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One of the core goals of Natural Language Processing (NLP) is to develop computational
representations and methods to compare and contrast text meaning across languages. Such
methods are essential to many NLP tasks, such as question answering and information
retrieval. One of the limitations of those methods is the lack of sensitivity to detecting
fine-grained semantic divergences, i.e., fine-meaning differences in sentences that overlap
in content. Yet, such differences abound even in parallel texts, i.e., texts in two different
languages that are typically perceived as exact translations of each other. Detecting such
fine-grained semantic divergences across languages matters for machine translation systems,
as they yield challenging training samples and for humans, who can benefit from a nuanced
understanding of the source.

In this thesis, we focus on detecting fine-grained semantic divergences in parallel texts
to improve machine and human translation understanding. In our first piece of work, we
start by providing empirical evidence that such small meaning differences exist and can
be reliably annotated both at a sentence and at a sub-sentential level. Then, we show that

they can be automatically detected by fine-tuning large pre-trained language models without



supervision by learning to rank synthetic divergences of varying granularity. In our second
piece of work, we turn to analyzing the impact of fine-grained divergences on Neural
Machine Translation (NMT) training and show that they negatively impact several aspects of
NMT outputs, e.g., translation quality and confidence. Based on these findings, we present
two orthogonal approaches to mitigating the negative impact of divergences and improve
machine translation quality: first, we introduce a divergent-aware NMT framework that
models divergences at training time; second, we present generation-based approaches for
revising divergences in mined parallel texts to make the corresponding references more
equivalent in meaning.

After exploring how subtle meaning differences in parallel texts impact machine trans-
lation systems, we switch gears to understand how divergence detection can be used by
humans directly. In our last piece of work, we extend our divergence detection methods
to explain divergences from a human-centered perspective. We introduce a lightweight
iterative algorithm that extracts contrastive phrasal highlights, i.e., highlights of segments
indicating where divergences reside within bilingual texts, by explicitly formalizing the
alignment between them. We show that our approach produces contrastive phrasal high-
lights that match human-provided rationales of divergences better than prior explainability
approaches. Finally, based on extensive application-grounded evaluations, we show that
contrastive phrasal highlights help bilingual speakers detect fine-grained meaning differ-
ences in human-translated texts, as well as critical errors due to local mistranslations in

machine-translated texts.
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Chapter 1: Introduction

Comparing and contrasting the meaning of text conveyed in different languages is a
fundamental task in Natural Language Processing). For instance, detecting the com-
monalities and divergences between sentences drawn from English and French Wikipedia
articles about the same topic can help analyze language bias (Bao et al., 2012; Massa and
Scrinzi, 2012), or mitigate differences in coverage and usage across languages (Yeung et al.,
2011; Wulczyn et al., 2016; Lemmerich et al., 2019; Johnson and Lescak, 2022). This
requires computational approaches that can capture not only coarse content mismatches
across languages but also ne-grained differences in sentences that largely convey the
same content—we term such mismatches in meaningeagrained cross-lingual semantic
divergencesSuch divergences aboundparallel texts—texts in two different languages
that are perceived as exact translations of each other. As we will see in Section 82, ne-
meaning mismatches can be found in parallel corpora that are created in different ways. For
instance, in OpenSubtitles—a corpus consisting of automatically aligned movie subtitles
from different languages—the English sentefitdew much do you get paid?5s paired
with the divergent sentenc¢@&'es payée combien de I'heure{*"How much do you get paid
per hour?") in French. Additionally, nuanced meaning differences can be introduced by
human translators when they select between near synonyms (Hirst, 1995). For instance,
the English Wikipedia article of Erotokritos stat&sotokritos is a romance; while the
corresponding Greek article say® Erwtikritoc ebnai eéna mujistirhmad (“Erotokritos

is a novel"). Thus, the English article is more speci c than the Greek article. Regardless



of why such subtle divergences exist in parallel texts, we hypothesize that they matter not
only for humans' understanding of the differences in content across languages, but also
for machine translation—as they yield challenging training samples and for humans—who
might bene t from a nuanced understanding of the source. Thus, in this thesis, we argue
that quantifying ne-grained divergences is cruciaingprove both machineand human
translation understanding across languages

In Chapter 3, we start our exploration by establishing that ne-grained divergences are
frequentin parallel texts. We analyze data from WikiMatrix—a standard resource for training
MT systems—via collecting human assessment of semantic divergence in English and French.
To that end, we introduce an annotation protocol that asks for human rationales and establish
that divergences can be reliably annotated under our protocol. Our annotation ndings show
that ne-grained divergences are frequent in parallel te46 of WikiMatrix samples
are judged as containing ne-meaning mismatches by human annotators. Additionally, we
show that manual annotation is expensive and hard to scale, which motivates computational
approaches to quantifying divergences at scale. Drawing on our annotation ndings, we
introduce a contrastive loss designed to make a multilingual language model sensitive to
subtle cross-lingual differences between linguistically motivated synthetic samples. After
establishing that ne-grained divergences can be detected accurately at scale, our next work
explores their impact on Neural Machine Translatismt).

In Chapter 4, we contribute an analysis of how ne-grained divergences in training data
impactNMT quality and con dence. We provide empirical evidence that these imperfect
training references: hurt translation quality (as measured by automatic metrics) once they
overwhelm equivalents, output degenerated text more frequently, and increase the uncer-
tainty of models' predictions. Drawing on those ndings, in Chapter 5, we seek ways to
mitigate the negative impact of ne-grained divergencesuett and explore two orthogo-

nal strategies. Our rst strategy intervenes in #eT training assumption of translation



equivalence in parallel texts and aims to model divergences explicitly. Our second strategy
proposes an orthogonal mitigation direction: instead of alteximg training to model
divergences closely, we aim to automatically re-write divergent samples to yield more equiv-
alent translations. We introduce different models and algorithms along those orthogonal
intervention strategies and show that by considering semantic divergences, we can improve
machine translation across a wide range of low, medium, and high resource data regimes.
After exploring how detecting semantic divergences helps us improve machine translation
understanding, our nal work contributes ways of assistiognansn understanding and
detecting translation differences.

In Chapter 6, we explore ways of explaining ne-grained divergences to humans. We
start our exploration by surveying relevant literature on explaining predictions. Then,
we introduce an approach that explains the prediction of our divergent models by producing
contrastive phrasal highlights, which can be color-coded to convey mappings between
a source text and its translation intuitively. We show that contrastive phrasal highlights
match human-provided rationales of semantic divergences better than standard highlighting
approaches that ignore the input's structure. Furthermore, through a series of human-
centered evaluations, we provide evidence that our highlights assist bilingual speakers
in annotating ne-grained meaning divergences in human-translated pairs reliably and,
therefore, ease the need for human rationales. Additionally, we show that contrastive phrasal
highlights help bilingual speakers detectingcritical errors due to local mistranslations in
machine-translated texts more accurately.

Finally, in Chapter 7, we conclude this dissertation thesis by summarizing our ndings

and contributions and highlighting avenues for future work.



Chapter 2: Background

This work draws on many different areas in machine translation and semantics. We rst
discuss the fundamental concepts and techniques behind acquiring parallel texts, along with
recent efforts to audit them, in Section 2.1. We then discuss the use of parallel texts as critical
data resources in Machine Translation and Multilinguiab research in Section 2.2. Finally,
we discuss the literature related to the detection of cross-sentence meaning mismatches

within and across languages in Section 2.3.

2.1 Acquiring and Auditing Parallel Texts

Parallel texts have been the object of systematic analysis by translation scholars in the
eld of Translation Studies (Floros, 2004) and have also been explored as a pedagogical tool
in foreign language acquisition in Social and Education Studies (Bluemel, 2014; Abdallah,
2021; Awad et al., 2021). Apart from their direct use in the above elds, parallel texts
emerged as a valuable resource in Computational Linguistics, enabling the development
of NLP technology that breaks language barriers. The de nition of parallel texts has long
been debated in translation studies, with some of them identifying them as original texts in
different languages that are assigned an interlingual dimension, while others treat them as
translations. In this thesis, we use the term parallel text, also known as bitext, as used in
Computational Linguistics, i.ean original text paired with its translatianThus, a parallel

corpus consists of two texts: the source text and its translation. One of the major bottlenecks



Figure 2.1: Venn diagram illustrating the relation between (non)-parallel corpora.

in acquiring large amounts of parallel texts has been the human labor-intensive task of
translation which places responsibility on multilingual humans uent in multiple languages
and cultures. Crucially, reliance on human translations poses a severe challenge for under-
resourced languages for which multilingual humans might be limited or even not available.
The same problem also arises in better-resourced languages when translation is required in
narrow, specialized domains, such as medicine, and information technology, among others.
As a result, it is crucial that technological solutions to acquiring parallel texts are found
to compensate for the shortage of linguistic resources for under-resourced languages and
specialized domains. Non-parallel corpora—bodies of texts in two different languages—
stand as a fundamental resource in acquiring parallel texts, constituting a long-standing
natural language processing research problem. In this section, we begin our discussion
with an overview of the degrees of parallelism in non-parallel corpora in 82.1.1; we then
summarize the most fundamental computational approaches to parallel text acquisition in

82.1.2 and nally discuss efforts to audit extracted parallel texts in §2.1.3.

2.1.1 Degrees of Non-Parallel Corpora

The degree of parallelism across (non)-parallel corpora might vary depending on the

underlying curation processe®/as each body of text written independently in each lan-



guage? Was one of them generated as a translation of the other? If so, what was the
granularity at which translation took place, e.g., article vs. document levdtRough
answering those questions precisely is hard, given the explosion of undocumented online
content worldwide, they provide a foundation for framing the discussion around the different
degrees of parallelism we can encounter amongst non-parallel corpora. Formally, bilingual
corpora can be classi ed into four main categories along the dimension of their parallelism

(Fung and Cheung, 2004a,b; Wu and Fung, 2005):

Parallel

DEFINITION : A sentence-alignedorpus containing translations of the same
document.
EXAMPLE : The Hong Kong Laws Corpus is a parallel corpus with manually

aligned sentences (Fung and Cheung, 2004a).

Noisy Parallel
DEFINITION : A non-sentenced-aligned corpus that nevertheless contains mostly
bilingual translations of the same document.
EXAMPLE : The Hong Kong News corpus contains documents that are rough
translations of each other, focused on the same thematic topics, with some insertions

and deletions of paragraphs (Fung and Cheung, 2004b).

Comparable

DEFINITION : A non-sentence-alignecbrpus that contains documents that are
topic-aligned but are not translations of each other.
EXAMPLE : Newspaper articles from two sources in different languages within the

same window of published dates, can constitute a comparable corpus.

Quasi-Parallel (Truly Non-Parallel)



DEFINITION : A corpus that contains non-aligned and non-translated bilingual
documents that could either be on the same topic (in-topic) or not (off-topic).
EXAMPLE : TDT3 Corpus is a good source of truly non-parallel and quasi-
comparable corpus. It contains transcriptions of various news stories from radio

broadcasting or TV news report from 1998-2000 in English and Chinese.

2.1.2 Acquiring Parallel Text from Non-parallel Corpora

Acquiring parallel texts from non-parallel corpora, such as web crawls, is a long-standing
NLP problem (Resnik, 1999). In principle, parallel text acquisition is operationalized through
a series of pipelined subtasks, ranging from heavily engineering processes of web crawling
to addressing fundamental cross-lingnab subtasks. Typically, the main steps involved in
parallel text acquisition from non-parallel corpora are web crawling, document alignment,
sentence alignment, and ltering. Depending on the nature of the web-crawled data, only
some of the steps take place in delivering the nal “clean” parallel corpus, as seen in
Table 2.1. Below we discuss how each of the steps involved in parallel texts acquisition is

addressed inLP research.

Document Alignment In the task of document alignment, the goal is to start from a given
collection of documents and identify pairs of documents in two languages such that one doc-
ument is the translation of the other. Early practices include computing edit-distance scores
between linearized documents using information about document structure (Resnik and
Smith, 2003) or hand-crafted rules that rely on metadata such as publication dates (Munteanu
and Marcu, 2005, 2006). Subsequent methods rely, instead, mostly on the textual contents
of the given documents. For instance, Shi et al. (2006) use probabilities of a probabilistic
tree alignment model, while Uszkoreit et al. (2010) compute cosine distance of inverse

document frequency weightedgram vectors. In the shared task for bilingual document



Parallel Corpus Web Crawling Document Alignment Sentence Alignment Bitext Filtering

EuroParl X X X 7
ParaCrawl X X X X

TED X 7 7 7
OpenSubtitles 7 7 X X
WikiMatrix X 7 X X
CCMatrix X 7 X X

Table 2.1: Steps involved in acquisition of large-scale paralfeiscorpora (Tiedemann,
2012b).

alignment (Buck and Koehn, 2016a), many participants use techniques based on machine
translation models, bag-of-words lexical translation probabilities, or document features
for scoring candidate document pairs. Concretely, methods based on machine translation
are used used to map the collection of French documents into English and then cast the
problem as a monolingual scoring task. Submitted systems suggest computing coverage
scores of a document-pair based on the lexical overlap of phrases (Gomes and Pereira Lopes,
2016),n-gram matches (Dara and Lin, 2016; Shchukin et al., 2016), and word occurrence
probabilities (Le et al., 2016). Other approaches rely on computing cosine similarity scores
between term frequency-inverse document frequency (td/idf) weighted vectors extracted
by collectingn-grams on documents that are mapped to the same language via machine
translation (Buck and Koehn, 2016b) or word translation lexicons (Azpeitia and Etchegoy-
hen, 2016; Medved et al., 2016; Jakubina and Langlais, 2016; Mahata et al., 2016). Finally,
some participants propose document alignment based on feature extraction, such as links to
documents in the same web domain, similarity of lukLs, HTML tags, matched named
entities (Papavassiliou et al., 2016; Espla-Gomis, 2009; Espla-Gomis et al., 2016; Lohar
et al., 2016).

Sentence Alignment In the task of sentence alignment, the goal is to start from aligned

documents—produced as (human) translations of each otheutomatically extracted



using document alignment approaches—and nd matches of sentences that are translations
of each other. Early methods are based on sentence length, measured in words or characters
in each sentence (Brown et al., 1991; Gale and Church, 1993). In contrast, later approaches
are based on optimizing word-translation probabilities via integrating lexical information
from bilingual word dictionaries that are either provided (Chen, 1993; Moore, 2002; Varga

et al., 2007), or extracted in an unsupervised fashion (Braune and Fraser, 2010). Later
work use machine translation to map both documents in the same language and introduce
scoring methods based on their lexical overlap (Sennrich and Volk, 2010; Gomes and Lopes,
2016). Recent advances in multilingual representation learning (Artetxe and Schwenk, 2019;
Liu et al., 2020) enable the extraction of parallel texts across multiple languages based on

normalized cosine distance metrics Thompson and Koehn (2019); Schwenk et al. (2021a,b).

Bitext Filtering In the task of parallel text Itering, also known as bitext Itering, to goal

is to start from a set of web-crawlembisy parallelcorpus and lIter it to a smaller size of
high-quality sentence pairs, to deliver a nal “clean” corpus, i.g@agallel corpus under

the de nitions provided in 82.1.1. This task has received signi care interest which led

to a dedicated shared task of “Parallel Corpus FilteringmT (Annual Conference of
Machine Translation) sinc2018(Koehn et al., 2018, 2019, 2020). Past submissions to the
shared task employ a diverse set of approaches covering simple pre- Itering rules based on
language identi ers and sentence features (Rossenbach et al., 2018; Lo et al., 2018; Ash et al.,
2018) learning to weight scoring functions based on language models, extracting features
from neural translation models and lexical translation probabilities (Sanchez-Cartagena
et al., 2018), combining pre-trained embeddings (Papavassiliou et al., 2018), and dual-cross

entropy (Chaudhary et al., 2019).



2.1.3 Auditing Parallel Texts Extracted from (Non)-Parallel Corpora

Although extracting parallel texts from non-parallel corpora appears as a tempting so-
lution to compensate for the shortage of resources in speci ¢ languages and domains, the
resulting sentence pairs might not be as “parallel” as we usually assume they are. Despite
the extensive literature on parallel text acquisition, the quality of the resulting pairs is mostly
implicitly documented through their use in machine translation and multilinguelre-
search, as we extensively discuss in Section §2.2. Few recent works constitute an exception
to this extrinsic evaluation framing and follow an intrinsic evaluation instead, based on
manual auditing of samples of parallel texts. We summarize those efforts in Table 2.2,

present examples of parallel texts identi ed as problematic in Table 2.3, and discuss them in

detail below.
CITATION LANGUAGE -PAIRS PARALLEL CORPUS
Khayrallah and Koehn (2018) English—German ParaCrawl v.1
Kreutzer et al. (2022b) English—{Uyghur, Mirandese, Tajik, Nepali, Georgian, LombarbVikiMatrix
Ido, Javanese, Wu Chinese, Breton, Bavarian, Kazakh, Swahili,
Low German, Belarusian, Hindi, Korean, Ukrainian, Italian, En-
glish simli ed}
English—{Somali, Pashto, Burmese, Khmer, Nepali, Swabhili, SiaraCrawl v7.1
hala, Norwegian Nynorsk, Basque, Galician, Russian, Bulgarian,
Catalan, Greek, Polish, Dutch, Portuguese, Italian, Spanish, Ger-
man, French}
Vyas et al. (2018a) English—French OpenSubtitles, CommonCrawl
Zhai et al. (2018) English—{French, Chinese} TED Talks

Table 2.2: Parallel corpora along with the complete set of language pairs that have been
(sampled and) manually audited in prior work.

Auditing for Noise

Khayrallah and Koehn (2018) audit for several types of noisgOEnglish-German
parallel texts sampled from the ParaCrawl corpus (Espla et al., 2019; Bafion et al., 2020).

The sample is classi ed into one of ve error categories: misaligned sentences (i.e., German
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and English sentences that are not translations of each other), third language (i.e., wrong
language on either side), untranslated (i.e., empty sequences on either side), copy (i.e.,
the same sentence appears in both sides), short-segments, and non-linguistic content (i.e.,

sentences that contain junk sequences).

I Parallel Texts The ParaCrawl v.1 corpus contains sentence pairs extracted from
the Internet for languages used in the European Union and thus is an example of parallel
text acquisition fronguasi-parallelcorpora. First, parallel documents are discovered via
downloadingdTML candidate documents from the Internal that are further aligned based on
the cosine distance of tf/idf weighted document vectors. Then, parallel texts are extracted
by aligning the segments in each of the document pairs identi ed that are further re ned
by Itering. The mined pairs do not necessarily constitute human-translated text and are

expected to be extremely noisy.

I Findings Their audit shows that parallel texts in ParaCrawl v.1 are nori®@gof the

times. The most frequent source of noise is that of misaligned senteti®és followed

by a noise that re ects wrong language content on any of the sikB%%)( Untranslated
sentence pairs correspondd@o of the annotated sample, whi®é8o of sentence pairs consist

of random byte sequences, only HTML markup, or Javascript. Finally, a number of sentence
pairs have very short German or English sentences, containing atrab&ns (%) or 5

tokens §%y).

Kreutzer et al. (2022b) manually aud®0samples from several multilingual dataset@b
language-speci c corpora that result from automatic curation pipelines, including parallel
texts from20language-pairs in WikiMatrix (Schwenk et al., 2021a) &idanguage-pairs

from ParaCrawl v7.1 (Bafion et al., 2020; Espla et al., 2019). Their primary goal is to audit
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the quality of multilingual datasets to uncover whether systematic issues arise with a focus
on the lowest-resourced and under-evaluated languages. To that end, they develop a simple
error taxonomy based on three main classes: Incorrect Translation, Wrong Language, and
Non-Linguistic Content, while for correct sentences, they further mark single words or

phrases and boilerplate (i.e., low-quality) contents.

I Parallel Texts The WikiMatrix corpus (Schwenk et al., 2021a) contains sentence
pairs extracted from the large collection of Wikipedia pages in two different languages that
are mainly considered topic-aligned; it is, thus, an example of parallel texts acquisition
from comparablecorpora. Extraction of parallel texts is based on a distance-based mining
approach that uses cross-lingual similarity in a language-agnostic sentence embedding space.
Although a Wikipedia page in one language could result from (human) translation of another
Wikipedia page, WikiMatrix is based on a global mining approach that considers the whole
Wikipedia for each language instead of performing local mining within translated articles.
As a result, it is unclear whether parallel texts in WikiMatrix are produced as translations
of each other in the rst place. The ParaCrawl v7.1 corpus is curated following the same
pipeline as in ParaCrawl v.0 (s&@uditing for Noise), including more languages and
improved technologies for implementing each pipeline component. As a result, subsequent

versions of ParaCrawl are expected to be less noisy than their earlier counterparts.

I Findings Their audit reveals systematic issues for several low-resource languages:
parallel texts in WikiMatrix correspond to incorrect translations more 8@¥of the times

for 10 out of the20 audited language-pairs; while incorrect parallel texts overwhelm the
ParaCrawl v7.1 corpus 50%for 5 out of the21 audited pairs. In principle, incorrect
translations are the most frequent source of low-quality reported in most pairs, followed by

wrong language and non-linguistic content.
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Auditing for Translation Equivalence

Vyas et al. (2018a) audBOOENglish-French sentence pairs drawn from two well-studied
resources of parallel texts, i.e., the OpenSubtitles (Lison and Tiedemann, 2016) and the
Common Crawl corpus. They ask bilingual annotators to provide their judgment on whether
they agree or disagree with the statement “the French and English text conveys the same

information.”

I Parallel Texts The OpenSubtitles corpus contains sentence pairs extracted from a
noisy parallelcorpus consisting of translations of movie subtitles. Although it contains
human translations, mined sentence pairs are not always expected to be completely parallel
given the many constraints imposed on translations: texts should t on a screen and be
synchronized with a movie. Furthermore, using more informal registers often requires
frequent non-literal translations of gurative language. The Common Crawl corpus contains
sentence pairs extracted from web crawls that fall undeqtiasi-parallelcorpus de nition.
Parallel texts are automatically mined from sentence-aligned parallel documents on the
Internet. Parallel documents are discovered using, 8RJ.,containing language code
patterns, and sentences are automatically aligned after structural clearingiof The

mined sentence pairs do not constitute human-translated text of each other, and the sentence

pairs are expected to be extremely noisy.

I Findings Their audit shows that texts perceived as parallel contained meaning differ-
encest3:6%and384%of the times in OpenSubtitles and Common Crawl, respectively. The
meaning mismatches found in the studied parallel texts ranged from completely unrelated
texts to ones that contain more subtle differences, e.g., “what does it mean” in English vs.

“what are the advantages” in French.
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Auditing for Translation Processes

Zhai et al. (2018) audit human translations in English to French and Chinese parallel
texts of transcribed and translated talks, including in the corpus of TED talks (Cettolo et al.,
2012). Their audit focuses on identifying translation processes at a phrasal level apart from
literal translations. They propose a hierarchy of relations that classi es a translation unit
(e.g., phrase) as belonging to one of four categofiesal, equivalencenon-literal, and
unaligned They argue that speci c types of non-literal translations could result in semantic
shifts. For instance, in the case mdrticularization the translation is more precise or
presents a more concrete sense than that of the source, e.g., “language loss" in English can

be translated in “I'extinction du langage” (i.e., the extinction of language) in French.

I Parallel Texts TheTED Talks corpus is released for the evaluation campaign of the In-
ternational Workshop on Spoken Language Translatisi(T) (Cettolo et al., 2013, 2014).

The source language (the original language in which the speakers expressed themselves)
is English. At the same time, the translation of subtitlestiep Talks is controlled by
volunteers and language coordinators per language. This process generally ensures good

quality translations; thus, the corpus is considgradllel.

I Findings They nd that non-literal translations are more frequent in translating to
Chinese than Frenchd7%vs. 32% of translated tokens are marked as belonging to a
non-literal translation process. Furthermd®g of French translated tokens (and 9% of
Chinese) correspond to translation techniques that introduce semantic shifts].&le

of French tokens (anB%for Chinese) are removed deliberately in translation. The latter
denotes a clear difference between sirapli cation translation process that takes place

in Chinese vs. French translations, as Chinese translations often convey only the most

important information and leave some other content phrases non-translated.

