rather than an actual attempt to generate a reliable, usable model.

COMET-22 (pre-trained model)

Initial checkpoint COMET-22
Pre-trained encoder XLM-RoBERTa (large)
Training data COMET-22 training data

CoMET-22-FT (COMET-22, fine-tuned)

Initial checkpoint COMET-22
Pre-trained encoder XLM-RoBERTa (large)
Training data COMET-22 training data + our DA scores

COMET-DA (custom model, trained from scratch)

Initial checkpoint None
Pre-trained encoder mBERTu / IXAmBERT
Training data Our DA scores

Table 5.5: Summary of the three types of COMET models we are using for evaluation.
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Table 5.5 sums up the models we compare in this section: the default COMET-
22 without any changes, COMET-22-FT, fine-tuned on our DA data, and brand
new COMET-DA models trained exclusively on our data, on top of selected en-
coders. It is worth clarifying that each COMET-22-FT and COMET-DA model was
trained and tested on English—Maltese and Spanish-Basque separately, generating
4 new models in total.

Both approaches require a number of pre-processing steps and other technical
decisions we will detail in the upcoming subsections. First, we describe a different
approach to rescale the z-scores to the range of [0,1] (Sec. 5.3.1); Section 5.3.2
explains how we split the data into train, validation and test sets using stratified
sampling; in Section 5.3.3, we discuss our choice of custom encoders for the new
COMET-DA models. Finally, we present our results in Section 5.3.4, and discuss
what we can learn from these experiments in terms of COMET’s performance for

unsupported languages and the decisions involved in training new models.

5.3.1 | Rescaling

Looking at the distribution of scores in our campaign results, we decided to make
a change in the rescaling step of our data pre-processing, in comparison to what
we did with our initial experiments in Chapter 3.

We emphasize the difference between “rescaling” and “standardization”. stan-
dardization is applied to raw DA scores, based on each user’s mean raw score, to
smooth over any differences in scoring strategies; rescaling is applied to the whole
population of (already standardized) z-scores in the dataset, so that they are all
in the range of [0,1].

Rescaling is necessary because the latest COMET models are supposed to pro-
duce scores in the range of [0,1], which requires the input data to be in this range,
and z-scores are originally unbound. Rescaling has not been incorporated into the
COMET training pipeline, so it has to be done as a pre-processing step.

For our first experiments with other language pairs, as described in Section 3.3,
we rescaled the z-scores according to the procedure recommended by COMET de-
velopers, by min-max scaling the scores into a range of [7in, Tmaz| values and then
clipping them to [0,1]. The problem is that this range of [rmin, Tmaz|, following
their suggestion, is between the average z-score of segments rated 0 by more than 1
annotator (7min), and the average z-score of segments rated 100 by more than one
annotator (7). This might work well for large datasets, where these averages

are meant to be reasonable values and then only outliers are clipped out; with our
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small sets, however, the range would be [-1.47, 0.8| for en-mt, for example, and
then all values scaled to [-1.47, 0.0] would be clipped to 0. Figure 5.3 illustrates
the consequence of this: the second graph shows the disproportional amount of
scores now clipped to [0.0, 0.05], which is unfaithful to the actual distribution of
the data (first graph).

Min-max rescaling to [Zmin, Zmax]

No rescaling + clipping to [0,1] Min-max rescaling to [0,1]
0.7 10 3.5
0.6 3.0 A
0.5 4 81 2.5
2
‘2 0.4 6 2.0
Q
0 0.3 al 1.5
0.2 7 1.0 1
0.1 21 0.5 1
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Figure 5.3: Distribution of z-scores before rescaling, and after rescaling by two different
methods.

Instead of defining the value range based on the raw DA scores and then
clipping, we simply rescaled the data to the range of [0,1] directly.? Equation 5.2
shows how each z-score z is scaled to [0,1] based on the extreme 2, and zmas
values® in the whole set (Pedregosa et al., 2011). This leaves us with rescaled
z-scores that respect their original distributions, as shown in the third graph in
Fig. 5.3.

T — Zmin

Tscaled = ——— (52)

Zmax — Fmin

5.3.2 | Stratified Sampling

Another lesson learnt from the experiments in Chapter 3 was regarding the dis-
tribution of quality scores that our fine-tuned COMET models produced: when
the training data was concentrated around a restricted range of human z-scores,
COMET only learned to produce scores in that same range, and performed poorly in
validation and testing. Therefore, the data splits should ideally be representative,

as much as possible, of the whole range of scores available.

