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INTRODUCTION






Montag picked a single small volume from
the floor. “Where do we begin?” He opened
the book halfway and peered atit. “We
begin by beginning, I guess.”

Bradbury (1953)

Most readers will have an idea of what etymology is, that some words are ‘genetically’ re-
lated while languages are seemingly ordered in families. But how did we come to know that?
Coeurdoux (1768),' by rigorously comparing Sanskrit (which he called ‘Sanskroustan’), Latin and
Greek words, underlined phonetic regularities between these languages — he then discussed
these similarities, feeling they could come from either exchange of words caused by commerce,
science, geographic proximity, religion or invasion, or, on the other hand, from a common ori-
gin to all languages, the latter option having his preference.” Some years later, Jones (1786) ex-
pressed a similar sentiment, comparing Greek, Latin and Sanskrit. Despite atleast many decades
of prior work (see (Blench 2004) for an overview), this moment is usually seen as the beginning
of the field of comparative linguistics, which, as its name indicates, compares languages, in order
to establish their relations. It took another hundred years, and the works of the Neogrammar-
ians (Osthoff and Brugmann 1878), to formalise its main empirical hypothesis, the regularity of
sound changes.

This hypothesis states that the lexicon of a language evolves diachronically according
to regular and exceptionless sound changes, notwithstanding lexical creation and borrowing
mechanisms, which, in laymans terms, gives: the pronunciation of words of a given language
changes through time, and if a given sound changes a certain way in some words, it will change
the same way in all other similarly-sounding words that contain it (for the given language) —
new words, created from scratch or taken from other languages, will follow the changes occuring
in their language after they appear. For example, the sequence [ka] in Vulgar Latin changed into
[tfa] in Old French, then to [[a] in French. This is illustrated by chat [ [a] ‘cat’ < cattus *[kat.tvs]
and blanche [blaf] ‘white (fem.)’ < blanca *[blan.ka]. Such a change is called a sound law. The
phonetic history of a language from an earlier to a later stage can then be modelled as an or-
dered sequence of sound laws.

These sound laws are usually identified by looking at specific word sets, called cognates:
given two languages with a common ancestor, two words are said to be cognates if they are an
evolution of the same word from said ancestor, called their proto-form. To look at our former
example, French chat ‘cat’ is cognate with Spanish gatto ‘id., as they both descend from Latin cat-
tus, 1d.’, their common ancestor. The phonological differences between two cognates and their

"He belonged to a long line of missionaries commenting on similarities between Indian languages, Greek, and Latin
from the XVIth century (Auroux et al. 2008)

He poetically writes that, from a common origin, “Plusieurs termes communs resterent dans les langues nouvelles;
un grand nombre se sont perdus par le laps du temps; d’autres ont été défigurés a un point qu'ils ne sont plus
reconnoissables. Quelques-uns ont échappé 4 ce naufrage, pour étre aux hommes un mémorial éternuel de leur
commune origine et de leur antique fraternité.”, which I will translate as “Many common terms remained in the
new languages; a great number of those are now lost to time; when others have been disfigured to a point of non
recognition. But some have evaded this shipwreck, to provide men with an eternal memorial of their common
origins and antique fraternity.”.



languages can be modelled as a group of sound correspondences, and they capture some of the
differences between the phonetic evolution of the languages.

However, like Coeurdoux and Jones in their time, we only have access to languages that are
either spoken nowadays or have been well conserved (such as Sanskrit, Ancient Greek and Latin,
to name a few), so how do we know which words are cognates and that they share a common
ancestor? From sound patterns between languages, plausibly related words are identified, and
in some cases, their common ancestors are found or reconstructed, making the original words
cognates — but all new cognates must obey all the previously identified sound rules, and a situ-
ation which presents an exception to a given rule must amend the rule, and if not possible, either
invalidate it or more likely consider the proposed cognates as incorrect. From correct cognates,
new sound correspondences are identified, from which new cognates will be identified further,
and so forth. Itis, in a sense, a ‘chicken or egg’ problem, though the exceptionless nature of sound
change constrains the problem enough to make it possible to solve.

All etymological connections we now know derive from the linguistic relations identified
through the comparative method (Durkin 2015). This makes cognates very important words to
better understand language as a whole. Cognates have also been used in more practical ways, to
improve translation systems for languages with little resources (Gronroos et al. 2018; Mann and
Yarowsky 2001), or to help field linguists look for plausible words in endangered languages they
study (Bodt et al. 2018; Bodt and List 2019).

The two main tasks of the comparative method are therefore cognate identification (finding
which words are cognates in a multilingual set of words) and cognate prediction (producing a
likely shape for unseen cognate words or their parents): they constitute the basis from which
sound correspondences can be found, and from said correspondences, language relations can be
inferred. They also are closely related: cognate identification produces cognates sets, which can
be used to train cognate prediction, and the possible predicted cognates can then be looked for
in data, to help cognate identification. (Chicken or egg, again).

Since the creation of the field, cognates have been studied ‘manually’ by expert linguists,
with in-depth knowledge of several related languages. However, in the last decades, they also
benefited from the advances of quantitative or computational techniques, from the prior works
of Swadesh (1950) and Swadesh (1955) introducing the first versions of glottochronology and
lexicostatistics, albeitin a currently outdated form, trying to date language relationships through
their vocabulary stability and evolution, to more recently combinations of statistics, alignement
tools, and sometimes neural networks, to specifically identify or predict cognates (Ciobanu and
Dinu 2020; Dekker and Zuidema 2021; Frunza and Inkpen 2009; Hauer and Kondrak 2011; List
et al. 2017; Mitkov et al. 2007; Mulloni 2007; Rama 2016).

Neural networks are tools that are very good at latently identifying useful underlying pat-
terns when learning on data, for example spontaneously tracking word boundaries when trained
on language modelling on unsegmented text (Hahn and Baroni 2019), or more generally im-
plicitly capturing surface, syntactic and semantic knowledge when trained on unrelated tasks
such as machine translation or language modelling (Conneau et al. 2018; Jo and Myaeng 2020;
Raganato and Tiedemann 2018), to name a few. Therefore, the intuition behind this work was
that neural networks, trained on cognate prediction, therefore learning sound correspondences
from languages to other languages, were likely to be able to latently learn interesting informa-
tion for historical linguistics. We were particularly interested in seeing what encoder-decoder



models, standard in machine translation, could produce on the task. However, at the begin-
ning of this work, in 2019, unpublished preliminary experiments as well as other works (Dekker
2018) seemed to conclude that using complex neural networks was likely not a good direction
for cognate prediction, as they seemed outperformed by statistical models in our case or sim-
plistic neural networks (perceptrons) in other works, though at the same time, these models of
interest were also being used successfully for proto-form reconstruction (Meloni et al. 2021) (on
arxiv in 2019). As we believed in the potential of those methods, we decided to investigate the
situation more in depth, first by understanding if using complex neural networks for cognate
prediction was possible or not, then using it on historical data, before trying to understand the
latent information plausibly learnt.

Our core results are showing, first that machine translation inspired neural networks can
be successfully used for the task of cognate prediction, when at least 500 training word pairs are
available and as long as optimisation is done on the parameters; then, that such models in fact
dolearnlatenthistorical information when being trained on cognate prediction in a multilingual
setup. To support this work, I also created a lexicon generator to create artificial data following
realisticlanguage changerules, as well as updated an etymological database to generate cognate
datasets to use.

In part [, we travel through the basic concepts needed to understand this thesis. Chapter 1
is about the word from a linguistic standpoint; we therefore first explore what a word is or could
be, what linguistic properties it carries, as well as its function as a unit. We then look at how
words change, and how these changes are modelled, focusing on historical word prediction, our
task of interest. Chapter 2, on the other hand, is about neural networks and their mathematical
definitions. We firstintroduce the basic behavior of a neural network, then follow a panorama of
useful neural components for text, from units to full architectures. These two chapters have dif-
ferent audiences: chapter1is destined for engineers or natural language processing people want-
ing to understand more about the linguistic aspects of this task, whereas chapter 2 is destined
for linguists wishing to understand neural networks ‘from scratch’ none of these chapters as-
sume prior knowledge in either linguistics or NLP. Chapter 3 goes through the machine learning
pipeline, to provide an overview of the experimental steps, from gathering data and designing
experiments to training, validating, and interpreting models. Chapter 4 focuses on the task from
which we gather inspiration in this document: low-resource machine translation: it first intro-
duces machine translation, then several tools and techniques specific to situations with scarce
data, which can otherwise undergo a drop in performance.

Part II contain the core of the thesis. It first introduces the detail of our research hypoth-
esis and questions, then chapter 5 presents the different neural architectures and datasets we
will use to answer said questions. Chapter 6 details the experiments we designed, using artifi-
cial datasets, to determine whether and which neural networks can be used for historical word
prediction, and under which conditions. Chapter 7 extends these experiments to real world
datasets, constituted for the occasion; it also contains a panel of tools and techniques tried to im-
prove model performance. Chapter 8, using previously studied best performing models, focuses
on understanding what they learn when training on our task, using both external and internal
probes.

PartIIlis an opening section, where we try to apply our methods to other units in Chapter 9,
to study lexicon induction for dialectal variation.



Lastly, we summarize the work done and open new perspectives in part 9.6.

Note Other things were also done during this thesis, and will not be mentioned here in de-
tail:

o the full implementation of a composite multilingual neural architecture for cognate pre-
diction called MEDeA (Multiway Encoder Decoder Architecture), combining multilingual
attentional recurrent, convolutional, Transformer-based and siamese encoder-decoders
through a fixed size hidden representation. It became the basis of CopperMT (Fourrier et
al. 2021), which uses its reimplementation of recurrent encoder-decoders with attention;

e experiments on managing phonetical embeddings, which found thatinitialising phonetic
embeddings with pre-defined features extracted from the litterature actually proved less
effective than learning embeddings along the model from a random initialisation;

o published work on the use of modern language models to do named entity recognition on
historical text for the BigScience working group (De Toni et al. 2022);

o the complete update of an etymological database, as well as the publication of a detailed
methodology to help similar work (Fourrier and Sagot 2020b);

o published work on the use of cognates and borrowings to study semantic change (Fourrier
and Montariol 2022);

¢ aninternship at HuggingFace to work on using graph data with transformers;

o outreach activities for high-school students: I gave three conferences on research and NLP,
organised two 2-days outreach events (2019, 2020), took partin nine speed-meetings with
girls to present computer science jobs — I was also invited to talk about the impact of
outreach on gender stereotypes at the French Assemblée Nationale;

o teaching Python and programming at the Ecole Nationale des Ponts et Chaussées.
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1 Historical words

I won't use words again

They don’t mean what I meant

They don’t say what I said

They re just the crust of the meaning
With realms underneath.

Vega (1987)

In this thesis, we study the change of words through space and time, focusing on the tasks
of historical word reconstruction and dialectal variation study. Assuming that the concept of
‘word’ exists and is already defined," we will first look at some of its properties (with a focus
on the one most interesting for our task: phonology). As we are studying word change, we will
also introduce concepts specific to word change study, such as sound change regularity, which
constitute the underlying theoretical aspect of our task.

1.1 Synchronic properties of words

1.1.1 Phonology

Phonotactics studies phonological rules, and defines the allowed arrangement of sounds and
sound patterns in a language. For example, in the margin notes poem, almost none of the words
exist but they all seem intuitively real because they fit English phonotactics. Phonotactics, in
a sense, is a ‘sound syntax’. Phonology, complementarily, studies sound organisation in lan-
guages. Distinct language sounds (sometimes gestures) are called phones, and they constitute
the ‘absolute units’ of phonetics. These phones are often graphically represented using the In-
ternational Phonetic Alphabet (IPA), which attempts to represent all the distinctive sounds of
the world’s language.

Note: The IPA cannot ‘symbolize small, language specific, differences in parameters, |...]
does not have distinct symbols for some really distinctive sounds’ (Ladefoged 1996), and it re-
lies on theoretical conceptualizations ‘sometimes at odds with the physical speech event’ (Inter-
national Phonetic Association 1999). This led to the introduction of many systems of phonetic
notation by linguists, which Anderson et al. (2018) have attempted to homogenise to a broader
version of the IPA in their CLTS database.

'This is a strong assumption but discussing the existence of the word as a unit is outside of the scope of this
manuscript.
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in the wabe;
All mimsy were the borogoves,
And the mome raths out-
grabe!
Caroll (1865)



1 Historical words

Two phones which can be substituted by one another without changing word meaning are
called allophones, such as the sounds corresponding to the letter r in French, pronouned [g] in
general, and sometimes [r] in the south of France, which does not change the meaning of words.
On the contrary, phones which constitute a minimal pair changing the meaning of words when
switched are called phonemes: for example, in French, [v] and [b] are phonemes (differentiating
between vin [v€] ‘wine’, and bain [b€] ‘bath’), but [8] (first sound in the English ‘this’) is not, as
itis not used in any French word.

Phonetically, phones are organised in two main groups, depending on the air flow during
pronunciation: if the flow is unconstricted, the phone is a vowel, else a consonant. Conson-
nants can be pulmonic (air stream from the lungs), glottalic (air stream from the glottis), lingual
(air stream from the mouth), or percussive (no air stream). Phonology adds the extra constraint
that vowels must form the peak of a syllable; this creates a third category of sounds considered
as consonants in their positionning (beginning/end of syllables) but as vowels in their pronun-
clation, such as the sound [w] in English ‘well’ or French ‘oui’: they are called semivowels or
approximants.’

Vowels are defined using features, among which the following.

o Heightis the up/down position of the tip of the tongue in the mouth during pronunciation
(e.g. the vowel in English cat [kat] is lower than the vowel in English kit [kit]).

o Backness is the front/back position of the upper part of the tongue in the mouth during
pronunciation (e.g. the vowel in English pot [pot] is more back than the vowel in English
pit [prt]).

o Lengthishow long the vowels are (e.g. the vowel in French mettre [metr] ‘to put’ is shorter
than the one in Frenh maitre [me:tc] ‘master’, though the difference is slowly disappearing
in metropolitan French).

¢ Rounding is how rounded the lips are during pronunciation.

o Nasalization is linked to the path or the air flow during pronunciation, and whether it
goes through the nose or not (e.g. French contains 20% of nasal vowels in its phonetic
inventory - and more in some regional variations: [€] in un ‘one’, [3] in onze ‘eleven’, [a] in
manger ‘eat’).

The two main features of phonetic vowels, height and backness, define a vowel diagram
(Figure 1.1), sometimes called the vocalic triangle, grouping sounds in three poles: open vowels
(), close-front vowels (i/e), close-back vowels (u/o).

Pulmonic consonants are defined using features, among which the following.

e Manner is related to the disruption of the air flow during consonant pronunciation: plo-
sive (e.g [p]) completely interrupt the air flow during pronunciation, fricatives (e.g. [{] or
[z]) partially restrain the air flow, and nasals (e.g. [n] or [m]) redirect the air flow to the
nose.

¢ Place is linked to the part of the mouth used to pronouce the consonant: labial (e.g. [b])
use the lips, dorsal (e.g. [k]) use the back of the mouth using the palate, and coronal
(e.g. [s]) use everything in between.

¢ Voicingor phonation is whether the consonantis pronounced with the use of vocal cords
ornot (e.g. constrastvoiced consonant [v] with its unvoiced counterpart [{]).

2See Appendix A.1.2 for a list of vowels of interest, and Appendix A.1.1 for a list of pulmonic consonants of interest.
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1.1 Synchronic properties of words

VOWELS
Front Central Back
Close 1 Y71 H—— —WeU
O
Close-mid S5e 0 R X0
9
Open-mid Ee(C— 3\GA 9)

Open a G—ELG D

Where symbols appear in pairs, the one
to the right represents a rounded vowel.

FiGgure 1.1: Official IPA vowel diagram (CC BY-SA 2020 IPA)

¢ Length or gemination is how long the consonant is held (e.g. contrastlong ‘¢’ in Italian
gatto [gatro] ‘cat’ and short ‘¢’ in Spanish gato [gato] id.’).

The two main features of phonetic pulmonic consonants, manner and place, define a con-
sonant chart, see Figure A.1 in Appendix.

Note: When going from oral form to written form, phonemes can be represented through
graphic symbols roughly approximating them, letters. This is far from being an universal corre-
spondence, as some languages are spoken only, and others use logograms (Chinese) or syllabic
characters (Japanese) to represent the words of their languages - however, for the Romance lan-
guages we study, this phone-to-letter mapping is quite regular.

1.1.2 Morphosyntax and semantics

Semantics is the study of word meaning and word relations with respect to meaning, and mor-
phosyntax of words and their relations ‘in terms of [their] grammatical properties’ (Matthews
2007). These fields study lexemes, abstract units of meaning, which are associated with an en-
semble of forms, possible shapes they can take: for example, ‘Tuns’, Tunning’ and ‘ran’ are forms
of the same lexeme, the same concept. Lexemes are also matched with a part-of-speech (POS),
their grammatical category: the example lexeme is grammatically a verb. Refering to a lexeme
is done using a specific form, called the lemma (or citation form - literally the associated key in
the dictionary), which is for our example “TO RUN’.

Word forms are made of one or several morphemes, minimal units of meaning. The ‘root’
morpheme which carries the lexeme’s meaning is called stem: in ‘running’, the stem is ‘run’.’
Then, from this stem, new words or forms are created by adding affixes (attached morphemes)
through two mechanisms. Inflection creates new word forms for a given lexeme, to reflect its
grammatical behavior in context (such as during conjugation to fit the tense, voicing, gender,

*In coumpound words, stems can be more complex but this is out of scope.
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number): ‘running’ is an inflected form of “TO RUN’. Derivation actually creates a new lexeme
in another grammatical category: ‘runner’is a derived form which corresponds to a new concept,
anew lexeme.

1.2 Some aspects of words in diachrony

Now that we have browsed some important properties of the word at a given point in time, we
will look both at the tools and theory studying word change.

1.2.1 Theory

Etymology is the field which studies the evolution of words, semantically and phonetically,
through time and space. This aspect of linguistic is central to the first task of interest of this doc-
ument, cognate prediction, and it relies on a specific aspect of word evolution: sound change.

1.2.1.1 Phonological change

Phonetic evolution of words is determined using the comparative method, which relies on the
Neogrammarians hypothesis of the regularity of sound changes (Osthoff and Brugmann
1878): if a phone in a word, at a given moment in the history of a given language, evolves into
another phone, then all occurrences of the same phone in the same phonetic contextin the same
language evolve in the same way. For example, initial [ka] in Latin regularly evolved into [[a]
in French, which is a pattern appearing in castellum [kastelrum] ‘castle’ evolving into chateau
[Jato] 9d., cattus [katus] ‘cat’ into chat [[a], and calor [kalor] ‘warmth’ into chaleur [[alor] ‘id.".
Sound changes have been identified, as in the above example, by looking for regular patterns in
the attested (or hypothesised)* phonetic form of related words.

Some of these related words are called cognates:” given languages with a common direct
ancestor, words are said to be cognates if they are an evolution of the same word, called their
proto-form. For example, Galician, Portuguese and Spanish gato, Catalan and Occitan gat, Ital-
ian gatto, French chat and Aromanian catushi, all meaning ‘cat’, as well as Romanian cdtusd mean-
ing ‘manacle’,® all descend from the same word cattus ‘cat’ in their mutual parent language, Latin.
These cognates underwent the characteristic sound changes of their respective languages’ evo-
lution from the parent form to the current state of the language, and have become characteristic
of these patterns (Hauer and Kondrak 2011; List et al. 2017).

Comparing the phonetic form of sets of cognates allows to identify some of these patterns:

*For dead languages, pronunciation is obviously not obtainable from native speakers, and is therefore reconstructed.
Pronunciation guides, poetry rules, or proper name pronuciation ‘translation’ in other languages are some of the
existing third-party sources which can help this reconstruction (Fortson IV 2011).

*Outside of historical linguistics, cognates have been defined more broadly as words sharing spelling and mean-
ing, regardless of their etymology (Frunza and Inkpen 2006; Frunza and Inkpen 2009), or words etymologically
related no matter the relation (Himéldinen and Rueter 2019).

®In Aromanian and Romanian, the words also underwent diminutive suffixes (-ushi and -usd) additions to the now
lost cognate root.
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in our example, initial [g] in Galician to Italian corresponds to [f] in French and [k] in Roma-
nian and Aromanian. A good explanation of the comparative method and its applications can be
found in (Fortson IV 2011).

When a word is an evolution of a form from a language which does not belong to its direct
ancestors, it is called a borrowing or loan-word. For example, English bonus is a borrowing
from Latin bonus, as the Latin word is its origin, though English does not descend from Latin.
Borrowings mostly occur to designate ‘realities that were unknown before the adopting speech
community got in contact with the “giving” culture and its language’ or to replace already exist-
ing meanings by the word of the related dominant culture (Krefeld 2013)

1.2.1.2 Semantic change

Semantic change does not have the regularity of sound change, as the former rarely affects
groups of words together; however, general tendencies can be identified in languages, such
as narrowing or broadening of meaning, metaphor, change of positive/negative associations,
and so forth (Durkin 2015).” Studying semantic change is therefore based on the comparative
method and the regularity of sound changes to identify the different forms that words have taken
in their history, combined with corpus analysis to understand the evolution of their meanings.

1.2.2 Modeling change through time

Cognate prediction tries to product likely cognates in related languages, and attempts to fill
cognate sets by generating plausible missing forms; this lexical task models the regular, word-
internal sound changes that transform words over time. It is linked to cognate identification,
which attempts to find and cluster cognates in a multilingual word sets, and to protoform
reconstruction, which tries to determine the likely ancestor of cognates, based on the sound
changes applied to their respective languages and the phonology and phonotactics of the par-
ent language.

Note: Works on cognates tend to use one of the following definitions, depending on the
tasks and units, where cognates can be:

e ‘true friends’ (words similar in shape and usually meaning, such as English angel and
French ange ‘id”) with no regard for their etymology (in the language learning field and
sometimes translation), for example, in cognate identification (Frunza and Inkpen 2006;
Frunza and Inkpen 2009; Frunza 2006; Inkpen et al. 2005; Kanojia et al. 2020; Kanojia
et al. 2021a; Kanojia et al. 2021b; Kondrak 2001; Kondrak et al. 2003; Lefever et al. 2020;
Mann and Yarowsky 2001; Markov et al. 2019; Mitkov et al. 2007; Navlea and Todiragcu
2011; Saadane et al. 2012; Sepulveda Torres and Alufsio 2011; Sitbon et al. 2015), cognate
prediction (Babych 2016; Beinborn et al. 2013; Culo and Nitzke 2016; List et al. 2022; McCoy
and Frank 2018; Mulloni 2007), phonetisation (Nguyen et al. 2018) or lexicon induction
(Hauer et al. 2017; Scherrer 2008);

"We do not mention lexicogenesis here, but new words created from existing words (by appearing in another lan-
guage through borrowing mechanisms or evolving in the same language through morphological processes, such
as derivation or composition) can also change in meaning when compared to their source.
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Proto-form reconstruc-
tion synonyms: Ances-

tor reconstruction, an-
cestor induction, proto-
language reconstruction,
phonological reconstruc-
tion, etymon reconstriction,
backward reconstruction.
Cognate prediction syn-
onyms: Cognate chain com-
pletion, sister lexicon in-
duction, cognate induction,
retroflex generation, reflex
retrodiction, forward recon-
struction, inference of sound
correspondence patterns.

¢ words sharing a common ancestor, actually grouping both our previous definitions of cog-
nates and borrowings, for cognate identification (Bloodgood and Strauss 2017; Dinu and
Ciobanu 2014; Hauer and Kondrak 2011; Kondrak 2002; Kumar et al. 2017; Rabinovich et al.
2018; Rama 2015; Soisalon-Soininen and Granroth-Wilding 2019; Wu and Yarowsky 2018),
cognate prediction (Ciobanu et al. 2020; Himélainen and Rueter 2019; Wu and Yarowsky
2018), scriptdecyphering (Luo et al. 2021) or semantic analysis (Frossard et al. 2020; Uban
etal. 2021; Uban et al. 2020);

o words sharing a common ancestor which belongs to their direct ancestry, which excludes
borrowings,” and is the previous definition we introduced, for example in cognate identi-
fication (Ciobanu and Dinu 2014; Ciobanu and Dinu 2019; Hewson 1973; Jager et al. 2017,
List 2012; List and Forkel 2022; List et al. 2017; List et al. 2018; Rama and List 2019; Rama et
al. 2018; Sims-Williams 2018; St Arnaud et al. 2017), cognate prediction (Bodt et al. 2018;
Bodt and List 2019; Ciobanu and Dinu 2019; Dekker 2018; Hall and Klein 2010; Hall and
Klein 2011; Nitschke 2021), protoform reconstruction (Bouchard et al. 2007; Bouchard-
Coté et al. 2009; Ciobanu and Dinu 2019; Hall and Klein 2011; Hartmann 2019; Hewson
1973; List et al. 2022; Meloni et al. 2021; Sims-Williams 2018), phylogeny (Dekker 2018;
Greenhill 2011; Jager and List 2016, Rama et al. 2018), or borrowing detection (Ciobanu
and Dinu 2015; Ciobanu and Dinu 2019; List and Forkel 2022).

The methods introduced here therefore concern either task, but the thesis itself looks at
cognates as etymological items, following the last definition.

1.2.2.1 Automatic cognate tasks

Over the last three decades, automatic cognate identification has benefited from advances in
computational techniques, first using rule-based algorithms (Hewson 1973), transducers (Mann
and Yarowsky 2001) or dictionary-based methods (Ciobanu and Dinu 2020; Dinu and Ciobanu
2014; Rabinovich et al. 2018) and similarity metrics (Babych 2016; Frunza and Inkpen 2009;
Inkpen et al. 2005; Kondrak 2001; Kondrak et al. 2003; Mann and Yarowsky 2001; Mitkov et al.
2007; Navlea and Todiragcu 2011; Saadane et al. 2012), then similarity metrics combined with
graph or classifiers, followed by clustering algorithms (Bloodgood and Strauss 2017; Ciobanu
and Dinu 2014; Hauer and Kondrak 2011; Jager et al. 2017; List 2012; List et al. 2017; List et al.
2018; Rama 2015; Rama and List 2019; Soisalon-Soininen and Granroth-Wilding 2019; St Arnaud
etal. 2017), or similarity metrics directly provided to neural classifiers (Frunza and Inkpen 2006;
Frunza 2006; Kanojia et al. 2021b; Lefever et al. 2020; Markov et al. 2019; Sepulveda Torres and
Aluisio 2011) and neural classifiers based on siamese-like architectures (Kanojia et al. 2020; Ku-
mar et al. 2017).

Automatic cognate prediction has been less studied, despite its interesting applications,
such as predicting plausible new cognates to help field linguists (Bodt et al. 2018; Bodt and List
2019) and inducing translation lexicons (Mann and Yarowsky 2001), and is often jointly con-
sidered, with automatic proto-form reconstruction, as an historical word prediction task
(an expression coined by Dekker (2018)). They have been approached with rule-based systems
(Heeringa and Joseph 2007; Marr and Mortensen 2020; Nasution et al. 2016; Smith 1969), phylo-
genetic trees combined with stochastic sound change models (Bouchard et al. 2007; Bouchard-

8French ange and English angel are not cognates according to this last definition, as though both descend from Latin,
Latin is not a direct ancestor of English, and angel is therefore a borrowing.
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Coté et al. 2009; Bouchard-Coté et al. 2013; Hall and Klein 2010; Hall and Klein 2011), purely sta-
tistical methods (Bodt et al. 2018), similarity and clustering approaches (Bodt et al. 2018; Bodt
and List 2019; Ciobanu and Dinu 2015; Greenhill 2011; Hauer et al. 2017; List et al. 2022; Mc-
Coy and Frank 2018), neural networks (Luo et al. 2021; Mulloni 2007, Nguyen et al. 2018; Wu
and Yarowsky 2018), language models (Hauer et al. 2019) and character-level machine transla-
tion techniques (Beinborn et al. 2013; Dekker 2018; Himéaldinen and Rueter 2019; Meloni et al.
2021; Nitschke 2021), because of their similarity to a translation task (modelling sequence-to-
sequence cross-lingual correspondences between words).”

An exhaustive survey of historical word prediction methods specifically has been published
by Dekker and Zuidema (2021), and a broader one on historical phonology related tasks by Sims-
Williams (2018).

1.2.2.2 Databases

To work on historical word reconstruction, we need cognate sets; historically, the first ones
come from the Swadesh (1955) lists, manually annotated correspondences between related lan-
guages (containing between 50 and 200 word pairs for the available languages). Yet, manual
cognate sets tend to be costly, and are not necessarily digitized. The following etymological
databases, automatically extracted from online sources, combine large scope, usable data for-
mat, and generally reliable sources. Interestingly, a majority of these large scale electronic et-
ymological databases have been generated from a version of the Wiktionary, an online collab-
orative dictionary, which contains large scale structured information, most of the time sourced
from already existing and published etymological works. These databases mostly restructure
existing information from wordnets or the Wiktionary, notably to extract ‘longer range’ word
relations.”

EtymWordNet (Melo 2014) is an etymological database extracted from the 2013 version
of the Wiktionary. It makes a difference between cognacy (in its strictest sense) and generic “et-
ymological origin” relations, but goes no further. It also does not systematically differentiate
between glosses." It contains 473,433 general etymological relations and 538,588 cognacy rela-
tions. CogNet (Batsuren et al. 2019; Batsuren et al. 2021) is an automatically extracted cognate
database based on wordnets. It uses a loose definition of cognacy, and therefore is actually a
database containing both cognates and loanwords. It has the lowest granularity, but the most
lexemes, with 3 million “cognate pairs” across 338 languages. EtymDB 1.0 (Sagot 2017) is an
etymological database automatically extracted from the Wiktionary. It makes a difference be-
tween inheritance, borrowing, and cognacy, and contains 1 million distinct lexemes linked by
half a million distinct relations. However, it has a few shortcomings, most notably in its man-
agement of duplicates.”” CoBL (Anderson et al. 2020), the Cognacy in Basic Lexicon database
is a descendant and upgrade of Michael Dunn’s Indo-European Lexical Cognacy Database, and
though it only concerns itself with cognacy, its sources have been handpicked, but it is still not
public yet.

°Our own work (Fourrier et al. 2021; Fourrier and Sagot 2022) follows the character-level MT approach, as we will
present in this thesis.

%For example, if Ais an child of B, and B a child of C, therefore C s an ancestor of A, but the relation from C to A might
not be explicit in the source, and is made explicit in the extracted database.

"Here, the gloss of a word refers to its meaning expressed as its English translation.

These are shortcomings we adressed in our upgrade of the database, see Fourrier and Sagot (2020b).
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It is also possible to do a manual extraction of the Wiktionary directly using an existing
script, as provided in EtymDB 1.0, (Wu and Yarowsky 2020) and (Pantaleo et al. 2017). EtyTree
(Pantaleo et al. 2017) also contains a tool to visualise the Wiktionary as a graphical etymological
dictionary.

1.3 Conclusion

As we saw in this section, itis very hard to define what a word is, though specific properties, such
as phonetic ones, can be studied. However, as we study words not in isolation, but through time
and space, we introduced the theoretical tools necessary to undertake these tasks. Of these, his-
torical word prediction, or studying ‘word’ change through time, is the first axis of interest of this
thesis. As seen above, many automatic methods can be applied to this task, but we are specifi-
cally interested in neural networks; this had barely been done before the beginning of this thesis
(Beinborn et al. 2013; Dekker 2018), with at the time extremely mitigated results. We aimed to
challenge this, and exhaustively study the applicability and usefulness of neural networks for
this task. But first, before going into the details of our experiments, we must first understand
how neural networks work.
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networks for text

I may remark that the curious
transformations many formulae can
undergo [...] is I think one of the chief
difficulties in the early part of
mathematical studies. I am often reminded
of certain sprites and fairies one reads of,
who are at one’s elbows in one shape now,
and the next minute in a form most
dissimilar.

Lovelace (1840)

Natural language processing is at the intersection of linguistics, computer science, and
mathematics. To analyse and process natural language data, the field uses, among other tech-
niques, machine learning tools called artificial neural networks (frequently abridged to simply
‘neural networks’). In this chapter, we explore their general behavior and life cycle, then focus
on some neural networks of interest, frequently applied to written text.

2.1 How do neural networks work?

2.1.1 First implementation of an artificial neural network

The firstimplementation of an artificial neural network is the perceptron (Rosenblatt 1958)," and
this work, though no longer state-of-the-art, can help understand the priors behind the design
of such structures. The author first presents two theories of how the brain possibly works (based
on the biological knowledge of the time) regarding how information is sensed, stored, then af-
fects behaviour through memory. He subsequently proceeds to choose one as his starting point,
the connectionist approach, which supposes that information is stored in the brain as connec-
tions and pathways, instead of stored in fixed locations. Rosenblatt expresses this as postulates
about the plausible behaviour of biological neural networks, which then translate to program-
matic priors for artificial neural networks:

1. Abiological neural network is random at the birth of its owner.
— An artificial neural network is initialised randomly.