14



Incorrect translation, but both correct languages (Kreutzer et al., 2022b)

ENGLISH A map of the arrondissements of Pari®ONGO

ENGLISH Ask a question TURKISH

Paris kele mbanza ya kimfumu ya
Fwalansa.
Soru sor Kullan ma gore seg¢im

Source OR target wrong language, but both still linguistic content (Kreutzer et al., 2022b)

ENGLISH The ISO3 language code is zho DIMILI

ENGLISH Der Werwolf — sprach der gute Mann,GERMAN

Taim eadra bracach mar bhionns na fro-
gannaidhe.
des Weswolfs, Genitiv sodann,

Not a language: at least one of source and target are not linguistic content (Kreutzer et al., 2022b)

ENGLISH EntryScan4 _
ENGLISH organic peanut butter

TSWANA

Non-linguistic content (Khayrallah and Koehn, 2018)

ENGLISH Anonymous 2 2010-03-24 at 20:55 3145ERMAN
Comments

ENGLISH &lt; &lt; rst &lt; prev. page 3 nextlast GERMAN
&gt; &gt;

Meaning differences (Vyas et al., 2018a)

ENGLISH what does it mean when food iss “lowFRENCH
in ash" or “low in magnesium"?

ENGLISH rabbit? if i told you it was a chicken,FRENCH

you wouldn't know the difference

Translation Processes (Zhai et al., 2018)

KURDISH

TSAPM704 _
222727227

Anonym 2 24.03.2010 um 20:55 314
Kom- mentare

&lt; &lt; zuerst & It; vorh. Seite 3
nachste letzte

quels sont les avantages dune nourrit-
ure “réduite en cendres” et “faible en
magnésiumm” ?

vous croirez manger du poulet.

ENGLISH and you'll suddenly discover what itFRENCH et vous découvrirez ce que ce serait
would be like
ENGLISH this is a people who cognitively do notFRENCH  c'est un peuple dont I'état des connais-
distinguish sances ne permet pas de faire la distinc-
tion
Table 2.3: Examples of manually audited parallel texts that found to be “non-parallel”.
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2.2 Using Parallel Corpora for Multilingual NLP

Parallel texts have been a critical resource for traiming models by providing either
direct or distant supervision. At the core of their use lies the assumption that the two pieces of
text represent a relation of exact meaning equivalence. As we discuss below, this assumption
is either modeled explicitly, i.e., in supervised Neural Machine Translation (Section 2.2.1)
or is implicitly made when parallel texts are used as a form of distant supervision in several

other multilingualNLP applications (Section 2.2.2).

2.2.1 Parallel Texts in Neural Machine Translation

Machine TranslationT) is the task of automatically translating a piece of text from one
language to another. Among the many different approaches id&Neural Machine Transla-
tion (N\MT) has emerged as the most promising one, leading to rapid adoption in deployments,
e.g., Google (Wu et al., 2016), Systran (Crego et al., 2016), and WIPO (Junczys-Dowmunt
et al., 2016). However, at the core ®MT's success lies the availability of large-scale
training data, i.e., parallel texts (Koehn and Knowles, 2017). The latter provides direct
supervision signals faaMT models that are typically trained to maximize the log-likelihood
of the training dataD f (x(™;y™M)g\_, , where & ;y(™M) is then-th parallel text. Con-
cretely, the core assumption made when using parallel text to train supexksechodels
is that the sentenced™ andy(™ are exact translations of each other. This assumption
is operationalized via training a single neural model with parameteysamaximize the

token-level cross-entropy loss:

XX (n) =, (nN).(n)
J()= logp(yy * j Yer s X5 ) (2.1)

n=1 t=1

Yet, as discussed in Section 2.1.3 parallel texts might violate the translation equivalence
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assumption for different reasons and to different extents (e.g., translation processes vs.
noise). Khayrallah and Koehn (2018) focus on the extreme case where the translation
equivalence assumption is violated duentisein the training data and explore how various
types of noise impact onMT. Concretely, they contribute an empirical analysis based
on ve types of arti cial noise and analyze how they degrade performance in neural and
statistical machine translation systems. They nd that neural models are generally more
harmed by noise than statistical models and that untranslated training instancesnause
models to copy the input sentence at inference time. Additionally, Ott et al. (2018) argue that
miscalibration oNMT models can be attributed to the “extrinsic” uncertainty of the noisy,
untranslated references found in the training data. The above ndings motivated a shared
task dedicated to Itering noisy samples from web-crawled datanat, since 2018 (Koehn

etal., 2018, 2019, 2020).

Even after noise ltering, a wide range of the remaining samples contains meaning
mismatches. Recent work has effectively focused on coarse-grained meaning differences
in parallel texts: Vyas et al. (2018a) work on subtitles and Common Crawl corpora where
sentence alignment errors abound. They provide empirical evidence that coarse semantic
divergences matter foarmMT and show that Itering out divergent examples helps speed up
the convergence of neuraMT training without loss in translation quality. In a similar spirit,
Pham et al. (2018) focus on automatically xing a speci ¢ divergent type that is frequent in
translations of subtitles corpora, i.e., divergences where content is appended to one side of
a translation pair. They show that xing those divergences yields alternative parallel texts
that provide a more reliable training signal fomT than training on the originals or even a

ltered version of the corpus that disregards them.
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2.2.2 Parallel Texts in Multilingual NLP

Beyond their use iMT, parallel texts have been long used in several other areas
of multilingual NLP with different motivations ranging from—extracting cross-language
information, e.g., word alignments or dictionaries to—providing seed instances for the
generation of synthetic training samples for other multilingual or cross-lingLratasks,

e.g., automatic post-editing. Across applications, sindlar to MT, parallel texts are again
treated as exact translations; howewsijke MT, parallel texts are mostly used as an indirect
form of supervision. Below, we discuss some popular examples of using parallel text in

multilingual NLP research beyone T.

Alignment and Tagging for Linguistic Knowledge Extraction A wide range ofNLP
research is based on word alignment and tagging to induce cross-lingual or multilingual
annotations at a sub-sentential level. At the core of most approaches lies the fundamental
task ofbitext word alignment.e., nding links between words given pairs of translated
sentences (Tiedemann, 2011). Word aligners traditionally require parallel texts for training.
Statistical word aligners such as the IBM models (Brown et al., 1993) and their implemen-
tations Giza++ (Och and Ney, 2003), fast-align (Dyer et al., 2013) de ne a probabilistic
translation model and estimate its parameters based on the observed parallel texts using the
expectation-maximization algorithm. Despite statistical aligners that model the translation
equivalence assumption within parallel texts closely, more recent aligners rely on parallel
texts implicitly. For instance, Peter et al. (2017); Zenkel et al. (2019) extract word alignments
based omnMT attention matrices while Garg et al. (2019) pursue a multitask approach for
alignment and translation.

The use of word alignments has been explored on a series of downstreeapplica-

tions. Shi et al. (2021) extract features based on global statistics of word alignments extracted
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from parallel texts to induce bilingual word lexicons. They provide empirical evidence that
the assumption of equivalence matters by showing that the lexicon induction performance
correlates well with the quality of parallel texts. Another thread of works combines word
alignments and parallel texts to perform cross-lingual annotation projection in an attempt
to relieve the effort involved in creating annotations for new languages. Such approaches
create new monolingual resources by transferring annotations from one language (typically
English or other high-resource languages) onto resource-scarce languages, assuming that
parallel texts are exact translations of each other. Examples include projections of parts of
speech tags (Yarowsky and Ngai, 2001; Hwa et al., 2005), chunks (Yarowsky et al., 2001),
syntactic dependencies (Hwa et al., 2002), word senses (Diab and Resnik, 2002; Bentivogli
and Pianta, 2005; Ettinger et al., 2016), semantic roles (Pad6 and Lapata, 2009), among
others. Although the impact of non-parallelism in parallel texts used for cross-annotation
tasks has not been extensively quanti ed, it is implicitly taken into account via ltering the

resulting annotations to reduce the impact of alignment noise.

Multilingual Representation Learning Recent works explore the impact of incorporating
parallel texts in multilingual language (Devlin et al., 2019; Conneau et al., 2020) and
sentence modeling (Artetxe and Schwenk, 2019). Such models are typically used to extract
universal representations across languages that are further used to improve the performance
of cross-lingual natural language understandimgy) tasks via ne-tuning on dedicated

tasks. At pre-training time, the models optimize a combination of several monolingual and
cross-lingual language model objectives. Monolingual objectives aim at reconstructing input
texts via de ning several noising functions. In contrast, cross-lingual objectives typically
take the form of translation modeling (i.e., Equation 2.1) and, thus, use parallel text as
a direct supervision. Although recent works provide evidence that parallel texts bene t

cross-lingual transfer in pre-trained language models (Conneau and Lample, 2019; Hu et al.,
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2021; Ouyang et al., 2021; Luo et al., 2021; Kale et al., 2021) as measured by downstream
performance gains oRLU tasks, it is not clear whether and how the non-parallelism in

parallel texts has a measurable impact on their downstream performance.

Synthetic Data Generation Parallel texts have been used as seed translations for gen-
erating synthetic samples to train a wide range of generation and sequence tagging tasks.
For instanceword-level quality estimatiofword-Qe)—the task of tagging amT output

with labels indicative of good vs. bad translations antbmatic post-editingAPE)—the

task of editing ammT output to match better the semantics of the source, typically require
supervised data for training. Yet, due to the scarcity of gold-standard data for such tasks, a
standard approach is that of augmenting them with synthetic samples that are automatically
generated (Chatterjee et al., 2018, 2019, 2020). Concretely, synthetic supervision is based
on using parallel texts as exact translations and extracting silver bullet annotations using
externalMT models and word aligners (Negri et al., 2018). Finally, parallel texts have also
been explored as an indirect form of supervision in multi-task or zero-shot settings in mono-
lingual text generation tasks, such as style transfer (Niu et al., 2018; Briakou et al., 2021)
and paraphrase generation (Thompson and Post, 2020), where their primary motivation is

that of encouraging cross-language transfer learning.

2.3 Semantic Divergences Within and Across Languages

2.3.1 De ning Semantic Divergences

Studying semantic divergences requires a de nition of the conceggrofantic equiva-
lence i.e., two sentences are semantic equivalent if they represent the same event or fact
without additional explanation of the context in which these two sentences occur. In the

context of Natural Language Processing, much work views translation as a cross-lingual
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mapping that adheres to the properties of semantic equivalence. Yet, when humans translate,
they resort to processes that might deliberately introdoeeyrained semantic divergences

i.e., meaning differences to account for context, such as who the intended target audience
is or what the intended use of the translation is. Drawing on those insights, in this thesis,
we depart from the view that translations are either correct or noisy based on their semantic
equivalence and rather view translation equivalence as a continuum that allows us to account
for contextual cues and ne-grained semantic divergences as a tool that helps us characterize
this continuum better.

An example of a (human) translation that falls into this continuum is the English trans-
lation of “The Maple Leaf Forever is a national anthem" drawn from Wikipedia, which
maps to “Maple Leaf Forever est un chant patriotique" (i.e., The Maple Leaf Forever is a
patriotic song) in French. Unlike prior work that focuses on coarse content mismatches
across languages, which are primarily seen as translation errors, for instance, in the context
of cross-lingual similarity or machine translation quality estimation settings, such transla-
tions diverge in meaning in moraiancedways to potentially re ect variations in cultural
perspectives and terminology. We thus argue that perceiving them as errors is a restricted
perspective. At the same time, those semantic divergences differtfamsiation diver-
genceswhich are de ned as structural differences in translations that convey the exact same
meaning (Dorr, 1994).

In the rest of this chapter, we start by establishing the foundations of how sentence
meaning is operationalized in this thesis in Section §2.3.2. Then, we shift our discussion to
prior work on detecting cross-lingual semantic divergences in the context of parallel corpora
in Section 82.3.3. Finally, we point to a large body of work that looks at the broader notion

of semantic equivalence both within and across languages in Section §2.3.4.
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2.3.2 Operationalizing Semantic Divergences

To understand how we computationally study the concept of semantic equivalence, we
start by de ning the meaning of a word as its word senses (Murphy, 2010). Based on this
de nition, two words are equivalent in meaning if they share at least one word sense. In
the context olNLP, we use computational approaches that represent words as distributional
or vector space representations. Such approaches are based on the distributional hypoth-
esis (Harris, 1954), which presumes a correlation between distributional similarity and
meaning similarity. The direct implication of this hypothesis is that two words considered
semantically similar are expected to occur in similar contexts, which we de ne as the set of
words existing within a window around each occurrence of the target word. Then, we move
from the word-level operationalization of meaning to larger units of texts, such as sentences,
by following the principle of compositionality, i.e., the meaning of a sentence is determined
by the meanings of its constituent words and the rules used to combine them. Again, we
represent the meaning of a sentence using an empirical model that uses attention-based
neural networks to encode the meaning of a sentence based on its words as a vector in a

high-dimensional space.

2.3.3 Detecting Cross-lingual Semantic Divergences

In this thesis, we follow Vyas et al. (2018a) and de ne cross-lingual semantic diver-
gences as mismatches in meaning between parallel texts (de ned in Section §2.1) that are
typically expected to be aligned across languages and equivalent in meaning. Semantic
divergences differ from translation divergences that re ect different ways of encoding the
same information across languages (Dorr, 1994). We note that although translation diver-
gences and semantic divergences might co-occur, one does not entail the other, as presented

in the below examples:
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TRANSLATION DIVERGENCE SEMANTIC DIVERGENCE

ENGLISH |am hungry. ENGLISH Your father is French.
GERMAN Ich habe Hunger FRENCH Votre pere est Francais.
GLOSS | have hunger. GLOSS  Your parent is French.

The German translation (left-most example) represents the exact same meaning as the
one encoded in the English text. Yet, the two sentences re ect structural divergences—the
predicate is adjectival (hungry) in English but nominal (Hunger) in German. On the other
hand, the French translation (right-most example) re ects a difference in meaning, as the
subject (father) in English is translated to its hypernym (pére) in French. At the same time,
there are no structural differences between the English text and its translation.

As we reviewed in Section 2.1.3, several efforts to audit parallel corpora indicate that
cross-lingual semantic divergences might vary in their granularity for reasons that range
from—mnoise in automatic curation of parallel texts to—(human) translation processes.
Below we review prior work on detecting divergences of different granularities at a sentence-

and phrase-level.

Unsupervised Detection of Sentence-level Divergence€arpuat et al. (2017) introduce
the task of cross-lingual semantic divergence detection as a binary prediction task, i.e.,
equivalence vs. divergence. They hypothesize that equivalent parallel texts have similar
length ratios as measured by the number of words and are easier to align. Based on this
hypothesis, they propose awm detector that uses sentence length and word alignments
as features. They acquire semantic supervision for their task by re-purposing related cross-
lingual semantic annotations and evaluate it extrinsically by showing that Itering out
divergent pairs bene KMT training.

In their follow-up work, Vyas et al. (2018a) focus on detecting coarse-meaning differ-
ences in OpenSubtitles and CommonCrawl corpora that are discussed in Section §2.1.3. To

that end, they introduce a neural cross-lingual semantic similarity model that is designed for
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comparing the meaning of sentences in different languages based on cross-sentence word-
and span-level similarity comparisons, where a deep convolutional network learns the latter.
Cross-language similarity comparisons are enabled by using bilingual word embedding
representations that are aligned to lie in the same vector space. Given the lack of supervised
data for the task at hand, they devise an automatic way of generating positive (equivalent)
and negative (divergent) samples to train their semantic similarity model. First, parallel texts
from a parallel corpus are sampled and treated as positive examples. In contrast, candidate
negative examples are generated starting from positives by taking the Cartesian product
of the two sides of the positive examples. To ensure that the negative set contains hard
examples, they perform further ltering so that negative pairs are close to each other in
terms of length and word translation coverage under a bilingual dictionary.

On a similar spirit, Pham et al. (2018) propose an unsupervised model for building cross-
lingual sentence embeddings are based on modeling word similarity and rely on a neural
architecture. Their model computes word-to-word similarities based on contextualized word
embeddings that are encoded using bidirectiasaiv neural networks. Since their main
focus is to detect divergences in parallel texts due to sentence alignment errors, they train
their model to maximize word alignment scores between words in both sentences, using
aggregation functions that summarise the alignment scores for each word pair. Similar to
Vyas et al. (2018a), the model is trained on both positive and negative samples that are

automatically generated via corrupting seed parallel texts.

Supervised Detection of Phrasal DivergencesAs discussed in Section 2.1.3, semantic
divergences can naturally result from different non-literal translation processes. Zhai et al.
(2019b) propose an automatic classi cation of translation processes at the sub-sentential
level based on annotated examples collected in their prior work (Zhai et al., 2018). Given a

phrasal translation, they frame the task as a multi-class classi cation problem that predicts
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one of theb non-literal translation processdsquivalenceTranspositionGeneralization
Particularization Modulation where the latter three translation processes are indicative of
semantic divergences. They build a Random Forest statistical classi er based on a rich set of
features that leverages syntactic information, semantic similarity scores based on pre-trained
word embedding, length ratios, word alignments, and relation links between words extracted

from a multilingual knowledge graph.

As reviewed above, prior work addresses cross-lingual semantic divergence detection fol-
lowing two directions: (a) unsupervised detection of coarse meaning differences in parallel
texts based on synthetic supervision and (b) supervised detection of phrasal divergences
based on gold standard annotations of translation processes. The latter requires an expensive
annotation process that does not scale easily. In this thesis, we will address this gap by pro-
viding unsupervised detection approaches for detecting divergences of varying granularities,

covering both ne- and core-meaning mismatches in parallel texts.

2.3.4 Semantic Divergences Beyond Parallel Texts

This thesis connects to a large body of work that looks at a broader notion of semantic
equivalence and has led to de ning different framings for capturing cross-sentence semantic

relations within and across languages. Although these semantic relation tasks have similar
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goals with semantic divergences studied in this thesis, there is an important distinction
between them: most cross-lingual semantic relations tasks rely on dedicated datasets that are
prepared by translating one side of existing datasets into the language of interest— our goal,
instead, is to study divergences in the wild, i.e., in the conteratidirally occurringparallel

texts. We discuss related semantic relation framings along with computational approaches

proposed to solve such tasks below.

Semantic Relations Framings Several semantic relation framings have been proposed by
prior work aiming at capturing either the different degrees or the different nature of semantic
similarity between texts. These frameworks have been used to study semantic relations
beyond equivalence between texts within and across languages, where the latter contrasts
the meaning of texts in two different languages. We discuss the main questions each of
them addresses below and summarize their language coverage in Table 2.4. The task of
paraphrase identi catioraims to identify whether two pieces of text have the same meaning

or not (Dolan et al., 2004). Although the logical de nition of paraphrases requires strict
equivalence, Bhagat and Hovy (2013) argue that relaxing this requirement and accepting
a broader notion of equivalence, allowing for more examples of “quasi-paraphrase”, is
more in line with the way paraphrases are understood in linguistics literature. Concretely,
they de ne quasi-paraphrases as “sentences or phrases that convey approximately the
same meaning using different words" and discover a s@baflasses of paraphrasing
phenomena via analyzing paraphrases in different corpora. Under their de nition, quasi-
paraphrases can re ect ne-grained semantic divergences due to, e.g., hypernym/hyponym
substitutions (“Pat is ying in thisveekenti()  “Patis ying in the Saturday), semantic
implication (“Googleis in talks to buyYoutube"() “GoogleboughtYoutube"), external
knowledge (“Thegovernmenteclared victory inlraq)  “Bushdeclared victory in Iraq").

Furthermore, semantic divergences have also been recorded by Pavlick et al. (2015) who
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analyzed paraphrases in ParaPhrase DataPBass) (Ganitkevitch et al., 2013) a key data
resource for this task, comprising millions of automatically extracted paraphrases in multiple
languages through bilingual pivoting (Bannard and Callison-Burch, 2005). Concretely,
they show that divergent pairs might represent a variety of relations, including directed
entailment fjttle girl/girl) and exclusionrfobodysomeong They automatically assign
semantic relations to entries #PDB using the neural logic framework of MacCartney
and Manning (2009) and nd that less tha@%of entries represent an exact equivalence
relation. Another task that moves away from the strict de nition of semantic equivalence
and seeks to understand the degree of similarity between two texts is gehahtic textual
similarity (STS). STSassigns a real-valued score to a sentence pair that captures a notion of
graded similarity (ranging from exact equivalence to complete dissimilarity). (Agirre et al.,
2012, 2013; Corley and Mihalcea, 2005). Althougjrs provides a more ne-grained notion

of similarity than paraphrase detection, it does not give insights into the nature of the textual
difference. One framework that addresses this probleexisial entailmen{Te) (Dagan

et al., 2005). Recognizinge is the task of determining whether the meaning of one text can
be inferred (entailed) from another given text. Unlike the two framing we discussed above,
TE is intrinsically asymmetric, e.g., the te¥& mean leans over a pickup tracléntails the

text“A man is touching a truck;"but the reverse is not true.

Detecting Semantic Relations Models based on neural networks have been proposed for
both monolingual and cross-lingual versions of the tasks (He et al., 2015; Rocktaschel et al.,
2016; Tai et al., 2015). Recently, advances in language modeling based on deep transformer
models led to adopting a single model architecture for modeling all the tasks above. To that
end, a large transformer model is rst pre-trained on large amounts of monolingual data
using a masked language modeling objective. These pre-trained sentence representations

then lead to improved performance on downstream tasks when ne-tuned on even small
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amounts of task-speci c training data (Devlin et al., 2019). Crucially, multilingual language
models (Conneau and Lample, 2019) are pre-trained on huge amounts of unlabeled data
from multiple languages with the hope that low-resource languages can bene t from high-
resource languages. This enables their direct application in few- or zero-shot settings where

labeled training data is scarce to non-existent.

MONO-LINGUAL
Semantic Textual Similarity English (Agirre et al., 2012, 2013, 2014, 2015, 2016),
Spanish (Agirre et al., 2015), Arabic (Cer et al., 2017)

Paraphrase Detection English, French, Spanish, German, Chinese, Japanese,
Korean (Yang et al., 2019)

Textual Inference English, French, Spanish, German, Greek, Bulgarian,
Russian, Turkish, Arabic, Viethamese, Thai, Chinese,
Hindi, Swahili, Urdu (Conneau et al., 2018)

CROSS-LINGUAL
Semantic Textual Similarity Spanish-English (Agirre et al., 2016; Cer et al., 2017),
Arabic-English (Cer et al., 2017)

Textual Inference Spanish-English, German-English, Italian-English,
French-English (Negri et al., 2012)

Semantic Divergences French-English (Vyas et al., 2018a; Zhai et al., 2018),
Spanish-English (Wein and Schneider, 2021), Chinese-
English (Zhai et al., 2018)

Table 2.4: Language coverage in cross-sentence semantic relation tasks.
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Chapter 3: Detecting Fine-Grained Cross-Lingual Semantic Divergences

in the Wildt

In our rst piece of work, we start our exploration by askirtgow frequent are ne-
grained semantic divergences in parallel text®Qur goal in this chapter is to address
challenges in detection of ne meaning mismatches within bitexts in two settimgaan an-
notationandautomatic predictiorof cross-lingual semantic divergences. More importantly,
we address semantic divergences in the wild, i.e., without restricting ourselves to studying
speci ¢ divergent phenomena or types. The latter poses a challenge as meaning mismatches
in bitexts might vary across two dimensions. First, they might exhibit differences in their
naturee.g., a word/phrase within a text corresponds to a non-equivalent translation in the
counterpart text (see colored spans in exampiebelow)vs. a phrase in one text corre-
sponds to a piece of information missing from its counterpart (see colored span in example
(B) below). Second, they might exhibit differences in thgrianularity e.g.; divergence
might be attributed to a few words (see colored spans in examples (B) below)vs. the

whole text (see unrelated texts in exam(ilé below).