2We still used the MinMaxScaler from scikit-learn, but with the default feature_range of [0,1].
3Unlike r'min and Tmaz, which are conditioned on the annotator count and the corresponding raw DA
SCOres, Zmin and Zmqq are simply the minimum and maximum z-scores in the dataset.


https://scikit-learn.org/stable/modules/generated/sklearn.preprocessing.MinMaxScaler.html
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In order to avoid that issue in our subsequent experiments, we used stratified

sampling, which is a strategy to ensure that a random sample from a dataset is

representative of the original data (Thompson, 2012). It is designed for categorical

data, where the goal is for the sample to contain a representative amount of items

from each class in the dataset. In order to apply it to continuous data, as is the

case of our z-scores, the data can be digitized, assigned to a number of bins that

correspond to smaller ranges of values and will act as “categories” (Sanders, 2017).

We digitized each of our datasets into 10 bins in order to sample the test and

validation sets, and then left the remaining samples as the training set. This way,

as can be seen in Figure 5.4, the test and validation sets have similar distributions

and cover the range of scores we had available.
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Figure 5.4: Distribution of z-scores in the original datasets and the split sets.

5.3.3 | Encoders

Z-scores

When training new COMET models from scratch, we can plug in custom encoders

instead of using XLM-RoBERTa; therefore, we used encoders built specifically

with our under-resourced languages in mind.

Micallef et al. (2022) proposed BERTu*, a monolingual model for Maltese based
on the BERT architecture, as well as mBERTu®, a multilingual model based on
mBERT and further trained on Maltese data. Both models were trained on the

Korpus Malti v4.0%, a corpus of web-crawled documents in various domains, made

‘https://huggingface.co/MLRS/BERTu
Shttps://huggingface.co/MLRS/mBERTu

https://huggingface.co/datasets/MLRS/korpus_malti


https://huggingface.co/MLRS/BERTu
https://huggingface.co/MLRS/mBERTu
https://huggingface.co/datasets/MLRS/korpus_malti
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available on the Maltese Language Resource Server.”

For Basque, a couple of models have been released in the past few years.
IXAmBERT (Otegi et al., 2020)® is a multilingual model for Basque, Spanish and
English, trained on Wikipedia corpora and web-crawled news articles in Basque.
BERTeus (Agerri et al., 2020)? is a monolingual model for Basque, trained also on
Wikipedia and news articles and shown to perform better than standard mBERT
in a variety of downstream tasks in Basque. Finally, RoBERTa-eus (Artetxe et al.,
2022)1 is a more recent family of RoBERTa-based language models for Basque,
trained on the EusCrawl corpus'!, which consists of texts crawled from websites
in Basque with high-quality content, as well as on the Basque portions of the mC4
and CC100 datasets.

Moreover, Basque and Spanish are both included in the mBERT models,
which are trained on Wikipedia content in the top 100 languages with the largest
Wikipedias.'? However, as Otegi et al. (2020) and Agerri et al. (2020) point out,
Basque texts make up a much smaller fraction of the training data of mBERT
than the major languages included, which means it may be “overshadowed” by
other languages and under-perform for several reasons, such as the sub-word tok-
enization module failing to split Basque morphemes properly. All Basque-specific
models we mentioned were tested on different downstream tasks in Basque and
performed better than mBERT. Therefore, as we already have a relatively small
dataset and would rather benefit from encoding our sentences as reliably as pos-
sible, we decided to use one of the Basque-specific models.

We trained our COMET models for Spanish-Basque on top of IXAmBERT,
the only one that includes both Spanish and Basque, as the other LMs we men-
tioned above (BERTeus and RoBERTa-eus) are monolingual Basque models; in
any case, it would not be possible to use RoBERTa-eus because COMET does not
support RoBERTa-based encoders. For English—Maltese, we used the multilingual
mBERTu model.

"https://mlrs.research.um.edu.mt
8https://huggingface.co/ixa-ehu/ixambert-base-cased
“https://huggingface.co/ixa-ehu/berteus-base-cased
https://huggingface.co/ixa-ehu/roberta-eus-ccl00-base-cased
Yhttps://www.ixa.eus/euscrawl
“https://github.com/google-research/bert/blob/master/multilingual.md, last accessed
27/09/2023.


https://mlrs.research.um.edu.mt
https://huggingface.co/ixa-ehu/ixambert-base-cased
https://huggingface.co/ixa-ehu/berteus-base-cased
https://huggingface.co/ixa-ehu/roberta-eus-cc100-base-cased
https://www.ixa.eus/euscrawl
https://github.com/google-research/bert/blob/master/multilingual.md
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5.3.4 | Results and Discussion

Our new models for each language pair, COMET-DA and COMET-22-FT, were
trained using the same train and validation sets, and then evaluated on the test set
of 100 samples. The train sets for English—-Maltese and Spanish—Basque contained
428 and 435 samples respectively.