'"Theoretical foundations had been laid before, for example in Turing (1948).
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2 The mathematics of neural networks for text

2. The brain is plastic: connections change through time, and connection formation is im-
pacted by positive or negative reinforcement.
— The artificial network’s connections change through time, depending on (mathemati-
cally) positive or negative reinforcement.

3. Similar stimuli generate similar electric paths through similar biological neurons.
— Similar inputs generate similar connections through similar artificial neurons.

This leads him to define the perceptron as a series of connections between:

¢ ‘sensory units”: they activate depending on the stimuli they receive, mimicking for exam-
ple visual or touch sensory neurons,

e ‘association units”: they activate based on the weighted sum of the input they receive from
the sensory units, mimicking relay neurons,

e ‘response cells” they receive information from the association units, and can send back-
ward feedback, mimicking the response given by motor neurons.

In modern versions of the perceptron, these units are simply called neurons, grouped in
successive layers: the perceptron is made of three layers, the input/hidden/output layers, which
respectively contain the sensory/association/response neurons. The connection weights and
neuron inner values (biases) are initialised randomly at first (following postulate 1).>

To teach the model to learn to store and predict information, it must be trained: when pre-
sented with a stimuli (input), the perceptron outputs an answer (through the association and
response cells), and is then updated using positive or negative reinforcement (from the response
cells), to encourage or inhibit the connections based on the adequacy between actual received
stimuli and ideal expected response.” This training is done for a specific task, classification in
the paper: the model is trained to associate an input stimuli with a given class (for example an
image with a label). When it has learned, the model must be frozen to evaluate its performance:
this is called testing. Rosenblatt, in his paper, introduces two evaluations: recall is computed on
the same data (to see how much information has been retained),” and generalisation on data
never before seen by the model (to see how well the model can generalize what it has learnt on
new examples).

These training experiments are repeated while varying model parameters” (threshold for
activation, number of connections...) to find the best ones for the classifying problem at hand.

2.1.2 Life of a supervised neural network

Supervised neural networks tend to follow the same life-cycle: conception, training, evaluation,
parameter choice, with some other steps, such as validation or fine-tuning (see below).

%Artificial neural networks were historically inspired by biological neural networks at first, but they are not expected
to model them, nor to provide insights on how the brain works.
*The update by positive or negative reinforcement is a simple version of ‘backpropagation,’ see Section 3.
*This can seem extremely counter intuitive with respect to our modern vision of machine learning, where training
data is never used for testing.
s . . L
These are usually called hyper-parameters in machine learning lingo.
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Conception Creating a neural network means defining its topology/architecture (neurons
organisation and their connections), initialisation (initial value of all weights and biases), and
the learning rules it follows (how error is computed, how the positive and negative reinforce-
ment is provided...). The topology is usually chosen to obey priors (biologically-inspired priors
in the case of the perceptron) or solve the problems introduced by a specific task (such as learn-
ing ordered sequences, which we will see in Section 2.2) for which data is available or has been
created.

Training The neural network is then trained: from a provided input, it predicts an output,
compared to the reference (also called gold, or target) using a function called the loss func-
tion (or error/cost/objective function). The goal is to minimise the error, the difference between
model prediction and actual target. This is done using optimisers: they change slightly the in-
ner values of the model (weights, biases) to make them tend towards what the optimal values
would have been to get a minimal error for the current input/output association. This process is
called back-propagation, and how much the inner values change depends on the learning rate
(the size of the change step). This training loop is then repeated for all data examples available;
an epoch has happened when the model has seen all the data available one time. Data can be
provided to the model all at once (full batch), by grouping examples into mini-batches, or one
example at a time (mini-batches of size one). Training is usually stopped after multiple epochs,
when the loss function has converged (the error has stopped diminishing).°

Hyper-parameters tuning The training can also be replicated several times using dif-
ferent combinations of the training parameters values (number of layers, size of layers, input
representation size, learning rate...) to choose the best combination for the current model and
data.

Testing At the end of the model training, its inner values are frozen, and new data is pro-
vided (a testing set), for which it has to predict associated targets from the inputs. The number
of correctly predicted targets gives the accuracy of the model, and the overall process is called
testing. It indicates how well the model generalises to new, unseen data.

Validation To prevent our neural network from learning its data ‘by heart, which is called
over-fitting, it can be regularly (e.g. at the end of each epoch) tested on data which is not in
the training (nor usually testing)” sets (development or validation data): this is called valida-
tion. Usually, at the start, the validation accuracy increases jointly with the training accuracy.
However, after a number of epochs, when the validation accuracy diminishes but not the train-
ing accuracy, itindicates that the model starts to over-fitits training data, and loses its ability to
generalise. It can therefore be a good moment to stop training.

Fine-tuning A trained model can be then specialised on a new task, by allowing its inner
weights and biases to be updated once more, but using a new loss function according to a new

®It can also happen that the loss function does not converge, in which case other stategies must be tried.
“Since we use the validation set to choose a ‘best’ model, we do not want validation data to intersect with testing
data, as testing must highlight generalization to new data.
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training objective and a new task, with new data, and sometimes even new model layers to train
along the new loss. This operation can be seen either as specializing an existing model on a new
task (training, then fine-tuning), or choosing a good initialisation for a model before training
it on a given task (pretraining, then training).

2.1.3 Feed Forward Neural Network

Now that we saw what the general lifecycle of a neural network looks like, we focus on how
it translates to mathematical equations, looking at conception and training, and using as ex-
ample a more complex and general form of the perceptron: the Feed Forward Neural Network
(FFNN).®

2.1.3.1 Conception

Simple perceptrons can only be used as linear classifiers (they can only map inputs to binary
categories). However, increasing the number of hidden layers, which creates multi-layered per-
ceptrons (also called fully connected FFNN), has been shown to transform them into universal
function approximators (Hornik 1991; Hornik et al. 1989). Universal function approximators can
theoretically learn any pattern between input and output in a data set, for example for classi-
fication (mapping input values to a finite number of classes, such as mapping words to their
part of speech) or for regression (mapping input values to a continuous output space, therefore
a possibly infinite number of values, such as mapping a day of the year to its temperature).

Our general FFNN can be expressed as the equations of its three layer-types neurons.’

¢ For the input layer, L the output of the i-th neuron is:
#X
0 0
netf ) =3 ZWi(]. )xj (2.0
j=1

All the different inputs x; (from the total input list X) are connected to the neuron i

through weights Wi(jo). The output of neuron i is the weighted sum of all the received in-

puts, passed through a threshold function (often a sigmoid S, which fits values between 0

and 1), which might be changed for different layers. The threshold function is also called

an activation function, and it is inspired by the activation potential of a biological neu-

ron: if the electrical potential reaching a neuron passes a threshold, the neuron activates.
e For the [-th of z hidden layer, LO the output of a neuron i is:

#1D
l l -1
netf )= Z Wi(j)net§ ) (2.2)
j=1

and

8To simplify the equations of this subsection, we ignore the biases.
9 - . o . .
A multilayered perceptron is a specificimplementation of the fully connected feed forward neural network, with at
least one hidden layer, and none of its weights and biases maintained null. For computation simplicity, however,
feed forward neural networks are rarely entirely connected.
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e For the output layer, LG the output of a neuron i is:

#1,(2)

. 1
9 =8 Z Wl.(jz+ )netgz) (2.3)
=1

as hidden and outputlayers behave like the input layer, using the output of their previous
layer as input.

2.1.3.2 Training

Once a model has been defined, it can then be trained to learn patterns in our data. Training, on
a given sample X, happens in three steps.

1. Forward propagation
The given input goes through the full network function, which outputs a prediction:" its
candidate target for the input, ¥ = network(X).

2. Loss computation
The network computes the difference between its prediction ¥ and the original target Y.
The loss function depends on the chosen task and model: for a regression task, the mean
squared error (MSE) is often chosen, whereas a classification task would typically use a
cross entropy loss (CEL): mean squared error computes the difference between predicted
and targetvalues, where cross entropy loss computes the difference between predicted and
target distributions, i.e:

#Y 1
E= Zl SFi—vy (2.4)
1=

3. Backpropagation
The goal of backpropagation (term coined by Rumelhart et al. (1986)) is to recursively up-
date the model weights to minimize the global error (or loss), using an optimizer, gradient
descent in the original paper."
Optimizers therefore travel along the studied function by following the downward di- Finding a function mini-

. . . . . . . .. 12 H
rection of their slopes, given by their derivative functions. To find the error minimum, we Mum ~means |°°k'f‘g at the
function shape to find its
. .. . . . .. lowest point. Mathemat-
tial derivative of the error with respect to each weight: these partial derivatives represent ically speaking, the slope

how the the global error is affected by each weight, or the feedback’ of each weight to the of a function at any point

need its derivative. However, this error depends on the weights: we compute the par-

global error. We then change each weight by an amount proportional to these derivatives. s given bylgts derivative at
As each layer depends on the previous one, the computations must be done hidden layer said point.
per hidden layer, starting from the end ones (this is called the chain rule).

In our example, applying the chain rule to the partial derivative of the error with respect

Forward propagation is also called forward pass.

Several other optimizer algorithms have been introduced since, such as Adagrad, Adadelta, Adam, RMSProp, and
so forth, each with its own convergence speed and robustness. A good comparison can be found at http://
ruder.io/optimizing-gradient-descent.

The function minimum found might be local.

BThis only holds for derivable functions, and this can be part of the challenge when designing neural networks
and optimizers: some interesting architecture choices might imply using non-continuously derivable functions,
which introduce their own set of problems for backpropagation. However, this is completely out of scope for this
document.
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to a given weight Wi(jz) in the last layer z (for output i and node j) gives:

A @
0E _OE v, Onet

® 97, @ @
ow;;’  0Y;Onet;” oW,

(2.5)

In more detail, we observe that the partial derivative of the mean squared error with re-
spect to the weight can be computed, since all expressions included in the partial deriva-
tives below can be derived:

r 2SN 0-r) 2 (s (S ne) o (25 Wi )

0 V\/'l.(jz) ay; one tl(.z) o Wl.(jz)

(2.6)

The new weight value is then updated by an 1) factor (the learning rate), following:

(2) ()
Wl.j <:Wl.j -1 2.7)

(=)
oW,

The weight update is there-
fore big when the impact
of the weight on the error When all weights W have been updated (with their contents changed) to minimize the

is big. These equations can error, the process is repeated until convergence has been reached (the error has been below a

then be applied to the next 1) .o 0]d for n epochs) or a certain number of epochs has happened. The modelis then frozen.
layer, adding another link to

the chain rule, and so forth,
till we went back to the
start of the neural network.

2.2 Managing Sequences: Recurrent Neural Networks

As we saw earlier, FFNNs can model patterns in the data, where a given input point is associated
with a given output class or value. However, this does not work with sequential data, where
the input items’ order must be retained in some way, since the input layer connects to all input
points no matter this order.

Recurrent neural networks (RNNs) are derived from FFNNs, but they have been specifically
designed to mitigate the problems of temporality/sequentiality in data, to be able to study se-
quences while retaining information about their items’ order: in other words, they have been
designed to have a memory of sorts. Since text is sequential by nature, these networks are inter-

esting for NLP.
ho | 7y P ha "y h; h,
) 4 t
X1 X3 X; Xn

FIGURE 2.1: Schematic representation of an RNN parsing a sequence.
An RNN models a sequence thanks to an ‘internal memory state’ mechanism (or ‘hidden

state’ h), initialised at random (h). Each item x of the studied sequence is presented succes-
sively to the RNN model, which updates its memory state h; to combine information from the
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2.2 Managing Sequences: Recurrent Neural Networks

current item on one hand (x;), and the previous hidden state on the other hand (h;_;). This al-
lows the model to preserve information ‘through time’ about items previously seen. This hidden
state update (in green on Figure 2.1) can be modelled as:

h; = f(hi_1,x;) (2.8)

However, the interesting feature of an RNN is that, though the internal memory state h; is
updated with each item X;, the function f used to compute each new internal state (from the
previous internal state and current item) is the same for all items of a sequence, and its inner
weights and biases are updated at the end of a full sequence, or mini-batch of sequences'* (using
backpropagation): the same model can therefore be used on sequences of different lengths with
no adaptation needed, contrary to an FENN, which has a fixed input size.”

Example use cases

1. Item level labelling: Some tasks, such as part of speech tagging,'® need to associate each
and every item X; of a sequence X with alabel y;, while taking into account the context of
each item. The model’s hidden state h; at each step can be seen as a representation of the
input X; in its sequence, as it carries information from both x; and all the previously seen
elements of said sequence (X to X;_1). We can therefore use these h;s as inputs to train
a classifier on the item labelling task of interest.

2. Sequence level labelling: Some other tasks, such as sentiment analysis,'” need to asso-
ciate a whole sequence X with a single label Y. In this case, we would take the last hidden
state of the recurrent model, which carries information from all elements of the sequence,
and can therefore be seen as a ‘sequence summary, to train a classifier on the sequence
labelling task.

In this section, we will look at different ways to implement recurrent neural networks.

2.2.1 Simple Recurrent Neural Networks

One of the most basic possible RNN instances is the SRNN (Simple Recurrent Neural Network,
or Elman network, Elman (1990), Figure 2.2): each hidden state at a given step is a weighted
linear combination of itself at the previous time step with the currentinput, through a non-linear
activation function. **

This network was shown to be able to store simple sequential information, such as let-
ter order in words, word order in simple sentences (Elman 1990), or even to predict next word
POS (Towsey et al. 1998). However, SRNN can sometimes encounter a problem: during back-
propagation, the partial derivative of a hidden state i with respect to a previous hidden state k
takes the form of a product of t —k matrices, and ‘in the same way a product of t —k real numbers

See Sec. 3.1.2 for more detail on batching.

BDifferent update schemes could be considered, such as updating the model after each token of the sequence, but
they will not be covered here.

"Part of speech tagging links, in its simplest form, each word of a sentence to its grammatical category.

Sentiment analysis classifies the polarity of sentences (positive/negative/neutral) in more or less detail.

"®Incidentally, it is the default choice when instantiating PyTorch RNN classes.
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hi_y h; Ris .
T 1. Hidden state: h; = tanh(W,h;_; + Vi, x; + by,)
X Xi+1

FIGURE 2.2: Schematic representation of an SRNN layer update step

can shrink to zero or explode to infinity, so does this product of matrices’ (Pascanu et al. 2013).
When the product converges towards zero, it is said that gradients (the partial derivatives) are
vanishing, and the weight update is null. If it converges towards infinity, gradients are explod-
ing, the weight update step is too big and no longer follows the slope. This prevents SRNN from
learning long-term information easily, as they can easily stop learning when the gradients are
vanishing, or update randomly when the gradients are exploding.

2.2.2 Long Short Term Memory

Hochreiter and Schmidhuber (1997) introduced the Long Short Term Memory unit (LSTM) to
preventvanishing/exploding gradients: the initial design goal behind this new unit was to main-
tain an constant gradient flow from one time step to the next during back-propagation by alter-
ing the mathematical dynamics.

It consists of the following elements:

o ahidden state, reflecting the current state of the cell (as before),

o acell state (another type of hidden state) to keep more long-term information,

e ‘gates, functions whose role is to determine how much information to keep from their
arguments.

F F

Ciq C; 1. Candidate cell state:

Ei = tanh(Wchi_l + chi + bc)

%) 1 @) O 2. Input gate: I = o(W;h,_; + V;x; + b;)
3. Forget gate: F = o(Wgh;_; + Vpx; + bg)
hi—]_ El hl El+1 4. Cell state: C; = Fo Ci1 +16 Ei
" 5. Output gate: O = 0(Wph;_; + Vox, + bp)
I T 6. Final hidden state: h; =0 O ¢;
X; Xit1

FIGURE 2.3: Schematic representation of an LSTM layer update step.
(The input, output and forget gate are all symbolised by ‘%', as they retain a part of the
information they are fed).

At each step, the current input is combined with the previous hidden state to create a can-
didate cell state, ¢; (1), a new item representing the current and direct past information. The cell
state is updated (4) by combining the output of the candidate cell state through an ‘input gate’
(2) with the output of its previous self through a ‘forget gate’ (3). The input and forget gates are
computed depending on the step’s input and hidden state, to learn when to keep input (input
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2.2 Managing Sequences: Recurrent Neural Networks

gate) and when to forget previous information (forget gate) depending on said elements: the
new cell state is a combination of old (previous cell state through forget gate) and new (can-
didate cell state through input gate) information selectively retained — this also prevents the
cell state from being ‘polluted’ with irrelevant information, filtered out by the gates. Then, the
hidden state is actualised with the cell state (6), going through an ‘output gate’ (5) which deter-
mines, again, the amount of information to keep, depending on the current input and previous
hidden state. This succession can be materialised by the logic schematic of Figure 2.3.

The LSTM partially solves the problem of vanishing gradients, while allowing to keep more
long term information than a vanilla RNN.

2.2.3 Gated Recurrent Units

In 2014, a simplified version of the LSTM was proposed and called the Gated Recurrent Unit,
or GRU (Cho et al. 2014). Its inner components have been reduced to a hidden state to capture
information through time, informed by ‘gates,” which chose the information to keep.

U U
- - 1. Forget gate: F = o (Wyh;_; + Vpx; + by)
hi o O h; - O 2. Candidate hidden state:
- = hi = tanh(WH(F © hi*l) + VHxi + bH)
k h; hiq 3. Update gate: U = o(Wyh;_; + Vyx; + by)
Ty 4. Final hidden state:
| f hi=(1—-U)oh,_,+U®x,
X; Xit1

FIGURE 2.4: Schematic representation of a GRU layer update step.
(The forget gate is symbolised by ‘%', as it retains a part of the information it is fed. The up-
date gate is symbolised by *’, as it keeps a ratio of previous hidden state to newly computed
candidate hidden state).

At each step, the candidate hidden state (2) is the combination of the current input with
the previous hidden state, which went through a ‘forget gate’. This forget gate (1) determines
the amount of information to remember from the past. The step hidden state (4) is then updated
through a well named ‘update gate’ (3), which balances the information ratio of ‘previous hidden
state’ to ‘newly computed candidate hidden state’ to keep. This succession can be materialised
by the logic schematic of Figure 2.4.

The GRU contains less internal elements than the LSTM, which makes it lighter to train,

while keeping the longer term memory.

2.2.4 Bidirectional recurrent units

All RNNs we saw earlier go from one end of a sequence to the next. However, sometimes, it is
interesting to look at a sequence in both directions, and that is when to use a bi-directional RNN
(BiRNN). A BiRNN is composed of two RNN units moving respectively forward and backward
over the input (Figure 2.5).
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2 The mathematics of neural networks for text

This architecture appears
under the names Seq2Seq,
sequence to sequence
model, or encoder-decoder.

H
The forward RNN (hidden state: h; ) reads the input as was described previously, from start
h
to finish. The backward RNN (h; ) reads the input from finish to start. The total hidden state (h;)
at a step for a given input (x;) is the concatenation of the corresponding forward and backward
hidden states for said input, one RNN having seen previous words, the other following words.
This is interesting when the full context is needed to represent a sequence item.

— — | | — .
hn hn—l hn—i+1 hl ~ ho L. @rwg}d hidden state:
h; = f (x;,hizq)
2. Backward hidden state:
—| | - T - hi_y = f (xi—1,hy)
hn 3. Total hidden state:
—,

h; = [hiT’hn—i+1T]T

— )\
he I by h, h,
Ay WU Uiyt
X, Xy X; x

F1GURE 2.5: Schematic representation of a BIRNN parsing a sequence.

n

2.3 Many-to-many mapping: Encoder-decoders

2.3.1 Challenge and solution

The deep neural networks we saw previously (MLPs, RNNs...) can easily learn a mapping be-
tween inputs and outputs in a many-to-one situation (e.g. predicting the label of a whole sen-
tence, as in sentiment analysis) or a one-to-one situation where input and output are aligned
(e.g. prediction of labels for every word in a sequence, as in part-of-speech tagging, such as the
user cases introduced in Section 2.2). However, they cannot learn, as such, the mapping in a
many-to-many situation, where input and output have different sizes and are not necessarily
aligned (e.g. translation).

Cho et al. (2014) introduced a method to adress this problem, formalised in the work of
Sutskever et al. (2014), who called it ‘Sequence to Sequence learning’. A sequence to sequence
model could technically be any model which maps a sequence to another sequence, but we study
here some of the more well-known approaches to sequence to sequence learning.

The basics of the architecture designed in Cho et al. (2014) and Sutskever et al. (2014) are
the following:

¢ The input sequence is mapped, through a neural network called an encoder, to a single
vector, called the context (c, sometimes called the hidden representation).
In their models, the encoder is an RNN or BiRNN, and the context either the concatenation
of all its previous hidden states, or its last hidden state only (since, as we saw earlier, it is
a good approximation of the full sequence seen).

¢ The context is then mapped, through another independent neural network called a de-
coder, to a final sequence, the model output.
In their models, the decoder is an RNN, which learns to predicts a sequence of items from
two things: the context, and its own previous predictions, extracted from its previous hidden
states.
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2.3 Many-to-many mapping: Encoder-decoders

1. Decoder hidden state:
S; = RNN([.)N/i—l’ C]a Si—l)

FIGURE 2.6: Schematic representation of a decoder step by step.

Figure 2.6 represents the decoding process in more detail. The decoder hidden state is ran-
domly initialised (sg), and the first sequence item used for prediction (y;) is a special token,
called the beginning-of-sequence token (<BOS>). For its first step, the decoder uses said <BOS>
token, its random hidden state, and the encoder context as inputs, which updates its hidden
state to hy. (Where the encoder used the hidden state to represent what it had seen before, the
decoder uses the hidden state to represent what it might see next.) Said hidden state represents
the probabilities over all possible outputs, and is then converted to the most likely prediction
for the current step, ¥7. This prediction is then provided to the decoder for the next step as if it
were the ‘actual’ next element of the sequence. The decoder also receives the updated hidden
state 57 and the unmoving context ¢, to update itself. This is repeated till the decoder predicts
a special token, called the end-of-sequence token (<EOS>). The apparition of said token stops
the decoder, and launches the backpropagation. However, Cho et al. (2014) also showed that the
performance of an encoder-decoder decreases considerably for long sentences, as it can be hard
for the encoder to compress all needed information in the hidden representation, and then for
the decoder to extract relevant information from this representation.

In this section, we study two of the main encoder-decoder architectures used in neural ma-
chine translation context.

2.3.2 Recurrent Encoder-Decoders

The original architectures of the encoder-decoder (Cho et al. 2014; Sutskever et al. 2014) use, as
mentioned before, recurrent units as encoder and decoder."”

In parallel, a similar encoder-decoder model was introduced with an additional mecha-
nism: an ‘alignement model, which came to be known later as ‘attention’ (Bahdanau et al. 2015).
The goal of attention was to help the decoder ‘focus’ on the relevant encoded items for its pre-
diction, by processing the encoder’s output to compute a new context at each decoder step.*”

In more detail (Figure 2.7), at step t, a new context ¢; (1) is computed as the weighted sum
of the encoder output h, where the weights a; (2) are the normalized scores of an alignement
model (an FFNN) between the previous decoder hidden representations,_; and encoder output
h.*' This weighted sum can be seen as a probability distribution over the scores of the alignement
model. Then, the decoder takes as input its previous hidden state s,_1, the target of the previous
step ¥;—1, and the just computed context ¢;, to generate its new hidden state s, (3), which is

YEncoder: reversed LSTM (see Section 2.2.4); Decoder: LSTM.
20Encoder: Bi-GRU; Decoder: GRU
“'The FENN is trained along the encoder-decoder model.
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2 The mathematics of neural networks for text

1. Current context:
n

€= Zj:l ajh;
2. Context weights:

A= O'j(FFNN(St—l’ hj))
3. Decoder hidden state:

s¢ = GRU([y,—1;¢¢],5.-1)
4. Prediction: ¥, =S (W,s,)

FIGURE 2.7: Schematic representation of the Bahdanau attention decoding step

then the source of the prediction (4). (We note that here, we do not provide the previous output
during training, but the previous actual target: this way, if the output of the previous step was
incorrect, the model still has access to the correct previous item for its prediction of the current
one. This method is called ‘teacher forcing’, see Section 2.3.5.)

This attentional mechanism was then simplified (Luong et al. 2015a),”* as this time, at-
tention is applied to the decoder current hidden state, not to the previous one. The alignement
model generates a new ‘attentional hidden state, either globally (looks at the whole context,
same as earlier) or locally (focuses on a window of context, which is less expensive than glob-
ally), from which to predict outputs. It makes more intuitive sense to predict the alignement of
the current item with the context than with the previous item.

i Ve
§i 1. Decoder hidden state:
/ s; = GRU(Y;_1,5;-1)
’—S‘T 5 2. Current global context:
7 n
LJ t Ct :ijl aUhJ
3. Global context weights:
Ci Ce 8
[] Q; = aj(a(siyhj))
&\ % / 4. Attentional hidden state:

. Prediction: J; = softmax(W,$;)

N == 5= tanh(W,[x;35,)
Ay 10 LR - 5

Yi-1

FIGURE 2.8: Schematic representation of the Luong attention decoding step.

In more detail (Figure 2.8), at step t, the RNN updates (1), using its previous hidden step s;_;
and target ¥;_;. A new context is computed, as the weighted sum of the encoder output h com-
ponents again (2), but this time, the weights a;; (3) are the normalized scores of an alignement
model between the current decoder hidden representation s; and encoder output h. Then, this
new context ¢; is concatenated with the current hidden state s; and provided to a linear layer, to
create an ‘attentional’ hidden state§;. This attentional hidden state is the source of the predicted

output ¥; (5).

2Encoder: Bi-GRU; Decoder: LSTM
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2.3 Many-to-many mapping: Encoder-decoders

Luong et al. (20152) also introduced several new ways to compute attention. First, as de-
scribed earlier in the equations of Figure 2.8, the attention can be computed globally, aligning
the current hidden state with the whole encoder context at each step, as:

aj=0; (a(si,hj)) (2.9)

However, global attention, having to attend to all the words, might learn uninteresting pat-
terns, which was at the origin of a more focused local attention. In it, the global alignements are
weighted with respect to their importance to the currently studied hidden state:

2(j —p;)? )

2 (2.10)

a;j =ko; (a(si,hj)),withk =exp (—
With j the current position, p; is the position of the item being aligned with, and D the size
of a window around said position. A naive approach can consider that the k must directly
depend on the distance to the current item, and use a monotonic p; = i, where a more
complex approach can try to find the most interesting positions, using a predictive p; =

#h.o (VPT tanh(Wpsi)).

Lastly, scores can also be location-based, solely dependant on the target hidden state po-
sition in the sentence, which does not use an alignement model:

a; = o(Wys;) (2.11)
Alignement models can also vary, and three have been introduced:
e dot: a(s;, hj) = siThj,

o general: a(s;,h;) =s/ W h;,

e concat: a(s;, h;) = vaT tanh(W,[s;, h;]).

The alignements are not detailed in the original paper, but the dot alignement litteraly com-
putes the relatedness of two vectors, by looking at the product between their respective features.
The general attention adds a linear layer (W,), which can learn to weight the most relevant fea-
tures of the hidden state. Lastly, the concat concatenates the hidden state with the encoder
representation, and weights the interesting items over both sequences, not necessarily related
to one another, then normalizes weights with a tanh layer and reduces dimensions through a
vector multiplication.

Why use attention? Attention relieves the complexity of the hidden representation, by
allowing relevant contextual information to be spread out: at each step, the model can focus
on the context information most relevant to the current target item (via proxy of the decoder
RNN hidden state)—this sometimes translates as a ‘real’ intuitive alignement, as in the dot and
general models, but not always, as with the concat alignement or the FENN in Bahdanau et al.
(2015). It therefore improves the transformation of long sequences, as well as introduces an in-
tuitive way to look at the alignement between hidden representation and output (Luong et al.
2015a).
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Comparison Two points are interesting to note:

e Computation paths differ: Bahdanau’s decoder runs the attention on the encoder output,
before providing it to its RNN:s;_; — a; — ¢; — s;, where Luong’s decoder runs its RNN
first, and uses its output to compute the attention: §; = a; — ¢; = §;.

o Thedecoder hidden states considered are not the same: the decoders use the context, plus,
for Bahdanau’s decoder, the previous hidden state and current target, and for Luong’s
model, the current hidden state.

2.3.3 Transformers, Attention without Recurrence

Recurrent networks are computationnally intensive and hard to parallelize because of their se-
quential nature. To use attention while removing sequentiality, Vaswani et al. (2017) introduced
a new model: the Transformer. This time, the model does not contain any recurrent layer, but
only attention mechanisms organised in an encoder-decoder setup,” via a new attentional unit:
the multi-head attention.**

2.3.3.1 Multi-head attention

In multi-head attention units, there is no recurrent module. All input words are seen and studied
atthe same time. ‘Multi-head’ refers to this parallel mechanism, where several alignement mod-
els (called heads) are computed at the same time for the same inputs; the hope of this parallel
computation is that each different alignement model, initialised randomly, learns to focus on a
different aspect of item relations in a sequence.

1. Total context of item i:
¢ = [c.(o)...c(H)] W,

L 1

2. Target item i context at head h:
RO LI
i j=1%ij YY)
3. Local context weight:

h
@) =0;(aP(v;, 1)

FIGURE 2.9: Schematic representation of a multi-head attention unit.

In more detail (Figure 2.9), each input item v; is aligned with a target t;** to compute nor-

J
(h)

malized scores g, which represent how well the input matches the target (4). Said scores

23As well as FENN as transition between layers, but we will not detail them here.

24Recurrent models see each word of a sentence in a sequence, and therefore know which word is close to which one.
Transformers see all words of the input at the same time without information about their respective positions.
To mitigate this, their first unit, before the encoder and the decoder, is a positional encoding layer, which adds
word order information to the input embeddings, but will not be detailed here. For more information, see Vaswani
etal. (2017).

What the target can be is detailed in the next paragraph.
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(h)
i
2
4
step, using matrix computations (where, in recurrent models, items were looked at sequentially).

Since heads are parallel attentional models (each hopefully learning to specialize on a different The superscript ® indicates

are then used to compute the weighted sum ¢; * of all inputs v; (3), which is, in a sense, the

Transformers’ item ‘context’. All the contexts c; ~ are actually computed at the same time in one

aspect), all these computations are done at the same time, in parallel. The concatenation of all that these computations are
h . . . . . d f i head h.

head contexts Cl.( ) for a given item i, through a linear layer (W,), constitutes the final context "¢ " @ &Ven

¢; of the given element i. Here, the alignement model is similar to the general attention (Luong

etal. 2015a).

Variations

1. Multi-head self-attention If a multi-head attention layer is used to compute the aligne-
ment of a sequence with itself (t = v), itis called a multi-head self-attention layer. These
layers highlight which items of a given sequence are most relevant to other items of the
same sequence, and therefore allow the model to learn about items relations in a single
sequence. For example, in ‘The students ate their cake., ‘their’ has a relation to ‘The stu-
dents’.

2. Multi-head masked self-attention Sometimes, we want our self-attention alignement
models to be constrained, and to only link an item in a sequence with previous items in the
same sequence, and not following items (which mimicks recurrent attention, where the
decoder at time t only has access to its previous predictions). To do so, 1) the alignement

g.l) are contrained to be null for i>j (using whatis called a mask), and 2) the input

sequence is aligned not strictly with itself, but with itself right-shifted: a <BOS> token is

prepended to the sequence (t = [<BOS>, v]).

weights a

2.3.3.2 Full Transformer model

Y

Multi-head

t| attention
v
C, c,
!

Multi-head Mrlillettls_l?eilad

t | self-attention | celfoartontion
% vI
X 14

FIGURE 2.10: Schematic representation of a Transformer.
(v and t on arrows indicate if the parameter is used as value or target in the previous equa-
tions).

The Transformer, in its encoder, contains a multi-head self-attention unit, which computes
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Teacher forcing was not
always used for Trans-
formers, since the original
paper explains that the
model is ‘auto-regressive
at each step’. However,
most current implemen-
tations use teacher forc-
ing for decoder training,
as it increases computa-
tional speed several folds.

a representation Cy of the input sequence X as the relation of its items Xx;. Then, the Trans-
former decoder uses a multi-head masked self-attention unit to compute a representation Cy of
the gold sequence Y as the relation of its items y; with their predecessors in the sequence ¥;_1.
This allows us to show the full gold at once to the decoder (which allows parallelization) while
not allowing the decoder first unit to link an item to its successors in the sequence: predicting
the next item if you already know it is not really a challenge, nor can it generalize to unknown
sentences. The decoder finally uses a multi-head attention to align the encoded input represen-
tation Cy with the gold masked representation Cy to link each input word with a ‘sub-sequence’
of the output, and infer its prediction ¥ .