LEleftheria Briakou & Marine Carpuat. “Detecting Fine-Grained Cross-Lingual Semantic Divergences
without Supervision by Learning to Rank". In Proceedings of the 2020 Conference on Empirical Methods in
Natural Language Processing (EMNLP), 2020.
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As a result, annotation of ne-grained semantic divergences is a hard task that requires
protocols that establish common ground de nitions across different annotators, especially
when targeting non-experts (i.e., annotators with no linguistic background). To address
this problem, we propose to move beyond a classi cation-based framework (i.e., directly
annotate bitexts ativergent vs. equivalept-used for annotation of coarse-grained semantic
divergences (Vyas et al., 2018a), to a novel divergence annotation protocol that exploits
rationales (Zaidan et al., 2007b)—nhighlights of substrings within the bitext that indicate
divergences, to improve annotator agreement. Using our proposed protocol, we annotate
1,000English-French parallel texts and nd those ne-grained divergences not only exist
in the wild but are also frequent, comprisid§% of our annotations. In Section 83.1,
we describe our protocol along with our collected dataRatjonalizedEnglish+rench
SemanticDivergences corpuREFRESD, a dataset annotated with ne-grained semantic
divergences at a sentence- and token-level.

After providing evidence that ne-grained divergences exist and can be detected by
human annotations via carefully designing annotation protocols, we move to detect them via
computational approaches. Given that annotation of divergences is expensive and hard to
scale, the main challenge we face in automatically detecting them is the lack of supervised
data for the task at hand. In Section §83.2, we address this limitation via introducing Diver-
gent nBERT, aBERT-based model that detects ne-grained semantic divergences without

supervision by learning to rank synthetic divergences of varying granularity. Concretely,
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we automatically generate synthetic divergences by explicitly considering diverse types of

ne-grained semantic divergences in bilingual text. Experimentg BRRESDshow that our

model distinguishes semantically equivalent from divergent examples much better than a
strong sentence similarity baseline and that unsupervised token-level divergence tagging

offers promise to re ne distinctions among divergent instances.

3.1 Annotating Fine-Grained Cross-Lingual Semantic Divergences with

Rationales

We design an annotation protocol to encourage annotators' sensitivity to semantic diver-
gences other than misalignments without requiring expert knowledge beyond competence in
the languages of interest. We use two strategies for this purpose: (1) we explicitly introduce
distinct divergence categories for unrelated sentences and sentences that overlap in meaning,
and (2) we ask for annotation rationales (Zaidan et al., 2007b) by requiring annotators to
highlight tokens indicative of meaning differences in each sentence-pair. Thus, our approach
strikes a balance between coarsely annotating sentences with binary distinctions that are fully
based on annotators' intuitions (Vyas et al., 2018a) and exhaustively annotating all spans of
a sentence-pair with ne-grained labels of translation processes (Zhai et al., 2018). We apply
our annotation protocols to mined bitexts and contributeRhgonalizedEnglishFrench
SemanticDivergencesgEFRESD dataset, which consists @f039English-French sentence-
pairs annotated with sentence-level divergence judgments and token-level rationales. In the
following subsections, we describe the annotation process and an analysis of the collected
instances based on data statements protocols described in Bender and Friedman (2018);

Gebru et al. (2018).Concretely, we describe the annotation protocol (ishat are the

2The full description of our annotated dataset based on Data Statements (Bender and Friedman,
2018) can be found heréattps://elbria.github.io/post/refresd/files/REFreSD_Data_
Statements.pdf and the DataSheet (Gebru et al., 2018) for our dataset can be foundhitps:
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instructions of the annotation taski 83.1.1, the annotator demographics (vehp was
involved in the collection procesgi 83.1.2, the curation rationale (i.hich texts were
included and what were the goals in selecting texta83.1.3, the quality control methods
(i.e.,what procedures were followed to ensure good quality of annotat)an$$B3.1.4, the
inter-annotator agreement (i.egw well multiple annotators can make the same annotation

decision?y in 83.1.5, and nally, we present annotation results in 83.1.6.

3.1.1 Annotation Protocol

An annotation instance consists of an English-French sentence pair. Bilingual partici-
pants are asked to read them both and highlight tokens in each sentence that convey meaning
not found in the other language. For each highlighted span, they pick whether this span
conveys added informationAbDED”), information that is present in the other language
but not an exact match€HANGED”), or some other type (¢THER”). Those ne-grained
classes are added to improve consistency across annotators and encourage them to read and
compare the text closely. Finally, participants are asked to make a sentence-level judgment
by selecting one of the following classesid MEANING DIFFERENCE ", “ SOME MEAN -

ING DIFFERENCE ", “UNRELATED ". Participants are not given speci c instructions on how
to use span annotations to make sentence-level decisions. Furthermore, participants have the
option of using a text box to provide any comments or feedback on the example and their

decisions. A screenshot of the annotation interface is presented in Figure 3.1 while the exact

guidelines presented to participants are included below:

You are asked to compare the meaning of English and French text excerpts. You will be

presented with one pair of texts at a time (about a sentence in English and a sentence in

/lelbria.github.io/post/refresd/files/REFreSD_Datasheet.pdf
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French). For each pair, you are asked to do the following:

1 Read the two sentences carefully. Since the sentences are provided out of context,
your understanding of content should only rely on the information available in the
sentences. There is no need to guess what additional information might be available in

the documents the excerpts come from.

2 Highlight the text spans that convey different meanings in the two sentences. After

highlighting a span of text, you will be asked to further characterize it as:

ADDED the highlighted span corresponds to a piece of information that
does not exisin the other sentence

CHANGED the highlighted span corresponds to a piece of information
that exists in the other sentence, btgir meaning is not the exact same

OTHER none of the above holds

You can highlight as many spans as needed. Yowgdionally provide an explanation
for your assessment in the text form under the Notes section (e.qg., literal translation of

idiom)

3 Compare the meaning of the two sentences by picking one of the three classes:
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UNRELATED The two sentences are completely unrelated or have a few
words in common but convey unrelated information about them

SOME MEANING DIFFERENCE The two sentences convepstly the
same information, except differences for some details or nuan¢es.,
some information is added and/or missing on either or both sides; some
English words have a more general or speci c translation in French)
NO MEANING DIFFERENCE The two sentences have #meact same

meaning

3.1.2 Annotator Demographics

We recruit6 participants from the University of Maryland, College Paukp) educa-
tional institution. Recruitment for this project is driven by emails and yers circulated via
relevantumb units, as well as through personal contacts in these units. Participants range in
age from20-25years, including one man and ve women. For each participant, we ensure
they are pro cient in both languages of interest: three of them self-report as English native
speakers, one as a French native speaker, and two as bilingual English-French speakers.
All non-bilingual L1-English speakers are graduate students in French Translation Studies,
while the L1-French participant pursues a degree in Linguisticsvat. Annotators are
rewarded with Amazon gift cards at a rate @f#er10examples, with bonuses o5&nd
$10for completing the rst and additional sessions, respectively. WeBranline annotation
sessions. Each session consisté2@instances, annotated Byparticipants, and lasts about

2 hours. Participants are allowed to take breaks during the process.
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3.1.3 Curation rationale

Examples are drawn from the English-French section of the WikiMatrix corpus (Schwenk
et al., 2021a). We chose this resource because (1) it is likely to contain diverse, interesting
divergence types since it consists of mined parallel sentences of diverse topics which are
not necessarily generated by (human) translations, and (2) Wikipedia and WikiMatrix are
widely used resources to train semantic representations and perform cross-lingual transfer in
NLP. We exclude obviously noisy samples by Itering out sentence pairs that a) are too short
or too long, b) consist mostly of numbers, and c) have a small token-level edit difference.

The Itered version of the corpus consists)#37.108sentence pairs.

3.1.4 Quality Control Methods

We implement quality control strategies at every step. We build a dedicated task
interface using th@RAT annotation toolkit (Stenetorp et al., 2012) (Figure 3.1). We recruit
participants from an educational institution and ensure they are pro cient in both languages
of interest. Speci cally, participants are either bilingual speakers or graduate students
pursuing a Translation Studies degree. We run a pilot study where participants annotate a
sample containing both duplicated and reference sentence pairs previously annotated by one
of the authors. All annotators are found to be internally consistent on duplicated instances
and agree with the reference annotations more @@dfof the time. We solicit feedback

from participants to nalize the instructions.
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Figure 3.1: Screenshot of an example annotated instance.

3.1.5 Inter-annotator Agreement

We computaAA for sentence-level annotations, as well as for the token and span-level
rationales (Table 3.1). We repdi60 Krippendorf's coef cient for sentence classes,
which indicates a “moderate” agreement between annotators (Landis and Koch, 1977). This
constitutes a signi cant improvement over @1 and0:49reported agreement coef cients
on crowdsourced annotations of equivalence vs. divergence English-French parallel sen-
tences drawn from OpenSubtitles and CommonCrawl corpora by prior work (Vyas et al.,
2018a).

Disagreements mainly occur between the“MEANING DIFFERENCE " and “SOME
MEANING DIFFERENCE ” classes, which we expect as different annotators might draw the
line between which differences matter differently. We only obsesedlamples where
all 3 annotators disagreed (tridisagreements), which indicates that ir=LATED " and
“NO MEANING DIFFERENCE " categories are more clear-cut. The rare instances with
tridisagreements and bidisagreements—where the disagreement spans the two extreme
classes—were excluded from the nal dataset.

Quantifying agreement between rationales requires different metrics. At the span level;
we compute macro F1 score for each sentence-pair following DeYoung et al. (2020a), where

we treat one set of annotations as the reference standard and the other set as predictions.
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Granularity Method INTER -ANNOTATOR AGREEMENT

Sentence Krippendorf's 0:60
Span macro F1 4556 7:60
Token macro F1 3394 824

Table 3.1: Inter-annotator agreement measured at different levels of granularities (i.e.,
sentence, span, and token) for tieFRESDdataset.

We count a prediction as a match if its token-level Intersection Over Unaw) (with

any of the reference spans overlaps by more than some thresholdQBgré\e report
average span-level and token-level macro F1 scores computed across all different pairs of
annotators. Average statistics indicate that our annotation protocol enabled the collection of

a high-quality dataset.

3.1.6 Annotation Results: The RBRESD dataset

We aggregate sentence-level annotations by majority vote, yiekhiggi18 and369
instances for theUNRELATED ", “ SOME MEANING DIFFERENCE ", and “NO MEANING
DIFFERENCE” classes, respectively. In other words, 64% of samples are divergent, and
40% of samples contain ne-grained meaning divergences, con rming that divergences vary
in granularity and are too frequent to be ignored even in a corpus viewed as parallel.

Table 3.2 includes examples of annotated instances drawnRERRESQ correspond-
ing to high sentence-level annotator agreement. In principle, we observe that span-level
disagreements could occur within instances that are assigned the same sentence annotation,
e.g., instanceée) & (F). This reveals that the reasoning process behind detecting diver-
gences at a sentence level might differ across annotators, and some types of divergences
might be more dif cult to detect than others. Manual inspection of instances that exhibit
high agreement at both a sentence and a span level suggests that some examples constitute

clear-cut divergences. For instance, in annotating the inst@)cas containingsOME
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MEANING DIFFERENCE , all annotators provide the same highlighted span,‘ee.réponse
a une baisse notable des ventga containinghADDED information. On the other hand,
annotators provide different highlights for the instafegthat is unanimously identi ed as
belonging to thesoME MEANING DIFFERENCE class. For instance, the French segment
“renouvelé la série'(i.e., renewed the season), which is mapped to the more general meaning
of “ordered a season'in the English text, is highlighted by one of the three annotators.
Those examples reveal that span-level differences between annotators are not necessarily
random attention slips but rather could result from different intuitions on where to draw the
line between divergence and equivalence de nitions in cases of subtle meaning differences.
As a result, o uREFRRESD dataset could be used to shed light on the dif culty and the
nature of the divergences detection task by studying the raw disagreements closely.
Furthermore, annotators' disagreements are also observed at the sentence level. Ta-
ble 3.3 presents examples froREFRESD that correspond to bi-disagreements across
closely related classes. Again, we observe that disagreements re ect the dif culty of the
task due to the wide spectrum of different divergences types and granularities. For instance,
in annotating th€G) instance, theDbDED information “further re ned" in the English text,
is only considered as a difference that contributes to semantic divergentesibgf the
3 annotators, while the rest of them consider it irrelevant to the meaning of sentences, i.e.,
annotating the instance as containing MEANING DIFFERENCE . Similarly, disagree-
ments arise between tl¥®ME MEANING DIFFERENCE andUNRELATED classes. Those
disagreements are primarily observed in cases where there are coarse differences in content,

yet sentences might still share some content in common at the subsentential level, e.g., see

(1).
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(A) CLASS NO MEANING DIFFERENCE
EN The plan was revised in 1916 to concentrate the main US naval eetin New England, and from there defend the US from the German navy.
FR Le plan fut révisé en 1916 pour concentrer le gros de la otte navale américaine en Nouvelle-Angleterre, et a partir de |3, défendre les Etats-Unis contre la marine allemande.
GLOSs The plan was revised in 1916 to concentrate the bulk of the American naval eetin New England, and from there defend the United States against the German Navy.

(B) CLASS SOME MEANING DIFFERENCE
EN After an intermediate period during which Stefano Piani edited the stories, in 2004 a major rework of the series went through.

FR Apres une période intermédiaire pendant laquelle Stefano Piani édita les histoires, une refonte majeure de la série fut fa S S PONSEIIUNCIDAISSCIOIABISIIBSIVE e

GLOSS After an interim period during which Stefano Piani edited the stories, a major overhaul of the series was made in 2004 in response to a noticeable drop in sales.

(C) CLASS UNRELATED
EN To reduce vibration, all helicopters have rotor adjustments for height and weight.
FR En vol, le régime du compresseur Tous les compresseurs ont un taux de compression lié a la vitesse de rotation et au nombre d'étages.
GLoss In ight, the compressor speed All compressors have a compression ratio linked to the speed of rotation and the number of stages

(D) CLASS NO MEANING DIFFERENCE
EN One can see two sun owers on the main fagade and three smaller ones on the rst oor above {justrebove the entrance arcade.
FR On|[fémarguera deux tournesols sur la fagade principale et trois plus petits au premier étage au-dessus des arcades d'entrée.
GLOSS One will noticetwo sun owers on the main facade and three smaller ones on the rst oor above the entrance arcades

(E) CLASS SOME MEANING DIFFERENCE
EN On November 10, 2014, CTV ordered a fourth sez of Saving Hope that consisted of eighteen episodes, and premiered on September 24.
FR Le 10 novembre 2014, CTV renouvelé la série pour une quatriéme saison de 18 épisodes diffusée dept septembr¢2015:
GLOSs On November 10, 2014, CTV renewed the sefigsan 18-episode fourth season that aired since septe2db@015

(F) CLASS UNRELATED
EN He talks abou Jay Gatsby, the most hopeful m he had ever met .

FR Il cotoie notammer|SilISEPPEIMEazE qui dira de lui[ITHIEjoUEUNISIPUSTantEstGuel) j 2ic eu I'occasion de Voir.

GLOSSs He is especially close to Giuseppe Meazza who will say of him He was the most fantastic player | have ever had the chance to see

Table 3.2:REFRESDexamples corresponding high sentence-level inter-annotator agreement,
i.e., all3 annotators agree.

(G) CLASS NO MEANING DIFFERENCE (N=2); SOME MEANING DIFFERENCE (n=1)
EN Nine of these revised BB LMs were built by Ferrari in 1979, whi further re ned series of sixteen were built from 1980 to 1982.
FR Neuf de ces BB LM révisées furent construites par Ferrari en 1979, tandis qu'une série de seize autres furent construite entre 1980 et 1982.
GLOSsS Nine of these revised BB LMs were built by Ferrari in 1979, while a series of sixteen others were built between 1980 and 1982

(H) CLASS SOME MEANING DIFFERENCE (N=2);NO MEANING DIFFERENCE (n=1)
EN From 1479, the Counts of Foix becalKings of Navarre anithe last of them made Henri IV of France, annexed his Pyrrenean lands to France.
FR A partir de 1479, le comte de Fold@Vient roi de Navarre et le dernier d'entre e devenu Henri IV[foilde France- annexe ses terres pyrénéennes a la France.
GLOSs From 1479, the Count of Foix becarkéng of Navarre and the last of them, who becaltenri IV, King of France in 1607, annexéts Pyrenean lands to France.

() CLASS UNRELATED (Nn=2) SOME MEANING DIFFERENCE (n=1);

N | SOOI aCH TG0 s by Ausiia- Hungary during the First Word W
FR  [EEKCEENOONImOUsIeHs €tait Un obusier de'montag utilisé par I'Autriche-Hongrie pendant la Premiére Guerre mondiale.
GLOSS The Skoda 100mm Model 1916 was a mountain howitzer byedustria-Hungary during World War |

Table 3.3:REFRESDexamples corresponding to medium sentence-level inter-annotator
agreement i.e2 out of 3 annotators voted for the sentence-level majority class. Disagree-
ments span closely related classes, while n gives the number of annotators voted for each
class.
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3.1.7 Summary

We presented an annotation protocol for collecting semantic divergence annotations
that is based on a two-step approach that uses span-level rationales to guide the nal
clustering of bitexts in three classes, nametyMEANING DIFFERENCE , SOME MEANING
DIFFERENCE, andUNRELATED . We applied our protocol on WikiMatrix English-French
bitexts via carefully recruiting bilingual speakers and collected annotatioa<d bitexts
that we released with olREFRESD dataset. Overall, our annotation exercise shows that
ne-grained divergences (1) can be reliably annotated under several steps of quality control
and (2) are frequent even in a dataset that is perceived as parallel. At the same time, we show
that manual annotation of ne-grained semantic divergences is hard to scale. Concretely,
we found that collecting divergence annotationdRIEFRESD is time-consuming, i.e.,
required 54hours of annotations, and expensive, $7800f annotators’ compensation.

In our next subsection, we askow can we detect ne-grained semantic divergences at
scale?In answering this question, we take a computational approach that draws from our
annotation ndings but, crucially, does not require access to human-labeled data for training

or development.

3.2 Unsupervised Detection of Fine-Grained Cross-Lingual Semantic Di-

vergences

In this subsection, we propose an unsupervised divergence detection model that addresses
a binary classi cation task. Concretely, given two inputs: an English sentenead a
French sentence;, our model outputs a binary prediction, i.e., equivalence vs. divergence.
Unlike the prior work of Vyas et al. (2018a), who use the same task de nition to detect

coarse-grained semantic divergences in bitexts, we aim instead at capturing both ne- and
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coarse-grained divergence under the divergence class. In doing so, we explicitly consider
diverse types of semantic divergences in bilingual texts when modeling and evaluating
divergence detection. In the following subsections, we present our model in 83.2.1, the

experimental conditions in 83.2.2, and the experimental results in §3.2.3.

3.2.1 Divergent nBERT: Learning to Rank Synthetic Contrastive Diver-

gences

We introduce a model based on multilingeaRT (MBERT) to distinguish divergent
from equivalent sentence-paiffi={ne-tuning mBeRT). In the absence of annotated training
data, we derive synthetic divergent samples from parallel corff@ar{erating Synthetic
Divergence$ and train via learning to rank to exploit the diversity and varying granularity

of the resulting samplesi(§arning to Rank Contrastive Samples.

Fine-tuning mBERT Given the success of multilingual masked language models like
MBERT (Devlin et al., 2019)xLM (Conneau and Lample, 2019), axidv -R (Conneau et al.,
2020) on cross-lingual understanding tasks, we build our classi er on top of multilingual
BERT in a standard fashion: we create a sequenbg concatenating. andx; with helper
delimiter tokensx = ([CLS]; Xe; [SEF; Xs; [SEA). The[cLs] token encoding serves as
the representation for the sentence-paipassed through a feed-forward layer netwerto

get the scoré& (x). Finally, we convert the scoffé(x) into the probability ofx belonging

to the equivalent class.

Generating Synthetic Divergences Drawing from our annotation ndings in §3.1, we
devise three ways of creating training instances that mimic ne-grained divergences of
different natureandvarying granularityby perturbing seed equivalent samples from parallel

corpora (Table 3.4):

41



Seed Equivalent Sample
Now, however, one of them is suddenly asking your help, and you can see from this how weak they are.
Maintenant, cependant, I'un d'eux vient soudainement demander votre aide et vous pouvez voir a quel point ils sont faibles.

Subtree Deletion
Now, however, one of them is suddenly asking your help, and you can see from this.
Maintenant, cependant, I'un d'eux vient soudainement demander votre aide et vous pouve quelrgoint ils sont faibles .

Phrase Replacement
Now, however, one of them absolutely ghting his policy , and you can see from this how weak they are.
Maintenant, cependant, I'un d'eux vie soudainement demander votre aide et vous pouvez voir & quel point ils sont faibles.

Lexical Substitution
Now, however, one of them is suddenly asking y mercy , and you can see from this.
Maintenant, cependant, I'un d'eux vient soudainement demander aide: et vous pouvez voir a quel point ils sont faibles.

Table 3.4: Starting from a seed equivalent parallel sentence-pair, we create three types of
divergent samples of varying granularity by introducing the highlighted edits.

1. Subtree DeletionWe mimic semantic divergences due to content included only in
one language by deleting a randomly selected subtree in the dependency parse of the
English sentence or French words aligned to English words in that subtree. We use
subtrees that are not leaves and that cover less than half of the sentence length. Duran
et al. (2014); Cardon and Grabar (2020) successfully use this approach to compare
sentences in the same language.

2. Phrase Replacemenkollowing Pham et al. (2018), we introduce divergences that
mimic phrasal edits or mistranslations by substituting random source or target se-
guences by another sequence of words with matchingtags (to keep generated
sentences as grammatical as possible).

3. Lexical Substitution We mimic particularization and generalizationtranslation
operations (Zhai et al., 2019b) by substituting English words with hypernyms or

hyponyms from WordNet. The replacement word is the highest scoring WordNet
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candidate in context, according t@aRrT language model (Zhou et al., 2019b; Qiang
etal., 2019).

We call all these divergent examplesntrastive because each divergent example
contrasts with a speci ¢ equivalent sample from the seed set. The three sets of transformation
rules above create divergences of varying granularity and createpdicit ranking over
divergent examplesbased on the range of edit operations, starting from a single token with
lexical substitution to local short phrases for phrase replacement and up to half the words in

a sentence when deleting subtrees.

Learning to Rank Contrastive Samples We train the Divergent mERT model by learn-
ing to rank synthetic divergences. Instead of treating equivalent and divergent samples
independently, we exploit their contrastive nature by explicitly pairing divergent samples
with their seed equivalent sample when computing the loss. Intuitidigal substitution
samples should rank higher thphrase replacemerandsubtree deletioand lower than
seedequivalents we exploit this intuition by enforcing a margin between the scores of
increasingly divergent samples.

Formally, letx denote an English-French sentence-pairyamdcontrastive pair, with
X >y indicating that the divergence xis ner-grained than iry. For instance, we assume
thatx > y if X is generated by lexical substitution apdy subtree deletion.

At training time, given a set of contrastive pabs= f(x;y)g, the model is trained
to rank the score of the rst instance higher than the latter by minimizing the following

margin-based loss
1 X
Lsent = - maxf0;  F(x)+ F(y)g (3.1)
" (x:y)2D
where is a hyperparameter margin that controls the score difference between the sentence

pairsx andy. This ranking loss has proved useful in supervised English semantic analysis
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tasks (Li et al., 2019), and we show that it also helps with our cross-lingual synthetic data.

3.2.2 Experimental Conditions

Data We normalize English and French text in WikiMatrix consistently using the Moses
toolkit (Koehn et al., 2007) and tokenize into subword units using the “BertTokenizer”.
Speci cally, our pre-processing pipeline consists of a) replacement of Unicode punctuation,
b) normalization of punctuation, c) removal of non-printing characters, and d) tokeniZation.
We align English to French bitext using the Berkeley word alignéfe Iter out obviously

noisy parallel sentences, as described in Section 3.1.3, Curation Rationale. BEdtop
samples ranked byASER similarity score are treated as (noisy) equivalent samples and seed
the generation of synthetic divergent exampléde split the seed set in000training

instances an800development instances consistently across experiments.

Implementation Our models are based on the HuggingFace transformer library (Wolf
etal., 2019F We ne-tune the BERT-Base Multilingual Cased” model (Devlin et al., 2019),
and perform a grid search on the margin hyperparameter, using the synthetic development

set.