We then computed the correlation coefficients between the quality scores gen-
erated by these models and the human scores in the test set. In Table 5.6 we
report Kendall’s Tau (7), Spearman (p) and Pearson (r) correlations. We de-
cided to report Pearson correlation here as well for redundancy; Kendall’'s Tau
and Spearman are both rank correlations, so they are more robust to outliers, as
values are only represented by their ranks, but Pearson considers the magnitude of
difference between scores, and thus, it should be more stable for segments/systems
of similar quality (Kocmi et al., 2021; Mathur et al., 2020a; Osborne et al., 2022).

The correlation scores for all models can be seen in Table 5.6.

en-mt es-eu

Model T P r T ) r

COMET-22 0.292 0421 0399 0.223 0326 0.214
CoMET-DA 0.375 0527 0.527 0.119 0.172  0.169
CoMET-22-FT 0.391 0.542 0.525 0.245 0.354 0.242

73

Table 5.6: Kendall’s Tau (7), Spearman (p) and Pearson (r) correlation scores for 3
COMET models, evaluated on our test set. Scores in red were deemed statistically in-

significant (p-values < 0.05).

The fine-tuned models (COMET-22-FT) resulted in the highest correlation
scores for both language pairs, with an improvement of 0.10-0.13 in all correla-
tion coefficients over COMET-22 for English-Maltese. For Spanish-Basque, the
differences are smaller, but still notable, given a training set of only 435 samples.

The models trained from scratch (COMET-DA) performed very differently
across our language pairs. The one for English-Maltese performs better than
COMET-22 on our test set. Unfortunately, the same did not hold for Spanish-
Basque; COMET-DA obtained low, statistically insignificant correlations on the
es-eu test set.

Upon closer investigation, we found that all of these COMET models—the pre-
trained COMET-22 as well as our new models—only produced scores in narrow
ranges: the scatter plots in Figure 5.5 show that, although the values in the
test set—the human scores—are distributed across the y-axis (albeit unevenly),

automatic scores are almost all above 0.5, mainly between 0.6 and 0.8.
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Figure 5.5: Quality scores produced by COMET-22 and our new models (x-axis), and the
corresponding human scores in the test set (y-axis).

EN-MT

ES-EU

When it comes to our new models, COMET-DA and COMET-22-FT, we can

hypothesize that the distribution of results is heavily influenced by the distribution

of the training data. Figure 5.6 shows the density plots of the scores in the training

sets, the test sets, and the model results side by side. The training scores for es-eu

peak between 0.6-0.8, and the models almost entirely produce scores within this

same range; for en-mt, where the training data is a little more balanced, the

resulting scores are also in a wider range, around 0.5-0.8.
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Figure 5.6: Distributions of scores in each training set, test set, and the results from our
COoMET-DA and COMET-22-FT models.

The fact that COMET-22 behaves similarly, producing scores concentrated be-

tween 0.6-0.8 on our test set despite not having seen any of our data at training

time, led us to look closely at its training data as well. The scores in its dataset are
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only available as unbound z-scores, before rescaling, so we simulate how they would
have been rescaled before training, following the process described by COMET de-
velopers: applying min-max scaling to [rmin, Tmaz| and clipping the results to
[0,1]. We also apply the alternative rescaling process as we did for our data (see
Sec. 5.3.1), by min-max scaling directly to |0,1], for comparison. We show the 3
distributions in Fig. 5.7 (z-scores before and after both rescaling processes).

The z-scores in the COMET-22 training set are largely concentrated within
[-2.0, 2.0], but outliers bring 7, down to -1.9, and then all z-scores rescaled
to [-1.9, 0], roughly 38% of the full training set, are clipped to 0, yielding a very
unbalanced distribution of rescaled scores that will be used for training (the second
graph in Fig. 5.7). It appears to be the same issue we saw with our dataset, but
in the scale of a hundred thousand scores. Therefore, if COMET-22 has decent
correlation scores when tested on our data for languages it technically does not
support, it might be out of sheer “luck”, as our test data is also mostly within the

range of scores the model is most likely to produce.