2.3.4 Attention?

Both architecture types (Seq2seq vs Transformers) use the same mechanism (attention), but
conceptually explained differently. Bahdanau et al. (2015) and Luong et al. (2015a) refer to at-
tention as an alignement model (concept which comes from statistical translation),”® as seen
earlier: the current ‘source’ is aligned with its ‘target’ to determine alignement weights (using
a dot product), then used to ponderate the ‘source’ impact on the output. Vaswani et al. (2017)
refer to attention as a system of queries, keys, and values (concept which comes from informa-
tion retrieval systems): the queries are mapped against the keys (using a dot product), and the
resultis used to weight the most relevant values. From these descriptions and when comparing
Figure 2.8 with Figure 2.9 (most notably the arrows going from the grey input to the context), we
can see plainly that the queries and values match the ‘source,” and the keys match the ‘target”.
we map the ‘source’ againstits ‘target’ to determine the more relevant parts of the ‘source’.

2.3.5 Decoding

Training When training RNN based encoder-decoders, we can either teach them to predict
a target token from the previous prediction (student forcing), or from the actual previous gold
token (teacher forcing).”” When decoding in the former case,”” being wrong on the first token
likely means being wrong on the second one, and then on the following ones, as each token is
predicted from a previous one, and error can therefore propagate; using student forcing teaches
the model to mitigate its own mistakes, whereas a model trained using teacher forcing can suffer
from exposure bias: having only learned to predict from the gold, it has problem inferring from
its own predictions. However, teacher forcing also prevents the model from drifting too far away
at training time, since the decoder learns to predict from the correct token, and this helps faster
convergence. Where the choice does not change a thing computationnally speaking for recurrent
decoders, which will predict token one after the other, itis very different for Transformers, which
can predict all target tokens at once. Transformers are therefore usually trained using teacher
forcing.

Inference Amodel trained using teacher forcing will not have access to the whole gold target
during inference, which is solved using a technique called greedy search. The decoder, start-

26This concept is also similar to DNA sequence alignement models in biology.
*’The first target token to predict from is always a token indicating ‘start of sentence here’.
*8This is also called auto-regressive decoding.
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ing from the ‘start of sentence’ token, predicts the most plausible token. From the formed se-
quence, it predicts the next token, and so forth. Itis extremely similar to student forcing, except
that model weights are kept fixed (since we are inferring). However, it can sometimes fail if the
best token at one point is then followed only by very unlikely tokens, when considering the next
best choice would have been followed by good tokens, giving an overall better prediction in the
second choice. To mitigate this, greedy search can also be ran while keeping not the best, but
the n-best predictions at each time step, and chosing the overall best path at the end. This is
called beam search. It is considerably more computationally intensive, but can provide better
results.

2.3.6 Autoencoders

Autoencoders are a special case of encoder-decoders, which differ from them only on the task
they were trained on. The first autoencoders (Kramer 1991),*” called autoassociative networks,
were designed to solve how to extract relevant low-dimensional features (interesting properties
which summarize the data correctly) from highly dimensional data in an unsupervised manner
(without being told what to look for). An auto-encoder is trained on ‘self-to-self’ prediction:
it learns to map input data to a lower-dimension feature space using the encoder, then recon-
struct the input from the feature space representation with the decoder. Several constraints have
then been applied to the initial concept to prevent the network from learning the identity func-
tion: forcing network sparsity by shutting down some of its neurons during learning, adding
noise to the input data and training on denoising it,’® and others. The encoders can then be
used as such to generate lower dimensional representation of new data. This is one end of the
pretraining/fine-tuning spectrum mentioned in Section 2.1.2.

2.4 Conclusion

Throughout this section, we successively studied how neural networks are conceived and trans-
lated into equations, before studying some neural networks applied to text, from recurrent units
(SRNN, LSTM, GRU) to encoder-decoder architectures (recurrent or Transformer based). These
are not the only useful artificial neural networks when studying texts, but those which will be
used throughout this manuscript.”’ However, though this section might have given the reader
the feeling that neural networks are all pure mathematics, this is actually only true in theory. In
practice, machine learning models need a lot of adjustment, as we will see in the next section.

% Autoencoders predate encoder-decoders by two real world decades, or two centuries in machine learning time.

*'Masked Language Models (MLMs) are a special case of denoising, where some input tokens are masked and the
network must learn to predict the original sentence, as in BERT models (Devlin et al. 2019).

*'Preliminary experiments have also been conducted with convolutional or variational encoder-decoders, with little
success, and they will not be detailed in this manuscript.
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3 Machine learning is an
experimental science

What is the difference between
theory and practice?

In theory, they are the same.

My grandfather

The field of applied machine learning is as much an experimental science as a purely theo-
retical one, and it needs to be considered as such. Many parameters can be adjusted at each step,
whose variations can give drasticaly different final results. In this section, we explore some of
these parameters, from data management to model design and training, then focus on an impor-
tant aspect of experimental sciences: reproducibility. Lastly, we introduce some interpretability
concepts, a recent but nonetheless vital aspect of machine learning.

3.1 Data

3.1.1 Obtaining a dataset

3.1.1.1 Collection

After having defined the task, the next step is to gather data, either by manually producing it for
the task athand (which is resource expensive), or by reusing existing datasets. The latter present
a few challenges, as a balance must be found between data size, big enough to train neural net-
works, cleanliness, to allow for good precision, as well as variety and representativeness,
to allow for generalisation (see e.g. Barbosa and Feng (2010) and Soni and Roberts (2020) for
a description of the challenges of using datasets of different sizes, noise levels, and relevance,
for domain-specific tasks, Schifer (2016) for a discussion of the biases of crawled datasets, and
Kreutzer et al. (2022) for an audit of widely used crawled sets). Bender and Friedman (2018) and
Rogers et al. (2021) provide frameworks to constitute and think about datasets.
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3.1.1.2 Augmentation

When the task of interest does not have enough annotated data in the language at hand, it can
be useful to use data augmentation techniques (especially when resources to create a relevant
data set from scratch are not available). This can be done by changing the datasets, leverag-
ing information from other more available sources, or by creating artificial synthetic data. More
concrete examples of data augmentation will be detailed applied to machine translation, in Sec-
tion 4.2.1.

3.1.1.3 Sampling

As seen above in data collection, data sets should be representative of the task athand. However,
if datasets (even reflecting reality) are too imbalanced, models can sometimes be stuck learning
only majority examples, even noisy ones, to the risk of overwhelming the minority class (Jap-
kowicz 2000; Kubat and Matwin 1997; Laurikkala 2001; Maragoudakis et al. 2006)."

Data might then have to be edited depending on the task objective, and whether it is more
important to get good precision (percentage of predictions which are correct) or recall (percent-
age of target which was correctly predicted). Two principal strategies can be applied to try to
balance a dataset: undersampling means reducing the total size of the data by removing sam-
ples from the ‘majority class, whereas oversampling repeats samples from the minority class
and increase therefore the total size of the data — undersampling tends to performs better than
oversampling (Chawla et al. 2002). Their effects have been studied over a wide range of topics
(Jamil et al. 2017; Li and Scarton 2020; Lichouri and Abbas 2020; Washio and Kato 2018; Zhu and
Hovy 2007).

For more complex tasks, however, oversampling might lead to overfitting the specific ex-
amples we repeat. In those cases, it might actually be better to change the architecture or loss
chosen for the problem to focus on better management of small classes.

3.1.2 Preparing data for training

Once data has been obtained, it must be prepared for training.

Cleaning Datashould first be cleaned before use if needed, in order to remove as much of the
noise as possible without losing performance, such as items that are obviously incorrect (e.g. a
wrong character set for the given language, such as Chinese ideograms in an Alsatian text, a
wrong label, etc.), or plausibly incorrect, being too different from the others (bad ratio of charac-
ter to word length, sentences considerably longer or shorter than the average, unusual frequency

'This can also apply, not directly to the data points, but to their metadata: for example, Geva et al. (2019) found that
their models do not generalize well to data annotated by new annotators, who did not contribute to the training
set - they effectively learned on the ‘majority annotator class’.
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of targetlabels, etc.) (Koehn etal. 2018).” Several automatic tools have also been developped and
published for data cleaning and filtering (Aulamo et al. 2020; Bane and Zaretskaya 2021; Laippala
et al. 2020; Muthuraman et al. 2021; Ramirez-Sanchez et al. 2020).

Tokenization Cleaned datais then tokenized at the chosen level: segmenting a running in-
putinto ‘studiable’ and ‘processable’ units (tokens) is called tokenization. In NLP, several units
are possible at the sentence level, from whole word to characters. Tokenizing a sentence into
orthographic words makes intuitive sense, butitis less trivial than it seems (as seen in subsec-
tion ??), and it creates a huge list of unique units, the vocabulary. Tokenizing into characters re-
duces the vocabulary size and is more trivial, butitincreases the length of the studied sequences,
which can make sequence modeling harder by introducing too long-term relations.® A good in-
termediate seems to be subword tokenization, rule based or statistically motivated (as in the
Morfessor family of tools). Morphologically motivated subwords allow us to represent words
out of sensical units (for example, prefix + root + suffix), but require prior knowledge of lan-
guage to build the associated rule-based tokenization models.* Purely statistical segmentation
has been introduced to solve this problem, using a technique called byte-pair-encoding (BPE):
the vocabulary is initialized with all the unique characters available, then the text is parsed to
count frequent vocabulary n-grams (which take into account word boundaries). The most fre-
quent character n-grams are considered as new tokens, and added to the vocabulary. This op-
eration is then repeated iteratively, until a number of operations or vocabulary size (Sennrich
et al. 2016b). BPE has become the segmentation of choice in a lot of tasks, thanks to its per-
formance and easiness to setup. Comparing different tokenization levels (character, morphol-
logically based subword, and BPE based subword) for several natural language processing tasks
highlighted that character level tokenization help to better learn morphology, BPE semantics,
and morphologically-based subwords syntax (Durrani et al. 2019), which interestingly correlates
with the previous comments about subword sentence segmentation in linguistics being enough
to analyse language relevantly (see also (Stahlberg 2020):9.4). The vocabulary size constitutes a
parameter in itself in settings where it is fixed a priori.

Data split Data split is not usually seen as an hyperparameter, but dividing our total set
into training, validation and testing sets can have a huge impact on the overall accuracy of the
model. If the splits are not balanced similarly, and if, for example, a minority class is completely
absent from the testing set, the model is likely to report better performance than what is actu-
ally true, since it will never be evaluated on the harder minority class. Two strategies exist: first,
being careful about the data division when creating train/val/test sets, or second, running the
experiments several times with several different data splits. (This second option is more robust,
but tends to be unfeasible in practice because of model training times.) The relative size of our
subsets can also affect performance — more training data might seem better, but using too little
testing data might prevent from seing if the model fails to generalise. These points are discussed
by Goot (2021) and Sggaard et al. (2021). The usual data splits for average corpora in common

“See also MOSES cleaning scripts github.com/moses-smt/mosesdecoder/blob/master/scripts/
training/clean-corpus-n.perl and github.com/moses-smt/mosesdecoder/blob/
master/scripts/tokenizer/normalize-punctuation.perl, or this data cleaning repository
github.com/jfilter/clean-text.

*See Subsection 2.2 for more details.

“They can also have trouble segmenting words containing discontinuous morphemes (morphemes into which other
morphemes have been inserted), such as bumili ‘bought’ in Tagalog, made of bili ‘buy’ interrupted by the infix -um-
which changes word meaning depending on grammatical context.
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tasks (e.g. POS tagging or semantic tree labelling) are usually around 80%/10%/10% for training/-
validation/testing; for very big corpora (as in machine translation), validation and test set are no
longer a matter of percentage but of absolute size (5,000 sentences constitute a big enough val-
idation set); for very small corpora, a bigger training set is sometimes kept at the expense of the
validation set.

Batching As mentioned in Section 2.1.2, it is possible to provide input sentences as mini-
batches (several at a time) when training. Using batches or mini-batches’ increases performance
and computation speed, by going for fewer butlarger operations (notn small operations, butone
big operation on a n-size matrix). These larger computations can then be run even faster by tak-
ing advantage of parallelisation. However, working on too many examples at the same time can
decrease precision, as the model backpropagates and optimizes for an error averaged over n ele-
ments, instead of updating for the error of one or a few examples. In NLP, it is rare to find a data
set where all examples are the same size, since we look at text (sentences, contrarily to images,
do not have ‘standard shapes’). This poses a problem for batching: creating a table of examples
to be recursively parsed together requires all sentences to be the same size, as the model will look
atall first words at the same time, then all second words, and so forth. Two solutions exist to this
problem. The first one is called bucketing: mini-batches are made by grouping together chosen
examples which actually are the same size. The second is called padding: too short sequences
are completed with a repeated ‘fake item,” to make them as long as the longest sequence of the
mini-batch. However, both padding and bucketing present their own limitations: padding, by
adding fake tokens, adds useless model computations on said tokens, while bucketing, by group-
ing same-size sentence, might affect model stability for the rare length classes, which will con-
tain less items than the others (see Morishita et al. (2017) for a study of mini-batches creation
strategies, though most papers use bucketing or random shuffling with padding).®

3.2 Experiment design

3.2.1 Architecture choice

Architecture choice aims at choosing the best architecture for the task at hand, either from pre-
existing ones (e.g the different encoder-decoder flavors we saw in the last section) or by design-
ing a new one (specific to the task).

3.2.1.1 Model size

Once the general architecture is chosen, its parameters must be chosen (number of layers and
layer sizes, type of units, etc). The total number of model weights and biases must fit the size
of the data and task complexity: in theory, too small a model will not be able to approximate
the complexity of the data and will not learn, and too big a model could risk becoming too good

>The difference is explained in the side-note of Section 2.1.2

®During training, data is usually shuffled at each epoch to help preventing overfitting - however, methods such as
bucketing force specific samples to always be seen together (especially for small classes), therefore introducing
non-randomness and possibly hurting generalization.
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an approximator of its training set patterns, and overfit (see Section 2.1.3.1). However, since large
models overfitting is not systematic, as some learn to generalize on complex enough tasks (Caru-
ana et al. 2001; Zhong et al. 2021), big models can also become synonymous with better models.

3.2.2 Model instanciation

3.2.2.1 Weights initialization

Models weights can be initialized before training on the task of interest. This initialization can
be mathematical (random or using a specific function), data-based, or model-based.

Data-based Initializing a model using a dataset is called pretraining the model. A special
case of pretraining, called transfer-learning, uses data from a high-resourced related task to
initialise the model, and hopes information from the high-resourced task can be used by the
low-resourced task (Gu et al. 2018; Ruder et al. 2019). If the model is not trained after and used
as such (for example, if there is no training data for the low-resourced task), this is called zero-
shot transfer (Lauscher et al. 2020).

Model-based Itis also possible to use parts of pre-trained existing models as components
for our model of choice. The most common initialisation of the type is models trained on a lan-
guage modeling task,” which enrich sentence representation, though they can negatively impact
the performance of models after training (Wang et al. 2019). Well known recent neural models
include:

e BERT masked encoder models: Bidirectional Encoder Representations from Transform-
ers, having learned to predict the value of tokens masked in inputs (Devlin et al. 2019),

e GPT decoder models: Generative Pre-trained Transformer, predicting the next token in a
sequence (Brown et al. 2020),

e BART denoising auto-encoder models: Bidirectional and Auto-Regressive Transformer,
learning a combination of both tasks with added noise (Lewis et al. 2019),

e T5encoder-decoder models: Text-to-Text Transfer Transformer, learning language mod-
eling through prompting® for a combination of tasks (Raffel et al. 2020).

3.2.2.2 Embeddings

The input’s tokens must be transformed into numbers to be provided to our models. This can be
done using an embedding layer. In its simplest form, this layer is a lookup table (linking tokens
with indices). Since the introduction of language modeling (Bengio et al. 2003), embedding lay-
ers tend to link tokens to vectors in a continuous space, learned unsupervisedly by models con-

“Language modeling is a task where a model is trained to reconstruct a full sentence from a sentence with missing
information, by learning to predict either the content of masked sequences in a sentence, or the end of a sentence
given its start.

8prompting a model means providing it with a description in natural language of the task to do.
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strained to map items occuring in similar contexts to mathematically close representations (lan-
guage models for word items), thus carrying more information than just an alphabetical index
(Mikolov et al. 2013a). These vectors are called embeddings, and can be initialised randomly or
from alearned coherent representation (coming from a language model for example), then fine-
tuned unsupervisedly during training or fixed (Baroni et al. 2014; Levy et al. 2015; Li and Specia
20192). Word embeddings are interesting, because they can carry semantic information; how-
ever, they introduce a challenge at test time, as models will be unable to work with words which
have never been seen by the embedding model — this is called the out-of-vocabulary words
problem, for which many strategies have been developed (Daumé I1I and Jagarlamudi 2011; Jean
et al. 2015; Yang et al. 20203; Yazgan and Saraclar 2004). Character embeddings do not suf-
fer from this problem for languages where the total character set is limited, such as French or
English, but as we saw earlier, character tokenization is not good for long-term relations mod-
eling. Subword embeddings is a good intermediary, as it almost never suffers from the out-of-
vocabulary words problem, while still having the potential to carry semantic information (Dur-
rani etal. 2019). Of course, embedding choice depends on tokenization, but embedding size and
initialisation are hyperparameters in themselves.’

3.2.3 Training

Many hyperparameters also have to be adjusted when training, among which the learning rate
(speed at which the optimization occurs) and its possible scheduling (changing the learning rate
ratio during training to make bigger steps at the beginning of optimization and smaller after-
wards), the optimizer chosen (from the robust SGD to faster Adam (Kingma and Ba 2015),'"” see
Ruder (2016) for an overview), the batch size and batching technique (from bucketing to padding
and everything in between), the maximum number of epochs during which the model is allowed
to run, the convergence metrics which determine when the model has reached its optimum, and
of course the loss computation, which determines what is important in training a model.

3.2.4 Mitigating variation

Itis impossible, in terms of time and computing power, to train on all subsets of hyperparame-
ters. In order to mitigate variation as much as possible, a user can choose an informed subset,
and experiment around it, doing what is called an hyperparameter search: this implies train-
ing several models to study their performance with respect to the chosen parameters (Liu and
Wang 2021). It must take into account the fact that some of the forementioned parameters are
linked (batch size should be changed along with learning rate, for example). Another option is to
use ensembling, and to train a varied number of models, and merge their results (by averaging
them for example) (Gautam et al. 2021).

°Other common embeddings are sentence embeddings, used to work at the document level, but out of scope for
this document.

19Several recent papers have shown that adaptative optimizers (such as Adam, Adagrad, etc), though considerably
faster than the simpler SGD, also tend to suffer from worse generalisation performance (Wilson et al. 2017; Zhou
etal. 2020).
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3.2.5 Evaluation

Baseline In order to evaluate the results of a given model, they must be compared to a good
baseline. The usual method in machine learning is to find previous work, which used the same
data set and same architecture as baseline. However, this is complicated by the only occasional
occurences of completely detailed experimental setups in exising machine learning papers,' as
well as the difficulty of discriminating which parts of the results difference come from minimal
design variations versus new techniques introduced. Thatis, when previous papers have worked
on the same available datasets and task (Marie et al. 2021). If no one has worked on the same
subtask before, it can be interesting to compare the results of neural methods with previous non
neural methods, such as, in the case of translation, rule-based or statistical machine translation.
Another possible baseline, though more expensive, is the human one.

Scoring  Metrics must be chosen carefully to evaluate our models on the most important as-
pects of the task. Some classical metrics are precision (percentage of predictions which are cor-
rect), recall (percentage of target which was correctly predicted), a combination of both using a
score, or the accuracy of a task-specific metric. However, desigining automatic task metrics of
good quality can be a challenge, especially for more complex task such as translation, summa-
rization, and generation, with many papers pointing their limits (Mathur et al. 2020; Reiter 2018;
Reiter and Belz 2009; Sulem et al. 2018; Weber et al. 2021).

3.3 Reproducibility

Reproducible research provides enough information to allow other people to replicate results (or
try to), from papers in open access, documented and open source code, used datasets under open
licenses, ideally with data splits, model checkpoints, and so forth (see for example the European
Commission report on scientific data (Wood et al. 2010) or the Open Linguistics Working group
recommandations (McCrae etal. 2016)). Some initiatives to help generalizing this approach have
emerged, such as ‘Papers with code’,”” and providing code and data starts to be integrated into
paper evaluation for the main NLP conferences.

However, despite those efforts, machine learning tends to be inherently unreproducible:
most machine learning libraries will not give the same results on the exact same dataset, task,
and model architectures. To quote the PyTorch documentation, ‘Completely reproducible results
are not guaranteed across PyTorch releases, individual commits, or different platforms. Further-
more, results may not be reproducible between CPU and GPU executions, even when using iden-
tical seeds’”” This is, in a lot of cases, due to the use of nondeterministic algorithms (notably
when parallelizing with Cuda) to increase computation speed.

Sennrich et al. (2016b) reported difference up to a full BLEU' point between different in-

"However, this is sometimes mitigated by providing the codebase used to run experiments.
“http://paperswithcode.com
BSeehttp://pytorch.org/docs/stable/notes/randomness.html

"See Section 4.1.1 for a definition
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stances of the same models trained on the same data with the same number of epochs.”” There-
fore, apartfrom some steps (detailed in the different libraries documentations) that can be taken
to enforce the use of deterministic algorithms and set fixed seeds for random operations, the
best attitude towards machine learning is most likely to treat it like an experimental science,
and as such, to run experiments several times, with different seeds, or on different machines,
to ensure the results are statistically significant. This is especially important when comparing
architectures, as a specific run for a given architecture, on a single seed and data split, could hap-
pen to outperform an actually better architecture, which was slightly less good for this specific
situation. Of course, this might be hard to do for the bigger NLP tasks (translation, language
modeling), but in this case, it might be better to try to design more interpretable models, to at
least add a level of human understanding of the model choices (Bender et al. 2021).

3.4 Interpretability

Machine learning models behave as black boxes, and itis close to impossible to understand what
is happening under the hood. They usually are evaluated on specific scores for a given task and
dataset, which constitute a very reduced interpretation of what is actually happening (as shown
by Elsner et al. (2019) for morphological modeling capabilites of seq2seq models), and do not
explain artefacts and border cases. Besides, machine learning models are now being used on
life-impacting issues, such as in the legal or medical domain. There is more than a theoretical
need to understand how they work, notably to provide accountability (Bender et al. 2021).

Interpretability, studying and interpreting the inner workings of such models, is a very re-
cent field in NLP, as the first workshop dedicated to the topic occured in 2018, colocated with
EMNLP."® As such, a lot of basic definitions are still debated. Madsen et al. (2021) wrote a survey
on interpretability techniques applied to NLP, and introduced the term post-hoc interpretability,
for techniques applied a posteriori to models already trained — this is also what we will focus on.
We will first introduce some necessary distinctions, then present a panel of model interpretabil-
ity techniques, either external (focusing on inputs and outputs) or internal (studying the inner
components of models).

3.4.1 Useful distinctions

Interpretability vs explainability Interpretability is, according to Doshi-Velez and
Kim (2017), the “ability to explain or to present in understandable terms to a human” what is
happeningin a model. Li et al. (2021) define interpretability as when “there exists a trustworthy
interpretation algorithm [such that] (1) the rationale behind the model is fully revealed by the
algorithm; and (2) the revealed rationale is totally understandable by humans, or fully overlaps
with human understandings”. We define explainability as, on the other hand, knowing what is
happening in the model."” We could see interpretability as an understanding plausible in hu-
man terms, where explainaibility is a full mathematical understanding of the reasoning. At the

BThe only variation between their models was the epoch at which the embedding layer was fixed (last 4 epochs
before fine tuning) and the gradient clipping rate during fine-tuning (1.0 or 5.0).

“http://blackboxnlp.github.io/2018

7 As mentioned above, there is no consensus on the two terms - for a overview, see Fan et al. (2021).
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moment, a neural machine translation model is at most interpretable, where a rule based trans-
lation model is explainable, as it has been designed as such from the ground up. We focus here
on interpretability, not explainability.

Faithful vs plausible Jacovi and Goldberg (2020) insist on the difference between faith-
ful and plausible interpretations of our models. When designing interpretability datasets or
probes, we must be careful to avoid ‘plausible’ interpretations writing pretty stories around what
we observe, and rather do our best to make sure our explanations are faithful to whatis actually
happening. It can be easy to be biased in task design, to try to fit what we expect to interpret.

3.4.2 External analysis of models

External interpretability is, in a sense, a ‘blackbox’, as it only uses model inputs and outputs to
infer whatis happening inside. For example, it is possible to design edge case inputs to see how
the model reacts; it is also possible to design further experiments to ‘plug’ in the model’s repre-
sentations, to better understand what they could contain.

Creating artificial test data Artificial test data are designed to target specific model
capabilities, or help analyse model errors, and predictions made on such data can help learn
more on the edge cases of modeling. For example, in their tutorial on interpretability applied to
NLP models, Belinkov et al. (2020) introduce techniques for dataset design focused on linguistic
testing, such as tests sets designed to overcontain minority cases and sentences to target specific
properties to look for. Similarly, Kuhnle and Copestake (2018) automatically generate artificial
data for visual question answering, to better account for sentences complexity level (syntactic
richness), reflecting reality more interestingly than turked'® datasets. These datasets focus on
aspects of linguistic complexity we want to study in our models. A specific case of artificial test
data are adversarial examples, inputs that cause the model to output something completely
wrong unexpectedly, either false (mis-classification) or problematic (slurs or private informa-
tion production in text generation). Wallace et al. (2019), for example, design an iterative re-
placement search over tokens to find adversarial sequences which trigger specific predictions
for different tasks (classification, text generation, sentiment analysis, etc.). These tell us more
about the edge cases of our models, and how much it has overfitits initial data.

Using probing downstream tasks Probing tasks are designed to analyse if model rep-
resentations encode properties of interest. Belinkov et al. (2020) use a classifier to predict a prop-
erty of interest from a model representations of the input; the accuracy of the classifier is seen
as a proxy for the quality of the representation with respect to the studied property. Voita and
Titov (2020) propose another proxy — not just probing tasks accuracy scores, but the “cost” of
getting this accuracy: the minimum description length needed for the probing task, which indi-
cates how accessible this property is in the representation (the longer the description needed, the
less accessible the property). Probing studies a specific aspect of language, as when Tang et al.
(2020) use classifiers on model internal components, to probe character level hidden states on

8Turked datasets’ refer to datasets created using crowdworkers on Amazon mechanical turk or equivalent systems,

whose use presents strong ethical issues (Fort et al. 2011).
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different morphological tasks and determine at which layer which morphological information is
learnt by such a model. Therefore, many papers combine different probing levels to grasp a finer
picture of learning: Conneau etal. (2018) for sequence to sequence models, Raganato and Tiede-
mann (2018) for multilingual Transformers’s encoders and attentions, or Jawahar et al. (2019)
for language models.

3.4.3 Internal analysis of models

Model components visualisation Internal models representations (such as the con-
texts for encoder decoder) can be visualised using dimension reduction techniques, which map
this multi-dimensional input to a lower space representation. For example, PCA (Primary Com-
ponent Analysis) applies a linear transformation to the data, in order to fit it to a new coordinate
base, chosen to maximize the variance of the data for all successive components (Pearson 1901).
t-SNE (t-distributed Stochastic Neighbor Embedding) defines two probability distributions, one
on the original data points (where the closer the pair, the higher their occurence probability) and
one defined on the chosen lower dimension output space (in the same way). The two probabil-
ity distributions are then aligned together by minimizing the Kullback-Leibler divergence, to fit
original data points to the target space (Maaten and Hinton 2008). This method is stochastic,
and can generate results which vary from one run to the next. Madsen et al. (2021) provide an
overview of such visualisation techniques for NLP problems.

Input importance visualisation Itis also possible to litterally visualise input impor-
tance with respect to the prediction or inner components of the model. Some methods use
saliency maps, retrieving neuron-wise signal contribution of inputs to results (Harbecke et al.
2018), look for inputs which maximize the activation of a neuron of interest (Poerner et al. 2018)
or study the relevance of inputs for different internal components (hidden states, embeddings)
layer wise, relevance then displayed using matrices (Ding et al. 2017).

Interaction Some authors change inner model weights while looking for properties in said
models, such as Giulianelli et al. (2018), who train a diagnostic classifier to predict verb number
and number agreement from corresponding LSTM states of a language model, then backpropa-
gate the classifier gradients to change the LSTM state - it does not improve the language mod-
eling accuracy, but the scores on accordance tests. Wiegreffe and Pinter (2019) train models to
find adversarial attention weights, to determine the limits of using attention as explanation. Bau
et al. (2018) analyse which neurons are the most relevant to their task and its subtasks. This is
not an avenue we will elaborate more on.

3.5 Conclusion

In this section, we looked at the experimental aspects of machine learning, from data collection,
preprocessing and tokenization to training parameters and evaluation choice, not forgetting of
course the many existing models and model parameters. We will therefore need to take hyper-
parameter optimization into account when designing and running experiments. We then high-
lighted how unexpectedly hard it is to reproduce machine learning results exactly, introducing
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the need for statistical significance if possible (much as in biology, for example), or else inter-
pretability: we therefore looked at a number of interpretability tools, some of which will be used
to better understand our results.

47






4 Inspiration from

low-resource machine
translation

What kind of language is this?

I can’t hear a word you're saying
Tell me how you are singing

In the sun

Bush (2005)

Now that we both studied the theory behind our units of interest, as well as the attention
points to keep in mind when training machine learning models, we look at our inspiration for
our architectures and tools. As our tasks of interest are sequence-to-sequence problems with
very small datasets (cognate prediction and proto-form reconstruction tasks), they seem theo-
retically very similar to the low-resource machine translation task. We will therefore describe
here the basics of machine translation, then the specifics of low-resource machine translation,
most notably on how to improve performance when data is scarce.

4.1 What is low-resource machine translation?

4.1.1 Machine translation

Machine translation (MT) uses computer models to translate text from a language to another.
When working with written data, it is usually considered to be a many-to-many sequence-to-
sequence problem, as we go from one sequence (a sentence in a source language) to another
sequence (its translation in the target language), and those two sequences can have different
number of tokens or different ordering of the tokens. For example, if the unit we chose for our
task is the word, English ‘Cats eat mice.” gives French ‘Les chats mangent des souris.’, and we go
from three units to five.

Datasets In MT, datasets of interest are called parallel datasets, as they contain parallel
sentences in usually two languages, which means they store the correspondences between each
sentence and its translations. Available datasets are usually either big and noisy, such as Com-
monCrawl, data crawled from the web, or cleaner but smaller and/or specialised, such as WMT
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datasets, manually curated for MT competitions, or EuroParl, multilingual dataset of European
parliament deliberations.

Approaches Two approaches remain in machine translation.! Historically, machine trans-
lation was performed using statistical approaches, based on computing glossaries of correspon-
dence between source and target, coupled with reordering models for output (Brown et al. 1988).
The reference tool for statistical machine translation (SMT) is called MOSES (Koehn et al.
2007). It works in two steps, training and fine-tuning. During training, the bilingual parallel
data are tokenized and aligned using an external statistical alignement tool, then used to learn
1) an n-gram language model of the target language; 2) a correspondence table between source
and target tokens; and 3) a reordering model to manage token order. During fine-tuning, the
respective weights of all these models are adjusted, using a development dataset (Mikolov et
al. 2013b). Neural machine translation (NMT) emerged with the success of neural encoder-
decoder architectures specifically developed for this task, either recurrent with attention (Bah-
danauetal. 2015; Luong et al. 2015a) or fully attentional such as the Transformers (Vaswani et al.
2017).> These models have been implemented in several toolkits, among which fairseq (Ott
et al. 2019), which we use. Overall, when comparing, SMT models have the advantage of being
more understandable, as they are made of specific, separate components (alignment model, lan-
guage model, decoder) which can be studied on their own; this information is implicitly learned
by NMT models. However, NMT models can learn to go from several languages to several oth-
ers, which is not possible using SMT. This multilinguality can be managed using a panel of tech-
niques, from sharing a single encoder and a single decoder across all languages (Johnson et al.
2017; Vergés Boncompte and R. Costa-jussa 2020) to using one component (encoder/decoder/at-
tentional mechanism) for each language (Luong et al. 2015a), and any combination in between,
such as sharing encoders only (Li et al. 2020a), components across related languages, or sharing
attention only across all (Firatet al. 2016a). We will see their respective performances in the next
section.