Baselines We compare our Divergent®ERT model with prior work LASER baseling
and with several ablation variants of our approach that establish the importance of our design
decisions Divergent nBERT variants ):

* LASER baselineThis baseline distinguishes equivalent from divergent samples via a

threshold on the ASER score. We use the same threshold as Schwenk et al. (2021a),

Shttps://github.com/facebookresearch/XLM/blob/master/tools/tokenize.sh
4https://code.google.com/archive/p/berkeleyaligner
Shttps://github.com/facebookresearch/LASER/tree/master/tasks/WikiMatrix
Shttps://github.com/huggingface/transformers
https://github.com/google-research/bert
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who show that training Neural Machine Translation systems on WikiMatrix samples
with LASER scores higher thaitO4improvesBLEU. Preliminary experiments suggest
that tuning the.ASeR threshold does not improve classi cation. to distinguish coarse-
grained divergence vs. equivalence.
Divergent nBERT variants We compare Divergent BERT trained by learning to
rank contrastive samples (Section 3.2.1) with ablation variants.
To test the impact of contrastive training samples, we ne-tune Diverg&®R™M
using
1. the Cross-EntropycE) loss on randomly selected synthetic divergences;
2. theCE loss on paired equivalent and divergent samples, treated as independent;
3. the proposed training strategy withvargin loss to explicitly compare con-
trastive pairs.
Given the xed set of seed equivalent samples (Section 3.2.2, Data), we vary the
combinations of divergent samples:
1. Single divergence typewe pair each seed equivalent with its corresponding
divergent of that type, yielding a single contrastive pair;
2. Balanced samplingwe randomly pair each seed equivalent with one of its
corresponding divergent types, yielding a single contrastive pair;
3. Concatenationwe pair each seed equivalent with one of each synthetic diver-
gence type, yielding four contrastive pairs;
4. Divergence rankingwe learn to rank pairs of close divergence types: equivalent
vs. lexical substitution, lexical substitution vs. phrase replacement, or subtree
deletion yielding four contrastive pairs. For lexical substitution, we mimic both

generalizatiorand particularization.
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Evaluation We evaluate all models on our ne¥eFRESDdataset using Precision, Recall,
F1 for each class, and Weighted overall F1 score as computsciliftlearn(Pedregosa

etal., 2011}

3.2.3 Findings

Table 3.5 presents experimental results onRRFRESD dataset. All Divergent BERT
models outperform theaseR baseline by a large margin. The proposed training strategy
performs best, improving ovenseR by 31F1 points. Ablation experiments and analysis

further show the bene ts of diverse contrastive samples and learning to rank.

Contrastive Samples With the CE loss, independent contrastive samples improve over
randomly sampled synthetic instances overedl: F1+ points on average) at the cost of a
smaller drop for the divergent class %:3 F1- points) for models trained on a single type of

divergence. Using the margin loss helps models recover from this drop.

Divergence Types All types improve over the ASER baseline. When using a single diver-
gence typeSubtree Deletioperforms best, even matching the overall F1 score of a system
trained on all types of divergenceBdlanced Sampling Training on theConcatenatiorof

all divergence types yields poor performance. We suspect that the model is overwhelmed by
negative instances at training time, which biases it toward predicting the divergent class too

often and hurting F1+ score for the equivalent class.

Divergence Ranking How does divergence ranking improve predictions? Figure 3.2
shows model score distributions for tBeclasses annotated REFRESD Divergence

Rankingparticularly improves divergence predictions for the “Some meaning difference”

8https://scikit-learn.org
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class: the score distribution for this class is more skewed toward negative values than when

training on contrastiv&ubtree Deletiosamples.

Equivalents Divergents All
Synthetic Loss Contrastive P+ R+ F1+ P- R- F1- P R Fi1
cE 7 70 56 62 78 87 8 75 76 75
Phrase Replacement 61 81 69 87 71 78 78 75 75
Margin 70 76 73 8 82 84 80 80 80
cE 7 81 50 62 77 93 85 78 78 77
Subtree Deletion 64 84 72 89 74 81 80 77 78
Margin 70 83 76 90 81 8 83 82 82
cE 7 65 53 57 76 84 80 72 73 72
Lexical Substitution 55 81 66 86 64 73 75 70 71
Margin 57 75 65 83 70 76 74 72 72
cE 7 76 42 54 74 93 83 75 75 73
Balanced 73 73 73 85 85 85 81 81 81
Margin 76 73 75 8 87 86 82 82 82
cE 7 62 32 42 70 89 79 67 69 66
Concatenation 73 55 63 78 89 83 76 77 76
Margin 84 59 70 81 94 87 82 82 81
Divergence Ranking Margin 82 72 77 86 91 88 84 85 84
LASER baseline 38 58 46 68 48 57 57 52 53

Table 3.5: Intrinsic evaluation of DivergenteBRT and its ablation variants on tiREFRESD
dataset. We report Precision (P), Recall (R), and F1 for the equivalent (+) and divergent (-)
classes separately, as well as for both clas&its Divergence Rankingields the best F1

scores across the board.

(a) LASER

(b) Subtree Deletion

(c) Divergence Ranking

Figure 3.2: Score distributions assigned by different models to sentence-pREsRESD
Divergence Rankingcores for the “Some meaning difference” class are correctly skewed
more toward negative values.
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3.2.4 Summary

We show that explicitly considering diverse semantic divergence types bene ts not
only theannotation(83.1) but also theredictionof divergences between texts in different
languages. We show that these divergences can be detecteddBra model ne-tuned
without annotated samples by learning to rank synthetic divergences of varying granularity.
While we cast divergence detection as binary sentence-level classi cation in this subsection,
human judges separated divergent samples into “Unrelated” and “Some meaning difference”
classes in theEFREsDdataset while providing token-level divergence assessments in the
form of rationales. In the next subsection, we aSkn we make ner-grained divergence

predictions beyond a binary classi cation framework?

3.3 Unsupervised Finer-Grained Divergence Detection via Token Tagging

In this subsection, we target ner-grained divergence detection under two different task
formulations: rst, we explore whether divergences can be automatically detected at a
token level, and then we test the hypothesis that token-level divergence predictions can help
discriminate between divergence granularities at the sentence level, inspired by humans' use
of rationales to ground sentence-level judgments. In the following subsections, we present
an extension of Divergent BERT for token-tagging in 83.3.1, the experimental conditions
in 83.3.2, and the experimental results on token labeling3aney sentence classi cation

in 83.3.3.

3.3.1 Divergent reeRT for Token Tagging

We introduce an extension of DivergensaRT, which, given a bilingual sentence pair,

produces a) a sentence-level prediction of equivalence vs. divergence and b) a sequence of
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Figure 3.3: Divergent BERT training strategy: given a triplex(y,z), the model minimizes
the sum of a margin-based loss via ranking a contrastivexpairy and a token-level
cross-entropy loss on sequence lalzels

EQ/DIV labels for each input tokereQ andDl1v refer to token-level tags of equivalence and
divergence, respectively.

Motivated by annotation rationales, we adopt a multi-task framework to train our model
on a set of triplet = f (x;y; z)g, still using only synthetic supervision (Figure 3.3). As
in Section 3.2.1, we assurme> y, while z is the sequence of labels for the second encoded
sentence pay, such that, at timeg, z. 2{ EQ,DIV} is the label ofy;. Since Divergent rRERT
operates on sequences of subwords, we assig@anm DIV label to a word token if at least
one of its subword units is assigned that label.

For the token prediction task, the nal hidden sthteof eachy; token is passed through
a feed-forward layer and a softmax layer to produce the probaBijtyf they; token
belonging to theeQ class. For the sentence task, the model learns toxanky, as in
Section 3.2.1. We then minimize the sum of the sentence-level margin-loss and the average

token-level cross-entropy losk :) across all tokens of, as de ned in Equation 3.2.
1 X
L = 0§ maxf 0; F(x)+ F(y)g
J (x;y;z)2D 0
. (3.2)
1 X
t— Lce(Py,;2t)
Wiz
Similar multi-task models have been used for Machine Translation Quality Estimation (Kim

et al., 2019a,b), albeit with human-annotated training samples and a standard cross-entropy
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loss for both word-level and sentence-level sub-tasks.

3.3.2 Experimental Conditions

Models We ne-tune themulti-task mBERT model that makes token and sentence predic-
tions jointly, as described in Section 3.3. We contrast against a sequence labeirg m
model trained independently with tleE loss (Token-only). Finally, we run arandom

baselinewhere each token is labeled) or biv uniformly at random.

Training Data We tag tokens edited when generating synthetic divergenaes/gg.g.,
highlighted tokens in Table 3.4), and othersgs Since edit operations are made on the

English side, we tag-aligned French tokens using the Berkeley aligner.

Evaluation We expect token-level annotationsREFRESDtO be noisy since they are
produced as rationales for sentence-level rather than token-level tags. We, therefore, consider
three methods to aggregate rationales into token labels: a token is lababed st

is highlighted by at least ondJfion), two (Pair-wise Union), or all three annotators
(Intersection). We report F1 on thelv andeQ class and F1-Mul as their product for each

of the three label aggregation methods.

3.3.3 Findings

Token Labeling We evaluate token labeling ctEFRESDsamples from the “Some mean-

ing difference” class, where we expect the more subtle differences in meaning to be found
and the token-level annotation to be most challenging (Table 3.6). Examples of Divergent
MBERT'S token-level predictions are given in the Appendix of Briakou and Carpuat (2020).
The Token-onlymodel outperforms thRandom Baselinacross all metrics, showing the

bene ts of training even with noisy token labels derived from rationaldgiti-task training
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Union Pair-wise Union Intersection

Model Multi-task  F1biv F1€Q F1-Mul FlDiv F1€Q F1-Mul Flpiv F1€Q F1-Mul
Random Baseline 0:21 Q62 Q13 Q33 Q59 Q20 021 Q62 Q13
Token-only 0:39 Q77 Q30 Q46 0:88 0:41 Q46 0:92 0:42
Balanced 0:41 Q77 Q32 Q46 Q87 Q40 Q43 Q91 Q40
Concatenation 0:41 0:78 0:32 048 0:88 0:42 Q46 0:92 0:42
Divergence Ranking 0:45 0:78 0:35 0:51 0:88 0:45 0:49 0:92 0:45

Table 3.6: Evaluation of different models on the token-level prediction task fdSivae
meaning difference” class ofREFRESD Divergence Rankingields the best results across
the board.

further improves ovetoken-onlypredictions for almost all different metricBivergence
Rankingof contrastive instances yields the best results across the board. Also, on the auxil-
iary sentence-level task, tiMulti-task model matches the F1 as the standalDnaergence

Rankingmodel.

From Token to Sentence Predictions We compute the % abiv predictions within a
sentence-pair. The multi-task model makes nmke predictions for the divergent classes

as its % distribution is more skewed towards greater values (Figure 3.4 (d) vs. (e)). We
then show that the % dafiv predictions of theDivergence Rankingnodel can be used

as an indicator for distinguishing between divergences of different granularity: intuitively,
a sentence pair with momeiv tokens should map to a coarse-grained divergence at a
sentence-level. Table 3.7 shows that thresholding the Bt\otokens could be an effective

discrimination strategy, which we will explore further in future work.

UN SD
DIV  Precision Recall F1 Precision Recall F1 F1-all
10% 48 97 64 66 51 57 59
20% 69 84 76 83 79 81 80
30% 82 63 71 81 85 83 81
40% 94 35 51 73 84 78 75

Table 3.7: “Some meaning differences) vs. “Unrelated” (UN) classi cation based ofb
of DIV labels.
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(a) Union

(b) Pair-wise Union

(c) Intersection

(d) Token-only

(e) Divergence Ranking

Figure 3.4: Percentage distributionsmof/ tokens inREFRESDandDIV token predictions of
two models:Divergence Rankingnakes moreiv predictions compared to thieken-only
model, enabling a better distinction between the divergent classes.
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3.3.4 Summary

In this subsection, we draw inspiration from the rationale-based annotation process
described in 83.1 and show that predicting token-level and sentence-level divergences
jointly is a promising direction for further distinguishing between coarser and ner-grained
divergences. After establishing that ne-grained semantic divergences exist and can be
automatically detected without supervision, we now a&s&w do ne-grained semantic
divergences impact Neural Machine Translatiori®e aim to answer this question in the
next chapter by contributing a controlled empirical analysis on several aspegisTof
models that are exposed to different types and amounts of ne-grained divergences at

training time.
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Chapter 4: Analyzing the Impact of Fine-grained Semantic Divergences

on Neural Machine Translatién

While parallel texts are essential to Neural Machine TranslatimT({, the degree of
parallelism varies widely across samples in practice, as discussed in Section 82.1.3. For
instance (Figure 4.1), a FrendoURCEcould be paired with an exact translation into
English €Q), with a mostly equivalent translation where only a few tokens convey divergent
meaning ( nebIVv), or with a semantically unrelated, noisy reference (coansg- Yet,
as we discussed in Section §82.2.1, prior work treats parallel samples in a binary fashion:
coarse-grained divergences are viewed as noise to be excluded from training (Koehn et al.,
2018), whilst others are typically regarded as gold-standard equivalent translations. As a

result, the impact of ne-grained divergencesomT remains unclear.

1Eleftheria Briakou & Marine Carpuat. “Beyond Noise: Mitigating the Impact of Fine-grained Semantic
Divergences on Neural Machine Translatiom'Proceedings of the 59th Annual Meeting of the Association
for Computational Linguistics (ACL), 2021.
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Figure 4.1: Equivalent vs. Divergent referencesnuT training. Fine-grained divergences
(i.e.,REF ( ne-DIV)) provide an imperfect yet potentially useful signal depending on the
time stept.

Our second piece of work aims to understand the impact of ne-grained semantic
divergences iZnMT. In this direction, we rst start by revisiting themT training assump-
tions (Section 84.1). Then, we contribute an analysis of how ne-grained divergences in
training data affeckmT quality and con dence. Starting from a set of equivalent English-
French WikiMatrix sentence pairs, we simulate divergences by gradually “corrupting” them
with synthetic ne-grained divergenceéSection 84.2). Following Khayrallah and Koehn
(2018)—who, in contrast, study the impactrafiseon MT—we control for differentypes
of ne-grained semantic divergences and differaattos of equivalent vs. divergent data.
Our ndings (Section 84.4) indicate that these imperfect training references: hurt translation
guality (as measured gLEU and METEOR) once they overwhelm equivalents; output

degenerated text more frequently; and increase the uncertainty of models' predictions.
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4.1 Neural Machine Translation Training Assumptions

NMT models are typically trained to maximize the log-likelihood of the training data,
D f (xM;yMgN_, , where &;yM) s then-th sentence pair consisting of sentences
that areassumed to be translations of each othetJnder this assumption, model parameters
are updated to maximize theken-levelcross-entropy loss:
XX
3()= logp(y™ 1 y&ix™; ) (4.1)

n=1 t=1

In Figure 4.1, we illustrate how semantic divergences interact mith training. In the
case of coarse divergences, both the pre g4 and targetg™, yield a noisy training
signal at each time stepwhich motivates excluding them from the training pool entirely.
In the case of ne-grained divergences, the assumptioseaiantic equivalends only
partially broken. Depending on the time stepwe might thus condition the prediction
of the next token on partially corrupted pre xes, encourage the model to make a wrong
prediction, or do a combination of the above. This suggests that ne-grained divergent
samples provide a noisy yet potentially useful training signal depending on the time step.
Meanwhile, ne-grained divergences increase uncertainty in the training data and, as a result,
might impact models' con dence in their predictions, as noisy untranslated samples do (Ott

et al., 2018).

4.2 Controlling the Types and Intensity of Divergences in Bitexts

We evaluate the impact of semantic divergencesam by injecting increasing amounts
of synthetic divergent samples during training, following the methodology of Khayrallah
and Koehn (2018) for noise. We focus on three types of divergencesPRASE RE

PLACEMENT, LEXICAL SUBSTITUTION, andSUBTREE DELETION, which we found to be
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frequent in parallel corpora, as discussed in Section 83. Synthetic divergent samples are

automatically generated by corrupting semantically equivalent sentence pairs, following

the methodology introduced in Section 83. Equivalents are identi ed by our Divergent

MBERT classi er, andLEXICAL SUBSTITUTION, PHRASE REPLACEMENT andSUBTREE

DELETION divergent types are generated following the process described in Section 83.2.1.

Having access to thoseversions of the same corpus (one initial equivalent and three

synthetic divergences), we mix equivalents and divergent pairs, introducing one type of

divergence at a time. Tables 4.1 and 4.2 contain corpus statistics f@rvlesions of

synthetic divergences we create, starting fleQUIVALENTS. LEXICAL SUBSTITUTION

are sampled randomly from the pools of substitutions based on hypernyms and hyponyms.

WikiMatrix version #Sents.  #Tokens  #Types Length %Corr
EQUIVALENTS 751792 22723543 515154 302 0%
SUBTREE DELETION 749973 20783056 483336 277 932%
PHRASE REPLACEMENT 750527 22735143 47%67 303 1611%
LEXICAL SUBSTITUTION (HYPERNYMS) 724326 22014609 497658 304 1233%
LEXICAL SUBSTITUTION (HYPONYMS) 617913 18970039 442299 307 7.42%

Table 4.1: WikiMatrix statistics corresponding to extracegUIVALENTS and the ne-
grained corruptions introduced in the synthetic settig-§ide). %Corr denotes the average

% of corrupted tokens in a sentence.

WikiMatrix Version #Sents.  #Tokens  #Types Length %Corr
EQUIVALENTS 751792 25554549 515194 340 0%
SUBTREE DELETION 749973 23822958 486908 318 7.21%
PHRASE REPLACEMENT 750527 25554549 515194 340 1274%
LEXICAL SUBSTITUTION (HYPERNYMS) 724326 24737604 499423 342 982%
LEXICAL SUBSTITUTION (HYPONYMS) 617913 21387650 445371 346 578%

Table 4.2: WikiMatrix statistics corresponding to extracegUIVALENTS and the ne-
grained corruptions introduced in the synthetic settFrygide).
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4.3 Experimental Conditions

Training Data We train our models on the parallel WikiMatrix French-English cor-
pus (Schwenk et al., 2021a), which consists of sentence pairs mined from Wikipedia pages
using language-agnostic sentence embeddingsHR) (Artetxe and Schwenk, 2019). Pre-
vious annotations show thd0%of sentence pairs in a random sample contain ne-grained
divergences (Briakou and Carpuat, 2020).

After cleaning noisy samples using simple rules (i.e., exclude pairs that are a) too short or
too long, b) mostly numbers, c) almost copies based on edit distance), we exfuacilent
samples using the DivergenBBRT model. Table 4.3 presents statistics on the extracted
pairs, along with the corpus created if we thresholdith&ER score atl:04, as suggested

by Schwenk et al. (2021a).

Corpus #Sentences
WIKIMATRIX 6;,562360
+ HEURISTIC FILTERING 2437108
+ LASER FILTERING 1;250683
+ divergentnBERT FILTERING 751,792

Table 4.3: WikiMatrixEN-FR corpus statistics.

Development and Test data We use the of cial development and test splits of thep
corpus (Qi et al., 2018), consisting 4f320 and 4,866 gold-standard translation pairs,
respectively. All models share the saBwEe vocabulary. We report average results across

runs with three different random seeds.

Preprocessing We use the standard Moses scripts (Koehn et al., 2007) for punctuation

normalization, true-casing, and tokenization. We |2 BPES (Sennrich et al., 2016b)
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using SentencePiece (Kudo and Richardson, 2018).

Models We use the base Transformer architecture (Vaswani et al., 2017), with embedding
size of512 transformer hidden size @f048 8 attention head$ transformer layers, and
dropout of0:1. Target embeddings are tied with the output layer weights. We train with
label smoothing@:1). We optimize with Adam (Kingma and Ba, 2015) with a batch size of
4;096tokens and checkpoint models evar@O0updates. The initial learning rate@0002

and it is reduced b0% after4 checkpoints without validation perplexity improvement.
We stop training afteR0 checkpoints without improvement. We select the best checkpoint
based on validatiosLEU (Papineni et al., 2002). All models are trained on a single GeForce

GTX 1080GPU.

Evaluation We evaluate th&anslation qualityof the resulting translation models with
BLEU andMETEOR automatic metrics and the uncertainty of their predictions as the average
token probabilities given a reference text. Finally, we measure the percentdegenferated
hypothesedy checking if a hypothesis falls under odd repetitions not supported by the

reference. When measuring repeated n-grams, we exclude punctuation and conjunctions.

4.4 Findings

We explore the impact of ne-grained semantic divergences on different aspects of
NMT models. Concretely, we start our exploration by focusing on translation quality
results as measured by standard automatic metrics in 84.4.1, then we analyze why
ne-grained divergences interact with the uncertaintyefT models' predictions at training
and inference time in 84.4.2, and nally, we study how divergences connect to the generation

of a speci c type of pathologies in 84.4.3.
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BLEU METEOR

0% 10% 20% 50% 70%  100% 0% 10% 20% 50% 70%  100%

3089 3100 3082 3040 2974 2701 3374 3363 3366 3354 3312 3102
REPLACEMENT +0.00 +0.11 -0.07 -049 -115 -3.88 +0.00 -0.11 -0.08 -0.20 -0.62 -2.72

3089 3080 3062 2895 2900 2750 3374 3361 3338 3217 3209 3144
DELETION +0.00 -0.09 -0.27 -194 -189 -339 +0.00 -0.13 -0.36 -157 -165 -2.30

3089 3072 3049 2504 2657 2518 3374 3356 3350 2959 3158 3075
SUBSTITUTION +0.00 -0.17 -0.40 -585 432 -571 +000 -0.18 -0.24 -415 -216 -2.99

Table 4.4: Results foFR! EN translation on the@eD test set (means @&runs). Bars denote
degradation oveEQUIVALENTS (i.e.,0%) across differen®o of corruption. Divergences hurt
BLEU andMETEORWhen they overwhelm the training data. Transformers are particularly
sensitive to ne nuances introduced bgXICAL SUBSTITUTION.

4.4.1 Translation Quality

Table 4.4 presents the impact of semantic divergences pu andMETEOR. Corrupting
equivalent bitext with ne-grained divergences hurts translation quality across the board. In
most cases, the degradation is proportional to the percentage of corrupted training samples.
LEXICAL SUBSTITUTION causes the largest degradation for both metrics. The degradation
is relatively smaller foMETEOR thanBLEU, which we attribute to the fact th&tETEOR
allows matches between synonyms when comparing references to hypothe&seseE
DELETION andLEXICAL SUBSTITUTION corruptions lead to signi cant degradation at
50% (BLEU; standard deviations across reruns<r@:4). By contrast, Transformers are
more robust t;’HRASE REPLACEMENTCOrruptions, as degradations are only signi cant

after corrupting 70%¢(BLEU) of equivalents.

4.4.2 Token Uncertainty

We measure the impact of divergences on model uncertainty at training time and at test

time. For the rst, we extract the probability of a reference token conditioned on reference
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Figure 4.2: Average token probabilities of predictions conditioned on gold references (left)
and beam search)pre xes (right). Training on ne-grained divergences)0%corruption)
increaseN\MT model's uncertainty.

pre xes at each time step. For the latter, we compute the probability of the token predicted
by the model, given its own history of predictions. Figure 4.2 shows that models trained
ONEQUIVALENTS are more con dent in their token-level predictions both at inference and
training time.SUBTREE DELETIONmMismatches affect models' con dence less than other
types, whilePHRASE REPLACEMENThurts con dence the most both at inference and at
training time. Finally, we observe that differences across divergence types are larger in early

decoding steps, while at later steps, they all converge below@luevALENTS.

4.4.3 Degenerated Hypotheses

When models are trained &@®%or more divergent samples, the total length of their
hypotheses is longer than the references. Manual analysis on models traind@@%ih
of divergent samples suggests that this length effect is partially causdddgeynerated
text. Following Holtzman et al. (2019)—who study this phenomenon for unconditional
text generation—we de ndegenerationas “output text that is bland, incoherent, or gets
stuck in repetitive loops”. For instance, “I've never studied sculpture, engineering, and
architectureand the engineering and architecture".

We automatically detect degenerated text in model outputs by checking whether they
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Figure 4.3:% of degenerated outputs as a function of beam sia&T training on ne-
grained divergenced.00%corruptions) increases the frequency of degenerated hypotheses
across beams.

contain repetitive loops ai-grams that do not appear in the reference.Figure 4.3 shows
that exposinguMT to divergences increases the percentage of degenerated outputs. Even
with large beams, the models trained on divergent data yield more repetitions than the
EQUIVALENTS. Moreover, divergences due to phrasal mismatchRER ASE REPLACEMENT

and SUBTREE DELETION yield more frequent repetitions than token-level mismatches
(LEXICAL SUBSTITUTION). Interestingly, the latter almost matches the frequency of repeti-

tions iINEQUIVALENTS with larger beams ( 5).