Z-scores, rescaled to [rmin, Mmax]
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Figure 5.7: Distribution of z-scores (original and rescaled) in the training data of COMET-

22.

In order to investigate this possibility, we made “adversarial” datasets to test
only COMET-22 again: we randomly sampled 100 segments, exclusively with
scores < 0.6, from each of our train sets. The idea is that these MT outputs
have been judged as “below average” by participants of our evaluation campaign,
and the z-scores lie outside the range where the training data of COMET-22 is
concentrated.

We report the correlation scores in Table 5.7, and also plot the quality scores
produced by COMET-22 against the human scores in the test set in Fig. 5.8.
Results show that the performance of COMET-22 drops significantly in comparison

to the regular test set, and all the correlations on the adversarial test set are
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statistically insignificant. Based on this test, we suggest that, in the case of our
language pairs, the performance of COMET-22 is unstable, and might be influenced
by the unbalanced distribution of scores in its training data. This is also in line
with our findings from the system-level evaluation (Sec. 5.2), where COMET-22
overestimated the performance of the worst systems, in comparison with human

judgements.

en-mt es-eu

Model Test set T P T T p T

COMET-22 Regular 0.292 0.421 0.399 0.223 0.326 0.214
COMET-22 Adversarial 0.099 0.137 0.077 -0.010 -0.011 0.140

Table 5.7: Correlation scores for COMET-22 on the adversarial test set of 100 segments
with z-scores < 0.6. Results on the regular test set are reproduced from Table 5.6 for
comparison.
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Figure 5.8: Quality scores produced by COMET-22 for the adversarial test set (x-axis),
and the corresponding human scores (y-axis).

Therefore, the most important lesson we take from these experiments—and also
from the ones described in Chapter 3—is that COMET can be highly susceptible to
the distribution of scores present in its training set, and as a potential solution, we
believe that new COMET models should ideally be trained on balanced data across
its full range of scores [0.0-1.0]. We do not have this kind of data available for
our language pairs yet, but it would be highly interesting to perform experiments
with balanced datasets for unsupported languages in the future. It might even be
better to train on less data, but balanced, rather than larger but very unbalanced

datasets.



Conclusions

Translation quality, being a subjective concept, is hard to define and thus hard
to measure. As Machine Translation evolved from rule-based systems to huge
neural networks, and the demand for quick evaluation methods only grew, the
field turned away from human evaluations and towards automatic metrics, mostly
based on superficial lexical matching, but researchers quickly realized that these
simple metrics were an inadequate substitute. In the search for better methods,
trainable metrics have made an impact in the field in recent years, as they directly
predict human judgements of translation quality and have been shown to evaluate
translations more accurately.

In this dissertation, we have discussed the advantages and limitations of the
main types of evaluation methods for MT, and placed our focus on COMET, a
trainable evaluation system proposed in 2020 that has been gaining traction in
MT research and development. We specifically discussed concerns about its limited
language support, and what it means for under-resourced languages—which are
not supported by large cross-lingual encoders, and do not have large quantities of
annotated data available.

To investigate COMET’s performance on unseen language pairs, we started with
some preliminary experiments with COMET-22 using WMT Direct Assessment
datasets that had not been included in its training. We found that COMET-22
performed quite poorly on 3 out of 4 language pairs, even though all languages
were supported by XLM-R. We also explored the possibility of improving this
performance by fine-tuning the model on more DA data, and it led to minor
improvements in some of the cases.

For our case study on English-Maltese and Spanish—-Basque, as annotated

data was not yet available, we set out to collect Direct Assessments from bilingual
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speakers through a crowd-based evaluation campaign. We were able to obtain
evaluations for a portion of our dataset of translations from 3 MT systems, and
with these scores, we performed a small-scale meta-evaluation study. We com-
pared the performance of COMET against a few lexical metrics, and also produced
new COMET models by fine-tuning COMET-22 on our data and training custom
COMET-DA models from scratch, leveraging specified cross-lingual encoders for
our languages.

We believe that this analysis, although based only on a small case study, has
been a step in the right direction, and it has allowed us to pinpoint some potential
gaps in the structure of COMET that may hinder its generalization capabilities. In
our tests, it appeared that the scores produced by the models were influenced by
the unbalanced distributions of scores in their training datasets. This is a complex
issue to diagnose and pinpoint the root cause; a lot more experiments would be
needed, but our observations can ultimately aid in the development of more robust
models, especially in a low-resource scenario, where the quality of the data matters

even more.