Evaluation For translation, model results were historically manually evaluated, which is
time consuming and expensive. Several automatic metrics were therefore introduced. BLEU is a
‘translation closeness metric’ inspired by the word error rate used in speech processing (Papineni
etal.2002). Ituses modified n-gram precision scores on blocks of text, averaged using the equiv-
alent of a geometric mean to compute a precision score. Post (2018) introduced a framework to
communicate BLEU scores more homogeneously and accurately. Because of its apparent good
correlation with human judgmentfor MT tasks (butnot generation tasks) (Reiter 2018), ithas be-
come the “de facto standard for evaluating research hypothesis” (Mathur et al. 2020). However,
the authors of this second paper, evaluating MT evaluation metrics, note that BLEU correlation
to human judgement and other metrics decreases considerably when removing outliers MT sys-
tems, over or underperforming, from the comparison: as systems get more complex, small dif-
ferences in BLEU might have less meaning and value than could previously be thought. ROUGE
was introduced as a BLEU alternative for summarisation, and uses either the overlap of n-grams
between prediction and reference or the longest common sub-sequence as recall metrics (Lin
2004). BLEU and ROUGE are quite complementary, as BLEU measures precision (e.g how many
predicted terms are correct, and were originally present in the reference sentences) and ROUGE
measures recall (e.g how many words in the reference sentences can be found in the predictions).

'Rule-based approaches have also been used, but they fail to scale and are rarely kept today.
“Both model types have been described in detail in Section 2.3.
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METEOR combines the two, using the harmonic mean of 1-gram precisions and recalls (Baner-
jee and Lavie 2005) to get an overall score. These are not the only metrics existing, but the most
commonly used (other metrics attempt, for example, to remove the reliance on gold data for
evaluation (Zhao et al. 2020), or to focus on model robustness to noise (Niu et al. 2020)). Lastly,
evaluators made of neural networks have also been introduced, such as COMET, combining a
pretrained encoder to extract information about hypothesis, source and reference, and training a
minimal neural network on minimizing either 1) the mean squared error between sentence rep-
resentation and quality assessments (estimator model) or 2) the distance between the better
hypothesis and the sources/references (translation ranking model). However, they tend to be
more resource hungry and therefore less relevant for low-resource scenarios.

4.1.2 Low-resource machine translation

Low-resource machine translation is the same task applied to situations called ‘low-resource’,
where only little training data is available. This ranges from languages with a limited number
of native speakers, such as extinct (e.g. Medieval French), endangered (e.g. Aromanian) or vul-
nerable (e.g. Alsatian) languages, to situations for which little data is available, such as ‘unusual
language pairs’ (e.g. translating from German to Italian is less common than from French to En-
glish, for example), or ‘unusual data domains’ (e.g. medical datasets are rarer than newspaper
datasets).

The architectures used are the same, but several papers comparing SMT with NMT in very
low-resource settings conclude that SMT performs better, being more accurate and less prone
to overfitting (Bollmann 2019; Dowling et al. 2018; Singh and Hujon 2020; Skadina and Pinnis
2017). Sennrich and Zhang (2019) analysed and reproduced previous comparisons, to conclude
that SMT can actually be outperformed by NMT when architectures and hyper-parameters are
carefully chosen, but only above a certain quantity of data. Performance, however, is still con-
siderably lower than in high-resource situations.

4.2 How do we increase performance?

Several techniques allow to mitigate low-resourced situations. In this section, we will introduce
a subset of the easiest to implement and most frequent techniques used, which will serve as a
basis for our own data augmentation experiments. For more exhaustive surveys of existing tech-
niques, we refer the reader to Haddow et al. (2021), Stahlberg (2020), and Wang et al. (2021).

4.2.1 At the data level

In MT when studying a low-resourced language pair (such as French-Alsatian), it is possible
to leverage information from a higher resourced language pair (such as French-German), or to
use more available data of a different nature (parallel lexicons) or of a different type (monolin-
gual data). Some research even investigates the use of multimodal data (data combining several
modalities, such as image and text, text and video, and so forth).’

*Multimodality usually implies changing the chosen model architectures, and it is out of scope for this document.

51



4 Inspiration from low-resource machine translation

Extending parallel data Existing datasets can be augmented using domain informa-
tion to transform existing sentences into new data, for example by replacing words by similar
terms (grammatically or semantically) (Hasigaowa and Wang 2019), using paraphrase systems
(Fadaee et al. 2017; Marton et al. 2009; Xu et al. 2020), or transliteration from a third language
(Libovicky et al. 2020). This can add some noise to the data; however, noise, when in measured
quantities, has been proven to increase the robustness of models during training, and augment-
ing datasets (not only parallel) with noise is therefore an available strategy (Edunov et al. 2018;
Lampleetal. 2017; Lietal. 2020a; Liand Specia 2019b). Parallel datasets have also been extended
with monolingual data ‘as such’ for training (Currey et al. 2017).

Using monolingual data For low-resourced languages, it is easier to find monolingual
datasets than parallel datasets, and this monolingual data can be leveraged to create new parallel
sets using a technique called backtranslation (Sennrich et al. 20162).” In our Alsatian-French
example, Alsatian is the low-resourced language: after having trained, even badly, a MT model
on the rare Alsatian to French data available, we can use it to translate our monolingual low-
resourced data (Alsatian) to the other language (French). This creates a new dataset of noisy
French (artificial) to quality Alsatian, which can then be added to train a model on French to
Alsatian. This operation can then be repeated iteratively, to hopefully generate parallel sets of
increasing quality, which is then called iterative backtranslation (Hoang et al. 2018). Apply-
ing these methods in the opposite direction is called forward translation (Abdulmumin et al.
2020). Many variations on this theme exist, from combining back and forward-translation (Li-
bovicky et al. 2020), combining back-translation with pivoting® (Xia et al. 2019), focusing on
back-translating harder target words (Fadaee and Monz 2018), using these methods for domain
adaptation (Bertoldi and Federico 2009), and so forth (Bojar and Tamchyna 2011). Edunov et al.
(2018) provide a survey of their advantages and limitations. All the newly created datasets can
then be used, mixed with “real” parallel data, for training (Marie et al. (2020) suggest adding
a tag to differentiate back-translated data from real data when training) or for pretraining, to
initialize models weights before training on the task of interest. Pretraining can be done using
monolingual pretraining sets, using source to source/target to target sentences to constrain
the language modeling capabilities of the encoder/decoder (Khatri and Bhattacharyya 2019) or
artificial parallel data such as back-translated pretraining sets (Currey et al. 2017).

Using auxiliary language data A special case of pretraining, called pivot-learning,
uses data from a high-resourced language pair to initialise the full model, and hope information
from the high-resourced pair can be used by the low-resourced pair (Casas et al. 2018; Casas
et al. 2019; Li et al. 2020b; Luo et al. 2019; Sdnchez-Cartagena et al. 2019; Xia et al. 2019). In
our example, it could be using French to German or English to initialize French to Alsatian. If
the model is not trained after and used as such (for example, if there is no training data for the
low-resourced pair), this is called zero-shot transfer (Aharoni et al. 2019; Lauscher et al. 2020;
Vergés Boncompte and R. Costa-jussh 2020). Some experiments have also been done to com-
pare using average-ressourced languages related to the low-resource language of interest, ver-
sus unrelated high-resource languages as pivots, and Kocmi and Bojar (2018) use high-resourced

*Itis also possible to use monolingual datasets of source and target languages to induce lexicons and learn a com-
mon latent space between them in an unsupervised way (Artetxe et al. 2017; Hu et al. 2019; Khatri and Bhat-
tacharyya 2019; Lample et al. 2017), but we will not consider unsupervised methods in this document as they
usually need a new model architecture.

*Pivot-learning is detailed in next paragraph.
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unrelated languages as pivot with very good results. Libovicky et al. (2020) compare oversam-
pling monolingual data, backwards translation, forward translation, using a pivot-language to
generate synthetic data, and transfer-learning from the pivot.

Multilinguality in models Simulatenously multilingual models are a special case of
using language data, and they have been shown to help low-resource scenarii by providing
data in other languages and constraining the hidden representations to a shared, language-
independent space. The amount of sharing between languages varies depending on the ap-
proach, from architecture changes using multi-encoder, multi-decoder architectures (Luong and
Manning 2016), optionally sharing attention mechanisms (Firatet al. 2016b), to single model ap-
proaches with a single shared encoder and decoder(Johnson et al. 2017).°

Using data from other fields Datafrom other tasks (e.g. morphosyntactic) can also be
integrated in models to constrain translations (which often implies changing the model archi-
tecture), for example dependency trees, used as soft-templates to constrain translations (Yang
etal. 2020b), POS tags, predicted jointly with translations (Burlotet al. 2017), and so forth. These
avenues can be more costly in terms of data for very low-resourced fields, and we will not inves-
tigate them.

4.2.2 At the model level

We only mention these methods in passing, as, though they represent an important develop-
mentof the field, they also usually rely either on the development of ‘non-standard’ architectures
or the integration of resource-intensive models.

With language models Model-based data augmentation methods include using pre-
trained multilingual models, such as XLM (Lample and Conneau 2019) or mBART (Liu et al.
2020) to improve machine translation (Liu et al. 2020; Siddhant et al. 2020). Pre-trained lan-
guage models can also be integrated directly in the translation model (Gulcehre et al. 2015),
and translation models can also be pre-trained with a language modeling or denoising objec-
tive (Guo et al. 2020).

Embeddings management A non negligible part of efforts have been focused on em-
bedding management, to mitigate the out-of-vocabulary word problem, particularly prevalent
in low-resource machine translation. Methods range from combining character and word level
embeddings (Ataman et al. 2019; Chen et al. 2018; Luong and Manning 2016) or creating hier-
archical embeddings (Morishita et al. 2018; Yang et al. 2020a) and combining models with dic-
tionnaries or similarity scores to look up or find most similar words to unknowns (Luong et al.

®Multilingual models can seem close to pivot-learning models, but the former learn to encode and decode several
languages all at the same time (using training data which clearly indicates the current example language pair),
where the latter have been trained on given languages, then are fine-tuned on new languages (in a sequential
process), without any indication to the model that the language pairs have changed between both steps.
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2015b; Zhang et al. 2013; Zhang et al. 2012), to using multilingual embedding spaces to man-
age out of vocabulary words (Alvarez-Melis and Jaakkola 2018; Duong et al. 2016; Gouws and
Spgaard 2015; Haddad et al. 2018; Li et al. 2016; Zou et al. 2013).

Examples of other architecture changes several efforts have been made to find
more complex architectures, ranging from simply plugging encoder embeddings directly into
decoder attention mechanisms (Ngo et al. 2019) to constraining the hidden representation to
make it a latent variable (Zhang et al. 2016), or even learning language graphs to determine op-
timal path between two languages (He et al. 2019); these are out of scope for this document, as
we focus on simple and well-known methods, in an optic of usability and understandability both
by machine learning practicioners but also linguists.

4.3 Conclusion

In this last theoretical chapter, we saw what differentiates machine translation in high and low
resource setups, as well as many methods to mitigate scarce data. Among these, we can re-
member data augmentation through pretraining, backtranslation, and multilinguality, as well
as transfer learning, which we will use in some of our experiments. It is now time to jump into
the heart of our work, and look at our first axis: using neural networks to study words through
time. Onwards!
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Part 11

NEURAL NETWORKS AND
COGNATES
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The angles were vaguely illogical. It was
like a puzzle. This red bead, if slid along
this wire to that junction, should reach
there—butitdidn’t. A maze, odd, but no
doubt instructive.

Padgett (1943)

Character-level low-resource machine translation and cognate prediction present a num-
ber of similarities: both model sequence-to-sequence relations, looking at structured data, and
machine translation has been used with for cognate prediction or proto-form reconstruction in
recent years. Preliminary experiments (Fourrier 2020) and previous work (Dekker 2018) have
shown that sequence-to-sequence models do not perform as well as simpler neural or non-
neural methods on etymological cognates. This raises the question which started this PhD:

CAN we efficiently use neural networks for historical word prediction at all?

Hypothesis The neural networks tested might have failed on this task for several plausi-
ble reasons. 1) Cognate prediction could be theoretically too different from machine transla-
tion, as their underlying linguistic assumptions and aims have not been formally compared, and
could impact the transferability of choices and techniques. 2) The models used in preliminary
work could be inefficient because of a lack of adaptation to the task: this is likely, as most have
been used ‘out-of-the-box’, with no parameter search and no fine-tuning. 3) Neural networks
are known to be inefficient in very low-resource situations, being easily outperformed by statis-
tical methods, and cognate prediction is notoriously low-resource.' 4) Cognate prediction could
simply be too complex a task for these methods.

Setup To differentiate between these hypotheses (Chapter 6), we first study the theoretical
differences between cognate prediction and machine translation, to suggest likely good setups
for this task. Then, to test the ‘model” hypothesis without being hindered by a lack of data, we
create artificial datasets which reproduce phonological language change, and study if neural net-
works canreach an acceptable accuracy for artificial historical word prediction, and under which
conditions. We then loop back to the linguistic aspect of the task, by wondering what experi-
ments on artificial data can teach us about historical word prediction.

Having established model performance in an ideal setup, as well as the minimal data size
theoretically needed, we then wonder how transferable our results are to real datasets. After
updating an etymological database to generate cognate sets big enough to train on (Fourrier
and Sagot 2020b), our next question is the following:

‘ \ 7HicH low resource machine translation setups work best on real historical word predic-
tion?

'For example, the most famous cognate sets (manually annotated by linguists) are the historical Swadesh (1955)
lists, which contain at most about 200 word pairs per language.
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Hypothesis Themachine translation field has developed a number of tools to mitigate low-
resourced situations, among which pretraining, backtranslation, and exploiting model multilin-
guality are highly used (see Section 4.2.1). But whereas machine translation models could theo-
retically be trained on any sentence pair that are translations of each other, cognate prediction is
far more limited in terms of which data can be used; cognacy relations only link a limited number
of words in specific language pairs, limiting not only available parallel data but also the potential
for synthetic data (e.g. via backtranslation or pretraining using monolingual lexicons). However,
since cognates are words linked by sound correspondences and sound change rules identified
across multilingual sets, we expect multilinguality to be a plus.

Setup We therefore reproduce the experiments done on artificial data, using this time real
data from Romance languages, then try a panel of data augmentation techniques, and compare
their respective performance on our task (Chapter 7). Having then determined which setups
are the best, we study what the corresponding models are able to learn linguistically, as raw
performance on such a task is of little value if it does not rely on linguistic generalizations. Are
the models only learning to repeat the most common patterns in the data, or do we see more
complex linguistic observations emerge?

Our final question is the following:

\ N THAT can we learn by probing cognate prediction models?

Hypothesis Cognates descend from a common ancestor word, their proto-form. When
models learn mappings between cognates in related languages (going from all languages to
themselves through all possible pairs), the multilingual joint intermediate representation is con-
strained to a common denominator, since each encoder needs to be coherent for all decoders, and
each decoder to be able to work on representations coming from any encoder. A plausible candi-
date for this common space would be a mapping of a shared ancestor space, as proto-form have
the overall smallest distance to all their children.

Setup We therefore train a massively multilingual cognate prediction model, this time with-
out explicit ancestor information, and study both what it learns externally (by analysing results
as such), and internally (by probing and representing its inner components) (Chapter 8).
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The sun is simple. A sword is simple. A
storm is simple. Behind everything simple
is a huge tail of complicated.

Pratchett (2010)

Having developped in the previous introduction our different research hypotheses and
broad research directions, we describe in this chapter the practical setup of our experiments:
which models we use, how they are implemented," which scores we choose for evaluation and
why, as well as the datasets we train on (as almost all datasets used in this manuscript were
developped especially for this research, from artificial data to test our hypothesis to automat-
ically extracted cognate sets). We will refer back to this chapter in all chapters of the current
manuscript part.

5.1 Models and training

Task description Our general task here will be historical word prediction, either including
both cognate prediction and proto-form reconstruction, or only the former. We model this task
as a character-level” machine translation task, on cognate sets.”

Baseline Ourbaselines are SMT models trained for each bilingual language direction (SMT),
using MOSES (Koehn et al. 2007),* with GIZA++ as tokenizer and alignment model (Och and Ney
2003), a 3-gram KenLM model of the output (Heafield 2011), and MERT for tuning (Bertoldi et al.
2009).°

Neural models Weuseourimplementation of the sequence-to-sequence encoder-decoder
model with attention (Bahdanau et al. 2015; Luong et al. 2015a) in fairseq,® and fairseq’s
implementation of the multilingual Transformer (Vaswani et al. 2017).

"However, detailed parameters for given model are described in their respective chapters.

“We use here the customary term “character-level MT,” although in our case, characters correspond to phones.

*Itis actually more similar to a word-level MT, where we consider our sentence to be our cognate, and our words to
be its phones.

*MOSES is the reference library for statistical MT.

®See section 4.1.1 for more explanation of statistical machine translaton models.

Code can be found athttp://github.com/clefourrier/CopperMT.
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Name #source f#ftarget With mono- Sharing Schematic
lingual data  components
SMT 1 1 No -
B-NMT 1 1 No None L, >0 L,
Ll LZ
B-NMT+m 1 1 Yes None :'S;D/”’
LZ
L Ly
M-NMT 9 (all) 9 (all) No None \D*Ei
L, ol L;
L Ly
M-NMT+m 9 (all) 9 (all) Yes None M
Ly L
Ll LZ
M-NMT+m+shared_emb | 9 (all) 9 (all) Yes Embeddings :”;D:|K
LZ Ll
M-NMT+m+shared_all 9 (all) 9 (all) Yes All Il:l > il
2 2

TaBLE 5.1: Model type setups - NMT can be a RNN (NMTR) or a Transformer (NMT?).

Several setups will appear throughout this document: bilingual NMT models, without
(B-NMT) or with (B-NMT+m) added monolingual data,” and multilingual models with-
out (M-NMT) or with (M-NMT+m) monolingual data, using one encoder and one decoder
per language. We also use multilingual models with shared components, either embed-
dings layers® (M-NMT+m+shared_emb) or full encoders and decoders across all languages
(M-NMT+m+shared_all).” Recurrent models are signified using NMTX, and Transformers
NMT?.

Each model is trained using the Adam optimizer (Kingma and Ba 2015) and the cross en-
tropy loss, stopping on the first of either 20 epochs or convergence, using dev BLEU as criterion
during training.

Evaluation WeuseBLEU as an evaluation metric on characters,'” using the SacreBLEU im-
plementation (Post 2018). In order to use BLEU even when we produce n>1 “translations”, we
compute BLEU scores by providing the n-best results as the references, and our input word as
the output, which provides an estimation of the “best performance” across “translations”.”" In
standard MT, BLEU can under-score the many valid translations that do not match the refer-

"B-NMT+m models train on a single language pair, augmented with the monolingual target data, provided to the
decoder through its own encoder; they allow the target decoder to see as much target data as possible, to reinforce
its language modelling capacities.

8Sharing the embedding layer means sharing the embedding vector space and vocabulary across all languages en-
coders, same across decoders.

“When sharing the model across languages, we prepend our data with a target language token.

10geveral other character-based metrics could also have been used, but we focused on the standard metric for ma-
chine translation.

"This informs us more about recall rather than precision.
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ence. For cognate prediction, however, we expect a single correct prediction in most cases (there
are a few exceptions such as variants due to gender distinctions specific to the target language).
This makes BLEU better suited to the cognate prediction task than it is to standard MT."

Note on our neural models Our first experiments were done using our first imple-
mentation of the recurrent encoder-decoder models with attention named MEDeA (Multiway
Encoder Decoder Architecture) and based on PyTorch directly. However, for the sake of repro-
ducibility and improved usability, our implementation was since then ported to fairseq, one
of the most used toolkits in NLP. For better homogeneity throughout the thesis, the preliminary
experiments have been rerun with the new implementation (Chapter 6); new results are more
exhaustive, and statistically comparable to the initial results, which can be found in the following
papers (Fourrier 2020; Fourrier and Sagot 2020a).

5.2 Data

In this section, we introduce two dataset types: artificial data built to simulate natural cognate
evolution from protoform to several daughters in Romance languages in a controlled setup, and
real data, either historical or contemporary, extracted from real Romance languages. Both are
contributions of this PhD: the artificial data generator created for the occasion is open-source
software, and provided with the set of rules extracted from the litterature for Romance languages,
and the different cognate sets come from an etymological database updated for this thesis, also
provided as open source software with extraction scripts.

5.2.1 Generating artificial datasets

Using artificial data for such a proof of concept offers several advantages: we can investigate the
minimum number of word pairs required to successfully learn sound correspondences (though
in avery simplified and noiseless setup), as well as control the different parameters constraining
the proto-language (number of phonemes, phonotactics) and its transformation into the daugh-
ter languages (e.g. number of sound changes). However, the artificial data must be realistic, to
not impair the linguistic validity of the experiment; the proto-language must have its own re-
alistic phonology, obey phonetic and phonotactic rules, and its daughter languages must have
been generated by the sequential application of plausible sound changes.

Creating a proto-language We create an algorithm which, given a phone inventory and
phonotactic constraints'”, generates a lexicon of a chosen size."*"> For our experiments, we draw
inspiration from Latin and Romance languages. More precisely, we use:

2BLEU is also more adapted than an exact match, as it allows us to compare how close the prediction is to the
reference, and does not suffer, in cognate prediction, from the same problems as in standard MT.

PPhonotactics govern which phonemes sequences are allowed.

"We do not consider plausible morphological variations of the generated forms.

®Code available athttp://github.com/clefourrier/PLexGen.
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o The phone inventories of Romance languages: each lexicon generated uses all the phones
common to all Romance languages, as well as a randomly chosen subset of less common
Romance phones.'®

o The phonotactics of Latin, as detailed in the work of Cser (2016): each word is constructed
by choosing a syllable length in the distribution, and its syllables are then constructed by

applying a random set of the corresponding positional phonotactic rules.

Generating daughter languages Given the proto-language, we create a daughter lan-
guage by, first, randomly choosing a set of sound changes, then consecutively applying each
chosen sound change to all words in the lexicon. Among the main possible sound changes for
Romance languages are epenthesis (addition of a sound to a word, as in Latin tremulare giving
French trembler), of which prothesis is a subset (addition of a sound at the beginning of a word,
often a vowel for Romance, such as Latin status to Spanish estado), its opposite, apocope (the loss
of a final vowel, as in Latin mare giving Portuguese mar), as well as palatalisation (moving a con-
sonant or vowel closer to the palate during its pronunciation, such as Latin clamare to Spanish
llamar), lenition (changes in consonant manner which increase the air flow), and diphtongisa-
tion (going from one to several vowels). The dataset generated for this paper used two sets, each
of 157 randomly chosen sound changes, to generate two daughter languages. Three examples
from our generated dataset are: 1) [stra] to [isdre], [estre]; 2) [30lpast] to [30lbes], [30lpes] and
3) [splutoi] to [isbledoi], [espletoi].

5.2.2 Extracting real historical data

Languages Sound correspondences and sound change rules are identified by looking at
multilingual sets of cognates. We select 9 related Romance languages for which enough cognate
data is available, and their common parent language: Galician (GL), Portuguese (PT), Spanish
(ES), Catalan (CA), Occitan (OC), Italian (IT), French (FR), Romanian (RO), Aromanian (RUP)
and finally Latin (LA)."®

Aromanian

Western Romance

Italo-Western

Galician-Portuguese

Ibero-Romance

Catalan

FIGURE 5.1: Relations between studied languages and their families.

The Romance family divided early in two branches (Figure 5.1): the Eastern Romance
branch (RO, RUP), and the Italo-Western branch (all others). They therefore constitute the two
oldest language clusters in our data. However, through external influences on their phonology,

'®For example, vowels common to all Romance languages are [a] [e] [i] [0] [u], and a subset of extra vowels could be
[o] [e] [1]

preliminary experiments showed that 15 sound changes allowed the daughter languages to diverge enough, while
still exhibiting the similarities we expect in our synthetic data.

"®We also considered adding Sardinian (SC) and Dalmaian (DLM) to our studied languages, but had to resort not to,
due to alack of data and plausible phonetizers.
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French (Germanic influences) and the Eastern Romance branch (Slavic influences) tend to di-
verge from the other Romance languages studied. At the opposite end of the spectrum in terms
of language closeness, Portuguese and Galician belong to their own language sub-branch, the
Galician-Portuguese branch, as do Catalan and Occitan in the Occitano-Romance branch.

Source and extraction EtymDB2 is a database of lexemes, stored as triples of the form
(language, lemma,"” meaning expressed by English glosses), which are related by typed etymo-
logical relations (such as ‘direct inheritance’ ‘borrowing’ and ‘cognacy’, derivtional relations be-
ing ignored”” see Section 1.2.2.2). To generate the cognate dataset from EtymDB2, we followed
the inheritance etymological paths between words. Two words form a cognate pair if they share
a common ancestor in one of their common parent languages.

Cognacy relations, in general, link lexemes; however, this extraction process selects the
available lemmas as being the representative form of their lexemes for our cognate pairs. These
lemmas might not necessarily be the best form to observe cognacy and sound correspondence
patterns, as they can have lost some important phonetic information on the way: for example,
blanc [bla] ‘white (masc.)” (French), coming from *blancus [blankos] id.” (Vulgar Latin, recon-
structed) no longer carries the sound correspondence between Latin [k] and French [[] that is
still observable in the feminine form blanche [bla[] ‘white (fem.)” (French). Similary, French écrire
[eBrir] ‘to write’ coming from Latin scribere [skri:bere] id.” does not highlight as many correpon-
dances as other forms, such as écrivons [eprive] ‘(we) write’, where the [b] to [v] correspondence
is clearly visible.

Throughout our extraction, lemma are only kept based on availability: for Latin, the lemma
of a noun lexeme is often its nominative singular form, but we sometimes also find accusative
singular forms; for adjectives, it is often the nominal masculine form, but we also find nominal
neutral, and nominal feminine forms, sometimes accusative or dative. In the case of a cognate
pair where one word is associated with several counterparts (say a Spanish lexeme associated
with the nominative and accusative forms of its corresponding Latin cognate), the pair kept is
the one with the lowest phonetic Levensthein distance (see next paragraph).”

Preprocessing We first clean the dataset, and remove words containing characters that
are not in the correct locale for the relevant language. We filter the remaining list: when faced
with competing pairs, i.e. pairs whose source word is the same but whose target words differ,
we retain the pair with the lowest Levenshtein edit distance. Each word is phonetised into IPA
using espeak (Duddington 2007-2015), an open source multilingual speech synthesiser which
can also phonetize sequence of words to IPA, in CA, ES, IT, FR, LA, PT, RO. We approximate the

See Section 1.1.2 for a definition.

20 exemes linked to their parent by derivation processes do not always carry the full phonetic evolution of their
languages: derivation can add affixes at a later stage of the word evolution from its parent form, affixes which do
not necessarily carry this full phonological history (depending on their creation mechanism). In order to better
focus on words carrying the full path of sound changes, we ignored derivational lexemes during the database
creation.

ZOther possible setups could have been either 1) keeping all pairs carrying these parallel relations, and making sure
every cognate pair carried all possible forms, to better help the model learn ambiguity, but it would have implied
creating a new metric for evaluation of several predictions against several baselines, as well as a huge amount
of time, or 2) choosing an homogeneous, default lemma for a POS and a language (singular feminine form for
French nouns for example), with the risk that some finer or rarer sound correspondences would not be seen by
our models.
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Language Ancestor path

Aromanian | Proto-Indo European >Proto-Italic >Old Latin >Latin

Catalan Proto-Indo European >Proto-Italic >Old Latin >Latin >0ld Occitan >0ld Catalan
French Proto-Indo European >Proto-Italic >Old Latin >Latin >Old French >Middle French
Galician Proto-Indo European >Proto-Italic >Old Latin >Latin >Old Portuguese

Italian Proto-Indo European >Proto-Italic >Old Latin >Latin

Latin Proto-Indo European >Proto-Italic >Old Latin

Occitan Proto-Indo European >Proto-Italic >Old Latin >Latin >0ld Occitan

Portuguese | Proto-Indo European >Proto-Italic >Old Latin >Latin >Old Portuguese
Romanian | Proto-Indo European >Proto-Italic >Old Latin >Latin
Spanish Proto-Indo European >Proto-Italic >Old Latin >Latin >0ld Spanish

TABLE 5.2: Ancestors of our languages of interest in our chosen database.
Latin as an ancestor corresponds both to Classical Latin (written) and Vulgar Latin (spoken).

See Table A.3 in Appendix for relevant languages wiktionary codes.

phonetization of OC as CA, RUP as RO, and GL as PT.** This also means we consider only one
‘standard’ pronunciation for each of our languages (dialectal versions would highlight similar
if slightly different sound correspondence patterns). We then homogeneize to remove accentu-
ation marks and homogeneise double consonant representations. The data is then tokenised
at the character level with a manually implemented rule-based phonetic tokenizer, which keeps
symbols (diacritics for nasal vowels, symbols of length) with the corresponding phone.

For example, conocer ‘to know’ is phonetised as [konoBer], then split into phones and seg-
mented into [k, 0, n, o, 0, €, r], and cattus ‘cat’ is phonetised as [kat:us], which gives, after
tokenisation [k, a, t;, u, s].

Did we obtain cognate datasets? Despite data sanity checks (by comparing the
source etymological database with previous works), cleaning steps, and the focus on ‘inheri-
tance’ relations and language ancestry paths, it is still very likely that the generated datasets
contained misclassified words. Strictly asserting that our datasets only contained cognates and
absolutely no borrowings would have required a time and expertise I did not have.

5.2.3 Extracting monolingual lexicons

Non-historical words Monolingual lexicon datasets are used for data augmentation ex-
periments in our historical word reconstruction task only. They are extracted from a multilin-
gual translation graph, YaMTG (Hanoka and Sagot 2014), by keeping all unique words for our
languages of interest (IT, ES, LA). To remove noise, words containing non-alphabetic characters
are discarded (punctuation marks, parentheses, etc.).

Historical words Where the previous dataset used monolingual lexicons containing any
type of word from an historical linguistic standpoint, this time, we generate monolingual cog-
nate lexicons for our ‘massive cognate prediction experiment’. They contain only words that

2These approximations should hold for our study, as these languages have the most linguistic features in common.
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could belong to cognate sets, as they descend from a direct parent of their language (for exam-
ple, Latin or Old Spanish for Spanish) - these words are therefore likely to contain phonological
patterns of interest.

5.2.4 Data description

We now introduce the three datasets created for each task of interest. To first study feasability
of using neural networks for our task, we use controlled artificial data; then, to study the differ-
ent tasks of historical word reconstruction (cognate prediction, proto-form reconstruction), we
use a small specific real data set, with added monolingual lexicon for data augmentation exper-
iments; lastly, to investigate what our models learn during cognate prediction specifically, we
use a massively multilingual dataset.

Artificial dataset The full set contains 20,000 unique word triples with a proto-language
(PL) word and its reflects*® in the two daughter languages (DL1 and DL2). Samples of various
sizes are then randomly drawn from this dataset.

Historical word reconstruction To study the applicability of our task to real dataset,
we use bilingual cognate lexicons linking Spanish Italian and Latin,”* extended with monolin-
gual lexicons for some experiments (see Table 5.3). The cognate and proto-form lexicons respec-
tively contain 5,109, 4,271 and 1,804 words for a total of 77,771, 63,131 and 24,576 phones (ES-IT
being considerably smaller), with on average 40 different and unique phones. The final mono-
lingual lexicons (cleaned and phonetised, extracted from a dictionary) contain between 18,639
and 99,949 unique words (the LA set is more than 4 times smaller than the others).

BILINGUAL | LA-IT LA-ES  ES-IT
#words 5,109 4271 1,804
#phones 77771 63131 24,576
#Unique phones 34 39 38
Avg. word length 7.62 7.40 6.81
MONOLINGUAL ES IT LA
#words 78,412 99,949 18,639
#phones 626,175 815562 142,955
#Unique phones 38 40 29
Word length 7.98 8.24 7.67

TABLE 5.3: Dataset statistics for our lexicons.

Massive cognate prediction To study what a neural network latently learns from using
only contemporary data, we develop a massive Romance cognate set. It contains considerable
variability in the number of word pairs between languages (see Table 5.4): OC—RUP (two of our
leastresourced languages) contains 81 pairs, whereas PO—ES contains 1,930 pairs. Monolingual

231n other terms, its ‘children’ words.
**We use an extended definition of cognacy which includes the proto-form.
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datasets vary from 553 words for OC to 6,005 words for IT, CA, ES, FR, IT, and PT monolingual
sets contain more than 2000 words, and GL, OC, RO and RUP less than 1,500.%° The total number
of phones per pair varies accordingly; the number of unique phones per language pair stands
between 32 and 56, depending on the number of shared phones between languages. Average
word length varies between 5.3 and 8.3 phones.