4.5 Summary

Synthetic divergences hurt translation quality, as expected. More surprisingly, our study
also reveals that this degradation is partially due to more frequent degenerated outputs
and that divergences impact models' con dence in their predictions. Different types of
divergences have different effectEXICAL SUBSTITUTION causes the largest degradation
in translation qualitysUBTREE DELETIONandPHRASE REPLACEMENTINcrease the number
of degenerated beam hypotheses, WA#RASE REPLACEMENTalso hurts the models'

con dence the most. Nevertheless, the impact of divergences Bn appears to be smaller
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than that of noise (Khayrallah and Koehn, 2018).

Those ndings suggest that noise lItering techniques are suboptimal to deal with ne-
grained divergences. A natural question that ariseld@sv can we mitigate the negative
impact of semantic divergences otmMT ? In the next chapter, we aim to answer this question
by proposing techniques that are based on two orthogonal approaches: the rst incorporates
divergent signals inmMT training, while the second focuses on revising divergences in

bitexts with the goal of making them more equivalent.
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Chapter 5: Mitigating the Impact of Fine-grained Semantic Divergences

on Neural Machine Translation

In our third piece of work, we explore different approaches to mitigating the negative
impact of ne-grained semantic divergences that is discussed in Section 84. In contrast to
the standardizedMT setting that treats all types of divergences (i.e., ranging from noise to
ne-grained nuances in bitexts) as either equivalent translations or noisy samples that should
be excluded from training, our previous analysis suggests that ne-grained divergences have
still the potential to providgartially useful training signal. As a result, instead of Itering
them out, we propose two interventions to the standargipeline as mitigation strategies:

NMT Intervention andBitext Intervention (see Figure 5.1).

Our rst strategy proposes aMT Intervention: recognizing that divergences exist in
the given bitexts, we intervene in the assumption of translation equivalence and aim to model
divergences when trainingMT systems. The main challenge we face when implementing
such interventions is their reliance on a notion of divergence vs. equivalence in bitexts
which, as discussed in Section 83, is not available at scale. To overcome this, we draw
from our prior work on automatically detecting divergences (Section 83) and propose a
divergent-awar@iMT framework—bIV-FACTORIZED (85.1)—that incorporates token-level
divergence signals intemT.

Our second strategy proposeBigext Intervention based on an orthogonal mitigation

direction: instead of alteringMmT training to model divergences closely, we aim to automat-
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ically re-write them to match the assumption of translation equivalence better. The main
challenge we face in this direction is the lack of bilingual supervision for learning the task at
hand (i.e., pairs oflivergentequivalentitexts). In our work, we discuss two approaches to
overcome this challenge: the rstEQuiv SEMDIv (85.2)—relies on synthetic translations

that selectively replace divergent references under a semantic equivalence condition, and the
second-BITEXTEDIT (85.3)—learns a bitext edit model under noisy supervision based on

distance-based mining of imperfect translations.

Figure 5.1: Intervention strategies for mitigating the impact of semantic divergences on
NMT.

5.1 DIV-FACTORIZED: Factorizing Semantic Divergences for Neural Ma-
chine Translatioh
We introduce alivergent-awareNMT framework that incorporates information about

which tokens are indicative of semantic divergences between the source and target side of

a training sample. Source-side divergence tags are integrated as feature factors (Haddow

1Eleftheria Briakou & Marine Carpuat. “Beyond Noise: Mitigating the Impact of Fine-grained Semantic
Divergences on Neural Machine Translatiolm'Proceedings of the 59th Annual Meeting of the Association
for Computational Linguistics (ACL), 2021.
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and Koehn, 2012; Sennrich and Haddow, 2016; Hoang et al., 2016), while target-side
divergence tags form an additional output sequence generated in a multi-task fashion (Garcia-
Martinez et al., 2016, 2017). Results BR$ FR translation show that our approach is a
successfumitigation strategy: it helpsNMT recover from the negative impact of ne-
grained divergences on translation quality, with fewer degenerated hypotheses, and more
con dent and better-calibrated predictions. We make our code publicly availatye:

/lgithub.com/Elbria/xling-SemDiv-NMT

5.1.1 Approach

We usesemantic factorsto inform NMT of tokens that are indicative of meaning differ-
ences in each sentence pair. We tag divergent source and target tokens in parallel segments
as equivalentgQ) or divergent p1v) using our nBERT-based token-tagger discussed in

Section § 3.3:

TOKENS votre pere est francais
SOURCE

FACTORS EQ DIV EQ EQ

TOKENS your parent is french

TARGET
FACTORS EQ DIV EQ EQ

Source Factors We follow Sennrich and Haddow (2016) who represent the encoder input
as a combination of token embeddings and linguistic features. Concretely, we look up
separate embedding vectors for tokens and source-side divergent predictions, which are then

concatenated. The length of the concatenated vector matches the total embedding size.

Target Factors Target-side divergence tags are an additional output sequence, as in
Garcia-Martinez et al. (2016). At each time step, the model produces two distributions: one

over the token target vocabulary and one over the target factors. The model is trained to
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minimize a divergent-aware loss (Equation 5.1). Terms in red (also underlined) correspond
to modi cations to the traditionaliMT loss. At time stept, the model is rewarded to match

the reference targ@/f”), conditioned on the source sequence of tokef8), the source
factors { (M), the token target pre x;(irt')), and the target factors pre xz@)). At the same

time (t), the model is rewarded for matching the factored predictions for the previous time
step =t 1 The time shift between the two target sequences is introduced so that the
model learns to rst predict the reference token and then its correspondirgR vs. DIV

label at the same time step. The factored predictions are conditioned agefi dn™, the

target factor pre x2™ and the token pre xy™).

XX
L= logp(y,™ j y& 2 i x ML )
n=1 r:l EZ) }
LMT ! (5 l)
X (n).,(n) .
+ logp(z™ j 20”5y x M1 (M)
=t 1
| {z }

(n)

factor

Inference At test time, input tokens are tagged withy to encourage the model to predict
an equivalent translation. We decode using beam search to predict the translation sequence.
The token predictions are conditioned on both the token and the factors pre xes. The factor

pre xes are greedily decoded and thus do not participate in beam search.

5.1.2 Experimental Conditions

Divergences We conduct an extensive comparison of models exposed to different amounts
of equivalent and divergent WikiMatrix samples. Starting from the pool of examples
identi ed as divergent under our Divergente®mRT model, we rank and select the most
ne-grained divergences by thresholding thieleaner score (Ramirez-Sanchez et al.,

2020) at0:5, 0:7 and0:8.
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Models We compare the factored modets{-FACTORIZED ) for incorporating divergent
tokens against:

1. LASER models are trained on WikiMatrix pairs withLASER score greater thati04
—the noise ltering strategy recommended by Schwenk et al. (2021a). As discussed
in Section 83, thresholdingaAsER might introduce a number of divergent data in the
training pool varying from ne to coarse mismatches (Briakou and Carpuat, 2020).

2. EQUIVALENTS models are trained on WikiMatrix pairs detected as exact translations
under Divergent rBERT,

3. DIV-AGNOSTIC models are trained on equivalent and ne-grained divergent data
without incorporating information that distinguishes between them;

4. DIV-TAGGED models distinguish equivalences from divergences by apperdiaqg

VS.<DIV> tags as source-side constraints (Sennrich et al., 2016a).

Models' details Our models are implemented in tBeckeye2toolkit (Domhan et al.,

2020)? We set the size of factor embeddings8iahe source token embeddings504

and target embeddings &4 yielding equal model sizes across experiments. All other
parameters are kept the same across models, as discussed in Section 84.3, except that target

embeddings are not tied with output layer weights for factored models.

Other Data & Preprocessing We use the same preprocessing as well as development
and test sets as in Section 84.3, except we |BKrBPES as in Schwenk et al. (2021 a)Lv-
FACTORIZED, DIV-AGNOSTIC, andDIV-TAGGED models are compared in controlled setups
that use the same training data. We also evaluate out-of-domain &hriégmoi-summary

test set for thevmT2014medical translation task (Bojar et al., 2014).

2https://github.com/awslabs/sockeye
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FR! EN EN!' FR

METHOD Training size BLEU METEOR BLEU METEOR
LASER 1:25M 3180 0:36 3400 017 3216 0:29 5649 0:24
EQUIVALENTS B 0:75M 3288 0:.07 3475 0:10 3353 0:35 57:38 0:28
( AGNOSTIC 3247 0:40 3456 0:20 3319 0:30 57:10 0:30
+DIV TAGGED 093 3176 161 3417 091 33:43 0:39 57:55 0:27 -
FACTORIZED 3273 0:38 34:84 0:21- 33:92 0:38- 57:63 0:28 -

( AGNOSTIC 3253 0:46 3440 021 31:47 061 56:25 0:46
+DIV TAGGED m 1:12m 3238 0:40 3452 0:13 33:35 0:17- 57:33 0:14-
FACTORIZED 3279 024 34:89 0:12- 33:22 035- 57:31 030

( acnosTIC 3140 021 3379 011 2953 039 5429 0.44
+DIV TAGGED . 1:68M 3197 0:26 - 3430 0:10 - 3137 0:12- 5587 0:18 -
FACTORIZED 3257 019+ 34:70 0:11'- 3160 0:42 - 5610 0:22 -

Table 5.1: Results foEN$ FR translation on the@EeD test set (averages and stde8otins).

We underline the top scores among all models and boldface the scores lying within one
stdev fromEQUIVALENTS. -« denotes (one stdev) improvemento¥-TAGGED andDIV-
FACTORIZED OverDIV-AGNOSTIC. Factorizing divergences helps1T recover from the
degradation caused by divergences, while it achieves comparable scB@SIVOLENTS.

Evaluation We evaluate translation quality witLEU (Papineni et al., 2002) ande-

TEOR (Banerjee and Lavie, 2008} We compute Inference Expected Calibration Error
(InfECE) as Wang et al. (2020b), which measures the difference in expectation between
con dence and accuradyWe measure token-level translation accuracy based on Transla-
tion Error Rate (ER) alignments between hypotheses and refereht#sess mentioned

otherwise, we decode with a beam sizéof

5.1.3 Results

We discuss the impact of real divergences along the dimensions surfaced by the synthetic

data analysis in Section 4, i.e., translation quality, output degeneration, and con dence.

Shttps://github.com/mijpost/sacrebleu
4https://lwww.cs.cmu.edu/~alavie/METEOR/
Shttps://github.com/shuo-git/InNfECE
®http://www.cs.umd.edu/~snover/tercom/
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METHOD Train. size (M) FR! EN ENl FR

LASER 1:25 3827 049 3927 045
EQUIVALENTS 0:75mm 3947 024 3963 052

0:93 3945 050 3978 0:37
DIV-AGNOSTIC 1:12 em 40:00 0:14 3920 050
1.68mmE 3990 0:14 3800 050

0:93 40:27 049 4013 0:46
DIV-FACTORIZED 1:12 1l 40:03 0:42 40:30 0:29
1:.c8mmmm 3997 026 3930 0:16

Table 5.2:BLEU scores on the medical domain. We underline top scores and boldface (one
stdev) improvements ov&QUIVALENTS. Divergences improve translation quality when
modeled byDIV-FACTORIZED.

Translation Quality Table 5.1 presen®BLEU andMETEOR scores across model con g-
urations and data settings on theD test sets. First, the model trained BQUIVALENTS
represents a very competitive baseline as it performs better or is statistically comparable to
all models. This result is in line with prior evidence of Vyas et al. (2018a) who show that I-
tering out the most divergent pairs in noisy corpora (e.g., OpenSubtitles and CommonCrawl)
does not hurt translation quality. Interestingly, #®@UIVALENTS model outperformsASER

across metrics and translation directions, despite the fact that it is exposed to only about
half of the training data. Gradually adding divergent dat&{AGNOSTIC) hurts translation
guality across the board compared to HguIVALENTS model. The drops are signi cantly
larger when divergences overwhelm the equivalent translations, which is consistent with our
ndings on synthetic data.

SecondpIv-FACTORIZEDIs the most effective mitigation strategy. With segment-level
constraints §1V-TAGGED), models can recover from the degradation caused by divergences
(DIV-AGNOSTIC), but not consistently. By contrast, token-level factas/¢ FACTORIZED)
helpNMT recover from the impact of divergences across data setups and reach translation
quality comparable to that of treQUIVALENTS model, successfully mitigating the impact

of the noisy training signals from divergent samples.
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(@)FR!' EN (b) FR! EN

(c)EN! FR (d)EN! FR

Figure 5.2: Average token probability across time stepseEmtest set.DIV-AGNOSTIC
yield the least con dent predictions (for reference and inference pre x@as)FACTORIZED
help recover from this drobb%divergences).

Third, when translating the out-of-domain test sat/-FACTORIZED improves over
the EQUIVALENTS model, as presented in Table 5.21v-AGNOSTIC models perform
comparably t&EQUIVALENTS, while factorizing divergences improves on the latter by-1
BLEU, for both directions. Mitigating the impact of divergences is thus important for
to bene t from the increased coverage of out-of-domain data provided by the divergent

samples.

Uncertainty Figures 5.2a and 5.2c show that the gold-standard references are assigned
lower probabilities by th®@1v-AGNOSTIC models than all other models, especially in early
time stepst(< 30). We observe similar drops in con dence based on the probabilities of
predicted tokens at inference time (5.2b and 5.2d). This con rms that exposing models

to ne-grained semantic divergences hurts their con dence, whether the divergences are
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FR!I EN EN! FR

METHOD Train. size  ®NF. (") Acc. (") InfECE (#) CONR% (") Acc. (") InfECE (#)

LASER 1:25M 6909 0:67 6255 0:29 1234 0:38 7188 0:30 6020 0:18 1510 0:12
EQUIVALENTS 0:75M 7096 0:94 6349 0:10 1237 0:24 7435 023 6181 030 1509 0:18
DIV-AGNOSTIC 0:93M 7119 033 6354 054 12:00 0:06 7367 0:11 6144 022 1519 017
DIV-FACTORIZED . 72:16 0:10* 64:29 044 11:81 0:04* 7450 0:.02* 62:26 027 14:70 0:25*
DIV-AGNOSTIC 119M 7165 0:18 6134 0:33 11:98 0:22 7172 0:38 5929 0:48 1562 0:19
DIV-FACTORIZED ’ 71:83 0:03 64:38 0:.08* 11:86 0:.01 7409 0:14* 6165 019 14:84 O0:18*
DIV-AGNOSTIC 1:68M 6801 0:37 6134 0:23 1263 0:23 6838 025 5689 0:34 1624 027
DIV-FACTORIZED i 7101 039 6365 007 11.75 O0:35* 7181 049 5978 039 1495 0.02

Table 5.3: Average token con dence, accuracy, and inference calibration resutis§oFR
translation on theEeD test set (average and stdevaauns). We underline top scores and
boldface (one stdev) improvements OZ€UIVALENTS. * denotes (one stdev) improvements
of DIV-FACTORIZED over DIV-AGNOSTIC. DIV-FACTORIZED yield more con dent and
accurate predictions comparedio/-AGNOSTIC, yielding the smallest calibration errors.

synthetic or not. Furthermore, factorizing divergences helps mitigate the impact of naturally
occurring divergences on uncertainty in addition to translation quality.

We conduct a calibration analysis to measure the differences between the con dence
(i.e., probability) and the correctness (i.@gcuracy of the generated tokens in expectation.
Given that deep neural networks are often miscalibrated in the direction of over-estimation
(con dence> accuracy) (Guo et al., 2017), we check whether the increased con dence of
DIV-FACTORIZED hurts calibration (Table 5.3p1v-FACTORIZED models are, on average,
more con dentand more accurate than theinv-AGNOSTIC counterparts. Interestingly,
DIV-AGNOSTIC has smaller calibration errors thauIVALENTS andLASER models across

the board.

Degenerated Hypotheses We check for degenerated outputs across models, data setups
(we account for different percentages of divergences in the training data), and different beam
sizes (Table 5.4). As with synthetic divergences, we observe that when real divergences
overwhelm the training dat®$%9, degenerated loops are almost twice as frequent for all

beam sizes. This phenomenon is consistently mitigatenlyACTORIZED models across
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TRAINING DIVERGENCES

BEAM 0% 20% 33% 55%

: Hem Em l.

1.93 155109 121116 292181

5 D----l-

1.53 119 0.71 0.84 0.84 2.78 1.49

L s e l-

1.48 1.06 0.73 0.84 0.76 2.80 1.28

Table 5.4: Percentage of degenerated outputsrbr EN models exposed to difference
percentage of divergent training data (0% correspon@®taVALENTS; dark gray columns
correspond t@IV-AGNOSTIC). DIV-FACTORIZED (grid-columns) help recover from degen-
erations, yielding fewer repetitions across beams.

the board. Furthermore, in some setting8% 33%), DIV-FACTORIZED models decrease
the amount of degenerated text by half compared t&the VALENTS models. Additionally,

LASER models degenerate more frequently tlEyuIVALENTS andDIV-FACTORIZED.

5.1.4 Summary

We show that, unlike noisy samples, ne-grained divergences can still provide a useful
training signal fonmT when they are modeled via factors. Evaluatedtafs FRr translation
tasks, our divergent-awamevT framework mitigates the negative impact of divergent
references on translation quality, improves the con dence and calibration of predictions,
and produces degenerated text less frequently. More broadly, this work illustrates how
understanding the properties of training data can help build better models. In the
following subsections, we explore an orthogonal approach to improwing instead of
adapting the standardvT training paradigm to model divergences more closely, we propose

re ning them to make them more equivalent.
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5.2 EQuiv SEMDIV: Equivalizing Semantic Divergences with Neural

Machine Translatioh

In this section, we explore how synthetic translations can be used to revise potentially
imperfect reference translations in mined bitext. Concretely, we present a controlled empiri-
cal study comparing the quality of bitext mined from monolingual resources with a synthetic
version generated viaT. We focus on the widely used WikiMatrix bitexts for a distant (i.e.,
EN-EL) and a similar language-pair (i.&N-RO) since this corpus contains a signi cant
proportion of erroneous translations discussed in Section 2.1.3. We generate synthetic bitext
by translating the original training samples uswg systems trained on the bitext itself and
therefore do not inject any additional supervision in the process. We also consider selectively
replacing original samples with forward and backward synthetic translations based on our
Divergent nBERT classi er, which is also trained without additional supervision (Section
83).

We show that the resulting synthetic bitext improves the quality of the original intrin-
sically using human assessments of equivalence and extrinsically on bilingual induction
(BL1) andMT tasks. We present an extensive analysis of synthetic data properties and of the
impact of each step in its generation process. This study brings new insights into the use of
synthetic samples inLP. First, the intrinsic evaluation shows that synthetic translations, in
addition to “normalizing” the bitext (Zhou et al., 2019a; Xu et al., 2021), could potentially
provide reference translations that are more semantically equivalent to the source than the
original ones.

Furthermore, the improved bitext provides more useful signalsifotasks andimMT

training in two settings (training from scratch; continued training), as con rmed by our

’Eleftheria Briakou & Marine Carpuat. “Can Synthetic Translations Improve Bitext Quality?ro-
ceedings of the 60th Annual Meeting of the Association for Computational Linguistics (ACL), 2022.
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extrinsic evaluations. Finally, ablation analyses that compare different ways to combine
synthetic translations show that usibgth translation directionand Itering using semantic
equivalenceds key to improving bitext quality and calls for further exploration of best
practices for using synthetic translationsnop tasks. All bitexts are available attps:

/lgithub.com/Elbria/xling-SemDiv-Equivalize

5.2.1 Approach

In this section, we describe the methods and data we use to produce revised bitexts for

our empirical study.
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Methods for Revising Bitext

We rely on established techniques that can be applied using only the bitext that we seek
to revise. First, we trainMT models on the original bitext to translate in both directions.
For each original sentence pair, we generate a pool of synthetic translationsvusing
and apply a divergence ranking criterion to decide whether and how to replace the original
references with a better translation. Algorithm 1 gives an overview of the process, and we

describe each step below.

Generating synthetic translations We trainNMT modelsMgs, + andM+, s on the
original bitext to translate in each direction (lin2g). For each sentence-pair, they are used

to generate two candidates for replacement by forward and backward translatio®<{fines

(Si; Mg 1(Si)) and M1, s(Ti); T;). As a resultNMT models translate the exact same data
that they are trained on. We thus expect translation quality to be high and that local errors in
the original bitext might be corrected by the translation patterns learnaiivymodels on

the entire corpus.

Selective Replacement We propose to replace an original pair by a candidety if

the candidate is predicted to better convey the meaning of the source than the original,
which we refer to as theemantic equivalence conditiowe implement this by ranking the
original sample &;; T;), its revision by forward translatior§(; Ms: 1(S;)), and its revision

by back-translationNl 1, s(T;); T;), according to their degree of semantic equivalence. If
none of the synthetic samples score higher than the original, it is not replaced{Jine
Otherwise, the original is replaced by the highest-scoring synthetic sampleX0rigs. As

a result, the cardinality of the bitext remains constant. The semantic equivalence condition
(dr= anddg (lines8-9)) is implemented using divergenBBRT, a divergent scorer introduced

in Section 83 that is trained on synthetic samples generated by perturbations of the original
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bitext (e.g., deletions, lexical or phrasal replacements) performed without any bilingual

information.

5.2.2 Experimental Conditions

Bitext We evaluate the use of synthetic translations for revising bitext on two language
pairs of the WikiMatrix corpus (Schwenk et al., 2021a). WikiMatrix consists of sen-
tence pairs mined from Wikipedia pages using language-agnostic sentence embeddings
(LASER) (Artetxe and Schwenk, 2019). Prior work indicates that, as expected, the corpus
as a whole comprises many samples that are not exact translations: Kreutzer et al. (2022b)
report that for more than half of the audited low-resource language-pairs, mined pairs
are on average misaligned; in our prior work we nd tH&9%6 of a random sample of

the English-French bitext are not semantically equivalent, and include ne-grained mean-
ing differences in addition to alignment noise (Section 83.1). We focus on bitexts with
fewer than one million sentence pairs in Grgeknglish EL$ EN, with 750585pairs) and
Romania® English Ro$ EN, with 582134 pairs), because improving bitext is particularly
needed in this data regime. In much higher resource settings, ltering strategies might be
suf cient as there might be more high-quality samples overall. In much lower resource
settings, the data is likely too noisy or too small to effectively revise bitexts nsuig We

Iter out noisy pairs in the training data usirgcleaner (Ramirez-Sanchez et al., 2020)

so that our empirical study excludes the most obvious forms of noise and focuses on the

harder case of revising samples that standard preprocessing pipelines consider to be clean.

Preprocessing We use Moses (Koehn et al., 2007) for punctuation normalization, true-

casing, and tokenization. We lea3&8 BPEs (Sennrich et al., 2016b) per language using

8https://github.com/bitextor/bicleaner
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subword-nmt °.

NMT Models We use the base Transformer architecture (Vaswani et al., 2017) and include

details on the exact architecture and training in Appendix of Briakou and Carpuat (2022a).

Selective Replacement The divergence ranking models are trained using our public
implementation of divergentreRT (Briakou and Carpuat, 20269, following the setup

described in Section 83. We use the same margin value for the margin score of Algorithm 1.

5.2.3 Intrinsic Evaluation Results

Human evaluation

We ask3 bilingual speakers to evaluate the quality of #e-EL bitexts. Given an
original source sentence, they are asked to rank the original target and the candidate target
in the order of their equivalence to the source. They are asked “Which sentence conveys the
meaning of the source better?”, and ties are allowed. A random sampd®péirs from
forward and backward MT is annotated.

As can be seen in Table 5&0%o0f ALL synthetic candidates are better translations of
the WikiMatrix reference, which con rms the potential T for improving over original
translations. Further ablations con rm the bene ts of selecting these synthetic candidates
with the semantic equivalence condition. When the divergent scorer ranks a candidate
higher than the original by a small margin (i.e., d 5givend = R(S;; Ms: 1(T)))
R(Si;T;))), the human evaluation shows that the candidate is actually better than the
original only51%o0f the times. When using our exact semantic equivalence conddion (

5), candidates are judged as more equivalent than the ori§ito of the times, and

Shttps://github.com/rsennrich/subword-nmt
©https://github.com/Elbria/xling-SemDiv
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annotations within this set have a stronger agreement@ig88Kendall'st). This indicates

that the conditiord > 5identi es more clear-cut examples of synthetic translations that x
semantic divergences in the original data and can be thus used for selective replacement of
imperfect references by better quality translations.