6.1 | Achieved Aims and Objectives

Looking back on the initial aims and objectives of the present work, we believe
that we have been able to achieve what we set out to accomplish. It is not possible
to provide one answer to the question of whether COMET can generalize to unseen
and unsupported languages; it can only be determined on a case-by-case basis.
However, we have performed experiments with 6 language pairs, with varying
degrees of success, and have explored a number of factors that may have influenced
our results one way or another. Additionally, we have provided further evidence of
the potential of fine-tuning as a means to improve the performance of COMET for
certain language pairs; as opposed to training whole new models from scratch, this
approach leverages the existing knowledge of pre-trained models, while providing
them with new examples in these specific languages.

Through this work, we also intended to shed light on how immensely com-
plicated it is to evaluate translations by means of human judgements and by
automatic metrics. The process of devising and executing our experiments has
involved a multitude of decisions: the human evaluation method and its specific
layout and prompting question, what scale of scores to use, who could participate,

how to perform quality control, how to rescale the data, how to sample the data
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to split it into sets, how to measure the quality of the results, how to interpret the
results. Everything depends on a number of factors and we have tried as best as
possible to take into consideration the findings from well-established literature on

MT evaluation, while also adapting a lot of it to our particular circumstances.

6.2 | Critique and Limitations

The most prominent limitation in our work is the scale of our evaluation campaign;
we were only able to obtain evaluations for a part of our segments, which left us
with quite a small dataset to evaluate and train COMET models for each language
pair. Therefore, we reinforce that our results are preliminary, and experiments
would have to be reproduced with larger amounts of data to yield reliable empirical
evidence of what we have investigated.

With regards to the evaluation campaign, we were also limited in terms of
who could participate. It would have been ideal to hire professional translators to
conduct a more reliable human evaluation campaign, and to do it by means of error
analysis, in order to obtain more fine-grained insights about specific translation
errors in each hypothesis. We chose a different approach, by counting on the
voluntary contributions of bilingual speakers, and adapted our campaign design
to better fit this scenario.

Lastly, we clarify that we have conducted a case study by choosing English-
Maltese and Spanish-Basque as our focus, and the preliminary conclusions from
this work do not necessarily generalize to any other under-resourced language
pairs, nor to other languages unsupported by the current COMET models. In
fact, we have conducted the experiments in parallel, with no interference between
data for different language pairs, and while we have kept the conditions as similar
as possible, this was done more for the sake of consistency than comparability,
as our intent has always been to compare methods, not languages. In fact, by
focusing on two languages that are unrelated, as opposed to different studies which
tackle closely related languages, our aim was to diversify our potential results and
eliminate any odds that the methods might yield similar results for both language

pairs due to confounding factors.
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6.3 | Future Work

Throughout this dissertation, we have examined numerous decisions that have to
be made along every step of a meta-evaluation study—decisions which highly affect
the results. Moreover, translation evaluation is a highly subjective and complex
topic in the first place. Therefore, we see a plethora of directions in which we could
continue to evolve this research, simply by experimenting with different parameters
to explore the outcomes.

We briefly introduce a few ideas below:

m Based on our conclusions from the last chapter, it would be highly interesting to
experiment with training new COMET models on balanced datasets—containing
balanced amounts of evaluation scores. These models could be evaluated in com-
parison to pre-trained COMET models, in order to investigate how many of COMET’s
accurate predictions happen “by chance”, due to its uneven distribution of scores in

training.

m Exploring the different architectures that the COMET framework provides could
also be interesting, for future works that wish to delve deeper into its capabilities;
we focused on COMET-DA, but one could also convert DA scores to DARR and
evaluate a COMET-RANK model, or to delve into Quality Estimation (QE) and
evaluate the performance of COMET-QE and/or COMETKIWI models.

B Conducting an error analysis of MT systems for English—Maltese and Spanish—Basque.
Error analysis frameworks such as MQM allow for a very fine-grained study of com-
mon translation errors between these languages, and could help guide future research

on MT approaches to improve these shortcomings.

B Including other trainable metrics in a larger meta-evaluation study, so that they
could be compared against COMET in a scenario of evaluation of unsupported lan-

guages.

6.4 | Final Remarks

To the best of our knowledge, this project has been the first meta-evaluation
analysis of machine translation focused on Maltese and Basque, and one of few
research works that have obtained human evaluations of translations to or from

these languages. We believe that machine translation is an essential application
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to ensure the survival of minoritary languages in the digital age, and we hope that
our work has brought us a step closer to the development of better evaluation
methods for under-resourced languages, so that they will not be left behind as

machine translation evaluation moves forward.
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