5.2.5 Datasets use

These datasets will be successively used in the following chapters

o first, the artificial dataset will help us determine whether neural networks can learn his-
torical word reconstruction in a noiseless and easy setup in the next chapter;

o then, the historical word reconstruction dataset will help us test if neural networks can
learn historical word reconstruction in a real setup in the following one;

o finally, the massive cognate dataset will help us see what and how precisely our models
can learn from the task of cognate prediction specifically.

Z*We use monolingual data to reinforce the decoders language modelling capabilities, see next section. We expect
that such a variation in size will impact learning.
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From Cararan (CA) To CA ES FR GL IT oC PT RO RUP
#words 2,612 1,233 466 449 970 324 1,031 235 144
#phones 16,472 16,171 5706 5724 12,511 3,486 13,601 2,162 1,307
#unique phones 36 41 47 44 56 35 44 42 40
Avg word length 7.31 7.56 712 7.37 7.45 6.38 7.60 5.60 5.54
From Spanisa (ES) To CA ES FR GL IT ocC PT RO RUP
#words 1,236 4,967 693 732 1,880 230 1,930 463 291
#phones 16,198 34,176 8,931 9,760 25686 2,534 26,156 4,700 2,898
#unique phones 41 35 46 44 54 38 44 42 39
Avg word length 7.55 7.88 7.45 7.67 7.83 6.51 7.78 6.08 5.98
From FrRencH (FR) To CA ES FR GL IT oC PT RO RUP
#words 466 694 3,772 215 715 110 600 135 86
#phones 5707 8,941 21225 2641 9332 1126 7665 1183 737
#unique phones 47 46 46 42 54 41 43 37 36
Avg word length 7.13 7.44 6.63 7.15 7.53 6.12 7.39 5.39 5.30
From Gatician (GL) To CA ES FR GL IT oC PT RO RUP
#words 449 732 215 1,464 558 138 882 176 106
#phones 5724 9759 2641 9509 7,196 1455 1,117 1,703 1,005
#unique phones 44 44 42 35 51 41 37 38 37
Avg word length 7.37 7.67 7.15 7.50 7.45 6.27 7.30 5.84 5.74
From Itarian (IT) To CA ES FR GL IT oC PT RO RUP
#words 973 1,885 717 558 6,005 234 1,557 618 378
#phones 12,534 25742 9,346 7,190 44,073 2,660 21,199 6,834 4,046
#unique phones 56 54 54 51 49 50 55 50 47
Avg word length 7.44 7.83 7.52 7.44 8.34 6.68 7.81 6.53 6.35
From Occrtan (OC) To CA ES FR GL IT oC PT RO RUP
#words 324 230 109 138 234 553 222 117 81
#phones 3,486 2,534 1L120 1,455 2,659 3,026 2,391 1,044 724
#unique phones 35 38 41 41 50 33 42 38 36
Avg word length 6.38 6.51 6.14 6.27 6.68 6.47 6.39 5.46 5.47
From PorTUGUESE (PT) TO CA ES FR GL IT oC PT RO RUP
#words 1,031 1,930 596 883 1,556 223 4,891 399 261
#phones 13,606 26,158 7,624 11125 21188 2,399 33,046 3,991 2,569
#unique phones 44 44 43 37 55 42 37 39 38
Avg word length 7.60 7.78 7.40 7.30 7.81 6.38 7.76 6.00 5.92
From Romanian (RO) To CA ES FR GL IT oC PT RO RUP
#words 236 465 136 175 621 117 398 1,088 412
#phones 2,173 4715 1193 1696 6,859 1044 3984 5833 47251
#unique phones 42 42 37 38 50 38 39 32 32
Avg word length 5.60 6.07 5.39 5.85 6.52 5.46 6.01 6.36 6.16
From ArRoMANIAN (RUP) TO CA ES FR GL IT ocC PT RO RUP
#words 146 292 87 107 378 81 259 412 817
#phones 1,327 2,907 745 1,015 4,038 724 2,551 4,251 4,531
#unique phones 40 39 37 37 47 36 38 32 29
Avg word length 5.54 5.98 5.29 5.74 6.34 5.47 5.92 6.16 6.55

TABLE 5.4: Detailed dataset statistics for our lexicons.
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6 Can machine translation
neural networks be used for
historical word prediction”

“Messengers are on their way to your
household at this moment, Khadilh
ban-harihn,” he said. “We regret the delay,
but it takes time, you know. All these
things take time.”

Elgin (1969)

Now that we know what our experimental setup will look like, we want to know whether
the previously seen machine translation tools can actually be used for historical word prediction.
Preliminary work (Dekker 2018) seemed to conclude that these models were too big or complex
for such a task, and we therefore first study cognate prediction from a theoretical standpoint, in
order to better understand the extent of its similarities and differences to machine translation.
Having reached a conclusion on what this could theoretically mean for our current question, we
want to test if machine translation techniques can be used to predict cognates, using artificial
data and exploring different model parameters. This allows us to control both the amount of data
available as well as the model level of complexity, and therefore to pinpoint if models previously
failed on the task because they were too complex, the data too small, or if it is actually a matter
of theoretical mismatch between task and chosen architecture.

6.1 Theoretical comparison between cognate prediction
and machine translation

We first study if the underlying linguistic assumptions and aims of machine translation and his-
torical word prediction are distinct, and how it could impact technique transfer from the first
task to the latter.

6.1.1 Form

Units The first obvious difference is that machine translation processes sentences split into
individual graphemic units, where cognate prediction, on the other hand, involves predicting
sound correspondences from one cognate word to another, and so is best modelled using se-
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6 Can machine translation neural networks be used for historical word prediction?

quences of phones. This is only a surface difference, in terms of neural networks models — apart
from the fact that, where machine translation could rely on pretrained vocabulary embeddings,
no such thing exists for phonetic embeddings. Therefore, vocabulary size should be similar to
that of a character-level translation model.

Order In machine translation, correspondences between source and target sentences can
involve long-distance reorderings, in character sequences of sentence length, whereas the re-
orderings sometimes found in the correspondence between cognates are almost always local
(e.g. metatheses), and involve character sequences of word length.' This introduces a fundamen-
tal difference, from a machine learning point of view, between both tasks, and it is unlikely that
the best performing architectures for machine translation, able to model these long-distance re-
lations across sentences, will also be the best for cognate prediction — and it seems respectively
logical that short-distance bi-directional architectures could outperform more complex models
(as sound changes can both occur after or before specific sounds, as in assimilation cases).

Data size Asmentionned earlier, cognate sets are considerably smaller than usual machine
translation sets, by several orders of magnitude. Itis very likely that this will play on model size,
as a model with typical parameters (several layers in encoders and decoders, of hidden size 512,
which are default in several toolkits, such as fairseq and PyTorch)”? would be too big for so
small a task, and would risk severly overfitting.

6.1.2 Substance

Modeled relations Machine translation involves symmetrical relations between se-
quences, as does cognate prediction when looking at sister languages. However, when adding
proto-form reconstruction to the mix, we introduce asymmetrical relationships: parent-to-child,
i.e. modelling sequences of regular sound changes, is non-ambiguous, whereas child-to-parent
(e.g. ES—LA) is intrinsically ambiguous, as two distinct sounds in the parent language can
result in the same outcome in the child language. When two distinct sounds in the child lan-
guage are the outcome of the same sound in the parent language, it is always because their
(word-internal) phonetic contexts were different in the parent language. In other words, the
parent-to-child direction is (virtually) non-ambiguous, but might require taking the phonetic
context into account. However, the child-to-parent direction is intrinsically ambiguous, which
results from the fact that a sound in the child language can be the regular outcome of more than
one sound in the parent language: for instance Spanish /b/ comes from Latin /p/ in abria (from
Latin aperire) but from Latin /b/ in habria (from Latin habed). This introduces the need to find
methods to accommodate this ambiguity, unnecessary in ‘pure’ machine translation, in order
to predict both correct and plausible answers. We suggest that using n-best predictions can
increase performance significantly.

There is no apparent reason that machine translation models should not be able to model

'Even with different segmentation granularities for MT, the average sequence length is generally much shorter for
cognate prediction than for MT.

*See the documentation of the fairseq LSTMs at https://fairseq.readthedocs.io/en/latest/
models.html or of the PyTorch Transformer at https://pytorch.org/docs/stable/generated/
torch.nn.Transformer.html.
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6.2 Can MT be used for historical word reconstruction?

historical word prediction. Higher performing models are likely to be considerably smaller than
usual MT models (apart from vocabulary size), good at modelling short-term bidirectional rela-
tions, and to predict several n-best results. Let’s therefore try to understand why previous mod-
els did not work.

6.2 Can MT be used for historical word reconstruction?

6.2.1 Experimental setup specificities

In order to study precisely the conditions under which our translation models can be used for
cognate prediction, we artificially create an ‘ideal setup’, with controlled data and data size. We
use our artificial lexicon, composed of a proto-language and its reflect in two artificially defined
daughter languages.

Data since we want to study the impact of data on our performance, we extract several sub-
sets from our artificial set (of 500, 1000, 1500, 2000, and 3000 words, see Section 5.2.1), that we
shuffle using 3 different data seeds, and splitin training/development/testing sets (respectively
using 85/7.5/7.5% of the data). We therefore run our experiments three times, one on each seed,
to be statistically significant.

Models Our baseline is the SMT model. B-NMT M-NMT

We use B-NMT and M-NMT recurrent (NMTR)

and Transformer (NMT!) setups (see Sec- Ly SN Ly

tion 5.1). L1 0> L, /D,Eli
Ly L

TABLE 6.1: Models used.

Since we want to find the best setup for each situation, we perform a hyperparameter
search for all our models (separately). We run optimisation experiments for all possible bilin-
gual and multilingual architectures, using three different data splits for each parameter combi-
nation studied, and choosing the models performing best across seeds. Our initial parameters
were selected from preliminary experiments (in bold in Table 7.2).

Parameters Values studied

1) Learningrate x Batch size {0.01, 0.05, 0.001} x {10, 30, 65,100}
2) Embed. dim. x Hiddendim. {8,12, 16,20, 24} x {18, 36, 54, 72}

3) Number of layers 1,2,4
Transformers - 4)  Number of heads 1,2,3,4
RNNs-4) Attention type None, Bahdanau, Luong (dot, concat, general)

TABLE 6.2: Parameter exploration experiments for NMT models.
In bold, the initial parameters at each step.

Table 7.2 contains the successive parameter exploration steps: at the end of a step, we au-
tomatically selected (according to average dev BLEU) the step-best value (after discarding un-
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6 Can machine translation neural networks be used for historical word prediction?

stable combinations, identified by their dev BLEU standard deviation above 6), used as input
parameter for the next parameter exploration step. When looking at multilingual models, we
chose the model performing best on most languages, as measured by comparing the sum of the
ranks (according to their average performance per language) of each model over all language
pairs.

6.2.2 Raw best results

We first describe the best performing models results.

Language pair | SMT B-NMT®  B-NMT!  M-NMTR  M-NMT’
500 word pairs
PL— D1 98.6%£1.7 96.6%2.1 87.1%x1.4 97.5£2.3  79.4%1.6
PL— D2 98.7£1.8 98.4£2.3 70.8+55 99.0+1.0 75.7£0.7
D1— D2 86.7%6.1 91.5£3.0 80.2%1.7 93709 76.5+3.8
D2— D1 97.6+0.7  952+£27 88.8+0.4 96.1%2.5 81.5+14
D1— PL 65.7+2.6 60.0£2.7 50.2%4.1 65.1+2.4 50.5£3.3
D2— PL 67.1£1.7 68.6£2.6 44.5£4.0 70.0+£3.0 54.3%+7.8
1000 word pairs
PL— D1 97.9£0.6  98.6£1.3 89.9+2.5 98.1%+14 92.8+2.4
PL— D2 97.7%1.2 98.5+£0.7 87.0%1.1 97.8%1.7 94.0%1.7
D1— D2 85.8+£2.6  93.14£2.0 88.5+3.6 93.8+£2.5 89.3%14
D2— D1 95.7£0.8 95.8+1.0 92.8%+1.8  95.6*lL6 92.0£1.3
D1— PL 62.7£4.6 62.7£5.5 532%£4.8 594430 60.0%£2.2
D2— PL 65.0+£3.6  66.5%1.8 547£3.0 63.1£2.9 61.1£2.7
1500 word pairs
PL— D1 98.9£0.0 99.6£04 93.7£0.5 99.0+0.9 94.1%2.1
PL— D2 98.5£0.4 99.7+0.2 90.5£1.4 99.2+£0.8 92.8%£2.0
D1— D2 88.1£1.8 92.3+£0.7 89.4%0.5 94.6%1.3 90.4£1.3
D2— D1 98.2%+0.6 982+0.5 953%£l6 98.3£0.2 93.84+2.2
D1— PL 62.6£0.5 657£0.8 62.3+£23 65.9+£04 61.4%£l1
D2— PL 65.6£1.5 67.1£3.3 64.9%+23  68.1£11 64.2%1.8
2000 word pairs
PL— D1 98.1£0.3 98704 94.44+04 987£07 96.2%0.6
PL— D2 98.0£0.5 989+0.8 93.6x0.6 98.8+1.0 94.0£1.3
Dl— D2 88.5£1.8 95.0£0.7 91.8+0.8 93.6*1.5 93.1+£0.7
D2— D1 97.5£0.8 97.4%+09 964%+07 969+04 95.8+0.4
D1— PL 61.7£1.6 65.2%£0.8 62.9%11 65.0%1.7 64.0£2.9
D2— PL 63.6+0.5 64.7£17 63.5£0.9 674+£0.8 653%1.8
3000 word pairs
PL— D1 99.0+0.1 99.2+0.2 97.0+£0.7 99.4%0.5 96.6%l1.1
PL— D2 98.4+04 989+04 94.5%+0. 99.3£04 96.0£1.0
D1— D2 88.0£0.4 929+0.4 90.5%+1.3 92.6£1.0 911£lL9
D2— D1 97.0£0.9 97.5£09 96.9+0.6 972£0.5 96.2%13
D1— PL 61.7£0.7 63.7%£1.7 63.0+£2.3 64.8£1.0 61.4%2.1
D2— PL 65.9+0.2 66.7%1.1 64.0+£04 67.4%+0.9 65.3+£2.9

TABLE 6.3: Test BLEU raw results for our best parameters.
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SMT We observe, on Table 6.3, that the SMT best models reach 97.7 to 99 BLEU when pre-
dicting children from the protoform (PL—D1and D2), 85.8 to 98.2 when predicting one children
to the other (D1¢—D2), and 61.7 to 67.1 when reconstructing the protoform from the childrens (D1

or D2—PL). We can therefore say that it is possible, on simple enough data, to predict cognates The reasons for variations
between translation direc-
tions will be looked at in
Section 6.4.

and reconstruct protoforms using statistical machine translation. We then observe thatincreas-
ing data size does not change accuracy in a statistically significant way for SMT, only increasing
the prediction stability (reducing the standard deviation between runs, to less than one for our
biggest dataset).

B-NMT®  our B-NMTR models reach 96.8 to 99.7 BLEU for the prediction of children from
the protoform, 92.1 to 98.1 when predicting cognates, and 57.9 to 68.7 for protoform reconstruc-
tion: an optimized recurrent NMT model can therefore also both predict cognates and recon-
struct protoforms. As for SMT, increasing data size only seems to increase stability.

B-NMT?  ourB-NMTT models, however, reach 87.6 to 97.0 BLEU for the prediction of chil-
dren from the protoform, 88.0 to 96.8 when predicting cognates, and 45.5 to 64.5 for protoform
reconstruction. The average performance of Transformer NMT models is lower than for the other
bilingual models, and these models seem more susceptible to the effect of data size, gaining 10
BLEU points from the smallest to the largest setup.

M-NMTR  our M-NMTR models directly reach a similar or better performance than SMT for
the lowest data size (between -1/+1 BLEU to +7 BLEU), as well as perform better than B-NMTR
(between +1to +7 BLEU for 500 data pairs). Increasing data size to 1500 allows to reach the best
results of the table across data pairs. Multilingual recurrent models therefore seem to be the
best possible architecture for cognate prediction and protoform reconstruction — however, these
models are slower to train.

M-NMT?T Again, Transformer models, this time multilingual, underperform for the low-
est data sizes, by 10 to 15 BLEU points compared to SMT, reaching a similar performance to B-
NMT/; their performance remains correlated for bigger data sizes, underperforming the other
models.

6.2.3 Conclusion

As we just saw, all machine translation models tested can, when chosen properly, predict cog-
nates and reconstruct protoforms linked by simple enough relations. SMT and NMTR mod-
els outperform NMT? models, which correlates with state-of-the-art observations on the fact
that Transformers models underperform in low-resource situations when compared to recur-
rent models. It is interesting to note that SMT performs as well, using default parameters, as
NMTR models optimized for the task. We also observed an asymetry in prediction depending on
the task, which we will study in Section 6.4. But first, we want to know how to best choose our
hyperparameters for these tasks.
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The tables in Appendix B
represent 1638 experiments.

6.3 How can MT best be used for historical word
reconstruction?

We now study the results of our hyperparameters search, to determine which parameters are the
most relevant for our task. We first look at the different parameters of interest for our bilingual
setups, then multilingual setups, before summarizing the trends of interest. All results sum-
marised here are presented as results table in Appendix B, with each cell representing an exper-
imental setup applied to 3 dataset splits.

6.3.1 Bilingual experiments results

6.3.1.1 B-NMTR

Best parameters Absolute best parameters vary in terms of embedding dimension, hid-
den size, and batch size, but almost always use a learning rate of 0.005, and Luong’s attention, 1
or 2 layers (see Table 6.4).

Parameter trends Appendix B.1 contains the detailed results for our experiments. The
main first trend we observe across all tables is the impact of the data size: using 500 word pairs
to learn on is consistently too small to allow stable learning for most random parameters com-
binations. Across language pairs, average BLEU scores reach from 13.2 to 95.1 when varying em-
bedding dimensions and hidden sizes, and 5.3 to 96.7 when varying batch size and learning rate.
However, carefully tuning embedding dimension to hidden layer and learning rate to batch size
ratios allows the bilingual models to reach, even with such a small set, a similar performance to
models trained with more data (above 60 BLEU for the daughters to proto-language directions,
above 90 for the other language directions). More generally, for our artificial datasets, we reach
peak performance above 1500 data pairs, where almost all parameter combinations tried per-
form in the same range and without too much variation (standard deviations on average below
1.5).

Then, we can observe that the different parameters need to be explored differently. First,
best results are obtained when hidden size and embedding dimensions are jointly increased,
staying within a ratio where hidden dimension is three times the size of the embedding dimen-
sion (with the exception of the embedding size 12 to hidden dimension 90 which performs sur-
prisingly well) (Appendix B.1.1).” Then, too small a learning rate (0.001) prevents learning, espe-
cially with small datasets; however, using too big a learning rate without decreasing the batch
size does not work well either: best results are obtained with 0.005 as learning rate, and batch
sizes between 30 and 60 (Appendix B.1.2). Using a small number of layers works well, but 4
layers prevent learning, with BLEU scores on average 20 points lower for 4 layers and less than
1500 data pairs (Table B.7 in Appendix); this is most likely because it increases model size too
much with respect to the data. In a similar vein, the best performing attention is Luong’s dot
attention (the smallest in terms of parameters), quickly matched by the other attentions from
Luong’s paper with enough data (more than 1500) (Table B.9 in Appendix).

*This is easily observable with the apparition of a diagonal across the experiment matrices.
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Model Embedding dim. Hiddendim. Batchsize Learningrate #layers Attention
500 word pairs
PL— D1 28 90 30 0.005 2 Luong dot
PL— D2 24 72 30 0.005 2 Luong dot
D1— D2 28 90 30 0.001 2 Luong dot
D2— D1 28 90 100 0.005 1 Luong dot
DI— PL 28 90 65 0.01 1 Luong dot
D2— PL 28 90 30 0.001 1 Luong general
1000 word pairs
PL— D1 12 90 65 0.005 1 Luong dot
PL— D2 12 54 65 0.005 1 Luong dot
D1— D2 16 36 65 0.005 1 Luong dot
D2— D1 16 54 30 0.005 1 Luong general
D1— PL 12 90 30 0.005 1 Luong dot
D2— PL 24 72 130 0.005 1 Luong dot
1500 word pairs
PL— D1 16 72 30 0.005 1 Luong dot
PL— D2 16 54 65 0.005 1 Luong general
D1— D2 28 54 130 0.01 2 Luong general
D2— D1 28 72 65 0.005 2 Luong dot
D1— PL 20 72 65 0.005 1 Luong general
D2— PL 28 72 100 0.005 1 Luong dot
2000 word pairs
PL— D1 20 54 30 0.005 2 Luong dot
PL— D2 20 36 65 0.005 1 Luong dot
D1— D2 20 90 65 0.005 1 Luong dot
D2— D1 20 90 100 0.005 1 Luong concat
D1— PL 28 54 100 0.01 1 Luong dot
D2— PL 12 54 65 0.005 2 Luong concat
3000 word pairs
PL— DI 16 90 30 0.005 1 Luong dot
PL— D2 16 90 100 0.005 2 Luong concat
D1— D2 24 72 30 0.005 1 Luong dot
D2— D1 12 54 130 0.01 2 Luong concat
D1— PL 28 54 100 0.01 1 Luong dot
D2— PL 16 90 130 0.005 1 Luong general

TABLE 6.4: Results of parameter exploration experiments for B-NMTR,

6.3.1.2 B-NMTT

Best parameters Absolute best parameters varyin terms of hidden size, but almost always
use the maximum embedding dimension of 28, a learning rate of 0.005, 1 head, and 1 or 2 layers,
with a lower batch size for smaller datasets (see Table 6.5).

Parameter trends At maximum data size (3000 word pairs), Transformers still don’t
reach BLEU stability across hyper-parameters, varying for example between 76 and 94.7 for
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Language pair Embeddingdim. Hiddendim. Batchsize Learningrate #layers #heads

500 word pairs
PL— D1 28 36 30 0.005 1 1
PL— D2 28 72 65 0.005 1 1
D1— D2 28 72 30 0.01 1 1
D2— D1 28 90 30 0.005 1 1
Dl— PL 28 36 65 0.005 1 1
D2— PL 24 54 65 0.01 1 3
1000 word pairs
PL— D1 28 72 30 0.005 1 1
PL— D2 28 72 30 0.005 2 1
D1— D2 28 72 30 0.005 1 2
D2— D1 28 72 30 0.005 1 1
Di— PL 28 90 65 0.005 1 1
D2— PL 28 54 65 0.005 1 1
1500 word pairs
PL— D1 24 90 30 0.005 2 1
PL— D2 28 36 30 0.005 2 1
D1— D2 24 90 30 0.005 1 1
D2— D1 28 54 30 0.005 1 1
D1— PL 28 72 30 0.005 2 1
D2— PL 28 36 30 0.005 2 1
2000 word pairs
PL— D1 28 36 30 0.005 1 4
PL— D2 28 72 30 0.005 2 4
D1— D2 28 72 100 0.005 1 1
D2— D1 28 72 65 0.005 2 1
D1— PL 28 72 65 0.005 2 1
D2— PL 28 72 65 0.005 1 1
3000 word pairs
PL— D1 28 72 65 0.005 2 4
PL— D2 28 90 30 0.005 1 2
D1— D2 28 36 65 0.005 1 2
D2— D1 28 36 65 0.005 2 1
D1— PL 28 36 100 0.005 2 2
D2— PL 28 90 65 0.005 1 2

TABLE 6.5: Results of parameter exploration experiments for B-NMT .

PL—D1’s comparison of hidden to embedding size. Below this threshold, BLEU scores vary even
more, for example between 1.1 and 73.5 for the same word pair (Appendix B.1.1). Transformers
are considerably more impacted than recurrent models by the lack of data.

However, some results can still be observed. When studying embedding size versus hidden
dimension, the best results are consistently obtained by increasing embedding size only, with
maximum BLEU (at 60 for daughters to proto-language, 90 to 95 for the rest for the maximum
amount of data) obtained for an embedding size of 28 (Appendix B.1.1).* When studying batch

“This can be observed with the apparition of a pattern of increasing vertical stripes across our matrixes.
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size to learning rate (Appendix B.1.2), itis better to use a bigger learning rate with a smaller batch
size for the smaller datasets (with best results obtained at 0.001 to 30 for 500 word pairs), then
decrease the learning rate to 0.005 with enough data (above 1500 word pairs, included). Using
one layer gives the best results for lower datasizes, two give equivalent results above 1500 data
pairs, but four is, as for the RNNs, consistently too big, most likely by increasing model size too
much (Table B.7 in Appendix). Lastly, varying the number of heads has no impact on the results
(Table B.8 in Appendix).

6.3.2 Multilingual experiments

Best parameters Thebestresults this time are most of the time 1) for the M-NMT® models,
an embedding dimension of 24 for a hidden dimension of 72 to 90, various batch sizes with a
learning rate of 0.005, one or two layers and the Luong dot attention and 2) for the M-NMT’
models, the maximum embedding dimension of 28 against varying hidden dimensions, 30 or
65 batch size against mostly 0.005 learning rate, 2 layers and 1 head (see Table 6.6).

Model Embeddingdim. Hiddendim. Batchsize Learningrate #layers Model specific

M-NMT? Attention
500 24 72 30 0.005 1 Luong dot
1000 24 90 30 0.005 1 Luong dot
1500 16 72 65 0.005 2 Luong dot
2000 24 90 130 0.005 2 Luong dot
3000 24 90 100 0.005 2 Luongconcat

M-NMT” #heads
500 28 36 65 0.01 1 1
1000 28 72 30 0.005 2 1
1500 28 54 30 0.005 2 1
2000 28 90 30 0.005 2 1
3000 28 90 65 0.005 2 2

TABLE 6.6: Results of parameter exploration experiments for M-NMTR.

Parameter trends Overall, parameter tendencies are comparable to those of bilingual
models (Appendix B.2). For M-NMTX, better results are obtained by increasing embedding di-
mension and hidden size jointly, when for M-NMT? | we only need to increase embedding di-
mensions. For both, the learning rate mustnot be too small to reach convergence, and for smaller
sets, best results are obtained with lower batch sizes. Less layers still provides best results,
though this time, 4 layers gives comparatively good results above 1500 word pairs, likely be-
cause multilingual models see enough data to train these extra layers (1500 word pairs times 6
translation directions). For M-NMTR, Luong’s dot is still the best attention, though this time,
with enough data (3000 word pairs), it is also possible to reach good performance without any
attention; for M-NMT , the number of heads does not change results, except for the lowest data
sizes, when too big a head number gives bad results.
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6 Can machine translation neural networks be used for historical word prediction?

6.3.3 Synthesis

Important hyperparameters For our task, the most important parameters to study,
both for our NMT! and NMTR models are batch size and learning rate. Then, NMT? models need
a high embedding dimension, and NMTR models an embedding size around 1/3 of the hidden
size (above a minimal size), with one of Luong’s attention (dot if little data).

Impact of model types We observed that NMTR and SMT models were systematically
better than NMT! models. They also were comparatively more stable on average (lower BLEU
standard deviations), and from a lower data size than Transformers. NMTR and SMT models
seem more adapted to our task.

Impact of multilinguality Parameter trends are similar when looking at bilingual and
multilingual models, though final best parameters differed. If this is applicable to real data too, it
could save time by looking at preliminary trends on bilingual models (smaller and faster to train),
to make educated guesses about best multilingual parameter trends, and study a restrained
parameter subset. Multilinguality did not seem to have such an impact on best results, but it
reached a better and more stable performance sooner for ‘bad’ parameter combinations.

Impact of data size From 1000 to 1500 data pairs, NMTR models are overall quite sta-
ble, and manage to reach good performance for most hyper-parameter combinations chosen —
NMTT, however, are more susceptible to data size, and are still not stable at 3000 word pairs.
SMT models perform as well at 500 data pairs as they do at 3000. For the smallest data sizes
we will reach, it is plausible that SMT will perform better than neural models, but NMTR models
should not be too far behind.

6.4 What do our experiments teach us about historical
word reconstruction?

Aswe saw in Section 6.2, not all prediction directions behave the same. Going from the protolan-
guage to its daughter reaches a test BLEU between 95 and 99 in the best setups, predicting from
one daughter to another reaches a lower test BLEU, between 90 and 98, while going from the
daughters to their parent has the lowest test BLEU, between 60 and 70. This reflects the intu-
ition we developped with respect to the specificities of modelled relations in cognate prediction,
developed in Section 6.1.2: going from parent language to daughter, being unambiguous, is eas-
ier than the other way around, which is filled with ambiguity. To accommodate this ambiguity,
we study the use of predicting n-best results, and not just the best one, in an attempt to allow
the model to predict other plausible answers.

Using the best models for each language pair and model type, we predict the 1 to 10-best
testresults to compute related BLEU. We display our results on Figure 6.1, where the grid columns
indicate the model type (NMTR in orange, NMT? in blue, and SMT in green), and grid rows indi-
cate the language pairs: the first two lines display prediction from protolanguage to daughters
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FIGURE 6.1: Test BLEU scores for our experiments on artificial data.
Colours indicate the model type: NMTR in orange (bilingual in col 1 and multilingual
in col 3), NMTT in blue (bilingual in col 2 and multilingual in col 4), SMT in green
(col 5).
Colour shades indicate the value of n in n-best predictions (1, 2, 3, 5 and 10 from
bottom to top).
The numbers (x-axis) indicate the data size, from 500 to 3000.
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6 Can machine translation neural networks be used for historical word prediction?

(the least likely setup when working with real data, except in low-resourced situations where
data from an ancestor is more common than data from the language of interest), the next two
are daugther to daughter, and correspond to the usual cognate prediction task, then the two last
are daughters to protoform, corresponding to the task of protoform reconstruction. The grid’s
cell themselves contain 5 columns, one for each data size studied, with a shading gradient indi-
cating the n value of the n-best prediction (1, 2, 3, 5, 10 from pastel to bright shades, bottom to

top).

We first confirm our previous observations on test BLEU ranges depending on the con-
cerned languages data size available (500 triplets performing worse than 1000+), as well as the
fact that adding data only benefits the Transformer. We then observe that n-best seems to solve
the problem precedently evoqued: going from 1 to 3-best allows to earn on average 30 extra
BLEU points in our most ambiguous situation, protoform reconstruction (last two grid rows).
Going to 5 or 10-best allows to reach similar performance than for non-ambiguous situations,
but at the cost of precision. When using automatic historical word prediction as a tool to aid
linguists, as in Bodt et al. (2018), the aim is not to predict the single correct answer, but to pro-
vide alist of plausible candidates, which can then be tested against field reality or monolingual
historical corpora.” As a side note, we also observe that, for the protoform reconstruction, mul-
tilingual models seem to outperform bilingual models, particularly in 1 and 2-best, especially in
low-resourced situations (500 data pairs). Mutlilinguality might be an interesting way to mit-
igate scarce data situations for protoform reconstruction, and we hypothesize that this could
be linked to the way our M-NMT models learn and constrain their intermediate representation,
which will need to be studied later.

We therefore conclude that, when working with real data, it will likely be important to take
into account the difference in ambiguity, due to the variety in prediction direction and tasks (with
the most ambiguous task being protoform reconstruction and the least descendant prediction,
with cognate prediction in between), and to balance this ambiguity using n-best predictions or
multilinguality.

6.5 Conclusion

In this chapter, we learned that all models, when properly tuned, can learn the correspondances
we are interested in in a controlled setup - though quite a simplified one, with extremely regular
and noiseless data. However, recurrent and statistical machine translation models outperform
Transformers, especially for small data sizes. We also painted a picture of the most important
parameters to optimize. Lastly, we introduced n-best prediction as a tool to manage ambigu-
ity in prediction directions when studying historical word reconstruction, and confirmed that it
helps, as well as that some prediction directions will always be harder than others because of
the inherent ambiguity they contain (protoform reconstruction). Our main interrogation now is
how this all transfers to actual historical data, which contains added noise linked to languages
‘real world’ evolution, and this is the focus in next chapter.

>This aim is quite different from the situation in machine translation, where we often only need one correct transla-
tion (hopefully the best ranked by the model), and where n-best predictions provide also correct variations of the
best translation. In historical word prediction, however, at most one prediction is correct while other predictions,
compatible with the phonetic laws involved, could have been correct but are not. A linguist would be interested
in both correct and plausible predictions, not just the best ranked one.
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7 Do low resource machine
translation setups work on

real historical word
prediction?