Candidate se % Equivalized Kendall'st

ALL 60.0% 0321
d<O0 264% Q157
0O d 5 510% 0234
d>5 87:5% 0:688

Table 5.5: Human evaluation results for all evaluated pairs and ablation sets for different
thresholds on divergent score differences between candidates and originad$. (i.e.,

Further inspection of the annotations reveals that most source-target WikiMatrix exam-
ples contain ne meaning differencesS§%). In those cases, we observe that most of the
content between the sentences is shared, but either small segments are mistranslated (e.g.,
“London” instead of “Athens” in the rst example of Table 5.6), or some information is
missing from either side of the pair (e.g., “all six” missing from the target side in the third
example of Table 5.6). Furthermore, more coarse-grained divergences are found less fre-
guently (2% —in those cases, we notice that sentences are usually either topically related
or structurally similar (e.g., length, syntax) with a few anchor words (e.g., last example
in Table 5.6). Finally32%o0f the times the original WikiMatrix pairs are perfect translations

of each other.

How do synthetic translations differ from originals?

Figure 5.3 presents the distribution of lexical differences (i.e., computed using LeD—a
score that captures lexical differences based on the percentages of tokens that are not found
in two sentences (Niu and Carpuat, 2020)) between original and synthetic translations (in

EN) for candidates that replace and do not replace the originals.First, we observe that a
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[EL] WIKIMATRIX Apebbwse sthn Aj na stic 5 lounbod979.
b GLoss He died in Athens on 5 June 1979.

[EN] WIKIMATRIX He died in London on 5 June 1979.

[EN] SYNTHETIC TRANSLATION He died in Athens on 5 June 1979.

[EL] WIKIMATRIX ‘Enac api touc oikismoOc pou dhmioOrghsan tan o Karab™c
b GLOoss Karavas was one of the rst settlements they created.

[EN] WIKIMATRIX One of the rst towns to be created w: Vila Barreto .

[EN] SYNTHETIC TRANSLATION One of the rst settlements to be created w Karavas .

[EL] WIKIMATRIX Kai oi exi lebhtec kataskeusthkan api thn Waagner-Biro.
b GLoss All six boilers were manufactured by Waagner-Biro.

[EN] WIKIMATRIX Boilers were supplied by Waagner-Biro.

[EN] SYNTHETIC TRANSLATION All six boilers were manufactured by Waagner-Biro.

[EL] WIKIMATRIX To Didaktiki proswpiki thc Sqol ¢ ePnai uyhloO epipédou
b cLoss The school's teaching staff is of a high level.

[EN] WIKIMATRIX The medical research level of the school is high.

[EN] SYNTHETIC TRANSLATION The teaching staff of the school is high.

[EL] WIKIMATRIX An kei sto tripli astriki sOsthma tou ‘Alfa KentaOrou
b GLOss It belongs to the Alpha Centauri triple star system.

[EN] WIKIMATRIX This is the triple alpha process.

[EN] SYNTHETIC TRANSLATION It belongs to the triple star system of Alp Centauri .

[EL] WIKIMATRIX H emf nish tuf,nwn ePnai sOnhjec fainimeno
b cLoss The occurrence of hurricanes is a common phenomenon.

[EN] WIKIMATRIX It is extremely rare: There were only 10 known cases in 1998.

[EN] SYNTHETIC TRANSLATION The appearance of hurricanes is a common phenomenon.

Table 5.6: Randomly sampled WikiMatrix pairs with synthetic translations that sdtisf.

Selective replacement successfully revises divergences of different granularities (highlighted
segments) in the original references.

substantial amount of synthetic translations that do not replace original referdfégs (
corresponds to smalleD scores € 0:1), suggesting that the equivalence criterion could

fall back to the original sentence not because of the poor quality of candidate references, but
rather due to them being already close to the originals. Furthermore, all synthetic translated
instances are represented in almost all bins, with fewer instances found on the extreme
bins of> 0:7 LED scores. Finally, synthetic translations that replace original references
are mostly concentrated within the raf@e; 0:6] of LeD scores. This indicates that they
share lexical content with the original, which further supports the hypothesis that synthetic
translations revise ne-grained meaning differences in WikiMatrix in addition to alignment

noise.
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PROPERTY ORIGINAL REVISED f

1: # Sentences 750585 750685 Q0%f
2. #Tokens 15244413 15239474 0:3%
= 3: #Types 358681 350224 2:4%
ﬁ' 4 : Average Length 20.3 203 0%f
» 5: Average Coverage 0:78 083 .
@ 6: #SHE/HER/HERSPronouns 45,028 43629 3:1%
W 7. #HE/HIS/HIM Pronouns 185356 194510 .
8 : Complexity 63.03 5361 14:9%
9: # Sentences 750585 750585 Q0%f
10: # Tokens 15743084 15611937 0:8%
E 11: #Types 526411 519558 1:3%
X 12 : Average Length 210 208 1:0%
@ 13: Average Coverage 077 083 "
O 14: #H/THS/THN Pronouns 792005 776947 1:9%
15: #O/TOU/TON Pronouns 799249 794275 0:6%
16 : Complexity 2451 1785 27:0%

Table 5.7: Comparison of original vs. revised bitextéo-EL. gives percentage differ-
ences between them.

Figure 5.3: LeD differences of original vs. synthetic translatiand (EN). Replaced
candidates share lexical content with the originals.

How does the revised bitext differ from the original?

Table 5.7 presents differences in statistics of the original vs. revised WikiMatHRL
bitexts to shed more light on the impact of selectively using synthetic translation for bitext
guality improvement. The re ned bitext exhibits higher coverage (i.e., the ratio of source

words being aligned by any target words; rasand13) and smaller complexity (i.e., the
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diversity of target word choices given a source word (Zhou et al., 2019a)) compared to

the original bitext. Moreover, the use of synthetic translations introduces small decreases
in the lexical types covered in the nal corpus (i.e., ro8vand11), which is expected as

the additional coverage in the original corpus might be a result of divergent texts. Those

observations are in line with prior work that seeks to characterize the nature of synthetic
translations used in other settings, such as knowledge distillation (Zhou et al., 2019a; Xu
etal., 2021).

While xing divergent references contributes to this simpli cation effeek)T trans-
lations might also reinforce unwanted biases from the original bitext. For instance, the
distribution of two grammatical gender pronouns on the English side is a little more im-
balanced in the improved bitext than in the original (rdwg and 14-15), likely due to
gender bias iNnMT (Stanovsky et al., 2019). We limit our analysis to # occurrences for two
grammatical gender pronouns. This calls for techniques to mitigate such biases (Saunders

and Byrne, 2020; Stafanms et al., 2020) fonMT and other downstream tasks.

5.2.4 Extrinsic Evaluation Results

Our previous analysis suggests that selective replacement of divergent references with
synthetic translations results in bitextiofproved quality with a reduced level of noises
and easier word-level mappings between the two languages when compared to the original
WikiMatrix corpus. To better understand how those differences impact downstream tasks,
we contrast the improved bitext with the original through a series of extrinsic evaluations
for EN-EL andEN-RO languages that rely on parallel texts as training samples (§Extrinsic
Evaluation Results). First, we focus on the recent state-of-the-art unsupesvisaplproach
of Shi et al. (2021) that relies on word alignments of extracted bitexts. Second, we follow

the recent bitext quality evaluation frameworks adopted by the “Shared Task on Parallel
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Corpus Filtering and Alignment” (Koehn et al., 2020) and built neural machine translation

systems from scratch and by continued training on a multilingual pre-trained transformer
model. Finally, we conduct extensive ablation experiments to test the impact of using
synthetic translations without the semantic equivalence condition and contrast with familiar

techniques used by prior work (8Ablation Study).

Experimental Set-Up

BLI The task ofBLI aims to induce a bilingual lexicon consisting of word translations in
two languages. We experiment with the recently proposed method of Shi et al. (2021) that
combines extracted bitext and unsupervised word alignment to perform fully unsupervised
induction based on extracted statistics of aligned word pairs. The induced lexicons are
evaluated based amuse (Lample et al., 2018) consisting 45,515and80;815dictionary
entries forEL-EN andEN-RO, respectively! We extract word alignments usingemBRT-
basedSimaligri? (Jalili Sabet et al., 2020) and statistics based on the implementation of Shi

etal. (2021):3

MT  We experiment witmT tasks following two approaches: (1) training standard trans-
former seq2seq models from scratch; (2) continued training for mT5 (Xue et al., 2021),
a multilingual pre-trained text-to-text transformer. We evaluate translation quality with
BLEU (Papineni et al., 2002 on the of cial development and test splits of theb cor-

pus (Qi et al., 2018). For (1), we follow the experimental settings described in 85.2.2. For

(2), we initialize the weights of the transformer with “mT5-small”, which consist3G§iV

https://github.com/facebookresearch/MUSE
https://github.com/cisnlp/simalign
Bhttps://github.com/facebookresearch/bitext-lexind
Yhttps://github.com/mijpost/sacrebleu
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parameters>. We use thesimpletransformers  implementationt® We ne-tune for up to

5 epochs.

Ablation Settings We compare theiMT models trained on the variants of the synthetic
bitext to isolate the impact of replacement criteria and different candidates. For the for-
mer, we experiment with theejuvenation approach of Jiao et al. (2020) that replaces
original references with forward translated candidates forlthBs least active original
samples measured by T probability scores. Moreover, we experiment wibhward and
backtranslation baselines trained on bitexts that consist solely from target- or source-side
candidate sentences (i.e., original references are entirely excluded) and with ablations that
consider either forward or backward candidates for the proposed semantic equivalence
condition. Finally, we consider two alternatives to demantic equivalencecondition

based on divergent scores: ttamking condition replaces a candidate if it scores higher than
the original (i.e., margin witld = 0) and thethresholding condition adds the additional

constraint that candidates should rank higher than a threshold to replace the original pair.

Extrinsic Evaluation Results

BLI Table 5.8 presents results for unsupervisedon themusE gold-standard dictionaries,

for EL-EN andEN-RO. Across languages, the revised bitexts induce better lexicons compared
to the original WikiMatrix. Crucially, improvements are reported both in terms of Recall—
which connects to the observation that the revised bitext exhibits higher coverage than
the original and in terms of Precision—which connects to the noise reduction effect that
impacts the extracted word alignments. Additionally, a break-down of the Precision of the

induced lexicons binned by the frequencymif SE source-side entries (i.e., l&&tolumns

Bhttps://github.com/google-research/multilingual-t5
Bhttps://github.com/ThilinaRajapakse/simpletransformers
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All Low Medium High

PAIR BITEXT Precision Recall F1 oovrate Precision

C ey Original 762 581 659 6:7% 594 766 | 814
Revised 776 58:6 668 7:5% 60:4 78:4 816

EN—ROn Original 892 694 781 15:8% 786 869 871
Revised 90:8 71:3 79:8 16:5% 80:0 87:5 86.9

Table 5.8: UnsuperviseslLl extrinsic evaluation results anusk for the entire dataset
(All) and on subsets binned by frequency (i.e., right-most highlighted columns). Revised
bitexts yield statistically signi cant () improvements over the original bitexts overall and

for low-to-medium frequency dictionary entries.

in Table 5.8) reveals that the improvements come from better induction of low- and medium-
frequency words, which we expect are more sensitive to noisy misalignments that result
from divergent bitext. Finally, those improvements are reported despite the small increase
of the oov rate in the revised lexicons that results from the decrease in the lexical types
covered in it, as mentioned in the analysis under Section 85.2.3.

Furthermore, following the advice of Kementchedjhieva et al. (2019), who raise concerns
on BLI evaluations based on gold-standard pre-de ned dictionaries, we accompany our
evaluation with manual veri cation to con rm that our conclusions are consistent with those
of the automatic evaluation. Concretely, we manually checKalse positivesnduced
translation pairs from the original vs. the improved bitext. We found@ba80 arefalse
false positivegdue to incompleteness of pre-de ned dictionaries) for the improved bitext
and51=80 for the original. This con rms that the metric improvements we observe are
meaningful and suggests that the improved bitext help learn better mappings between source

and target words.

MT Table 5.9 presents translation qualiBLEu) onEN$ RO andeN$ EL tasks formT
training from scratch and Figure 5.4 shows translation quality of mT5 continued training

across epochs. Across tasks and settings, the revised bitext yields better translation quality
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Figure 5.4:BLEU scores across epochs (x-axis) for continued training on mt5. The revised
bitext improves translation quality compared to the original for all epochs and translation
tasks.

PAIR ORIGINAL REVISED

EL! EN 2815 0:13 29:63 0:29
EN! EL 27.08 0:18 27:89 0:05
RO! EN 2368 0:12 24:54 0:06
EN! RO 2065 0:10 20:84 0:04

Table 5.9:BLEU onNMT training from scratch. Revised bitexts impraveT translation
quality.

than the original WikiMatrix data. The consistent improvements we observe across the
two settings suggest that the properties of the synthetic translations that replace original
samples and bring those improvements are invariant to speci ¢ models. Moreover, the
magnitude of improvements is larger in the continued training setting compared to training
from scratch (e.g., +0:8vs. +1:5 forenN! EL; +0:2vs. +1:5 forRoO! EN). The

latter suggests that improvements from using synthetic samples do not only come from the
normalization effect (i.e., synthetic samples are easier to modeMay but also connect

to the reduced noise in the training samples. This further complements our hypothesis
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that synthetic translations can improve the quality of imperfect references that should, in
principle, yield noisy training signals—and thus impact the resulting quality—of different

MT models.

Ablation Study

Table 5.10 compares the translation qualgy£u) of NMT systems trained on different
synthetic translations. By forcing the semantic equivalence condition when deciding whether
a synthetic translation replaces an original, we re&@% of the latter yielding the best
results across directions with signi cant improvements (i.e, increases do not lie Within
stdev of the original's bitext performance) 0:81(EN! EL, row9) and+1:49(EL! EN,

row 18) points over the original bitext.

Impact of semantic equivalence condition Table 5.10 shows that naively disregarding

the original references and training only on synthetic translations gives mixed results: train-
ing onforward-translatedreferences only (i.e., ro®) gives small improvements-Q:36)

over the model trained on WikiMatrix f@&N! EL, while it performs comparably to it for

EL! EN (i.e., row1l). On the other hand, training drackwarddata only (i.e., ronl2)
improvesBLEU by a small margin€0:23) for MT into EN while it hurtsBLEU when trans-

lating intoEL (i.e., row3). This indicates that the good quality of the synthetic translations
cannot be taken for granted and motivates replacing original pairs under conditions that
account for semantic controls.

The latter is further con rmed by results on the rejuvenation baseline: replacing candi-
dates for thel0%of the most inactive WikiMatrix samples results in small and insigni cant
increases iIrBLEU when compared to models trained on original WikiMatrix data (i.e.,
rows 1-4 and10-13). This indicates that rejuvenation might not be well-suited to lower

resource settings than the ones it was originally tested on (Jiao et al., 2020). The rejuvenation
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SELECTIVE DATA BITEXT STATISTICS

REPLACEMENT TYPES BLEU (0) F B VIS.
EN! EL
1: 7 (@) 27.08 0:18 100% 0% 0% ————
2: 7 F 2745 0:06 +0:36 0% 100% 0% ———
3: 7 B 2622 0:26 0:86 0% 0% 100%
4: Rejuvenation OF 2724 011 +0:16 90% 10% (017 ) —
5: Ranking OF 2721 043 +0:13 22% 78% 0% 1
6: Thresholding OF 2756 011 +0:48 78% 21% 0% 1m
7 . Semantic equivalence OF 27.64 022 +0:56 63% 37% (017 ) m———
8: Semantic equivalence OB 2761 009 +0:52 66% 0% 34% 1T
9: Semantic equivalence OF B 27:89 005 +0:81 50% 23% 27% 14
EL! EN
10: 7 (@) 2815 013 100% 0% 0%
11: 7 F 2816 017 +0:01 0% 100% 0%
12: 7 B 2838 0:09 +0:23 0% 0% 100% ]
13: Rejuvenation OF 2827 012 +0:12 90% 10% (017 ) m—
14 : Ranking OF 2881 0:13 +0:67 26% 74% 0% T/
15: Thresholding OF 2879 017 +0:64 81% 19% 0% ™
16 : Semantic equivalence OF 2900 0:15 +0:85 66% 34% (07 ) ———
17 : Semantic equivalence OB 2919 025 +1:05 63% 0% 37%C 1
18 : Semantic equivalence OFB 29:63 0:29 +1:49 50% 27% 23% [ 111

Table 5.10:BLEU results (averages @&seeds) oiEN$ EL NMT. denotes average improve-
ments over the original bitext. Bitext statistics give percentage of orig O |, (forward

(F ), and backward B ) translated candidates. First column shows the selective replace-
ment condition for candidate replacement (when applicable).

technique might be affected by the decreas®d quality and calibration in lower resource
settings. By contrast, using synthetic translations with semantic control mitigates their
impact.

Finally, all three semantic control variants based on divergent scores yield bitexts that
improve BLEU compared to the original WikiMatrix (i.e., rons8 and14-18). Among
them, themargincondition is the most successful, followed by thessholdingvariant. The
breakdown of training statistics reveals the reason behind their differencebreélbolding
condition is a more strict constraint as it only allows synthetic candidates to replace the
original pairs if they are predicted as exact equivalents, allowing for fewer revisions of
divergent pairs in WikiMatrix. By contrast, the condition basedmarginis a contrastive

approach that allows for more revisions of the original data (i.e., a candidate might be a
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more ne-grained divergent of the source). Tiankingcriterion is the least successful

method—this is expected as the divergence ranker is not trained as a regression model.

Impact of bi-directional candidates Considering both forwarc F ) and backward B )
translated candidates during selective replacement yields further improve@2gt8:44
points) over bitext induced by the semantic equivalence condition with candidates from a
singleNMT model (i.e., rows/-9 and16-18). When forward and backward candidates are
considered independently, they repl&e 37%of the original pairs; in contrast, when
considered together, they replaa@2oof original WikiMatrix pairs. As a result, there is

no perfect overlap between the original pairs replaced by the forward vs. backward model,
which motivates the use of both to revise more divergences in WikiMatrix. This nding
raises the question of whether using synthetic translations from both directions might bene t

other scenarios, such as knowledge distillation.

5.2.5 Summary

In this section, we explored how synthetic translations can be used to revise bitext, using
NMT models trained on the exact same data we seek to revise. Our extensive empirical study
surprisingly shows that, even without access to further bilingual data or supervision, this
approach improves the quality of the original bitext, especially when synthetic translations
are generated in both translation directions and selectively replace the original using a
semantic equivalence criterion. Speci cally, our intrinsic evaluation showed that synthetic
translations are of suf cient quality to improve over the original references, in addition
to “normalizing” the bitext as suggested by prior work and corpus level statistics (Zhou
et al., 2019a; Xu et al., 2021). Extrinsic evaluations further show that the replaced synthetic
translations provide more useful signals Ban tasks andimMT training in two settings (i.e.,

training from scratch and continued training).
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These ndings provide a foundation for further exploration of the use of synthetic bitext.
Our empirical study focused on language pairs and datasets where revising bitexts is the
most needed and most likely to be useful: the resources available for these languages are
not so large that mined bitext can simply be ignored or Itered with simple heuristics, yet
there is enough data to buildvT systems of reasonable quality (i.e.,600K segments
for EN-RO, and 75K for EN-EL). While in principle, selective replacement of divergent
references with synthetic translations should port to high-resource settings, nwneiis as
good or better than for the languages considered in this work, other techniques are likely
needed in low-resource settings wheameT quality is too low to provide reliable candidate
translations. In the following section, we introduce an editing-based model for bitext quality
improvement that utilizes divergent bitext more effectively in more heterogeneous data

scenarios.

5.3 BITEXTEDIT: Automatic Bitext Editing for Improved Bitext Quality

In this section, we propose &dliting approach to bitext quality improvemehat aims to
make use of as much of the signal from potentially imperfect mined bitext as possible. Our
model takes as input a bitext (i.€xs; X)) and edits one of the two sentences to generate
a re ned version of the original (i.ex? or x2) as necessary. By framing the problem
as a bitext editingBITEXTEDIT) task, we can perform a wide range of operations from
copyinggood-quality bitext tgartial editingof small meaning mismatches atrdnslating
from scratch incorrect references. Unlike our previous work in Section 5.2 that focused on
WikiMatrix bitexts mined from Wikipedia, here we switch to CCMatrix (Schwenk et al.,

2021b), a corpus mined from CommonCrawl, whicb@stime larger than WikiMatrix,

Eleftheria Briakou, Sida | Wang, Luke Zettlemoyer, Marjan Ghazvininejad. “BitextEdit: Automatic
Bitext Editing for Improved Low-Resource Machine Translation'Proceedings of the Findings of the 2022
Annual Conference of the North American Chapter of the Association for Computational Linguistics (NAACL
Findings), 2022.
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including several low-resource languages. Following previous extrinsic evaluations of
bitext quality (Koehn et al., 2019, 2020; Schwenk et al., 2021b,a), we comparenodels
trained on the original and revised versions of mined bitexts. Concretely, we report consistent
improvements in translation quality fa0 low-resourceNMT translation taskseN$ oOcC,

IT$ OcC, EN$ BE, EN$ MR, andeN$ sw, while in most cases, we even improve upon a
competitive translation-based baseline. Cruci@IMEXTEDIT yields from 4,upto 8

BLEU point improvements in the more data-scarce settingsgineQc, IT-0C). Additionally,

our quantitative and qualitative analysis indicates BiaEXTEDIT improves bitext quality

in higher-resource settings with lighter editing that targets more ne-grained meaning

differences. We make our code availableratps://github.com/Elbria/BitextEdit

5.3.1 Approach

We frame bitext re nement as an editing task (iBITEXTEDIT) that takes twanput
sentencesa sentence; in languagd and a sentence, in languagee, and aims at editing
oneof them (i.e., itoutputsx? or x2) with the goal of yielding a more equivalent translation
pair (i.e., x¢, x> or <x¥, x>). Below, we describe the bitext re nement model (§Bitext
Editing) and the curation of data needed to train our model based on bitext mining (8Bitext

Mining).

Bitext Editing

Architecture  Our bitext editing model is a transformer seq2seq architecture. Each bitext
(X¢, Xe) is encoded via adding position embeddings that are reset for each input sentence
to facilitate their alignment (Conneau and Lample, 2019) and two language embeddings,
initialized at random, to indicate the two languages for the editing model. The decoder

generates autoregressively a re ned versiox0br X, where the rst generated token
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Figure 5.5:BITEXTEDIT training strategy: Our multi-task model is trained using synthetic
supervision from mined bitexts. Starting from an original biteeg; & ), we mine imperfect
translationsx? andx? for each reference usinghnser (Bitext Mining). A sequence-to-
sequence Transformer model is trainedrémslateandreconstructhe original references
given synthetically extracted bitexts representing imperfect translations (Bitext Editing).

indicates which of the two input sentences is edited, as described below.

Learning As presented in Figure 5.5, during training, we optimize the multi-task loss
presented in Equation 5.2, which has two components. The rst represeditsiaased
reconstruction lossi.e., L ¢,r) that reconstructs one of the two sentences, gsgstarted
from a noised version of the original bitexts exf,andx.. We make this loss bi-directional

by adding a symmetrical loss that reconstructgrom x; andx?, respectively. The second
component is implemented as a bi-directiotmahslation losgi.e.,L ) via masking the
inputs of the target translation directions (e.g., genetatgivenx; and<mAsK>). Finally,

in both losses, a language identi cation symbol (isf.> or <e>) is used as the initial token

to predict the language of the output text.

X
L= logp [<e> Xe]j (x¢;x3) +logp [<f> x¢]j (x{;xe) +
(Xf;Xe) | {z
I-EDIT | (52)
logp [<e> Xe]] (Xf;<MASK>) +logp [<f> Xi]] ( <MASK>;Xe)

{z

Lt
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Inference At test time, our model takes as input a possibly imperfect bitext and edits

one of the reference translations while rst generating the language identi cation token.
The latter is used to infer which of the two reference translations gets revised. Finally, we
pair the edited output sequence with the original input that does not get revised, yielding a

re ned bitext.