“The only thing to do with it is feed it to the
computer.” She fed it to the computer
which ate it with evident pleasure.

Lafferty (1974)

Having established that historical word prediction can, in an ideal setup, be modelled as a
machine translation task, we decide to extend this work to real-world historical data. Real data
is likely to be noisier than the artifical data we previously used, as well as smaller, and we want to
see how this will impact learning. We first study our previous machine translation architectures
in this real setup, using Romance languages for our hyperparameters search. We then study if This chapter is an extended
version of Fourrier et al.

(2021). Both our code and
data are freely available at
tion (backtranslation, pretraining, multilinguality). github.com/clefourrier/
CopperMT. Results differ
slightly - within significance
margins - because a number

71 EXperimental Setup of the experiments were

re-run.

cognate prediction can actually benefit from low-resource translation techniques, and compare
the impact of different data augmentation methods common in low resource machine transla-

7.1.1 General setup

Data We use the ‘historical word reconstruction’ dataset, containing Latin (LA) and its chil-
dren, Italian (IT) and Spanish (ES). We run all experiments on three different train/dev/test splits
in order to obtain confidence scores. For the bilingual (baseline) and multilingual setups, each
splitis obtained by sampling sentences 80%/10%/10% randomly.

Models Our baseline is the SMT model. B-NMT M-NMT
We use B-NMT and M-NMT recurrent (NMTR)
and Transformer (NMTT) setups (see Sec- Ly Ly

M
tion 5.1). L 00 L ,U’Ei
LZ Ll

TaBLE 7.1: Models used.
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Since we want to find the best setup for each, we perform hyperparameter searches.

7.1.2 Preliminary hyperparameters search

We seek to determine whether MT architectures and techniques are well suited to tackling the
task of cognate prediction, paying attention to avoid the pitfalls raised by Sennrich and Zhang
(2019) by carefully selecting architecture sizes and other hyper-parameters. We run optimisa-
tion experiments for all possible bilingual and multilingual architectures, using three different
data splits for each parameter combination studied, and choosing the models performing best
across seeds. Our initial parameters were selected from preliminary experiments (in bold in Ta-
ble 7.2), just like in the previous chapter.

Parameters Values studied
1) Learningrate X Batch size {0.01, 0.05, 0.001} x {10, 30, 65,100}
2) Embed. dim. x Hiddendim. {8, 12, 16,20, 24} x {18, 36, 54, 72}
3)  Number of layers 1,2,4
Transformers - 4)  Number of heads 1,2,3,4
RNNs-4) Attention type None, Bahdanau, Luong (dot, concat, general)

TABLE 7.2: Parameter exploration experiments for NMT models.
In bold, the initial parameters at each step.

Table 7.2 contains the successive parameter exploration steps: at the end of a step, we au-
tomatically select (according to average dev BLEU) the step-best value, used as input parameter
for the next parameter exploration step.'

7.1.3 Main task setup

For our baselines, we use our SMT models with the best performing B-NMTX and B-NMT! mod-
els. We then assess the impact of techniques commonly used to improve MT in low-resource
scenarios. We first investigate the impact of using monolingual data for all 3 architecture types,
via pretraining and backtranslation,” then compare these data augmentation methods with our
best performing multilingual NMT models. We finally combine our best performing methods.

Monolingual pretraining For NMT, one way to take advantage of additional monolin-
gual data is to teach the model to “map” each language to itself by using an identity function
objective (i.e. learning to copy the input word: the model will learn to predict as output the in-
put it is shown) on the monolingual data for the model’s target language. For the multilingual
model, this means that every encoder will see data from all languages, whereas each decoder will
only see data from its specific language. Using monolingual target data during pretraining will
mostly allow each target decoder to have seen more target data (which avoids overfitting and
helps specializing them on their languages). We expect it to be beneficial to encoders too, since

'"When looking at multilingual models, we chose the model performing best on most languages, as measured by
comparing the sum of the ranks (according to their average performance per language) of each model over all
language pairs.

?For another explanation of these methods, see Section 4.2.1
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7.2 Hyperparameter search results

our source and target languages tend to share common sound patterns in cognate prediction,
being closely related. In practice, we pretrain the model for 5 epochs® using the identity function
objective together with the initial cognate prediction objective (on the original bilingual data)
and then fine-tuned on the cognate task as before for 20 epochs. For SMT, model parameters
cannot be pretrained as in NMT, so in the guise of pretraining, we take the nearest equivalent:
we use target-side monolingual data to train an extra language model. For each language pair,
the monolingual dataset we use is composed of 90% of the target monolingual data. The bilin-
gual data is the same as before.

Backtranslation For each architecture type, we use the previously chosen SMT and B-
NMT models to predict 10-best results for each seed from the monolingual target-side data, and
construct synthetic cognate pairs from monolingual lexicons and source-side predictions. For
each word, we keep the first prediction of the 10 that also appears in the relevant monolingual
source language lexicon as our new source, and the initial source as target (this is akin to filtering
back-translated data (e.g. to in-domain data) in MT, a standard practice). We discard pairs with
no prediction match. This large back-translated bilingual dataset is extended with our original
training set (see 4.2.1 for a layman explanation of back-translation). For NMT, it is used to train
a new model for 10 epochs,” which is then fine-tuned for 20 epochs with the original bilingual
training set. For SMT, itis used (instead of the original bilingual data) to train a new phrase table
(which is then used jointly with the bilingual phrase table learned for the pair).

7.2 Hyperparameter search results

7.2.1 Bilingual models

All parameters are summarized in Figure 7.1, with full colored tables with numbers in Ap-
pendix C.1.

7.2.1.1 Impactful parameters

Embedding dimension vs hidden size Similar to our experiments on artificial data,
for the RNN, increasing embedding dimension has little impact on its own, but increasing hid-
den layer dimension does. For Transformer models, it is the opposite, as increasing embedding
dimension is more important than varying hidden layer dimension (see Figures 7.1, column 1).

Batch size vs learning rate We observe a similar behaviour between all models: learn-
ingrate and batch size mustvary cohesively, with higher batch sizes correlated with higherlearn-
ing rates. A good average is 0.005 to 65 for the Transformer, and 0.005 to 30 for the encoder de-
coder. The Transformer is less sensitive to imbalanced ratios with too small learning rates to too
big batch sizes, and the RNN to too big learning rates to too small batch sizes (Figure 7.1, column

2).

3This number of epochs is systematically big enough to reach convergence.
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7.2 Hyperparameter search results

RNN attention type Allpossible attentions from the works of Bahdanau et al. (2015) and
Luong et al. (20152) were used; attentions from Luong et al. (2015a) reach better results, with the
Luong dot attention slightly over performing the others (Figure 7.1, column 3, 2nd image).

7.2.1.2 Less significant parameters

Number of layers For both models, the number of layers does not change the perfor-
mance, as long as the number of epochs is increased to reach convergence (Figure 7.1, column
3, Istimage).

Transformer heads number The head number does not have a statistically significant
impact on the best Transformers’ accuracy (Figure 7.1, column 3, 3rd image). However, for mod-
els with worse parameter combinations, using 4 heads increases instability and decreases con-
vergence rate.

7.2.1.3 Overall best parameters

The final parameters chosen are detailed in Table 7.3, and reflect similar trends as with our arti-
ficial data, confirming the validity of our previous conclusions.

Model Learningrate Batchsize Embed.dim Hiddendim #layers Model specific
B-NMTR Attention type
ES—IT 0.005 65 20 54 1 Luong-dot
IT—ES 0.005 65 20 72 1 Luong-dot
ES—LA 0.001 10 24 72 4 Luong-dot
LA—ES 0.005 100 20 72 1 Luong-dot
IT->LA 0.001 10 24 72 2 Luong-dot
LA—IT 0.001 10 20 72 2 Luong-dot
B-NMT” #heads
ES—IT 0.005 65 24 54 1 1
IT—ES 0.005 30 24 54 1 3
ES—LA 0.005 65 24 54 1 2
LA—ES 0.001 10 24 72 4 2
IT—>LA 0.001 10 24 72 4 3
LA—IT 0.005 65 24 72 2 3

TABLE 7.3: Results of parameter exploration experiments for RNN and Transformer models.

7.2.2 Multilingual models

Hyperparameter trends are the same between bilingual and multilingual models. All parameters
are summarized in Figure 7.2, with full colored tables with numbers in Appendix C.2.
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7.3 Main task results

7.2.2.1 Impactful parameters

Embedding dimension vs hidden size For the RNN, varying embedding dimen-
sion does not have alot of impact, butincreasing hidden layer dimension does. For Transformer
models, it is the opposite, as increasing embedding dimension is more important than varying
hidden layer dimension (Figure 7.2, column 1).

Batch size vs learning rate We observe a similar behaviour between all models: the
higher the learning rate, the higher the batch size must be (Figure 7.2, column 2).

7.2.2.2 Less significant parameters

Number of layers For both models, the number of layers does not change the perfor-
mance, as long as the number of epochs is increased to reach convergence (Figure 7.2, column
3, Istimage).

Transformer heads number The head number does not have a statistically significant
impact on the best Transformers’ accuracy (Figure 7.2, column 3, 3rd image). However, for mod-
els with worse parameter combinations, using 4 heads increases instability and decreases con-
vergence rate.

RNN attention type The dot attention outperforms the other attentions from Luong
et al. (20152), themselves outperforming no attention or attention from Bahdanau et al. (2015)
(Figure 7.2, column 3, 2nd image).

7.2.2.3 Overall best parameters

Final parameters are described in Table 7.4, and, again, confirm our previous experiments.

Model Learningrate Batchsize Embed.dim Hiddendim #layers Attention type/#heads
M-NMT? 0.001 10 24 72 2 Luong-dot
M-NMT” 0.005 30 24 72 4 3

TABLE 7.4: Results of parameter exploration experiments for RNN and Transformer models.

7.3 Main task results

Now that best performing models have been identified, we study their results, as well as how
data augmentation methods can best be used to increase performance.
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7 Do low resource machine translation setups work on real historical word prediction?

7.3.1 Baseline: bilingual setup

1-best Results At a first glance (Figure 7.3, “S” columns), SMT and RNN appear to have
relatively similar results, varying between 58.1 and 76.9 BLEU depending on the language pair,
outperforming the Transformer by 5 to 15 points on average. However, SMT performs better for
IT<«—=ES (pair with the least data), and RNNs for the other pairs. This confirms results from the
literature indicating that SMT outperforms NMT when data is too scarce (Dowling et al. 2018;
Singh and Hujon 2020; Skadina and Pinnis 2017), and seems to indicates that the data threshold
at which NMT outperforms SMT (for our Romance cognates) is around 3,000 word pairs overall
for RNNs, and has not been reached for Transformers.

n-best Results The BLEU scores for NMT and SMT increase by about the same amount for
each new n (n < 10), reaching between 79.3 and 91.9 BLEU score at n = 10 for RNN and SMT.
The Transformer, however, does not catch up.

7.3.2 Leveraging extra data

Pretraining, backtranslation Both pretraining the models and using backtranslation
(Figure 7.3, “P” and “B” columns) increase the results of the Transformer models by 1 to 9 points,
though they are still below the RNN baseline. It is likely the added monolingual data mitigates
the effect of too scarce bilingual sets. The impact on RNN performance is negligible for mostlan-
guage pairs, apart from the lowest resourced one (ES-IT), for which backtranslation increases
results. Lastly, these methods seem to mostly decrease SMT performance, likely because mono-
lingual lexicons are noisy for our task, diluting the original (correct) bilingual data; this is less of
a problem for NMT models, because they are then fine-tuned on the cognate task specifically. A
detailed analysis of the backtranslated data can be found in Section 7.4.1.

Multilinguality Data augmentation through a multilingual setup (Figure 7.3, “M”
columns) seems to be the most successful data augmentation method for RNNs (increasing
performance almost all the times), and allows them to finally outperform bilingual SMT for the
least-resourced pair as well (ES«—=IT). The Transformers benefit less from this technique than
from adding extra monolingual data, apart for ES«—IT, most likely for the same reason as earlier:
this dataset being the smallest, adding words in ES and IT from other language pairs helps to
learn the translation and stabilises learning. This technique is not applicable to SMT.
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7 Do low resource machine translation setups work on real historical word prediction?

7.3.3 Combining data augmentation methods

We choose to combine the best performing data augmentation technique overall, multilingual-
ity, with pretraining and backtranslation (Figure 7.4) for our NMT models.
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7.4 Extended analysis

Multilinguality + pretraining Combining multilinguality with pretraining has vir-
tually no significant impact on the RNNs’ results with respect to multilinguality only. For the
Transformers, however, it increases the results by 2 to 3 BLEU on average.

Multilinguality + backtranslation Combining multilinguality with backtranslation
provides the best results overall for Transformers (both being the best performing methods for
these models). For the RNNs, however, the performance increase is smaller for most languages,
and we even observe a decrease in performance when translating from ES (which was not the
case with bilingual models).

7.4 Extended analysis

7.4.1 Remarks: observations of back-translated data

We study the quality of back-translated data, as not all new pairs of back-translated data were
kept: if the word predicted was not also present in the corresponding monolingual lexicon, the
word pair was discarded. Table 7.5 presents the number of word pairs kept after cleaning.

Final translation direction  IT—ES ES—IT IT>LA

Original #words 78,446 (ES) 99,012 (IT) 18,697 (LA)
Kept after B-NMTR 21,808+1,116 30,853+ 740 17,507 £ 643
Kept after B-NMT” 20,821+1,182 32,560+ 881 15,993 +£1,023
Final translation direction =~ LA—IT ES—LA LA—ES

Original #words 99,012 (IT) 18,697 (LA) 78,446 (ES)
Kept after B-NMTR 27,747 £1,754 14,238 £192 15,207 +£1,155
Kept after B-NMT? 21,606+2,176 13,598+1,092 14,110+£383

TaBLE 7.5: Number of kept words pairs in the reversed parallel lexicons produced by the back-
translation.

When looking at the number of word pairs produced by backtranslation for training, we
observe that, after cleaning, we kept more than 65% of the words produced from LA monolingual
data (for final translation directions into LA), against only 20% of the words produced to LA, and
around 30% of the words from ES to IT and reverse (Table 7.5). Either producing words from LA to
its daughter languages generated more plausible words because of a better model performance
(least ambiguous translation direction), or because the smaller monolingual dataset contained
less noise.

7.4.2 Choosing the best languages in a multilingual setup

Since multilinguality seems to have the most impact, we study the relevance of the language
pairsused in the multilingual setup, we train additional multilingual neural models on only 1000
pairs of ES-IT data (single set), complemented by either nothing (to act as baseline), an extra 600
pairs of ES-IT, or 600 pairs of ES—L and IT-L (L being either Latin, a parent language, French,
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7 Do low resource machine translation setups work on real historical word prediction?

a related language, or Portuguese, more closely related to Spanish than Italian). The rest of the
data (Table 7.6) is split equally between dev and test.

Birincuat | FR-IT FR-ES PT-IT PT-ES
#words 666 657 1,503 1,874
#phones 8,698 8530 20,738 25,867
#Unique phones 40 43 36 41
Word length 6.53 6.49 6.90 6.90

TABLE 7.6: Supplementary bilingual lexicon statistics.

As we saw in section 7.3.1, the Transformers’ scores are far more affected by low resource
settings than the RNNs. We therefore study the impact of adding extra languages with RNNs

only.
BASELINE ES—IT IT—ES
1000 pairs 53.9+34 66.6%+4.2
ADDED DATA ES—IT IT—ES
Same language pair 62.5+2.5 71.8%+1.7
Latin 57.1+1.8 67.4+3.3
French 58.5+2.0 67.0£2.8
Portuguese 58.8+1.1 66.9+2.9

TaBLE 7.7: BLEU for different multilingual settings.

Results on our new low-resourced baseline are lower than our previous baselines by around
10 points (Table 7.7), which is expected, since we use less data for training.

Adding 600 pairs of ES-IT words has more effect on ES-IT performance than adding any
other pair of related languages, which indicates that, unsurprisingly, the best possible extra data
to provide is in the language pair of interest. When adding a related extra language, the results
are better than with the initial data only. From Spanish, the performance is best when adding
Portuguese, its most closely related language, then French, then Latin. From Italian, we observe
the opposite trend. Adding an extra language seems to help most to translate from, and not to,
the language itis most closely related to. For very low-resource settings, where extra pairs of the
languages of interest might not be available, it will probably be interesting to explore using extra
languages related to the source language.

7.5 Linguistic analysis

We discuss the results of the best performing models for the best seed across all architectures
(SMT, M-NMTR with pretraining and M-NMTT with backtranslation) from ES—IT. More than
a third of the predicted words are above 90 BLEU* (resp. 35.4/46.4/38.1% for SMT/M-NMTR /M-
NMTT), and for error analysis, we study the words below this threshold. The observations gen-
eralise to other language pairs.

*To study the BLEU of individual words, we use the sentenceBLEU function from sacreBLEU (Post 2018) with its
default parameters.
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7.5 Linguistic analysis

Source context Target context Source Target SMT pred. M-NMT® pred.
(2) AMBIGUOUS SOUND CORRESPONDENCE NOT LEARNED WELL

corvino ‘raven’ corvino ‘id’ [kocBino] [korvimno] [korvimo] [korbimno]
liebre ‘hare’ lepre ‘id. [liePre] [lerpre] [liebre:] [liervre]

(b) FoRM OF THE COGNATES CHANGED TOO MUCH

calafia ‘kind/sort’ quale ‘what/which’  [kalapal [kwazle] [kalap:] [kalaj:]

pie ‘foot’ piede ‘id. [pjel [pjede] [pe] [perre]

(c) Data ERROR

suspirar ‘to sigh’ squillan ‘(it) rings’  [suspirar] [skwil:an] [sospiraire] [sospira:re]
frenesi ‘frenzy’ frenetico ‘frenetic’  [frenesi] [frenetiko] [fremezi] [frones:|

(d) MobpEL MISTAKE
licencioso ‘licencious’  licenciozo ‘id’ [libenBjoso] [litfentsiorzo] [litfentsiozo] [litfentso]

TaBLE 7.8: Prediction errors examples across ES—IT datasets for both SMT and M-NMTX.
7.5.1 Predictions (word level)

Close Results Wwe observe alot of inaccurate but very close translations (e.g. Spanish conve-
niente ‘convenient’, phonetised [kombenjente], was predicted as corresponding to Italian [kon-
venjente] instead of [konveniente], with only one phone different, and coherently so). Some-
times these translations have a very bad score: Spanish pulpito ‘pulpit, phonetised [pulpito],
was predicted as [pulpi:to] instead of [pulpito], two close pronunciations, for a sentenceBLEU
score of only 20.

Analysis of wrong results Wrongly predicted cognates correspond to four cases, as
defined in Table 7.8.° We carried out a manual error analysis on all our predictions, and observed
that their distribution was similar across models (respectively SMT/RNN/Transformer):

() 84.6/81.4/79.5% were cognates with an ambiguous sound correspondence (e.g. Spanish
[B] to Italian [b/v/p]).

(b) 10.3/13.4/11.6% were cognates that had either evolved too far away from one another or
contain rare sound correspondences, such as pie ‘foot’, phonetised [pje], predicted [pe]
and [pe:re] instead of [pje:de] piede ‘foot’.

(c) 0.9/0.9/0.9% corresponded to data errors, such as suspirar ‘to sigh’, phonetised as [suspi-
rar], which was predicted as [sospiraire] sospirare ‘to sigh’, its actual cognate, instead of
its erroneous counterpart in our database ([skwil:an] squillan ‘(it) rings’).

(d) 4.3/4.3/8.09% were model errors, such as “forgetting” part of a word during translation.

7.5.2 Usefulness of n-best results

We present here at which position the best prediction (according to sentenceBLEU, from
sacreBLEU (Post 2018)) occurs amongst the 10-best predictions. For example, when go-
ing from Spanish terroso ‘muddy’, phonetised [teroso], to Italian terroso ‘muddy’, phonetised
[terroizo], the RNN predicted [tero:zo], [teroizo], [terroizo], [terroizo], [tercos:], [tercoizo],
[tereost], [terroizo], [teros:], and [teros:o]: the correct result corresponds to the 4™ position.

®Statistics are provided for the best models of the best seed, but examples are taken across seeds and models.
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7 Do low resource machine translation setups work on real historical word prediction?

For all multilingual models, we computed the sentence BLEU score for each of the 10-best
predictions and saved the position of the highest scoring prediction. We averaged these posi-
tions for all words in the test set and calculated the standard deviation. Table 7.9 contains the
full results.

IT—ES ES—IT IT—>LA LA—IT ES—LA LA—ES

SMT 1.08+1.93 2.12+255 201+250 1.67+230 249+268 1.30+2.14
M-NMTR  1.04+£2.03 1.67+£242 2.20£254 1.63+£2.38 251+268 1.38+2.30
M-NMT?  1.34+2.17 1.94+2.34 2424265 217+257 278+2.73 1.64+2.31

TABLE 7.9: Average position of the closest prediction to the reference amongst the 10-best pre-
dictions.

The average position at which the best prediction (according to development BLEU) occurs
(in 10-best predictions) is between 1 and 3 (Table 7.9). The lowest indices occur for Spanish
(between 1 and 1.7) and Italian (between 1.6 and 2.2). The highest indices encountered occur
when going for IT—LA or ES—LA (between 2 and 3). This illustrates the importance of n-best
prediction when predicting cognates from child to parent languages, due to ambiguity. Standard
deviations are between 2 and 3: for these languages, when studying cognate prediction, it is
interesting to at least check the 5-best results.

7.5.3 Correlation between BLEU and confidence

IT-ES ES—IT IT-»LA LA—IT ES—LA LA—ES

SMT -0.02 0.05 0.10 0.06 0.11 0.05
M-NMTR 0.26 0.43 0.23 0.29 0.47 0.28
M-NMT? 0.21 0.39 0.20 0.26 0.38 0.28

TaBLE 7.10: Correlation between model confidence and BLEU score.

When looking at the correspondence between model confidence level (evaluated as the log-
likelihood of the prediction) and actual 1-best BLEU score for the predictions of the ES—IT set,
we observe a Pearson correlation coefficient of 0.12 for the SMT, 0.47 for the Transformer, and
0.55 for the RNN. The model confidence is not correlated at all with the prediction accuracy for
the SMT, and not that well for NMT (for other language pairs, the correlation coefficient is even
lower, see Table 7.10). The NMT models tend to be overconfident, with an average confidence
score of 819% for the RNN and 74% for the Transformer, and the SMT model underconfident, with
an average confidence of 27%. A confidence over 70% for an actual BLEU score below 30 occurs
in 26 cases for the RNN, 14 for the Transformer, and never for the SMT. The opposite (confidence
< 30% and BLEU > 70) never occurs for the NMT, and occurs in 39 cases for the SMT.

7.6 Conclusion

We observed that optimized models seem to be able to learn historical word prediction in real-
world setups, and not just our artificial data. This confirms that using machine translation ar-
chitectures can benefit this task. Above a certain training data size, SMT and multilingual RNNs
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7.6 Conclusion

provide the best BLEU scores for the task, SMT still being unrivalled when it comes to smaller
datasets (which coincides with previous work comparing SMT and NMT for low-resource set-
tings, and our previous analysis on artificial data, see Chapter 6).

When studying how to increase the amount of training data seen by our models, we found
that exploiting the multilinguality of NMT architectures consistently provided better results
than using extra monolingual lexicons (through pretraining or backtranslation), which contain
noise for our task; combining the methods provided a significant amelioration for Transformers
only. Leveraging multilinguality by training with extra languages also proved interesting, and
we found the best possible extra data to add in a multilingual setting is, first, data from the lan-
guages at hand, followed by pairs between them and a parent language, then finally data from
additional languages as close as possible to the source language.

We conclude that low-resource machine translation architectures and augmentation tech-
niques are applicable to real historical word reconstruction as much as they were applicable to
artificial data (as long as the task specificities, intrinsic ambiguity which requires n-best predic-
tion and reliance on cognate data only are taken into account).

We now wonder whether it is possible to investigate what, precisely, our neural networks
learn during cognate prediction. This is the focus of the next chapter, during which we will first
extend the number of languages our models see, going from three to nine, then analyse in detail
what our models learn, whether through external behavior or by designing specific probes to
pinpoint properties of interest in the networks.
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8 What can we learn from
probing cognate prediction
models?

We ignore the blackness of outer space and
pay attention to the stars, especially if they
seem to order themselves into
constellations.

Stephenson (1995)

As we demonstrated earlier, historical word prediction can be, to an extent, modelled as a
machine translation task. However, when using our multilingual encoder-decoders for cognate
prediction, each encoder learns to map cognate phonetic data to an intermediate representation,
common to all languages, and each decoder learns to map this common intermediate represen-
tation to its target language. What could this intermediate representation contain? As we hope
thateach encoder and each decoder learns the specific sound rules of its language, it would make
sense that the best intermediary, between cognates of related language, and obtained through
the sound rules of all, would be something akin to one of the many possible proto-forms, and
this is what we will investigate in this chapter, first, by looking at the external behavior of the
model, then by designing probes to understand its inner components.

8.1 Experimental setup

We will be optimizing our models for the cognate prediction task: generating, from a phonetised
word, the plausible phonetic forms of its cognates in related languages.

Data We use our massively multilingual cognate dataset in 9 Romance languages: Galician
(GL), Portuguese (PT), Spanish (ES), Catalan (CA), Occitan (OC), Italian (IT), French (FR), Roma-
nian (RO) and Aromanian (RUP) (see Section 5.2.2). We use splits of 85/7.5/7.5% for the train/de-
v/test sets, using 3 different shufflings.

Models Weusethe SMT model as baseline. We compare all our possible NMTR setups (bilin-
gual, multilingual, without or with added monolingual data, sharing components or not) — en-
coders use a single-layer Bi-GRU (embedding dimension: 20, hidden dimension: 50), and de-
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8 What can we learn from probing cognate prediction models?

coders a single-layer GRU with Luong dot attention (embedding dimension: 20, hidden dimen-
sion: 50). Each neural model is trained using the Adam optimizer (learning rate: 0.005, batch
size: 30) and the cross entropy loss, stopping on the first of either convergence of dev-BLEU or

15 epochs.
B-NMT B-NMT+m M-NMT
Ly Ly Ly - Ly
L, -0 L }D’”’ Jo=cif
Ly L, Ly
M-NMT+m M-NMT+m+shared_emb M-NMT+m+shared_all
L L L L
1 2 1 2 L L
M ]];‘:‘4[: L, &0t
2 2
L, Ly Ly Ly

TasLE 8.1: Model type reminder (see Section 5.1).

8.2 Steps of Analysis

In this chapter, we are not only interested in the raw performance of our models, but mostly
in the results’ interpretability. The core of this section is therefore not focused on the previous
training objective, but on the following analyses and interpretability experiments.

Raw analysis We will first analyse our models and try to understand what they learned
based only on their raw scores and prediction errors, as was done by Fourrier et al. (2021) and
Meloni et al. (2021), to see the amount of linguistic information we can extract as such: which
models perform the best (have the highest BLEU), and on which language pairs? What does it
tell us about the languages we study? What can we learn about the different errors our models
make when predicting on the test set?

Then, in order to compare the insights we got from a ‘black box’ analysis to insights ob-
tained when looking specifically for linguistic or historical information, we design the following
probing tasks.

Synchronic Probes Cognates arerepresentative of their language phonetics, and we want
to study whether the models learn deeper linguistic information while training on them.

o Phonotactics: To study whether our models learn phonotactics (the allowed arrange-
ment of sounds and sound patterns in a language, see Section 1.1.1),' we adapt the bigram
shift probing task (Conneau et al. 2018) to test whether encoders are sensitive to legal
phone orders. A binary classifier is trained to distinguish between hidden representations
of normal words and words whose phones have been inverted.

'"Phonotactics, in a sense, is the ‘syntax’ of phonology.
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8.3 Raw results

e Phonology: To study whether our models learn phonologically meaningful representa-
tions, we study our vocabulary representations, as in Madsen et al. (2021). We reduce the
dimensionality of our encoded phones representations using PCA (Pearson 1901) and t-
SNE (Maaten and Hinton 2008) and look at the emerging underlying organisation of the
phonetic space.

Diachronic Probes Cognates carry the historical information of the evolution of their re-
spective languages. We want to see how much of this information was explicitly learned by the
model.

¢ Sound Correspondences and Contextualised Changes: Cognates are usually identi-
fied by sound correspondence sets, which they also help define (see Section 1.2.1.1). We
first study which correspondences the model has learnt to predict, to extract general
statistics of sound classes prediction. We then use phones belonging to known sound
rules, from Boyd-Bowman (1980), to study predictions out of context. Lastly, Meloni et al.
(2021) provide sample sets containing minimal examples of artificial subwords in some
Romance languages corresponding to a given sound correspondence and the associated
Latin parent. To see if our models learn these sound correspondences, we study if they can
reconstitute these sets.

e Proto-form Reconstruction: We go back to proto-form reconstruction to test our in-
sight on hidden representation learning. Cognates all descend from a common ancestor
word, their proto-form. To study whether the model learns historical information about
said proto-form, we design a probing task where we train a decoder to predict a Latin word
from the fixed encoded representation of its children Romance cognates.

8.3 Raw results

The full BLEU score tables of all our models on all our language pairs are in Appendix D.1, summa-
rized in Figure 8.1, where we plot the heatmap of the BLEU scores for each language pair and each
model, with high/low scores in red/blue, and big/small datasets indicated by +/—. We com-
pare all our setups (SMT, B-NMT, B-NMT+m, M-NMT, M-NMT+m, M-NMT+m+shared_emb,
M-NMT+m+shared_all, see Table 7.1).

8.3.1 General trends

When looking at SMT BLEU, we observe that, at a first glance, it seems that bestresults (60 BLEU
upwards) are obtained for bigger datasets, and worse results (40 BLEU and less) for smaller
datasets. This trend seems also exacerbarated for our B-NMT and B-NMT+m models, where this
distinction becomes clearly visible, with smaller datasets at 10 BLEU and less for B-NMT and a
bit more when adding monolingual data - they confirm precedent experiments on the impact of
data size on BLEU. Furthermore, all the bilingual models also observe an obvious 100 BLEU for
going from a language pair to itself. The trend is different for our multilingual models, where
going from a language to itself does not always reach 100 BLEU, most likely because, since the
intermediate representation is shared between all languages, it is optimized for none.
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8.3 Raw results

In our M-NMT model, the BLEU scores stay the same or diminish slightly for the best results
(compared to the bilingual models), but the least doted language pairs all see a considerable in-
crease in performance. This increase can be due in part to the bigger quantity of data available,
but it is likely not the only factor at play, otherwise our B-NMT+m model would outperform the
M-NMT model, having had access to the biggest datasets we have (the monolingual sets).” We
hypothesize that part of this increase could be due to learning transfer between our languages:
for example, Portuguese and Spanish perform better to Occitan, with an almost 20 BLEU in-
crease, which could come from transfer from the closely related Catalan, with more resources for
our task, and especially between itself, PT and ES. In parallel, the decrease in performance for the
highest resourced pairs could be because the encoders and decoders are now less specialised.

When adding monolingual data to our multilingual model (whether sharing components
or not), the BLEU scores increase even more, but that not all language pairs are affected in the
same way: PT, ES and FR to OC, or OC to RUP increase considerably more than, for example,
RO and RUP to the other languages. It is likely that adding even more data (through monolin-
gual information) increases the transfer between related languages (e.g. the Occitan monolin-
gual dataset only contains 553 words, but could be helped by the added 2612 Catalan words).

8.3.2 Best Setups Choice

To choose best models, we synthesise the respective performance accuracies of our models in
Figure 8.2, comparing their BLEU scores. This heatmap indicates the percentage of language
pairs for which a model (left) is better than another model (bottom).” Both B-NMT models per-
form worst than the SMT baseline (with and without monolingual data). Multilinguality im-
proves the performance, as the M-NMT model outperforms the baseline in 58% of cases. How-
ever, the best results are obtained when the models see the most data; the different M-NMT+m
models outperform all other models for 80% of language pairs minimum. Another slight in-
crease is obtained by sharing embeddings, as the M-NMT+m+shared_emb outperforms the M-
NMT+m model in 58% of cases, but sharing encoders and decoders downgrades the perfor-
mance. We will therefore focus on the M-NMT+m and M-NMT+m+shared_emb models, our
two best setups.

8.3.3 Impact of language on performance

General results To study model performance on all language pairs separately, we focus on
the previous heatmap of average BLEU scores (Fig 8.1) for our two best architectures (M-NMT+M
and M-NMT+M+shared_emb) and the baseline (SMT). Our models and baseline behave simi-
larly, with overall good BLEU scores, which seem to be slightly correlated with data size, except
for some outliers.

For French, for example, the monolingual dataset contains 3772 words, whereas the sum of all the others reaches
only 3021 words, among which some might be redundant.

*Sums not equal to 100% indicate that the models have the same performance on some language pairs (ex: B-NMT
and B-NMT+m).
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FiGURE 8.2: Percentage of language pairs for which a given model (left) outperforms another
(bottom).

Outliers Firstly, predicting RO and RUP from/to all other languages has a considerably lower
BLEU than all other pairs, except for RO-RUP itself: predicting between languages from too
dissimilar language branches (Eastern-Romance and Italo-Western Romance), unsurprisingly,
seems harder than translating within either of those branches. Secondly, GL«=PT and OC«—CA
have higher BLEU than we could expect based on data size only.” In all setups, it therefore ap-
pears to be easier to predict cognates for closely related languages. This confirms experiments on
multilingual language models, which show that transfer learning occur more easily for closely
related languages sharing a script (Muller et al. 2021).

Heatmap symmetry We can also observe that all heatmaps are mostly symmetrical: it
is approximately as easy to go from language 1 to language 2 than it is the other way around.
Some clear exceptions to that rule are going from IT to PT and ES, which is always easier than
the other way around, and, for our multilingual models, going from PT or ES to OC, easier than
the opposite.

*Itis important to note that this could also be linked to similarities introduced by our phonetisation method, as we
used the Catalan phonetizer for Occitan and the Portuguese phonetizer for Galician.
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8.3 Raw results

8.3.4 Transfer learning hypothesis

In our Section 8.3, we hypothesized that part of the interest of multilingual models was the ap-
pearance of transfer learning between related languages, reinforced with added monolingual
data. We highlighted this on Occitan, and we therefore test this hypothesis on predicting Occ-
itan from Portuguese, and testing if Catalan helps. Catalan and Occitan are closely related, the
foremost being ‘high-resourced’ for our setup, with a monolingual set of 2616 words, and the
latter a ‘low-resourced’ language for our setup at 533 words in the monolingual set.

To check whether there is transfer from the high ressourced Catalan to Occitan, we com-
pared the respective performances of several models on the prediction of Occitan: our baselines
are B-NMT+m, M-NMT, and M-NMT+m Portuguese to Occitan, that we compare to using B-
NMT+m Portuguese to Catalan, or M-NMT and M-NMT+m Catalan decoders in zero-shot to try
to predict Occitan. The results are in Table 8.2.

Model | Trained on PT-CA  Trained on PT-OC
B-NMT 55.8+8.8 6.7+1.4
B-NMT+m 60.1+£12.8 28.1+5.8
M-NMT 67.3+12.1 67.1+4.1
M-NMT+m 62.7+6.1 86.1+1.5

TaBLE 8.2: Transfer learning experiments: we use several models trained on PT-CA or PT-OC to
predict PT-OC.

We can first observe that using a B-NMT model originally trained on PT-CA (1031 word
pairs) to predict PT-OC outperforms the model solely trained on PT-OC (223 word pairs) by 50
BLEU. This confirms that 1) we need to have more data pairs than a threshold (likely around 1000
word pairs) to learn anything using NMT models; 2) Catalan and Occitan are similar enough to
expect transfer from one language to the other. Adding monolingual data augments BLEU by 5
points for the PT-CA model, and 20 for the PT-OC. This confirms our experiments on artificial
data, specifically that we need atleast 1000 word pairs to get a good BLEU: adding monolingual
data only increases data size to 776 word pairs for PT-OC. Using M-NMT models benefits both
to the Catalan and Occitan decoder for Occitan prediction: this confirms that there is a form of
transfer inside the model, likely linked to the converging encoding space. Lastly, best results
are obtained for the PT-OC M-NMT+m model (86 BLEU), whereas the PT-CA M-NMT+m sees
its performance decrease. Adding monolingual data helps decoders to specialize on predicting
their specific language. If we need zero-shot transfer learning later, it might be necessary to use
models trained without monolingual data for the high-resource language to get best results.

8.3.5 Language relatedness

We also tried to see if it was possible to extrapolate language relatedness from the models’ BLEU
scores (by assuming that the closer alanguage pair, the better the BLEU). We perform agglomer-
ative clustering of our languages, using BLEU scores as closeness metrics, then display the corre-
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sponding dendrogram, using Virtanen et al. (2020), see Figure 8.3.” Of course, it must be noted
that a dendrogram is an approximation of a much more complex historical ground truth (as a
tree does not take into account areal influences, for example).

SMT M-NMT+m M-NMT+m+shared_emb
PT ES PT
GL CA GL
ES PT T

m GL ES
FR oC :J CA
oc 0} oc

cA I FR FR
RUP RUP RUP

RO RO RO
0 50 100 0 200 4 60 80 0 20 0 650 80

FiGURE 8.3: Generated dendograms from the language pair BLEU scores for our best performing
models.

We observe that all dendograms successfully reconstruct the Eastern-Romance vs Italo-
Western Romance division, as well as the Portuguese-Galician cluster. On the other hand, Italian
is never the first branching in the Western-Romance subtree of the dendrogram. The SMT den-
dogram is the closest to the ground truth, with correct Ibero-Romance (ES, GL, PT) and Occitano-
Romance (OC, CA) clusters, and French placed as closest to Occitano-Romance, while Italian is
(incorrectly) grouped with the Ibero-Romance parent. Interestingly, multilingual dendograms
separate French from the rest of the Italo-Western branch, which, as we saw in the chapter in-
troduction (Section 5.2.2), makes sense, as its lexicon has undergone considerable Germanic in-
fluence. The M-NMT+m+shared_emb dendogram makes less sense from a linguistic point of
view. On the other hand, the M-NMT+m dendogram groups Galician and Portuguese together
(which is correct), as well as Occitan with Italian and Catalan with Spanish (which is not). How-
ever, Occitan and Catalan, though closely related, have undergone external influences, Spanish
for Catalan, and French for Occitan. This small experiment seems to confirm that overall, SMT
and M-NMT+m give results coherent with language history (when we see BLEU score as a close-
ness metric), while sharing embeddings changes language proximity as perceived by the models,
likely because information is lost.

8.3.6 BLEU across languages

We plot the BLEU frequency histogram, for all our language pairs, and our 3 best models (See
Figure 8.4 here and Figures D.2 and D.3 in Appendix). We first observe that all our models have
similar BLEU frequencies overall - our models therefore have similar modeling abilities (except
when using our least resourced languages pairs: e.g. anything from/to OC and RUP, where the M-
NMT models have a higher number of words with good BLEU, most notably thanks to previously
evoqued transfer learning). Then, we can observe that for most language pairs, the BLEU scores
follow a bimodal distribution,® with one local maxima at the 90-100 BLEU interval, usually not

>This experiment’s results are also likely impacted by the data size, and would have been more conclusive with an
equal number of data points for all languages. However, this would have meant reducing the size of datasets for
all our language pairs to the size of the least doted one, Occitan to Aromanian, with only 81 words pairs, which is
likely to be too small an amount to learn on for our neural networks.

®On some languages, we could say thatitis trimodal, with a high peak at 0-10, another one at 90-100, and a flattened
one in the middle.
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FiGURE 8.4: BLEU frequencies, from all our languages to Catalan, Spanish, and French. SMT in
green, M-NMT+m in orange, M-NMT+m+shared_emb in purple.
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spread out, and, most of the time, a skewed normal or uniform distribution in the lower values,
with a mean in the 0-20 BLEU interval and a standard deviation above 20 BLEU. Each model
therefore encounters, for a given language pair, 1) a non negligeable amount of words which
are very easy to translate and 2) other words which, following linguistic evolution diversity in
complexity, have BLEU scores more widely distributed, depending on the relatedness and data
size of the language pair. Further studies could look at the differences between these two groups
in terms of data history.

8.3.7 Conclusion

Analysing cognate prediction models by solely focusing on BLEU scores already allows us to
draw conclusions on the nature of information learned by our models: cognate prediction is eas-
ier for closely related languages in a massively multilingual setup, and multilinguality allows the
emergence of transfer learning from our most to least resourced language pairs. We also observe
that not all words are as hard to predict, as almost all language pairs encounter cognates ex-
tremely easy to predict. Further analysis could be done on the linguistic difference between easy
and hard cognates, but we focus on predictions of easier or harder language pairs.

8.4 Predictions (phone level)

We compare the predictions and errors made by the models in three cases: the language pair is
highly resourced and gets a good BLEU score (ES-PT), the language pair has average resources
but contains close languages and gets a good BLEU score (PT-GL), the language pair has almost
no resource and gets a bad BLEU (RO-FR).

We use the Needleman and Wunsch (1970) dynamic programming algorithm as modified
by Gotoh (1982) (adding affine gap penalties) to compute the pairwise alignment between our
models predictions and the targets.” From these alignments, we extract correspondences of
characters, in 1 or 2-grams.” We can then better see when the predicted phones match the gold,
and study the models’ outputs.”’

8.4.1 Prediction categories

When looking at the phone level model predictions, we observe that they can be: (1) correct
(equal to gold); (2) phonetically close to the gold (ex: [(], a voiced bilabial fricative, instead of
[b], a voiced bilabial plosive); (3) other, which can either correspond to a known sound corre-
spondence, incorrect in the current example but attested in others (ex: [v], a voiced labiodental
fricative, instead of [b], a voiced bilabial plosive) or be a wrong prediction (ex: [a], a vowel, in-
stead of [b], a consonant) (Table 8.3). In 2-gram, this classification becomes (1) correct (identical
2-grams); (2) close (identical/close phone and close phone); (3) other (the rest, which can then

"We use the implementation from Cock et al. (2009).

8Using 3-grams alignments provided no further insights.

°To remove noise which might be caused by incorrect alignments, we only keep correspondences occurring more
than once, and in 2-grams, we discard the pairs which contained a blank inserted during the alignment process.
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8.4 Predictions (phone level)

Pair | ES—PT | PT—GL | RO—FR
Prediction | Correct Close Wrong | Correct Close Wrong | Correct Close  Wrong
1-gram

SMT 90.9% 5.3% 3.8% 95.5% 2.4% 2.1% 62.7% 12.7%  24.5%
M-NMT+m 89.1% 55%  5.4% 93.6% 34%  3.1% 71.6% 8.8% 19.6%

+shared_emb | 90.7% 5.1% 4.3% 92.4% 39%  3.7% 73.8% 14.6% 11.7%

2-gram

SMT 83.4% 9.7% 6.9% 93.2% 4.1% 2.6% 49.1% 14.0% 36.8%
M-NMT+m 81.5% 9.8% 8.6% 89.3% 6.2% 4.5% 64.4% 8.5% 27.1%

+shared_emb | 83.3% 9.6%  71% 88.0% 6.8%  5.2% 58.6% 24.1%  17.2%

TaBLE 8.3: Prediction types frequency for 1 and 2-grams, for three language pairs: ES—PT
(good BLEU, big data size), PT—GL (good BLEU, average data size, close languages),
RO—FR (bad BLEU, small data size).

be divided in (a) ‘one correct/close and one wrong’, or (b) ‘two wrong’ phones, other patterns
almost not occurring).

We observe that in easy situations (lots of data, ES—PT, or language proximity, PT—GL),
the statistical is slightly more accurate that the multilingual model. When the situation is harder
(RO—FR), the part of “close” predictions (with respect to “wrong” predictions) increases con-
siderably for the neural models, and the best performing one becomes the multilingual neural
model, very likely because it can leverage information from the other pairs.

8.4.2 1-gram analysis

When looking at the wrong predictions in more detail, we observed that errors can either occur
frequently or only one time:

e ES-PT:20% of errors occur more than once. Most frequenterrors (frequency > 6) for mod-
els are correspondences between [0]/[u], [v]/[b], [€]/[i] or [i], so either known phonetic
correspondences or vowels close on the vocalic triangle. The least frequent errors tend to
be nonsensical.

e PT-GL: 17% of errors occur more than once, and they contain the same patterns (corre-
spondences between vowels, or [b]/[v] and [k]/[3]).

e RO-FR: Only 4% of errors appear more than one time, and almost all errors occur only
once and are nonsensical.

When plotting phone accuracy between prediction and gold of character as a function of
phone frequency for our three cases of interest (Fig D.4 in Appendix), we observe that for our big
dataset, the BLEU is correlated to the character frequency count, which is not the case for the
cases with smaller datasets: for our close languages, the BLEU is good no matter the character
to predict (maybe because the characters to predict are easier), and for further languages, the
results are bad all the time (but the frequencies of occurrence are low for all characters).
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8.4.3 2-gram analysis

We divide our predictions in three groups: correct (identical 2-grams), close (one identical phone
and one close, or two close), incorrect (the rest). We also single out the cases where both char-
acters are close or both characters are wrong (parenthesis in the columns of Table 8.3). For our
analysis, we discarded the pairs which matched a character with a blank symbol (inserted during
the alignment process).

First, we can observe that the behaviour of the models varies: for language pairs with good
BLEU scores, the ratio of “close results” to “wrong results” is between 1:1 and 2:1, whereas when
the BLEU score is bad, this ratio reaches between 1:5 and 1:3. It is likely that language pairs with
good BLEU learn to identify correspondence patterns correctly, but are mistaken in ambiguous
situation (close results), when language pairs with bad BLEU do not even learn correct corre-
spondences and spew random phones.

The close results are divided in “one correct, one close” and “two close” predictions. The
model almost never predicts “two close” predictions (number in brackets). The wrong results are
divided in “one correct or close, one wrong” and “two wrong” predictions (number in brackets).
The model almost never predicts two wrong results for language pairs with enough data, but
this ratio increases considerably for our language pair with little data.

When studying frequent cases (more than one occurrence) of “one correct/close and one
wrong” errors for ES—PT, we observe that they are either a wrong vowel with the correct conso-
nant ([or]/[ur]), a correct phone with a [b]/[v] confusion, or less frequently, a correct/close vowel
with a [k]/[3], [w]/[1] confusion, or lastly, for the bilingual models only, the change between [gv]
and [mb]. Almostno “one correct/close and one wrong” error occurs more than once for the other
datasets.

The most interesting errors appear in our last category, when both characters are wrong.
These errors never occur more than once for a letter combination, a model and a language pair,
and alarge quantity of them are nonsensical, or likely the result of alignment problems. However,
some of them, for ES—PT, can be grouped in a single category (SMT/Bilingual NMT/Multilingual
NMT: 30%/5%/30%): cases of methathesis, where the phones have been inverted (for example,

[m]/[ni] or [er]/[.xi]).

8.4.4 3-grams analysis

When studying 3 grams (not displayed in the table), we observed that almost no 3-grams are
completely wrong (except for RUP-FR, where they are nonsensical) - they either have one or
two approximately correct characters: there will be no insight available from studying 3-grams
compared to 2-grams.
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8.4.5 Conclusion

When looking at errors with a high apparition frequency,'” which tend to be plausible and sim-
ilar between neural models and baseline, we observed that wrong phones in 1-gram or 2-gram
case (a) correspond to high-mid vocalic alternations patterns, ([5]/[u], [€]/[i]-[i]), exchange of
consonants linked by a sound correspondence ([v]/[b]), or less frequently, in 2-gram only, to a
[k]/[3] or [w]/[1] confusion." 2-gram case (b) correspond to metathesis (phone inversions, ex:
[1y]/[ni] or [er]/[13]) 30% of the time, the rest being nonsensical errors.

These results seem to confirm the observations made by Meloni et al. (2021): most errors
made by the models are not arbitrary but tend to correlate with historical linguistic phenomena.
We now try to investigate if those linguistic aspects also appear inside our models.

8.5 Synchronic Probing

8.5.1 Phonotactics

Probe Training We trained MLP classifiers to detect whether encoded words contain a
switched bigram of phones or not. For a given language, the encoder used is either randomly
initialised or coming from our multilingual models and frozen. This experiment is reproduced
for all data shuffles and all languages. No matter the setup, the classifier performance is system-
atically around 50%, therefore no better than random. "

Fine-tuning Wwe decide to try fine-tuning our multilingual models on the classification of
bigram switches, to seeif thisisinformation our models can learn to distinguish: we use the same
setup as for the probing tasks, except that the encoders are now fine-tuned along the classifier
training instead of frozen. The results are again no better than random.

Conclusion Whenlearning to predict cognates, the encoder does not spontaneously encode
phonotactics information, nor does it learn to encode it when fine-tuned specifically on that.
This is interesting, because sound correspondences relations between cognates are partly linked
to phonotactics. If the model does not learn this information explicitly, it has to learn something
else instead.

“Therefore not studying RO—FR, whose errors tend to occur only once and be nonsensical (likely the result of the
difficulty of learning on so little data).

SMT also produce a segment voicing change between [pv] and [mb].

Even accounting for the fact that this task could be made harder by the fact that some switched bigrams are phono-
tactically allowed, we should still observe a better accuracy than random.
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8.5.2 Phonetics

Following Madsen et al. (2021), we study the hidden representation of our neural models. We
encode every available phone in our languages of interest and use two dimension reductions
techniques (PCA, t-SNE) to look for patterns.

8.5.2.1 Vowels

When plotting the 3-dimensional PCA for the vowels” hidden representation, we observe two
patterns of spatial organisation (Figure 8.5).

Language Relatedness Along one dimension, the space seems to be organised through
a linguistic continuum (with vowels in French together, then the rest of the Gallo-Romance
branch, then the Eastern-Romance branch, then the Ibero-Romance branch).” However, this
ordering is not constant across data shuffling; depending on the data seed, the model places dif-
ferent languages close to one another in the intermediate representation—models learn a lan-
guage separation of the space, but not any constant language phylogeny.

Phonetic Organisation Along the other two dimensions, we observe a pattern of pho-
netic organisation seemingly similar to the vocalic diagram (which is obtained when organising
vowels along their production height and tongue advancement, see Section 1.1.1) and this pat-
tern proves stable; all our NMT models, no matter the data shuffling trained on, seem to have the
three vocalic poles in their PCA (‘u/0’, i/e’, and ‘@”), more or less some outliers. (We color phones
according to their theoretical vocalic pole on the vocalic diagram.)

Looking deeper, these outliers fall in two categories (Figure 8.5): rare French phones (nasal
vowels for example, which do notexistin the other Romance languages, and therefore are harder
to place) or phones that have actually been clustered with the most similar pole orthographi-
cally, and not phonetically. For example, [9] is linked to ‘u/o’ instead of ‘a’ (and both [0] and
[0] sounds usually come from the letter o), [€] is linked to ‘i/e’ instead of ‘@’ ([€] and [e] from €).
The model seems to have learnt to encode similarly phones occurring in similar contexts, and not
phones thatare actually phonetically similar. However, 1) phones occurring in similar contexts in
our cognates usually come from the same original sounds, and therefore tend to be phonetically
similar and 2) phones occuring in similar contexts are very interesting for historical linguistics.
We can therefore say that, though the models seem to have learned a ‘phonologically meaning-
ful taxonomy of phonemes without explicit supervision’ (Meloni et al. 2021), a faithful and not
justplausible interpretation (Jacovi and Goldberg 2020) is that they have actually learned some-
thing akin to a ‘phonetic language model, where phones encoded similarly are first contextually
similar.

Clustering phones on their respective languages is the main feature we observe when using t-SNE.
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8.6 Diachronic probing

8.5.2.2 Consonants

We plot the PCA (Figure 8.6) and t-SNE (Figure D.1 in Appendix) for consonants, coloured on
either manner or place, and observe the same patterns. Letters seem to be grouped phonetically
ata first glance, but are actually grouped by orthographic context more than phonetic similarity:
([b], [B], [v] together, or [g], [y], [k] together, and so forth).

8.6 Diachronic probing

8.6.1 Do the models learn phone correspondences?

In this section, we focus on French, Italian, Spanish and Portuguese, as well as Romanian when
we have the data. Boyd-Bowman (1980) compiled a list of contextualised sound correspon-
dences between the first four languages, as well as their Latin origin; we extended this set with
vowels data from Wikipedia. Meloni et al. (2021) described minimal sound sets between Latin
and several daughters (the five forementioned languages). We successively use these datasets
to test our models’ learning.

8.6.1.1 General phone class statistics

We look at general learning statistics for phone classes:'* are some harder to predict than oth-
ers?

For each language pair studied, we ask our models to predict 5 best equivalents of each pos-
sible phone (using a single phone as source word), and kept the answers with a confidence above
1%. We then compare our results with statistics extracted from our training set, where we align
source and target words at the phone level, using the Needleman and Wunsch (1970) alignment
algorithm (edited with a custom cost function to bring phonetically close sound together, see
Appendix D.5.6).

When plotting precision and recall averaged across languages, for all phones, depending
on phone class (Figure 8.7), we first observe that both our M-NMT+m models (with or without
shared embeddings) outperform SMT in terms of both precision and recall, except for approx-
imants. We also observe that M-NMT+m has better recall, but M-NMT+m-+shared_emb bet-
ter precision on average. Therefore, we can say that the latter, sharing embeddings across all
languages, which forces the single embedding layer to have access to all phones, seems to help
the model predict more relevant sound correspondences. On the other hand, using an embed-
ding layer per encoder, which specialises each embeddings to their respective languages (M-
NMT+m), seems to help the model remember more phones correspondences.

We also observe that the models have similar performance trajectories, as they all are better
(in terms of recall and prediction) at predicting trills (above 85% recall and 75% precision for
all models), then nasals, than they are for stops, vowels, or fricatives (between 90% and 60%

Phone classes: vowel, nasal, stop, fricative, approximant, tap/flap, trill, or lateral approximant phones
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Precision Recall

1.0 1.0

] X ] .
0.9 % 0.9 .
0.8 % 0.81 X

b ¥
0.7 X 074 % % < %
. x .
061 % . . 06 °
0.5 . 0.5
0.4 0.4 X
0.3 0.31
X s SMT
02 0.2 M-NMT+m
0.1 0.14 ¥ M-NMT+m+shared_emb
0.0 T T T T 0.0 T T T T
lasa Approximant Trill asa Approximant Trill
Vowel Stop Fricative Tap Lateral Vowel Stop Fricative Tap Lateral
Flap Approximant Flap Approximant

FiGURE 8.7: Average precision and recall for a given phone type, across all languages, for each
model.

recall for 80% to 50% precision across models), the worst category being approximants (40 to
50% recall, and 25% precision for neural models against 50% precision for statistical models). To
better understand these results, we first compute the percentage of each category in our datasets
across languages (see Table 8.4).

Language | Approximant Fricative Lateral Nasal Stop Tap-Flap  Trill Vowel
Approximant

Spanish 5.9% 26.5% 59% 11.8%  17.6% 2.9% 2.9% 26.5%

Italian 4.2% 18.8% 4.2% 8.3% 25.0% 2.1% 2.1%  35.4%

Portuguese 7.1% 16.7% 4.8% 9.5% 14.3% 2.4% 24% 42.9%

French 4.2% 20.8% 2.1% 8.3% 12.5% 0.0% 0.0% 52.1%

Romanian 6.5% 22.6% 3.2% 9.7%  19.4% 32% 32% 32.3%

TaBLE 8.4: Phone type frequency in our dataset.

We observe that frequency tendencies are coherent across languages, with the most fre-
quent categories being vowels and fricatives, then stops, nasals, approximants, lateral approxi-
mants, lastly tap-flaps and trills. The two categories for which results are the mosthomogeneous
across model types are the most frequent categories. However, there seem to be no further corre-
lation between frequency and precision or recall. To go deeper in our analysis, we therefore study
the detailed correspondences between input phone type and output phone type, language pair
per language pair, for all models against the baseline, in a more comprehensive figure.

Ata first glance, approximants tend to be aligned with a wider variety of phones and phone
types, where some other categories, such as stops, tend to correspond to stops in other languages
(See Section D.5 in Appendix). To observe these alignments in more detail, we plot these corre-
spondences in a more comprehensive figure (Figure 8.8) - the global rows represent a common
source language, the columns a common target language, and in a given cell, each input phone
category is associated to 4 columns: output from SMT, M-NMT+m, M-NMT+m+shared_emb, as
well as the gold output, framed in black. In general, the models seem to behave similarly: for all
languages, vowels are mostly corresponding to vowels, nasals to nasals, stops to stops, approx-
imants to vowels, fricatives or approximants, and lateral approximants to lateral approximants
or fricatives. Interesting correspondence appear for the tap/flap and trill, which do not exist in
all target languages (absent in the gold column).
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FiGURE 8.8: Phone type predicted for each model and language pair.

Grid rows are the source languages, columns the target languages. For each cell, columns are grouped by 4 depending on phone type in input
(vowel, nasal, stop, fricative, approximant, tap/flap, trill, lateral approximant). The first 3 columns of each set contain the SMT, M-NMT+m, M-

NMT+m+shared_emb phone type outputs for the current given input phone type. The last column represent the target gold phone types for our
data.
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8 What can we learn from probing cognate prediction models?

From Portuguese, they are both linked to tap/flaps to Spanish, trills to Portuguese, and frica-
tives to French. We also observe that the baseline for some categories is more varied across lan-
guages than for others: approximants in input, for example, often correspond to 3 to 6 possible
and phone types for model outputs, when the other phone types usually correspond only to one
or two significant outputs. This can explain the troubles we had earlier with approximants pre-
cision and recall.

We look specifically at the performance of each model individually. SMT performance
seems bad at a first glance, because SMT seems to consistently output word-like predictions in-
stead of single phones: SMT is penalised because it has not seen words so short during train-
ing.

The multi-phones predictions sometimes make direct sense ([0] as [t/]), sometimes are just
a variation on possible syllables with a reference phone ([d] is translated as [da], [di], [do]), but
sometimes are nonsensical subwords ([oe] as [uno]).

The M-NMT+m and M-NMT+m+shared_emb are mostly coherent, with the main cate-
gories predicted similar to the baseline, except for approximants, and sometimes tap-flaps (from
Italian). There seems to be a learning of sorts of what constitutes a ‘phone class’, though this
could also be linked to the orthographic mapping we exposed in the PCA. We therefore want to
see if there is a learned notion of sound correspondences in our models.

8.6.1.2 Uncontextualized phones correspondences

We now focus on the comparison between our results and sound correspondences extracted
from the literature. Boyd-Bowman (1980) lists the sound changes between Latin and 4 descen-
dants: Spanish, Italian, French, and Portuguese. From these sound changes lists, we extracted
a sound correspondence list focusing on consonants of interest : p, b, v, realised phonetically as
one of [p], [p:], [b], [b:], [B], [v], and often occurring in similar contexts, and t, d, realised pho-
netically as one of [d], [d:], [0], [t], [t:] (Table 8.5). The following four, p, b, t and d, occur in
all our languages of interest. We do not consider vowel correspondences, as vowels are less sta-
ble through time than consonants, and tend therefore to be harder to predict, appearing in less
regular sound correspondences.”

Since sound changes lists are usually studying the most interesting relations, and not all,
our sound correspondence list is not exhaustive, but it should be good enough to compare be-
tween the models’ learning processes. We want to compare the precision and recall of the differ-
ent models depending on their confidence: we look at the predictions which have a confidence
score above 0.01 (we fit the 10-best probability scores of MOSES to sum to 1).

" All our correspondences can be found atgithub. com/clefourrier/selected-romance-sound-correspondences,
and the file format is explained in Appendix D.5.7, with an example.
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Spanish Italian Portuguese French

Phone Source Gold SMT M-NMT+m  +sharedemb |  Gold SMT M-NMT+m  +shared_emb | Gold SMT M-NMT+m  +shared_emb | Gold SMT M-NMT+m  +shared_emb
P Spanish p:p p P P P P P P P P P P
Italian Bbp p p p bp p pi p p vp ppaip pk p
Portuguese bp p p p p:bp ppr p p bp ppa p p
French p pap pk£ p pip pop p p p pU P pju pf p
b Spanish b:vbp vevb vbf vbb: Bvbp vb v vb bvf vb bvf vb
Italian bp bp bp b Bvbp bviv b bv vb b b bv
Portuguese bp bpal bp bBp b:vbp bp bp bp vb b bp bv
French b bofob Bb bpa b:b bob bv bak bp bubjub vb bp
B Spanish b:vbp vbp vbf vbb: vbp bvvi vb bvk vf bvf bpv vb
Italian
Portuguese bp b:b v
French
t Spanish tt: t t t dtd t t t t t t t
Italian std t t t 3td tdf 6 t t t tsd t
Portuguese dtfttcd t t t tt: t tt: t itit tkt t t
French atd to te tjo t t tt: to te ta ttr t dtd tutit t t
d Spanish tdd: dodete d df atd di d df td d d d
Italian ad d dtj d ds d dt d d ddi dsz d
Portuguese atd d db d tdd: dtdi dv d td dt d d
French d ddodo d d dd: do dio dia, d df d du dide d d
3 Spanish td ddit dv dft dtd d d df t dt d d
Italian
Portuguese atd td t
French tota tk dt to tt: dfi
v Spanish
Italian bp bp bpf b vb v v vb vf vide vizf v
Portuguese bB b beben bf b brvb vevven v vb v vfb fvb v
French bp b Bo Be b b b:vbp vevov v vib: vbf veviv v v
p: Iralian p p p p p p p p p p pk p
b: Italian bp pBPl bp bpf vbp b bvp bv vb bv bvs bv
tr Italian tetft ttf kt tk t jtwtt t t t itit kt t pt tsf t
d: Italian jd bd db dpt 3d d dvt tdp d

TaBLE 8.5: Phone correspondences for our consonants of interest (p, b, v, d, t), extracted from Boyd-Bowman (1980) — for predictions, we keep 3-best with
confidence above 0.01.
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FiGURE 8.9: Precision and recall of our models for the consonants of interest (p, b, v, d, t), in

1/2/3/5/10-best.

General observations As we can see on Figure 8.9, when studying the percentage of
sound correspondences correctly captured in 1, 3, 5 and 10-best for our different models and
language pairs, the models perform quite similarly in 1-best, for a given language pair, from
Spanish, Italian and Portuguese, and that the SMT model performs worse when predicting from
French. An interesting point is that the M-NMT+m-+shared_emb has most of the time an equiv-
alent or better performance than the M-NMT+m in 1-best, when statistical models tend to be
equivalent or worse. We also observe that, above a number of n-best predictions (usually 3, at
times 5), we reach a plateau for the recall, when the precision keeps dropping. The plateau pos-
sibly occurs because 1) we only keep n-best results above a certain confidence score, to prevent
random predictions, and it is very likely that the 6 to 10-best are actually not kept because they
fall below the 1% confidence score; 2) consonants contain between 1 and 4 correspondences, and
reaching 100% recall below 4-best would therefore be nonsensical.

Differences between the models On 1-best, the models are equivalent, with SMT
being slightly worse overall. We can also observe that in most cases, our best model (M-
NMT+m+shared_emb) reaches 80% recall or above from 5-best for consonants. When looking
at the predicted results in more detail (Figure 8.5), we observe that SMT is prone to predicting
more than one phone from a single phone (for example, [do], [dio], [dia], [da], [de], [dine] when
translating [d] for French—Italian), which the neural models never do (which explains the lower
precision of the statistical model, which, having almost never seen singular phonesin its training
sets, does not know how to handle them).
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Spanish to Italian  Portuguese French Romanian
SMT 1.5 2.4 1.4 1.8
M-NMT+m 1.5 2.0 2.0 1.7
+shared_emb 1.2 1.4 2.0 1.8
Italian to Spanish  Portuguese French Romanian
SMT 1.4 2.7 1.4 2.0
M-NMT+m 1.4 2.1 2.6 1.7
+shared_emb 1.7 2.0 L9 19
Portuguese to Spanish Italian French Romanian
SMT 1.4 1.6 1.1 2.5
M-NMT+m 1.7 1.9 1.7 1.4
+shared_emb 1.5 19 2.3 17
French to | Spanish Italian Portuguese Romanian
SMT 1.4 2.8 3.2 1.6
M-NMT+m 1.5 1.9 1.2 1.9
+shared_emb 16 1.9 2.0 2.2
Romanian to | Spanish Italian Portuguese French
SMT 2.7 2.6 3.5 2.3
M-NMT+m 1.3 2.1 1.4 2.0
+shared_emb 1.2 19 1.7 1.8

TABLE 8.6: Average position of the correct resultin 5-best for the (Meloni et al. 2021) sound cor-

respondences.
Spanish to | Italian  Portuguese French Romanian  Avg.
SMT 76 73 64 73 71
M-NMT+m 67 61 52 61 60
+shared_emb 61 61 58 64 61
Italian to Spanish  Portuguese French Romanian  Avg.
SMT 88 64 73 76 75
M-NMT+m 61 70 27 58 54
+shared_emb 70 61 52 55 59
Portuguese to Spanish Italian French Romanian  Avg.
SMT 88 82 67 76 78
M-NMT+m 76 76 76 70 74
+shared_emb 73 67 55 67 65
French to Spanish Italian Portuguese Romanian Avg.
SMT 61 67 36 64 57
M-NMT+m 70 70 76 61 69
+shared_emb 73 64 76 48 65
Romanian to | Spanish Italian Portuguese French Avg.
SMT 72 62 59 62 64
M-NMT+m 56 69 66 34 56
+shared_emb 53 69 62 41 56

TABLE 8.7: % of cases where our models predicted the good artificial correspondence among the
5-best predictions for the Meloni sound correspondences (Meloni et al. 2021). Best
results in bold.
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8.6.1.3 Phones in known sound correspondence relations

Meloni et al. (2021) provide sets of minimal phonemes test sequences representing known sound
correspondences in Romanian, French, Italian, Spanish and Portuguese, to evaluate their mod-
els’ generalisation. For example, the minimal set for sound changes linked to word initial Latin
/pl/is, for an artificial Latin origin [pla]: Romanian [pla], French [pla], Italian [pja], Spanish [£a]
and Portuguese [[a]. They use it to reconstruct the Latin protoform from its children, but we
use it to study whether our model can reconstruct the plausible correspondences between the
daughter languages. We predict 5-best ‘cognates’ for the provided artificial segments, to see if
our models can generalise sound correspondences too, as well as compute the average position
for the correct result among the 5-best predictions (Table 8.6). We first observe that all mod-
els have similar behaviours: when answers are correctly predicted, they usually are predicted
in first or second position on average (the neural models being better than the baseline for our
linguistically more original languages, Romanian and French).