Bitext Mining

Our model requires access@ andx? training instances that are treated as noised
versions ofx; andxe, respectively. Since our goal is to develop a model that can re ne
mismatches found in mined bitexts at inference time, we want our noised training instances to
share similar properties with the mined ones (e.g., uent text in the target language, possibly
imperfect translations of the source text). To this direction, we take a distance-based mining
approach to construct the noised samples similar to Schwenk (ZdC8ncretely, given
the mined bitex{x;; Xe) and two pools of monolingual sentendesandE, in languagd

ande, we extracx? andx? as follows:

x? = argmax,,r COS(LASER(Z); LASER(X¢)) 5 3

xg = argmax,,g COS(LASER(Xf); LASER(Z)) )
whereLASER (Artetxe and Schwenk, 2019) represents a multilingual encoder used to extract
sentence embeddings for each sentence, while the most similar sentence is returned based on
nearest neighbor retrieval. Furthermore, this formula is extended to retriekestaggences
while we also allow mining of the original CCMatrix translations. The latter happens to

expose the model to good translations at training time, which should not be edited.

18Note that unlike Artetxe and Schwenk (2019) we do not use a margin score anrtnalizedcosine
distance of sentence-pairs to keep the computation cost low and encourage mining of more diverse imperfect
translations.
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5.3.2 Experimental Conditions

Bitexts We focus on CCMatrix data for two main reasons: a) it constitutes the only large-
scale available resource for a lot of low-resource language pairs, and b) recent efforts of
auditing this corpus raise concerns regarding the quality of mined bitext of low-resource
pairs. CCMatrix is mined usingASER embeddings following the “max-strategy” approach:
a margin score is computed for all monolingual sentences in two languages, then the union of
forward and backward candidates is built, and pairs that score above a pre-de ned threshold
are treated as translations. Schwenk et al. (2021b) set the threshold globally for all languages
at1:06.

Our primary goal is to explore whether bitexts that are typically discarded by Itering
can be re ned by our model and thus bene t low-resouxe&r. For this purpose, we de ne
two pools of CCMatrix data: Pool A corresponds to CCMatrix data wRBER scores
greater thari:06, while Pool B contains bitexts with scores lower tHaf6 and greater than
1.05. The latter threshold is primarily chosen since CCMatrix bitexts is only available above

this value. Editing bitexts with even smaller scores is an interesting area for future work.

Training data BITEXTEDIT models are trained based on procedures described in Section
8§5.3.1, where we use Pool A to seed the generation of noised training sachipiedx?.

We minek samples? for eachx, andk sample? for eachx;, respectively. We set to 4.

Language-pairs We experiment with the following languages: English-Occitan-(

0C), Italian-Occitan (T-0C), English-BelarusiangN-BE), English-Marathi EN-MR), and
English-Swahili EN-sw). The5 language pairs are chosen to include diverse low-resource
pairs, which differ either in training data size or language similarity. Table 5.11 summarizes

the data statistics.
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ISO PAIR SCRIPTS Pool A Pool B
EN-OC English-Occitan Latin-Latin 0o2M  0:AM
IT-oCc Italian-Occitan Latin-Latin 0:3M  0:AMm
EN-BE English-Belarusian Latin-Cyrillic o7M 1AM
EN-MR English-Marathi Latin-Devanagari 1.5M  2:1M
EN-sw English-Swahili Latin-Latin 7™M 0:9M

Table 5.11: Statistics of CCMatrix bitexts.

Comparisons We run several extrinsic evaluations usimgT trained on different versions

of CCMatrix data. First, we trainMT models on two versions of original CCMatrix data:
PoolA (Schwenk et al., 2021b) and Podl B. Second, we aim to revise Pool B via a) a
translation-based approach that revisits the source side of the bitexts via back-translating
their target side with a model trained on the original CCMatrix, (bg), and b) via editing

either the source or the target side of it using our proposed approach(()k.,

Model details Our models are implemented on topfairseq (Ott et al., 2019Y° We

use the same Transformer architecture as in Schwenk et al. (2021b), with embedding size
512 4;096transformer hidden siz& attention head$ transformer layers, and dropoig.

We train with0:2 label smoothing and Adam optimizer with a batch sizd;000tokens per

GPU. We train for100epochs and select the best checkpoint based on validation perplexity.

We report single-run results.

Data Preprocessing We use the standard Moses scripts (Koehn et al., 2007) for tokeniza-
tion of EN, oc, IT, BE andsw and the IndiaNLP library?® for MR. For each language-pair,

we learn60K BPEs usingsubword-nmt (Sennrich et al., 201615}.

¥https://github.com/pytorch/fairseq
2Ohttps://anoopkunchukuttan.github.io/indic_nlp_library/
2https://github.com/rsennrich/subword-nmt
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Figure 5.6: Number of bitexts manually rated as perfect translations (i.e., No difference),
partial translations (i.e., some meaning difference), and wrong translations (i.e., unrelated)
for a random sample of original vs. re ned CCMatex-EL data.

Evaluation We evaluate our models on thevtesof flores (Guzman et al., 2019). We

reportspm-bleu?2 on the detokenized version of our outputs.

5.3.3 Intrinsic Evaluation Results

We conduct a qualitative study to con rm thBITEXTEDIT improves the quality of
CCMatrix. One of the authors manually evaluates a random samgi@0EN-EL sentence
pairs where we compare the original bitexts against the re ned ones. Here, we present
results on bitext re nement models that UM PoolA samples. Manual inspection of
re ned outputs of models trained on larger pools showed similar performance. As shown in
Figure 5.6, our models perform edits that re ne meaning mismatches found in the original
CCMatrix data. While only 38%of the original samples contain parallel texts that are
perfect translations of each other, the revised sample contain@%perfect translations.
Finally—apart from evaluating meaning differences—we also rate the uency of the edited
translations. We nd that our model does not suffer from major uency issues 84tho
of their outputs rated aawlessand155%asgood Table 5.12 presents example outputs of

our BITEXTEDIT approach for English-Greek.

2https://github.com/facebookresearch/flores
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[EN] ccMATRIX

[EL] ccMATRIX
b cLoss

[EN] BITEXTEDIT

After that time the whole group woulctalk for 5 minutes.
Argitera, h om“da meléthc z thse api ilouc na dialogistoOn gia pénte lept".

Later, the study group asked everyone to meditate for ve minutes.

[EN] ccMATRIX

[EL] ccMATRIX
b cLoss

[EN] BITEXTEDIT

We should, however, always be striving to live a sustainable kind life.
Pnta prépei na paleGoume gia dbkaih kai bi,simh eir nh.

We must always ght for just and sustainable peace.

[EN] ccMATRIX

[EN] ccMATRIX
b cLoss

[EL] BITEXTEDIT
b GLoss

“The western in uence came from Im and television”, he later explained.

{H logokrisba entebnetai ilo kai perissitero ston kinhmatogr*fo kai thn thleirash}, ex ghse o Bdioc.

{H dutik epirro rje api thn tainBa kai thn thleirash} , ex ghse argitera.

[EN] ccmATRIX
[EL] ccMATRIX

| could work with a hospital specialist as a clinical assistant (as | have done).
DoOleue ¢ bohjic ereunht parilihla me to didaktoriki (ipwc kai eg,)

b cLoss
[EL] BITEXTEDIT
b cLoss

Ja mporoOsa na douléyw me énan eidiki sto nosokomebo wc klinikic bohjic (ipwc éqw Kk nei).

Table 5.12: Examples of CCMatrix bitexts along with re ned sides generatdsi teyxTE-

DIT. mm denotes the sideK[] or [EN]) that the model edits, while highlighted segments
indicate the meaning mismatches in the original CCMatrix sentence that gets edited. Greek
sentences are glossed to help understanding their meaning.

5.3.4 Extrinsic Evaluation Results

We present our main results ot tasks that comparBITEXTEDIT with baselines
(8Main Results) and then turn into analysis experiments that explore how our model performs

in different data regimes (8Analysis).

Main Results

Bitext Itering revisited We rst provide empirical evidence that bitext Itering might

be a suboptimal solution to low-resoume® T. Table 5.13 shows that Itering out sentence
pairs that score below the prede ned threshold®6 (i.e., Filtering) surprisingly hurts
translation quality in almost all translation tasks (rd&wss. 1 and8 vs. 7). This result is

likely because the threshold was optimized for speci ¢ language pairs and the fact that—

under low-resource regimes—increasing the amounp®ss$ibly imperfedranslation data
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EN! OC IT! ocC EN! BE EN!' MR EN! sw

1: CCMatrix Al B 205 115 110 122 381

2: Filtering A 181 24 117 +0:2 a8 02 122 (010] 376 05
3: Translation-based b(A [ B) 20:8 +0:3 170 +5:5 123 +1:3 155 +3:2 376 05
4: BITEXTEDIT r(A[ B) 254 +4:9 198 +8:3 128 +1:7 15:8 +3:6 378 03
5: Translation-based A[ b(B) 230 +2:5 170 +5:5 121 +1:1 154 +3:2 38:8 +0:7
6: BITEXTEDIT Al r(B) 26:0 +5:5 19:9 +8:4 13:0 +2:0 153 +3:1 383 +0:2

oc! EN oc! IT BE! EN MR! EN sw! EN

7 : CCMatrix A[ B 243 116 a8 130 348

8: Filtering A 178 65 111 05 78 20 113 1:.07 348 00
9: Translation-based (A [ B) 266 +2:3 173 +5:7 99 +0:1 136 +0:6 338 10
10: BITEXTEDIT r(A[ B) 282 +3:9 18:5 +6:9 107 +0:9 164 +3:4 358 +1:1
11: Translation-based A[ b(B) 277 +3:4 156 +4:0 96 02 151 +2:1 36:8 +2:0
12: BITEXTEDIT Al r(B) 28:7 +4:4 183 +6:7 10:8 +1:0 16:7  +3:7 362 +1:8

Table 5.13: Results onmT tasks for models trained on different versions of CCMatrix. For
each task the rst column denotes s@neU; the second columns (highlighted scores) give
the difference of each row with the original CCMatrix. Models trained on the re ned bitexts
improveNMT for low-resource language-pairs.

might still bene tNMT. Furthermore, this experiment gives us insights into the quality of
the training data our bitext editing model uses: IfBIOC, BE-EN, andEN-MR we expect
Pool A to provide more noisy training signals @ssu scores oNMT models trained on it
are 11), compared t&N-oC andeN-SwW where the quality of the given bitext is expected

to be signi cantly better§LEU scores 18and 37, respectively).

Editing Pool B  Applying BITEXTEDIT to edit erroneous translations in Pool B (i.e.,
A [ r(B)) improves the quality oNMT systems over the ones trained on the original
CCMatrix corpus (rows$ vs. 1 and12vs. 7). Among the language pairs considered, the
largest improvements are reported foroc translation tasks (i.e£8:4=+ 6:7), followed
by EN-OC (i.e., +5:5=+ 4:4). The magnitude of improvements might be explained by the
relatedness of the two languages, which facilitates editing with simpler operations (e.qg.,
copying instead of translating).

Our approach also brings signi cant improvements over the original data for distant
language pairs written in different scripts, despite being trained on more noisy data, as

discussed above. For example, we see improveren®=+1:0for EN-BE and+3:1=+3:7
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for EN-MR. On the other hand, improvements er-sw are smaller (i.e.+0:5=+ 1:8).

This is expected given the highLEU scores that the original CCMatrix data yields.

Comparison with Translation-based Baseline Since Pool B bitexts are typically Iltered

out from the pool oNMT training instances, one reasonable way of incorporating them in
NMT training is via treating them as monolingual samples. We experiment with a translation
model based on back-translation, which constitutes the most popular approach to employ
data augmentation fosmT. ComparinghMT models trained on CCMatrix augmented with
back-translated Pool B against our revised Pool B version (i.e., 5oaxgs6 and11vs. 12)

shows that editing outperforms the translation-based mod&Hiitasks, while it yields

comparable results to it for the re3t

Editing Pool A and Pool B  Since the editing framework gives us the potential to generalize

all types of operations thamightbe needed to re ne bitexts, it is also important that it does

not performoverediting(i.e., editing already good quality bitexts). For this reason, we also
attempt to revise the entire CCMatrix corpus (ir€A [ B)) using our bitext re nement
models (i.e., rowgl and9). To better understand the importance of performing conservative
editing on good quality bitexts, we also compare against the translation-based baseline (i.e.,
b(A[ B) inrows3and9). First, we observe that our approach yields consistently signi cant
improvements over CCMatrix with the exceptioneM! sw where it performs comparably

to it. Second, for most tasks, the improvements are comparable to those reported when
revising only Pool B, while it is consistently better than the translation-based model. It,

overall, provides a universal method that works well in every case.
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(a)jBj = jAj=2 (b)jBj = JA] (c)iBj = 2jA]

Figure 5.7: Translation quality (i.eBLEU) of EN! EL NMT models trained on different
amounts of Pool A and Pool B data (i.@Aj given byx-axis). Across settings, bitext
re nement (i.e.,A [ r(B)) performs better or comparably to training on the original
CCMatrix (i.e.,A[ B)orits Itered version (i.e.A).

Figure 5.8:BLEU for EN! EL NMT trained on varying size of CCMatrix data (Pool A).
Analysis

Scaling-upBITEXT EDIT  First, we examine how models trained only on good quality
data (Figure 5.8) behave as we vary their quantity. We experiment with English-Greek
EN-EL CCMatrix bitexts and simulate various resource settings via downsampling. In
low-resourcesettings (i.e.jA] < 1M), translation quality exhibits rapid improvements, with

an increase fromO to 50K training samples boostingLEU, by approximatelyL0points.

In medium-resourcecenarios (i.e] <MjAj < 5M), a proportional increase in the quantity

of good quality bitexts yields smaller—yet, signi cant—translation quality improvements
(i.e., moving from1M to 5M bitexts yields+2 BLEU). Finally, in high-resourcesettings
(i.e.,JAj > 5), translation quality reaches a saturation point, \gitlEU increases being
small and insigni cant (i.e., +0:2) as we move froniOM to 15M training samples.

Second, we present a controlled analysis experiment on how bitext re nement impacts the
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translation quality oNmMT systems under different resource settings (Figure 5.7). Concretely,
starting from a high resource language-pair in CCMatrix (hexegL), we sample good and

poor quality bitexts (i.e A andB, respectively) representing low- to high-data scenarios
(e.g.,50K up to 15M sentence-pairs). Then, we tran! EL NMT systems oA [ B while

varying their distribution to represent three settings: (a) good quality bitexts overwhelm the
training data (i.e.}Bj = jAj=2), (b) good and poor quality bitext are equally represented
(i.e.,jBj = jA]), and (c) poor quality bitexts overwhelm the training data (j&j,= 2jAj=).

Across distribution conditions, adding imperfect translations @¢1o the original good-
guality data yields improvements for low-to-medium resource settingsjf\es 5). These
results complement the earlier observations of 85.3.4 that question the appropriateness of
a ltering framework in settings where data is scarce. On the other hand, when moving
to high resource scenarios, the additional signal that results from imperfect references can
have either insigni cant (i.e., Figure 5.7a) or negative impact (i.e., Figures 5.7b and 5.7c) on
translation quality. The latter depends on whether the good quality data is underrepresented
in the training samples.

Third, starting from good quality bitexts of varying sizes, we train separate bitext
re nement models and edit the corresponding poor quality samples (i-B.de ned earlier.
Across the boardyMT models that are trained @[ r(B) yield the best translation quality
results compared to both Itering and training on the original CCMatrix. However, we
observe that the magnitude of the improvements depends on the data settings. Concretely,
bitext re nement yields signi cant improvements on low-to-medium resource settings (i.e.,

+2 BLUE points). On the other hand, in high-resource scenarios, bitext re nement
helps mitigate the negative impact of overwhelming poor-quality instances and performs
comparably to ltering. The latter suggests that our re nement strategyoves bitexts

guality across low- to high-resource settings
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C S D I C S D I

CORPUS EDITED SENT. ALL (%) ALL n COPIES (%)

Tatoeba 2980% 9747 188 029 034 8638 1016 156 188
OpenSubtitles 6563% 9046 553 127 273 7451 1479 339 729
ParaCrawl 8811% 9630 225 Q39 104 8542 889 155 412

Table 5.14:TER statistics for bitext re nement of random samplessof-EL OPUSbitexts.
Second column gives th of bitexts that get at least one edit operation; the last two
columns present the percentage of corregt $ubstituted $), deleted ), and insertedi|
tokens for all the bitexts (i.eaLL ) and the subset of bitexts that receive revisions compared
to the original (i.e.ALL N COPIES).

PAIR SRC TGT BOTH

EN-OC 3406% 6658% 6748%
IT-OC  3476% 4111% 7578%
EN-MR 5835% 1990% 6807%
BE-EN 21:01% 2806% 4906%
EN-sw 1452% 2105% 3557%

Table 5.15: Percentage of sentences with at least one edit operation compared to the original
for: source-sidegr0), target-side{GT), and both sidessOTH).

Percentage of edited bitexts Table 5.15 presents coarse statistics on the percentage of
re ned bitexts that exhibit at least one edit compared to the original ones. First, we observe
that the percentage of edited bitexts varies across the languages-pairs studied. This re ects
the varying quality of PoolB samples in different languages and also connects to the varying
magnitude of improvements we show in Table 5.13. The biggest improvements are given
for IT-0C, where 76%o0f the bitexts are edited by our re nement models. On the other
hand, the smallest improvements are foundefiersw, with only  36%of its bitext being

revised, probably due to the already good quality of the initial CCMatrix sentence pairs.

Editing EN-EL OPUS corpora Broadly speaking, a good bitext re nement model should
be able to rewrite bitext in a way that improves potential errors in the original references.
At the same time, though, it should avoid over-editing (i.e., avoid editing an already good

translation pair). We perform a quantitative analysis®REL corpora fromopusthat vary
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in their quality and extract Translation Error Rat&R) label (Snover et al., 2006) token-
level statistics to study both tHeequencyand thetypesof edits that our bitext re nement
models perform. Table 5.14 presents results on random samptE30K) of three popular
corpora: (a) the Tatoeba corpus (Tiedemann, 2020) consisting of human translations, (b) the
OpenSubtitles corpus (Lison and Tiedemann, 2016) consisting of sentence-aligned subtitles
of movie series, and (c) the ParaCrawl corpus (Espla et al., 2019) consisting of automatically
crawled translations from document-level translations of European Parliament Proceedings.
As expected, our model performs minimal editing on the high-quatpebabitexts.
Concretely, only 30% of it gets revised, while as suggested by the token-lews
statistics, even the revised sentence pairs mostly consist of substituted tokens. Further manual
inspection reveals that most of those tokens depict subtle spelling differences between Greek
words. On the other hand, when editing the samples of automatically extracted bitexts, our
re nement model performs more frequent edits: it revise§5% of OpenSubtitles and
88%o0f ParaCrawl bitexts. Interestingly, although a greater amount of ParaCrawl texts
get revised compared to OpenSubtitles, edits on the latter are more aggressive as it consists
of at leastLl0%fewer “correct” (i.e.,C) tokens than the former. A break of the types of
operations further reveals that editing OpenSubtitles requires more “deletionbjiangd
“insertion” (i.e.,I) operations compared to the other two. This observation connects to prior
efforts on auditing OpenSubtitles that found sentence segmentation errors (i.e., added extra
leading/trailing words on one side) to be a frequent type error for this corpus (Vyas et al.,

2018a).

5.3.5 Summary

We introduce an alternative approach for bitext quality improvement that we show is

better suited for low-resource language pairs. Instead of Itering out imperfect translation
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references that result from automatic bitext mining, we instead edit them with the goal of
improving their quality. Our editing models are trained using only synthetic supervision,
which can be gathered at scale for any language pair that support bitext mining. Extensive
guantitative analysis suggests that our approach successfully improves bitext quality for a
variety of language pairs and different resource conditions. Furthermore, extrinsic experi-
ments onl0low-resourceNMT tasks suggest that bitext re nement constitutes a successful
approach to improvingMT translation quality in low data regimes. Those ndings highlight

the importance of the goaguality bitexts in scenarios where larg@antitiescannot be

guaranteed and motivate future research on improving low-resowcdurther.

5.4 Conclusion

This section closes the loop of our exploration of how ne-grained divergences interact
with MT training. We explored two orthogonal directions to mitigate the negative impact of
semantic divergences o'MT systems. The rst direction relies on detected divergences
in training bitext and aims to model them explicitly via challenging the assumptions of
translation equivalence adopted by the standaud framework. In doing so, we introduced
DIV-FACTORIZED, a divergent-awargMT framework that models divergences as factors via
encoding information about which tokens are indicative of semantic divergences between the
source and target side of a training sample. Our empirical results indicate that factors to help
NMT recover from the degradation caused by naturally occurring divergences, improving
both translation quality and model calibration iam tasks.

Our second direction aims, instead, to equivalize divergences in bitext in order to match
the NMT translation equivalence assumptions better. In doing so, we rst contribute an
empirical study that explores how synthetic translations can equivalize semantic divergences

in mined bitexts under semantic control signals. We show that selective replacement of
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divergences with synthetic translation candidates is a successful strategy to bitext quality
improvement in settings where enough data is available to buwitd systems of reasonable
guality. In settings where the latter cannot be guaranteed, we pr&os&TEDIT, an
edit-based model that re nes divergences in mined bitexts in an autoregressive fashion
via utilizing signals from both source and target references more effectively than selective
replacement witmT.

After establishing that the detection of ned-grained divergences can help us improve
machine translation systems, we now adkw can the detection of semantic divergences
advance humans' understanding of translation difference€?ur last and nal chapter
aims to answer this question by proposing an approach that explains divergence predictions

and evaluating the usefulness of such predictions in real-world use cases.
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Chapter 6: Assisting Humans to Detect Translation Differences by Con-

trastive Phrasal Highlighting

In our nal piece of work, we hypothesize that in
order for translation to break language barriers, we
needNLP tools that not only compare and contrast the
meaning of texts across languages but also explain
their differences to their consumers. As a result, our
primary goal in this chapter is to equip our own di-
vergence detector models with the ability to indicate

not justwhendivergences exist but also tell udere

Figure 6.1: Highlighted meaning
differences in GreekgL) and En-
To that end, we devise an explainability approagfish (EN) sentences drawn from
. o . . Wikipedia translated articles. High-
drawing from a key insight from social sciences: HH'ghts show phrases that differ in
meaning across the two languages,
and color indicates which Greek
humans barely explain why an event happened in fhterases should be compared with

, which English phrases.
vacuum, but rather why it happened compared to a

such divergences reside.

man explanations are contrastive (Miller, 2019), i.

contrast case. For instance, to explain how a Greek sentence and a candidate translation in
English differ, it is more informative to show how a phrase pair in one language contrasts
with a phrase in the other language (as illustrated in Figure 6.1) than to highlight all salient

Greek and English tokens without specifying how they relate to each other.
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Unlike prior work in explainability that seeks to explain what tokens led to a model
prediction, we ask‘What differences between the two inputs explain a predictidn?"
what follows, we start by reviewing prior work on explainability (86.1), then introduce our
approach (86.2) and nally turn into evaluating our approach based on proxy (automatic)

(6.3) and application-grounded evaluations (86.4 and 86.5).

6.1 Background

Explainability approaches aim at explaining models' predictions at a global level or a
local level (Doshi-Velez and Kim, 2017). The former approaches analyze the general patterns
that help us understand a model's global behavior, while the latter explain why a prediction
related to a speci c input was made. Our work draws on work on local explanations, as

detailed below.

6.1.1 Highligh-based Explanations

In general, a popular approach to local explanations aims to highlight features in a
model's input that are deemed important for a speci ¢ prediction. Such highlight-based
explanations can take different forms, for instance, attributing feature importance based
on saliency maps (Smilkov et al., 2017; Shrikumar et al., 2017; Sundararajan et al., 2017,
Adebayo et al., 2018). Drawing on such approaches, a signi cant amountrofvork
joined the debate on whether deep neural models' internal mechanisms, such as gradients or
attention weights, can offer modules to communicate a notion of input tokens' importance
implicitly (Bastings and Filippova, 2020; Bibal et al., 2022). While the debate is still ongoing,
some works contribute evidence questioning their applicability to serve as an explanation
framework (Jain and Wallace, 2019; Wang et al., 2020a) and others suggesting technical

solutions and evaluations under which attentonld be seen as an explanation (Wiegreffe
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and Pinter, 2019; Tutek and Snajder, 2020; Sun and Mar@s2021). On the other hand,
another line olNLP research adapts popular erasure-based techniques to explaining model
predictions by treating them as black boxes. For instance, Ribeiro et al. (2016) approximates
the model's local decision boundary with linear models by erasing multiple tokens from a
mode’'s input at random. Li et al. (2016) compute a token's importance by measuring the
difference in the model's con dence once it is erased from the input, with several following
works exploring different token erasure schemes, based on input reduction (Feng et al.,
2018) or input marginalizing (Kim et al., 2020). Drawing on this line of work, instead of
attributing token importance based on erasure operations, we erase pistasal pairs

that together contribute to the model's prediction interdependently.

6.1.2 Contrastive Explanations

Contrastive explanations have recently received attention withinthditerature in
light of insights from social science research emphasizing that human explanations are
usually perceived with respect to an implicit contrast case (Miller, 2019). To that end,
several approaches have been introduced aimiggraratingsuch implicit contrast cases,
namely counterfactuals. Within the currently studiad tasks, counterfactual explanations
are usually conceptualized as minimal textual edits on an input instance that cause a ip on
the model's prediction to a contrast class. Performing such edits usually requires training
dedicated editor models (Ross et al., 2021), prompting language models (Paranjape et al.,
2021), and accessing external knowledge bases (Chen et al., 2021), among others (Li et al.,
2020; Chemmengath et al., 2022). Unlike the above approachegethatatecontrastive
explanations, a few studies propose to exthaghlightscontrastively. Concretely, Jacovi
and Goldberg (2021) proposed to extend erasure-based approaches based on the inclusion

of contrastive features, i.e., identify what parts of the input lead to the prediction of the main
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class and what parts lead to the prediction of a contrast class, or by extending saliency-based
methods to explain the generation of contrast cases for language generation tasks Yin and
Neubig (2022). Contrary to prior work, we study how contrastive explanations can be
operationalized to surface salient phrasal pairs contributimg roprediction of regression

models.

6.1.3 Evaluation of Explanations

Evaluating models' explanations is an active research area. Most current watrk in
adoptsproxy evaluation approaches comparing the automatically extracted explanations
with human-provided rationales, i.e., tokens within a text deemed important for the gold
label. To that end, numerous datasets have been released (Wiegreffe and Marasovic, 2021)
covering a wide range of explanations types, such as highlgihts (Zaidan et al., 20074,
Khashabi et al., 2018; Thorne et al., 2018; DeYoung et al., 2019) or explanations in nat-
ural language (Camburu et al., 2018). Other approaches redjnguii ed tasks such as
simulatability experiments, where users predict the model's output by accessing only its
explanation (Hase and Bansal, 2020; Nguyen, 2018). Despite the attractiveness of proxy
and simpli ed evaluations, work on the intersection of human-computer interactions, and
Al raises concerns about their reliability and warns that conclusions on the effectiveness of
explanations based on such evaluations might be misleading (Buccinca et al., 2020). Along
those lines, Boyd-Graber et al. (2022) suggest that evaluatisnméxplanations should be
based on application-grounded evaluations that aim to understand the use of explanations by
humans in completing a concrete task, as suggested by wer&ii{Doshi-Velez and Kim,

2017; Suresh et al., 2021; Liao et al., 2020). Our work draws insights fronand, unlike
prior evaluation omLP explanations, complements complementing proxy evaluations with

application-grounded user studies.
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6.1.4 Detecting & Explaining Translation Differences

Detecting translation differences has been long studied in the context of analyzing
and understanding human and machine translations. Broadly speaking, most approaches
fall under the broad categories of assigning sentence-level scores indicative of translation
quality (Zhang et al., 2019; Sellam et al., 2020; Rei et al., 2020; Xu et al., 2022) or detecting
meaning divergences (Vyas et al., 2018b; Briakou and Carpuat, 2020; Zhai et al., 2019a;
Wein and Schneider, 2021). More recently, several task framings that look into the detection
of translation differences at a ner granularity have been proposed, such as phrasal detection
of translation processes (Zhai et al., 2018) and word-level quality estimat®)rigsks that
comprise standardized shared taske/wmT since2018(Specia et al., 2018; Fonseca et al.,
2019; Specia et al., 2020, 2021). Amongst the latter, explainability approaches have been
proposed to predict word-level errors in machine translation outputs based on Explainable
QE shared tasks (Fomicheva et al., 2021; Zerva et al., 2022), Despite the success of leading
approaches (Treviso et al., 2021; Rei et al., 2022) based on proxy evaluations, they are
primarily based on saliency-based methods that do not adhere to the contrastive nature of
human explanations, while little is known as to whether such they are easy to comprehend
and helpful to humans. Our work evaluates our proposed contrastive phrasal highlights with

human-centered evaluations grounded on real-world scenarios.

6.2 Explaining Divergences with Contrastive Phrasal Highlights

We introduce a highlighting approach to explain the predictions of a model that compares
and contrasts two text inputs. Since models operating on top of two textual inputs require
capturing the relationships of content residing across them, we propose to explain such

models by surfacing their cross-sentential relationships as contrastive phrasal highlights. We
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Figure 6.2: Explain by contrastive phrasal highlights: Our approach takes as input a sentence
pair (S) and extracts a set of perturbed inputs by erasing phrasal pairs guided by word
alignments (Step 1). Then it explains the prediction of a regrd3¢8) by highlighting the
phrasal paip that, once deleted, maximizes the model's predicbddel[S; p]) multiplied

by a brevity reward® (S; p) that encourages the extraction of short phrasal pairs (Step 2).

hypothesize that phrasal-(pairs) is a more appropriate de nitiamoghitive chunkgDoshi-
Velez and Kim, 2017), i.e., the basic units of explanations, compared to tokens. For instance,
suppose we want to explain why the English and French texts in Figure 6.2 differ in meaning.
The English text describes the Maple Leaf Forever aateonal anthenwhile the French
text as achant patriotique(patriotic song). As a result, those two segments exhibit an
interdependent relationship in explaining the differences between the two texts and should
be highlighted together. On the other hand, the added phi@asaany years"in English is
independently highlighted as when it contrasts with the French text, no direct correspondence
can be established.

Our approach is motivated by erasure-based explanation methods (Ribeiro et al., 2016;
Lundberg and Lee, 2017), which identify salient parts of an input based on how much erasing

them impacts the prediction of the.P model. However, instead of independently erasing
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tokens from the two input texts, we generate counterfactual inputs by erasing contrastive
phrase pairs. Here, we apply this approach to explaining the predictions of our own divergent
model introduced in Chapter 3. As a reminder, our divergent model ranks bilingual sentence
pairs based on the granularity of their semantic divergences (assurnsran equivalent

pair and® a pair containing semantic divergences, our métle) ranks them such that

R(x) > R(%). We introduce a lightweight, iterative two-stage approach as shown in
Figure 5.5. Given two input texts, we rst extract a set of candidate counterfactual inputs
based on an alignment-guided erasure approach that masks out aligned segments (86.2.1).
Then, we seek to explain the model's prediction by selecting the phrase pair whose erasure

maximally increases the similarity score between the two inputs (86.2.2).

6.2.1 Alignment-Guided Phrasal Erasure

We propose an alignment-guided erasure approach that takes into account the input's
structure. Given a sentence-p8irwe start by extracting a set of candidate counterfactual
instances by deleting a single phrase(-pair) filentiven that erasing all possible phrase(-
pairs) for each sentence is computationally prohibited, we restrict our search to deleting
phrases that belong to an aligned phrase table,

Our phrase pair candidates for erasure are derived from classical statistical machine
translation techniques developed for extracting phrase translation dictionaries from parallel
corpora (Och et al., 1999; Koehn et al., 2007). Given two texts, we derive word alignments
based on multilingual word embeddings (Jalili Sabet et al., 2020) and then extract all phrase
pairs consistent with the word alignments. A phrase fi@airp.) is consistent with the
word alignment ifp; andp, are each contiguous sequences of words in each language if
there exists at least one alignment link that connects a word wpthim a word withinp,,

and where all alignment links that start withpn map to tokens withimp, and vice versa.
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Unaligned words (i.e., words aligned tanall token) can be included in either phrase.

As a result, the extracted phrase pairs comprise not only equivalent phrases that are exact
translations of each other but also include related but divergent phrase pairs, such as such as
the aligned phraségational anthem"versus‘chant patriotique", and the unaligned phrase

“served for many years(see Figure 6.2).

6.2.2 Explain by Minimal Contrast

In the second stage, given the sentence paind its aligned phrase talle we rst
extract a set of contrast cad&s= f pg consisting of all the phrasal pairs that, once erased,
make the two inputs more equivalent, as measured by an increase in score larger than a
margin :
n o]
P= p2P; st R DEL S;p >R S +
Then, we extract a contrastive phrasal highlight that explains the prediction of the model, by
maximizing the below product:

( )
argmax R DEL S;p BR S;p

1PJ

e isi; iIfR DEL S;p 0

BR(S;p) =

W A QO

il

e isi; otherwise

where the rsttermR (DEL S;p ) encourages the extraction of a contrastive phrasal high-
light p corresponding to a high score under the model (i.e., deleting this phrase pair yields
a contrast case), while the second teBR S;p corresponds to arevity rewardthat

encourages extraction of shorter highlights. The latter component operationalizes the idea
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that explanations should be minimal (Hilton, 2017; Lipton, 1990), covering only the most
relevant causes to reduce cognitive load. Therefore, we seek to explain the prediction

through minimal deletion edits.

The above approach yields one phrasal(-pair) that explains the divergence prediction for
the original sentenc®. To extract multiple potential explanations, we repeat this process
iteratively by erasing the extracted contrastive phrasal highlight from the current input
sentencé&’= DEL S;p , and repeat the steps outlined in §6.2.1 and §6.2.2. This iterative
process ends when, for a given input, none of the extracted counterfactuals instances yield a
more equivalent pair, i.eB = ;, or we reach an equivalent input under the divergent ranker,

i.e,,R[S%p]> 0.

6.3 Proxy Evaluation

In this section, we describe our proxy evaluation based on human-provided highlights.
We acknowledge that proxy evaluations encounter validity issues (Boyd-Graber et al.,
2022) and use them primarily to guide system development and validate against standard

highlighting methods.

6.3.1 Experimental Setup

Explanandum We seek to explain the prediction of our divergence ranking model that
assigns a continuous score to a sentence pair, re ecting its divergence. For more information

on the model details and the experimental setup, we refer the reader to §83.2.

Explainers We contrast our contrastive phrasal highlights against two standard post-hoc

explanation methods that seek to explain the predictions of the explanandum detailed above.
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Concretely, we uselME (Ribeiro et al., 2016), which ts a linear model in the proximity of
each instance, to approximate the behavior of the explanandunsHar{Lundberg and
Lee, 2017), which computes Shapley values by estimating the marginal contribution of each

word across all possible perturbations.

HUMAN

The older generatio turbines generate kilowatts , and the modern turbines installed generate up to 3 mec depending on the speci c turbine and manufacturer ..
Les turbines d' ancienne génération génerent des kilowatts , alors ¢ éoliennes modernes o une puissance pouvant aller jusqu' a 3 mégawatts .

(gloss) The turbines of the old generation generate kilowatts, while the modern wind turbines generate up to 3 megawatts of power.

LIME
The older generation turbines generate kilowatts , and the modern tur installed generate up to 3 megawat depending on th speci ¢ turbine and manufacturer ..
Les turbines d' ancienne génération génerent des kilo\, agtlors que les éoliennes modernes ont une puissance pcallengusqu' & 3 mégawatts .

SHAP
The older generation turbines generate kilowa and the modern turbines installed generate up to 3 mega , ‘atéependingon the speci ¢ turbine and manufacturer ..
Les turbines d' ancienne génération générent des kilowatts , alors que les éoliennes modernes ont une puissance pouvant aller jusqu' & 3 mégawatts .

OURS
The older generation turbines generate kilowatts , and the modern tu installed generate up to 3 megawatts depending on the speci ¢ turbine and manufacturer ..
Les turbines d' ancienne génération générent des kilowatts , alors que les éoliennes i ont une puissancepouvant aller jusqu' a 3 mégawatts .

Table 6.1: Examples of divergence explanatiamsigAN corresponds tREFRESD ratio-
nales).

Human-Provided Highlights We evaluate our approach on our Rationalized English-
French Semantic DivergenceREFRESD) dataset, which is annotated with divergences of
ne-grained and coarse-grained granularity, along with rationales that justify the sentence
label. We compare our contrastive phrasal highlights with the human-provided highlights
of instances annotated as having “Some Meaning Differences" at the sentence level, where
we expect the more subtle differences in meaning to be found and the phrasal annotation
to be most challenging. As a reminder, the evaluation set for this class comfitiBes

English-French sentence pairs. For more details on the dataset, we refer the reader to 8§3.1.

Evaluation Metrics Motivated by prior work on contrastive explanation generation (Ross

et al., 2021) and evaluation of rationalized NLP models (DeYoung et al., 2020b), we
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ENGLISH FRENCH
PR. RE. DEL. PR. RE. DEL.

ORACLE 100 100 39% 100 100 43%
Random 39 48 50% 42 49 50%
LIME 45 37 30% 44 37 34%
SHAP 53 34 25% 50 32 26%
oURs( BR) 52 76 54% 56 74 55%
OURS 58 61 37% 60 55 37%

Table 6.2: Proxy Evaluation Results with respect to gold-standard rationales on the “Some
Meaning Difference" classes of REESD.

compute two measures: Agreement with Human Rationales the Precision, Recall
scores averaged across instances for each side of the sentence-pair computed against the
gold-standard rationales REFRESD; b) Minimality : the length of the contrastive phrasal

highlights measured as the number of tokens.

6.3.2 Results

Table 6.3 presents the results of our proxy evaluation.

Comparison with Baselines Explaining the explanandum's prediction by extracting
contrastive phrasal highlights signi cantly outperforms batlme and sHAP based on
Precision, Recall scores ®®EFRESD. Interestingly, the standard highlighting baselines

fail to perform better than theANDOM baseline: A closer look at the highlights produced

by the different approaches, as shown in Table 6.1, indicates that incehandsHAP suffer

from two major issues: sparsity and accuracy. We hypothesize that those issues are linked
to the fact that both approaches operate in the token space, by employing random token
masking and ignoring the interdependent relationships between segments residing across

languages. By explicitly modeling such relationships, our approach produces highlights that

INote thatLIME andSHAP are feature attribution methods that assign a continuous score to each word.
Changing the threshold to different values than the defawld does not improve the results, as both methods
suffer from a precision-recall tradeoff.
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match the ones in REHESD better.

Ablating the Brevity Reward Across variants (i.e., with and without the brevity reward),

we extract explanations that match rationaleRBFRESD better than all baselines. The un-
constrained variant of our approach (i.e., Ours (-BR)) achieves the highest recall. However,
it does so by hurting precision (i.e., it produces fewer and longer highlights per instance).
Concretely, on average, it highlights more tf#?0f each sentence-pair, while the oracle
average length base on gold standard highlights corresponds to 408%%utUsing the
brevity reward results in highlights that, on average, match the length of the gold standard

highlights better, indicating that this factor indeed helps produce more minimal explanations.

In summary, the proxy evaluation results and manual inspection are promising indicators
that contrastive phrasal highlights could be helpful when detecting semantic divergences.
However, as highlighted by recent work on explanation evaluation, proxy evaluations can

be misleading. In what follows, we present results on two human-centered evaluations
of our proposed approach, where we aim to evaluate whether explanations are helpful to
humans in two application-grounded scenarios. Note that both of the following studies have

been approved by the University of Maryland Institutional Review Board (IRB number

2018458-1).

6.4 Application-Grounded Evaluation I: Annotation of Semantic Diver-

gences

Given that the premise of our work is to produce explanations that serve human needs,
we conduct a human-centered evaluation and explore whether contrastive phrasal highlights

assist bilingual speakers in detecting ne-grained meaning differences in bilingual texts. As
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shown by prior work, including ours, annotating ne-grained divergences is a challenging
task and requires dedicated annotation protocols based on rationales (83.1) or abstract
meaning representation frameworks (Wein et al., 2022) to achieve moderate agreement.
As a result, such annotations are usually hard to collect with crowd workers since they
require explicit annotator training. In this section, we attempt to understand whether
providing bilingual crowd workers with contrastive phrasal highlights can help collect
reliable annotations of divergence and potentially ease the need for complex and expensive
annotation protocols. To that end, our goal is to test the following hypoth@sistrastive

phrasal highlights improve the annotation of ne-grained semantic divergences in terms of
accuracy and agreemerin what follows, we describe the experimental setup of our study

(86.4.1), then detail our study design (86.4.2), and conclude with ndings (86.4.4).

6.4.1 Experimental Setup

Explanandum We seek to explain the predictions of divergeB&RT. We train separate
models for English-French and English-Spanish following the same approach to acquiring

synthetic supervision based on WikiMatrix data, as detailed in 86.3.1.

Study Data We construct a synthetic dataset of ne-grained divergences that mimic trans-
lation processes used by human translators (Zhai et al., 2019a). To create this dataset, we
use translations in English-French and English-Spanish drawn from.tresevaluation

set (Goyal et al., 2022), which consists of human-provided references of English Wikipedia
sentences. We note thtORESis a multi-parallel resource and therefore enables a con-
trolled comparison between the two languages studied by focusing on the translations of
the same set of English sentences. Moreover, the motivation behind introducing a synthetic
dataset is to ensure that divergences resemble the ones arising during the translation pro-

cesses and factor out other potential coarse divergence phenomena that might appear in
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currently annotated divergences that are curated from parallel corpora (Vyas et al., 2018b;
Kreutzer et al., 2022a). To that end, we rst identify semantically equivalent pairs using di-
vergentnBERT in English-French and English-Spanish translations. In what follows, we call
those translation pairseeds Then starting from a random sampleitfseeds that share the
same English reference across the two languages, we introduce ne meaning differences by
editing the English references bd of those samples. We perform edits that resemble transla-
tion processes, such as modulation, explicitation, and reduction (Zhai et al., 2019a), by online
interacting with chatGPT Through online interaction, one of the authors reviews the edits
generated by the model to ensure that we only introduce ne-grained divergences that could
re ect human translation processes. For instance, we introduce a generalization process as

ol Despite leaving the show in 1993 he k{thie title of executive producel] [a senior
Ollows:

role] and continued to receive tens of millions of dollars every season in royalties.

We include more examples of the introduced semantic divergences in Figures 6.5 and 6.6.
Finally, to ensure that the detection of semantically equivalent pairs is not a trivial task
for humans, we additionally introduce syntactically divergent translations. To that end, we
paraphrase the English referencel0seeds by again interactively reviewing and revising
chatGPT edits to ensure the introduced edits are constrained to syntactic phenomena and
do not introduce changes in meaning. We nd that such paraphrase-based perturbations
usually “confuse” the explanandum, leading to the extraction of false positive highlights.
We include examples of the introduced syntactic divergences in 6.7. In total, the synthetic
dataset consists &5 semantic equivalent translations (split i@ original translations
and 10 syntactically divergent paraphrases) drfdne-grained divergences resembling

translation processes.

2https://chat.openai.com/
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6.4.2 Study Design

To test our hypothesis, we ran a controlled evaluation across two language pairs, i.e.,

English-French and English-Spanish. We describe the task and study design details below.

Figure 6.3: Instructions for application-grounded evaluation I: Annotation of Semantic
Divergences.

Task Description An annotation instance is a sentence-pair in English and, e.g., French.
Bilingual speakers are asked to read each sentence pair closely and determine whether
the “sentence pair contains any difference in meaningurthermore, they are asked to
characterize the difference as conveying added information (“Added") or information that

is present in both languages but does not precisely match (“Changed") to mirror prior
annotation divergence protocols (Briakou and Carpuat, 2020). We include a screenshot of

the task description presented to annotators in Figure 6.3.

Conditions We study two conditions. In the rst, participants are shown highlights, while

in the other, they are notY HIGHLIGHTS | vs. |7 HIGHLIGHTS )). The only information

available to participants about the highlights is thage Al-generated and indicative of
meaning differencesds we want them to choose how and whether they use them in their

assessments based on their own intuitions. We corroborate that highlights are not presented
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as explanations for divergence predictions as we do not provide them with the latter.

Procedures We conduct a between-subjects study where participants are randomly as-
signed to a condition. Participants are rst presented with a tutorial that explains the task and
relevant terminology. Each participant is presented ®&mstances from one of the two
studied conditions. Each batch of annotated instances cont&@0&gbf semantically diver-

gent edits,20%of syntactically divergent edits, an80%original semantically equivalent
pairs. Instances within each batch are randomized. We include two attention checks where
participants are asked to indicate their answers to the previous question. After completing
the task, participants were asked to complete a brief survey assessing their perception of the
Al-generated highlights (if assigned to this condition) and nally were asked to provide their
free-form feedback on the study along with demographic information, such as gender and
age. The average time of the study w2@minutes. In sum, we colle@annotations per
instance and annotate a totall@fOinstances%0 per condition) for each of the two language

pairs studied. We include screenshots of the annotation task interface in Figure 6.6.

Participants We recruitl12 participants per language pair using Prolf &ach participant

is restricted to taking the study only once. None of the participants failed both attention
checks; hence we did not exclude any of the collected annotations from our analysis. All
participants self-identi ed as bilingual speakers in the two languages involved in each study.

Participants are compensated at a raté5f sp per hour.

6.4.3 Measures

Our main evaluation measures are Precision, Recall, and F1 computed by assuming

that semantically edited instances correspond to divergences, while the rest are treated as

Shttps://www.prolific.co/
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(a) English-French (b) English-Spanish

Figure 6.4: Annotation-grounded evaluation results without and vs. with highlights. Con-
trastive highlights improve the annotation of ne-grained semantic divergences. All im-
provements are statistically signi can € 0:1).

semantically equivalent pairs. We report those accuracy statistics both at the group level and
also by majority voting annotations. Furthermore, we summarize the responses provided
as free-form feedback and report subjective measures that re ect participants' perceived
understanding of the explanations, i.#he highlights are useful in detecting meaning

differences'if provided. The latter measures are collected on a 5-point Likert scale.

6.4.4 Study Results

Reliability of Annotations  As shown in Figure 6.4, the bilingugtoupthat annotated ne-

grained meaning differences in the presence of contrastive explanaﬁBrISJreHLlGHTs

is signi cantly (p = 0:1) more accurate, across Precision, Recall, and F1 scores and

language-pairs, compared to the group that does not access tﬁanmeHLleHTs \ Fur-

thermore, those improvements carry over when aggregating annotation resulégdoity

voting annotations across instances. As a result, this leads us to accept the hypothesis
that contrastive phrasal highlights improve the annotation of ne-grained divergences by
bilingual speakers. Finally, detecting divergences with highlights additionally improves
the reliability of annotations are measured by Cohen's cappa inter-annotator agreement

statistics:
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EN-FR EN-ES
7 HIGHLIGHTS | 51 (moderate) 33 (fair)
3 HIGHLIGHTS‘ 66 (substantial) 52 (moderate)

Subjective Measures & User Feedback Overall, bilingual speakers presented with
contrastive phrasal highlights agreed they were useful in helping them spot ne-grained
divergences—average self-reported usefulne&s8dor EN-FR and4.2 for EN-ES. Finally,
although contrastive phrasal highlights were useful, annotators also note that they cannot
entirely rely on them. For instance, some of the participant’'s feedbddkeshighlights

are useful but not00%reliable, that is because | found other added/changed words that
Al did not highlight" and“In most cases, the words highlighted by the Al have helped to

detect possible differences”
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(a) (b)

(©) (d)

(e) (f)

(9) (h)

Figure 6.5: Annotations of ne-grained semantic divergences (English-Spanish on the
left and English-French on the right) re ective explicitationandreductiontranslation
processes. Contrastive highlights subsume added content presented in one language but
missing from the other.
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