Our neural models reach between 54% and 74% average accuracy from a given language
(Table 8.7),'° and the statistical baseline tends to perform better overall. However, sound
correspondences where the source languages are the most divergent in our Romance family
(French and Romanian, see Section 5.2.2) are better captured with the neural models by 3 to 40
points (for language pairs with enough data, such as French—Spanish, Italian, Portuguese, or
Romanian—lItalian, Portuguese). Adding shared embeddings increases performance with our
more typical Romance languages as source and decreases performance for the previous lan-
guages, while still performing better than the baseline. We can therefore say that sound cor-
respondences information is captured by our models.

8.6.2 Do the models capture diachronic information?

We used very small RNN decoders with attention'” as probes, and trained them to predict Latin
proto-forms from the NMT encoded hidden representations of several models (Table 8.8).

These probes were trained to predict from either:

e Pretrained source-to-source B-NMT+m frozen encoders, which have learnt a coherent
hidden representation of the source language, but possess no extra linguistic information

e Pretrained M-NMT+m frozen encoders, to assess if multilinguality is helpful in capturing
latent historical information, and performing better of not than B-NMT+m encoders

¢ As top baseline: a B-NMT encoder trained along with the probe on the task of learning
Latin from the current source, therefore a model specialized on learning Latin with an op-
timal hidden representation for it.

¢ Asbottom baseline: arandomly initialized B-NMT encoder, to make sure that our probes

®*We did not expect our models to reach a 100% accuracy, as the provided examples are minimal for a set, and not
necessarily a sound pair between languages (some sounds could also appear in other sound correspondences),
but reach nonetheless a comparable accuracy to Meloni et al. (2021) on their similar proto-form prediction task.
However, in their paper, they teach their models to go from cognates sets to the proto-form, when we go from one
cognate to a parallel cognate, and therefore work on a less ambiguous task, but from less information.
"Embed./Hidden sizes: 10/20, Luong dot attention.
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are not too expressive (Conneau et al. 2018; Zhang and Bowman 2018). Too expressive
networks can learn to fit any random noise, and have therefore no value as probes."

Bottom baseline
Random encoder

Probes
Frozen pretrained encoder

L [0— 1A

Ly

Li —}— LA
L,

LA

Top baseline
Trained encoder
L,
L Li —1— 1A
1

TaBLE 8.8: Different probes used to study the presence of diachronic information in our models

On Table 8.9 and Figure 8.10, we plotted the BLEU test scores obtained at each epoch by

the different setups for the different languages. First, performance with Occitan is considerably
low, but data size of LA-OC is one order of magnitude smaller than the other sets. Then, for the
rest of the languages, baselines behave quite differently. Our random baseline has low perfor-
mance, which confirms that our probes are selective enough to prevent rote memorisation of
anything from an random encoded representation. B-NMT+m and M-NMT+m encoders, with-
out any fine-tuning on the prediction of Latin, reach or surpass the performance of our top probe,
amodel specifically trained on this task. The better performance of our multilingual model with

respect to the bilingual one seems to indicate that there is something in the multilingual inter-

mediate representation better helps reconstruct the proto-form.'

9

Model | Catalan Spanish French
Data size | 2,276 4332 2,511
Top baseline 323+47 46.7+0.6 31.7%+36
M-NMT+m 36.8+13 38.8+24 31.7+0.9
B-NMT+m 285+37 38.0+£19 29.94+0.8
Untrained baseline 52409 31+0.5 31+1.0
Model | Galician Italian Occitan
Data size | 1,167 5,606 399
Top baseline 23.8+43 50.5+£3.0 6.5+1.0
M-NMT+m 26.8+t19 451+ 0.6 9614
B-NMT+m 207%£21 44.0=%0.6 9.0+ 3.1
Untrained baseline 2.8+0.5 55+18 1.8+01
Model | Portuguese Romanian Aromanian
Data size | 3,609 1,040 725
Top baseline 36.4+29 182+62 9.9+19
M-NMT+m 3514+ 0.6 211£2.5 18.1 £ 4.5
B-NMT+m 31.1£09 26.2+0.8 16.8 0.4
Untrained baseline 4.8+0.7 2.6 0.9 2.5+03

TaBLE 8.9: Probe BLEU test scores for 3 seeds (20 epochs).

18«

learn any task on top of it.” (Hewitt and Liang 2019)
The M-NMT+m+shared_emb encoders reach half the performance of the M-NMT+m model: sharing embeddings
seems to capture considerably less diachronic information, possibly because the phonetic information of all lan-

guages are mashed together.

As long as a representation is a lossless encoding, a sufficiently expressive probe with enough training data can
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s0 —&— Top baseline
=&~ M-NMT Probe
#— B-NMT Probe
Baottom baseline
20
10
o

A ES FR GL IT oc FT RO RUP

F1GURE 8.10: Average BLEU score for each input language and each probe setup

8.7 Conclusion

After training and selecting the best multilingual machine translation models for the task of cog-
nate prediction, we confirmed the black-box analysis previously made of similar models (they
capture language relatedness information and phonetic similarity).

We then probed our models, to find what precisely they learn, and discovered that, linguis-
tically, they do not encode phonotactics, though they encode a form of phonetic similarity by
grouping phonemes by similar contexts. We also discovered that our models learn diachronic
information: they are able to produce sound correspondences, and, even more interestingly,
they contain enough historical linguistic information to allow the reconstruction of the proto-
form with no fine-tuning, performing as well as models trained specifically for this task. We can
therefore conclude that, although the latent diachronic information is not present in a form we
expected (phonetics, phonotactics), it is nonetheless present.

Further work is needed to understand more precisely under which form this information is
stored, and what precisely it could tell us about our task and data.
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9 From cognates to words

Fate does not take sides. Itis fair-minded
and generally prefers to maintain some
balance between the likelihood of success
and failure in all our endeavors.

Towles (2016).

We saw in the previous part how low-resource character-level neural machine translation
tools and techniques can be used for historical word prediction in related languages, as well
as the modalities of such applications. In this chapter, we circle back to translation, by apply-
ing similar techniques to lexicon induction in low-resource situations. Pseudo-parallel lexicons
have been successfully used to improve machine translation models, from managing out-of-
vocabulary words in sentences through direct correspondence (Che et al. 2020; Li et al. 2016;
Luong et al. 2015b) to more complex methods, such as fine-tuning pre-trained out-of-domain
models to in-domain (Hu et al. 2019) or aligning word embedding spaces to generate language
agnostic (or at least multilingual) embeddings (Artetxe et al. 2017; Duong et al. 2016; Mikolov
et al. 2013b). Induced plausible lexicons have also been used to help field linguists find new
words in very low-resourced languages (Bodt et al. 2018; Bodt and List 2019). This task therefore
constitutes a broader application of our work so far, and a number of our previous assumptions
mightneed to bereconsidered, as, at a first glance, we will switch from using phonetically related
historical words to using orthographic lexicons of not necessarily related words.

9.1 Research

9.1.1 Linguistic context

For this task, we choose to focus on a French regional language, Alsatian. Alsatian is a West Ger-
manic, High German, Alemannic German language. Itis the second most spoken regional French
language,' with 650 000 bilingual locutors” as of 2013, according to a report by the French Del-
egation for the French language and languages of France (Paumier et al. 2013), and presents a
number of challenges. First, it is quite low-resourced, though initiatives have seen the light to
try to generate more data in Alsatian, notably through the RESTAURE® project (for resource gen-

"The first being Occitan.

“Alsatian speakers live in a state of bilingualism, with French, the national language, having become the majority
(when not unique) language of Alsace since 1970 (Huck et al. 2007).

*RESsources informatisées et Traitement AUtomatique pour les langues REgionales — Computational Resources and
Processing for Regional Languages
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Wissembourg

Wisseburich / Wisseburi(g)
Weilenbirg

Sarre-Union ¢
Buckenum .
Saarunion H;a'guenau
Y Hawenaa / Hagenal
Hagenau

steddali®ines
Markirisch_
Markisch”

“Strasbourg
Strosshuri(g)

Straliburg

Colmar
Kolmer
V Kolmar

Mulhouse
“Milhiisa { Milhiise
Molhausan
Altkirch

] ) . Saint-Louis
Altkirich-~

Si-Louws )
Sankt Ludwig

SPROCHKARTA VUM ELSASS
Linguistic Map of Alsace

Alaminischa Frinkischa Mordfrindsisischa
Dialekta Drialekta Dhalekta
Alevanic German Frawcean German KT { Rowance ) languages
Mordliga Stdrhufrinkischa  |Frane-comtou
Mederalamanischa | South Rhine
Narthern Franconian
Low Alemannic
Sidliga Lothringischa Lorrain
Mederalamanischa | Lorraine
Southern Franconian

Low Alemmanic

Hochilamanischa
High Alerumanic

FiGURE 9.1: Linguistic Map of Alsace (CC BY-SA 2020 Nat/Wikipedia).

eration for regional languages). Available data contains lexicons generated through crowdsourc-
ing (Millour 2020), automatic alignement (Bernhard 2014; Bernhard and Steiblé 2015), or the
work of language conservation associations, such as the OLCA (Office pour la Langue et les Cul-
tures d’Alsace et de Moselle),* or more specialised linguistic annotated data for part-of-speech
tagging (Bernhard et al. 20182; Millour et al. 2020), Named Entity Recognition (Bernhard et al.
2018b) and even a theatre corpus (Ruiz Fabo et al. 2020). Despite these initiatives, the quantity
of parallel data publicly available is still likely too low for automatic machine translation, and au-
tomatic extraction of data is made noisy by the proximity of Alsatian to Swiss German, another
Alemanniclanguage sharing the same language tag (GSW) but ‘among the mostvital ones in Eu-
rope in terms of social acceptance and media exposure’ (Scherrer and Rambow 2010a) and there-
fore comparatively higher resource. For example, both the Alemannic version of Wikipedia and
the ‘GSW’ tagged data in the crawled OSCAR corpus (Ortiz Sudrez et al. 2019) are almost exclu-
sively in Swiss German, not Alsatian. The second challenge of Alsatian is its dialectal variation.
First of all, Alsatian is not a single language but a continuum of languages, with several dialectal
areas (Figure 9.1), each with different linguistic traits and vocabulary. Then, another difficulty

*Non parsable lexicons and phrasebooks at http://www.olcalsace.org.
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is introduced by its graphic variation, as Alsatian does not have an orthography, though several
conventions have been introduced since 2003, such as the GRAPHAL system (Hudlett 2004),
then the ORTHAL one (Zeidler and Crévenat-Werner 2008), updated in 2016. This means that
a given word might be spelled differently depending on the region and chosen (or not) spelling
system. For example, Bernhard and Steiblé (2015) underline four different forms for the word ‘el-
bow’, Elleboje, Allabooga, Ellebsje and Ellaboja, all valid and in use. Usual methods for managing
Alemannic dialectal variation either imply normalizing all vocabulary to a standard form (Hon-
net et al. 2018; Millour 2020; Samardzic et al. 2015) or, on the other hand, include identifying or
generating variants through rule based (Bernhard and Steiblé 2015; Millour 2020; Scherrer and
Rambow 2010b) or neural systems (Schmidt et al. 2020).

We study the creation of bilingual lexicons between Alsatian and the majority language of
its regional environment, which, as we saw above, is French (FR), a Romance langage (both are
remotely related, being Indo-European languages). As this pair is low-resourced, we want to
study leveraging a related higher-resourced language, and choose German (DE), a West Ger-
manic, High German language, with available lexicons to and from French. To help manage di-
alectal variation, we look for a closely-related language with the same behavior, and settle on
its closest relative, Swiss German (GSW), which is more studied, as well as undergoing con-
siderable variation too. Lastly, to study the impact of multilinguality, we add another related
language, intermediate both in terms of closeness and data size: Luxembourgish (LB), a West
Germanic, High German, Central Franconian language which underwent French influences in its
vocabulary.

9.1.2 Task

Though lexicons have been induced with cognates (Mann and Yarowsky 2001; Scherrer and
Sagot 2014) or a variety of other methods (see Irvine and Callison-Burch (2017) for a survey),
in this section, we use character-level machine translation methods (both statistical and neu-
ral) to generate, from a given monolingual lexicon, its counterpart(s) in a language of interest.
We study more specifically the generation of French-Alsatian lexicons. We want to compare the
different aspects of multilinguality we saw earlier, such as using a higher resourced language
pair for pivoting, leveraging transfer learning in multilingual models of related languages, and
comparing all this to the robust and efficient statistical models.

9.1.3 Hypothesis

We suppose that applying our character based machine translation system to the task of parallel
lexicon induction might prove interesting for several reasons. First, we showed that using our
system in n-best allowed to take into account ambiguity linked to variation, especially in the case
of phonetic variation and ambiguity. Meloni et al. (2021) had also shown that using orthogra-
phy as a proxy for phonetic relations in the case of historical word reconstruction gives as good,
if not better, results. In the case of Alsatian, spelling variation can definitely be seen as differ-
ent realisations of a common original phonetic form (such as in the previous example). In the
previous section, we also managed to mitigate the low-resourced aspect of our previous task by
leveraging multilinguality, and we expectit could work in this context too, if we find enough mul-
tilingual related data. However, there will be the added difficulty of changing language family, as
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9 From cognates to words

we want to generate French-Alsatian (Romance-Germanic) lexicons. It will likely be harder to do
character-based ‘translation’ on out-of-context words than it would be on sentences, as NMT on
sentences leverages information from implicit learned semantic context as well as orthographic
similarity, where here we only know the surface form.

9.2 Gathering data

One of the main difficulties of our experimental setup is the data gathering. For this step, we
explored available datasets, either academic or generated by hobbyists.

9.2.1 General process

Once a dataset was found, its word pairs were extracted, cleaned and parsed, to separate paral-
lel lexicons in all available languages. (We removed the determiners, as they were not system-
atically present for nouns.) Then, all datasets of a given language pair were concatenated and
duplicates were removed. This time, there was no need for phonetization, and pairs containing
several forms for a given word were kept.

9.2.2 ‘Non-academic’ data sources

Though this section contains what could be called ‘hobbyist resources’, the sheer size and quality
of some of them made me call them ‘non-academic’ instead (and even that feels unfair, given the
level of investment and expertise of some authors).

Alsatext Alsatext’ is a quadrilingual Alsatian dictionary, with translations in French, Ger-
man and English. The author was contacted regarding data licensing but never replied. This
site’s XML was parsed, and items were extracted depending on their item class, keeping only
Alsatian singular words with their French and German translations. This allowed to generate
DE-FR, ALS-FR and ALS-DE parallel lexicons. The author has been contacted through the con-
tact form of their website to get authorisation.

ElsassischWarterbuach The ElsassischWarterbuach (Dictionary of Alsatian) is a (now
defunct) website,® compiled by the late André Nisslé. For this website, all pages were succes-
sively queried from the WebArchive in HTML format. All lexicon data was then extracted from
the ‘table’ section of the page, with Alsatian words in bold (‘b’ tags), and French initalic (i tags).
Words were then split (on dashes and slashes), filtered on length ratio (no word pair was allowed
a bigger size difference than 3), and encoding errors were corrected (&u for ). This allowed to
generate parallel ALS-FR lexicons.

*http://www.alsatext.eu/dictionnaire.php.
®Accessible via the 2016 version of the WebArchive: http://web.archive.org/web/20160403054628/
http://culture.alsace.pagesperso-orange.fr/dictionnaire_alsacien.htm.
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9.2 Gathering data

Worterbuch Franzosisch Deutsch The Worterbuch Franzésisch Deutsch (German-
French Dictionary) is a (also now defunct) website,” compiled by the late Jean-Paul Cronimus.®
For this website, all pages were successively queried from the WebArchive in HTML format. All
lexicon data was then extracted from the ‘text’ section of the page, with German words in bold
(‘b’ tags), and French as non bolded children of the current item tag. Words were then split (on
semi-colon), content between parentheses or brackets removed with regexes, and pairs were fil-
tered on length ratio (no word pair was allowed a bigger size difference than 3). This allowed to
generate parallel DE-FR lexicons.

Langenscheidt Vokalbeltrainer On the Langenscheidt Vokabeltrainer website, sev-
eral datasets are available, among which a bilingual French-German lexicon used for the prepa-
ration of the Abitur exam.” The website owner (Jorg-Michael Grassau) as well as the original
lexicon author (Benedikt Buettner) kindly gave their authorisation for academic use by email.
All lexical data was extracted as a raw text file, then split on tabulations to separate French and
German words. Data in brackets was removed, and words were split on commas. Lastly, if any of
the words took more than 50 characters (therefore was more of a sentence), it was removed.

Nafoku The Nafoku website, coded by Sabine Rennwald, contains a bilingual French-
German lexicon of 3700 entries.'” The author was contacted regarding data licensing but never
replied. The page text was copied, then word indexes, gender or case indications were removed
from the data (‘m’ for masculine, for example), as well as indications contained between paren-
thesis. The data was split on the equal sign separating French and German words, which were
then split on commas to separate synonyms. All words were then saved, which allowed to
generate a bilingual DE-FR lexicon.

Lingvaro Lingvaro is a freely available cross-lingual hobbyist dictionary under CC BY-NC-
SA 3.0 licence by Luis Quesada Torres, in Spanish, English, German, Swiss German (likely the
Ziirich dialect spoken by the author), and Esperanto.” Data from the tsv file was separated in
sentences (discarded) and words, among which were only kept the unique word pairs available
in German to Swiss German. All words were split on slashes to separate synonyms (as in German
einige, corresponding to GSW ‘epaar / espaar / paar / inigi / etli’), and incidental word pairs were
kept, which allowed to generate a DE-GSW lexicon.

Worterbuch Berndeutsch The Worterbuch Berndeutsch is a bilingual Swiss German -
German lexicon, focused on the Bern Swiss German dialect, developed by Eduard Muster."* The
author was contacted regarding data licensing but never replied. Contents were extracted as
raw text, split on the equal sign for language, then each word group was split on numbers, semi

?Accessible via the 2016 version of the WebArchive: http://web.archive.org/web/20160611154300fw_
/http://cronimus.apinc.org/dico/index.htm.

8Technically, the website includes a licence of sorts, with a text saying that the resource is usable freely (in both
senses) by individuals, or pedagogical services belonging to the French Education Nationale or in a contract with
the French State, though distribution is forbidden without a previous permission.

*http://www.vokabeln.de/v3/vorschau/Franzoesisch_Abitur.htm.

“http://nafoku.de/wbuch/f-basis.htm.

"http://github.com/lquesada/Lingvaro.

“http://www.edimuster.ch/baernduetsch/woerterbuechli.htm.
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9 From cognates to words

colons or commas to separate synonyms; pairs with a bigger than 1:3 length ratio were removed.
This allowed us to generate a GSW-DE lexicon.

9.2.3 Institutional dataset

Létzebuerger Online Dictionnaire The Létzebuerger Online Dictionnaire (Online
Luxemburgish Dictionary) is freely available online'® under a CCO licence. It was developed by
the Luxembourg ministry of culture, and is provided as XML. Items were split using ‘lod:ITEM’
tags, then Luxembourgish words were extracted using the lod:ITEM-ADRESSE’ tags and the
French and German words using the lod:EQUIV-TRAD-FR’ and ‘lod:EQUIV-TRAD-ALL’ tags re-
spectively. Then data in parenthesis was removed, and word pairs with a bigger than 1:3 length
ratio were removed. This allowed us to generate three bilingual lexicons: DE-FR, FR-LB and DE-
LB.

9.2.4 Academic datasets

Worterbuch der elsassischen Mundarten The Trier Center for Digital Humanities
kindly supplied us with the OCRised version of the 1900 alsatian dialects dictionary ‘Woérterbuch
der elsassischen Mundarten’."* As first, the format was sadly non standard (an in-house varia-
tion of TEI), second, it contained OCR errors and third, it was too different in nature from the
rest of our data (dictionary rather than lexicon), we were unable to parse it and use it, though it
could be used for further work on dialectal variation.

Multilingual lexicon linked to BabelNet synsets Delphine Bernhard was kind
enough to provide the trilingual word list of cognates she compiled (German, French, Alsatian)
and referenced in Bernhard (2014)."” For each word group of each language, information in
brackets was removed, then word groups were split on semicolon to separate synonyms. This
allowed us to generate three datasets (DE-FR, ALS-DE, ALS-FR).

Annotated Corpus for the Alsatian Dialects This Alsatian corpus (CC BY-SA 4
licence) from the RESTAURE project (Bernhard et al. 20182) is annotated in POS, and contains
lemma and French gloss for each Alsatian word.'® We parsed all files present, keeping for each
the uninflected lemma and French gloss (after discarding punctuation marks lemmas), and gen-
erated a bilingual ALS-FR dataset.

Diverse sources The last corpus found was a zipped file available for download on the
Bisame website project (for Alsatian myriadisation, no longer maintained), by Alice Millour."” It

Bhttp://data.public.lu/fr/datasets/letzebuerger-online-dictionnaire-raw-data/.

“APL: http://woerterbuchnetz.de/?sigle=E1sWB, more information about the resource: http://fr.
wikipedia.org/wiki/Dictionnaire_des_parlers_alsaciens.

Bhttp://nakala.fr/10.34847/nkl.3£9b2i11.

®Raw files athttp://zenodo.org/record/2536041.

"http://bisame.paris-sorbonne.fr/recettes/downloads.
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9.3 Experimental setup

is likely this dataset was created by Delphine Bernhard, and it was constituted of several texts an-
notated in BROWN format, UD, and provided as raw text. We extracted lemmas in Alsatian and
their French gloss by taking the correct columns in the file, removing punctuation and content in
parenthesis as well as unknown words, and splitting on either slashes (lemmas) or semicolons
and hashes (inflected lemmas). This allowed us to extract a bilingual ALS-FR dataset.

9.3 Experimental setup

9.3.1 Final data statistics

From ALS to | ALS DE FR GSW LB
#words 48153 11468 73675 - -
#characters 476747 174103 1369140 - -
#unique characters 82 77 88 - -
Avg word length 10.21 7.60 9.66 - -
From DE to ALS DE FR GSW LB
#words 11468 91461 100024 4990 22624
#characters 174103 1080393 2406520 74861 431237
#unique characters 77 71 82 62 72
Avg word length 7.60 11.89 12.58 7.61 9.57
From FR to ALS DE FR GSW LB
#words 73675 100024 92123 - 22652
#characters 1369140 2406520 1225167 - 430319
#unique characters 88 82 84 - 75
Avg word length 9.66 12.58 14.56 - 9.75
From GSW to ALS DE FR GSW LB
#words - 4990 - 4370 -
#characters - 74861 - 31530 -
#unique characters - 62 - 60 -
Avg word length - 7.61 - 7.29 -
From LB to ALS DE FR GSW LB
#words - 22624 22652 - 22322
#characters - 431237 430319 - 211532
#unique characters - 72 75 - 71
Avg word length - 9.57 9.75 - 9.50

TABLE 9.1: Dataset statistics.

Our final concatenated dataset varies considerably in size depending on language pairs
(Table 9.1): our biggest ones are ALS-FR (73K word pairs) and DE-FR (100K word pairs), then
DE-LB and FR-LB at 20K, then finally ALS-DE at 10K and DE-GSW at 5K. We split our data in
train/devy/test sets (85%/7.5%/7.5%). We pick monolingual data by extracting the set of all words
available in a given language.
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9.3.2 Models of interest

Preliminary hyper-parameter search We first try to find the best possible hyper-
parameters for our language combinations. We compare recurrent and Transformer-based'
models, both in a bilingual setup for all languages pairs (B-NMT) and in a massively multilingual
setup (M-NMT) trained on all language pairs available (for 20 epochs with an Adam optimizer).
However, as our datasets are several orders of magnitude bigger than they were for cognate pre-
diction, so are our computation times. Doing a full hyperparameter search is therefore not pos-
sible for all our models, seeds, and language pairs - we select specific cases depending on their
computation time. We manage to generate a full bilingual hyperparameter search for our smaller
ALS-DE, DE-GSW, GSW-DE and LB-FR, as well as a comparison of hidden size-embedding size
for the bigger DE-FR and FR-DE sets. For multilingual models, which are considerably bigger
as they include all available data, we only run embedding size vs hidden layer size experiments.
After comparing the bilingual and multilingual parameters trends, we conclude that (1) Trans-
formers are still underperforming and (2) decide to use bilingual models results on the hyper-
parameter search as proxy for the multilingual models, as they seem to correlate well for the
available results.

SMT B-NMT M-NMT
Ly Ly
DI
L1 -0 Lz . o
L, Ly

TaBLE 9.2: Model type reminder (see Section 5.1).

Chosen models We therefore train all models with one encoder layer, one decoder layer,
an embedding dimension of 28 and hidden size of 90, a batch size of 30 and learning rate of
0.001, and varying language combinations: we use either French and all Germanic languages
(M-NMT5: ALS-DE-GSW-LB and FR), French and Upper German languages (M-NMT,: ALS-
DE-GSW and FR), French, Alsatian, and the highest-resourced other related language, German
(M-NMT3), and bilingual models (B-NMT). Then, we compare our raw results to zero-shot
transfer experiments, and using FR-DE to zero-shot FR-ALS and DE-FR to zero-shot ALS-FR.

Other preliminary experiments We also compare using our best performing setup
with added monolingual data, which did not increase performance, and with a shared encoder
and a shared decoder across all Germanic languages in our multilingual model, which actually
decreased performance two-fold;'” we therefore only focus on our simplest and best performing
setup.

'®Since we have more data, maybe Transformer-based models will perform better.
PItis likely the performance decrease is actually due to information diffusion across our languages of interest.
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9.4 Results

9.4 Results

94.1 Raw results

In our results, we display the language pairs common to all setups: ALS-FR, ALS-DE and DE-FR
(Figure 9.2). Results on ALS-DE allow us to study how well the model performs on two close
languages from the same family, with an average amount of data (20K pairs). Performance on
DE-FR allows us to see how well the model performs on a more distant pair with a high amount
of data (100K pairs) but no ambiguity, where performance on ALS-FR adds this extra ambiguity
into account while containing a fair amount of data (70K pairs). From our previous experiments
on cognates, we could expect our models to perform best on ALS-DE due to linguistic proxim-
ity, then on DE-FR, an unambiguous situation, then lastly on ALS-FR, an ambiguous situation
(though n-best performance could mitigate this last difference).

Comparing language directions We first observe that our BLEU scores on ALS-DE are
similar to those obtained for our related Romance languages (between 62 and 67.2 to ALS and
68.7 and 78 BLEU to DE, in 1-best, depending on the setup). It seems harder to predict to ALS
than from it, which is not surprising, as the situation presents an asymetrical ambiguity,”” where
a given letter in German can correspond to several in Alsatian depending on dialectal spelling,
where the opposite is not true sine German spelling is regular; this difference in ambiguity is
reduced but not entirely erased by predicting in n-best, with 10-best results still lower to ALS
than from it. We can therefore first say that our model has been capable of learning to trans-
late character-level lexicons, and that our models for predicting cognates transfer quite well to
ambiguous situations such as predicting a language with high dialectal variation, even with a
relatively small dataset (10K).

However, one of our main goals was to use our models in a cross-family setup, predict-
ing ALS from FR and vice-versa. The results here are considerably lower: DE-FR barely reach 30
BLEU, and ALS-FR only surpasses 10 BLEU using statistical methods — our character level trans-
lation models do not seem well adapted to cross-family setups. The difference between using FR
with ALS or with DE can likely be explained by a combination of data size difference (30%) and
ambiguity (ALS containing variation and DE not).

Comparing models types The respective performance of our models varies depending
on the language pair: on ALS-DE (our closest pair), the worst performing models are our sta-
tistical baselines, and our best performing models are the M-NMT3 or M-NMT;5 models, with
a difference of about 5 to 10 BLEU between worst and best (which represents a score variation
between 7 and 12%). Itis interesting that for ALS-DE, the best overall setups are either M-NMTj,
which include pairs with FR, therefore adding a maximum amount of ALS data in a single step,
or M-NMTs, containing the maximum number of Germanic languages overall.

20This ambiguity is much like predicting from and to a parent language in our previous experiments
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9.4 Results

For DE-FR, all models behave quite similarly, with a maximum score difference of about 4
BLEU: the best performing model is the Bi-NMT model, with SMT and M-NMTj close behind
(and M-NMT;5 when going to DE), at a 2 BLEU points difference (7%). Across families, and with
enough data, the best performance goes to bilingual neural models, specialised on the precise
task.

For ALS-FR, however, the best model by far (between 50 and 60% increase in performance,
or 4 to 6.5 BLEU), is the statistical baseline, followed by our Bi-NMT and M-NMTs models. As
the performance is worst to FR than to ALS, though the latter is the more ambiguous case, it
could be that ambiguity does not actually play that much a role, and that the bad performance
in both directions of the ALS-FR prediction is actually due to data size: the ALS-FR pair could be
just below the necessary data threshold (for lexicons) for neural methods performance, which
DE-FR has reached (being 30% bigger).

Interestingly, multilinguality seems to either penalise the “out of family” language (French)
when too little data is added (M-NMT3, M-NMTy), or help it with enough new languages and
data (M-NMTs), much like we saw when going to/from Romanian and Aromanian in our previ-
ous experiments.

Analysing predictions To understand the variation between language pairs in more
depth, as well asbetter analyse our models’ capabilities, we look at neural predictions for our dif-
ferentlanguage pairs. We observe that our models have learnt correspondences between source
and target languages, as well as a target word language modelling aspect, predicting plausible
words. For example, for our best performing Bi-NMT model, German resolut, which corresponds
to French résolu was predicted in 10-best as résolute, résoluteur, résolutif, résolut, résolutive, ré-
solution, résolutile, résoluté, résolume or résout, strictly wrong, but phonotactically correct (and
sometimes semantically close) French words, whereas German Muschel, translatable in French as
conque (our target) or moule was predicted as muschéle, muschel, musille, muschele, muschule,
Muschel, mousse, moule, muchel or musure, with the correct word (moule) appearing along
phonotactically plausible words, and German inspired words. Interestingly, the different incor-
rect predictions seem to reflect a continuum of phonetic correspondences, from German sound-
ing muschel/muchel, to muscheéle/muschele, to muschule, to French sounding musille, for ex-
ample. This could reflect that the model learned phonetic patterns from different steps in the
language history, since we provided it with a bilingual lexicon containing, by essence, normal
words as well as both cognates (having lived the full phonological history of their languages)
and borrowings (only carrying phonetic evolution and correspondances having occured after
their arrival).

However, when the word shapes are too different while going from a Germanic language
to French, the neural models get lost and tend to produce previously seen words. For example,
when going from German abbiifien to French expier, the model gets stuck on the fact that ini-
tial German ‘ab’ can be linked to French prefix ‘en’ or ‘dé’, and uses it to start its predictions:
entrainer, conserver, départer, changer, déchanger, entrairer, départir, déchancer, entraire, and
entrer, some of which exist, but none of which is correct. It is likely that cross-family language
translation would need a much bigger amount of data to avoid pseudo-overfitting situations
such as this one. We can therefore say that, for character-level lexicon translation, our neural
models learn an aspect of phonotactic language modelling, but that 100K word pairs are not
enough to do cross-family prediction.
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9 From cognates to words

9.4.2 Zero-shot transfer results

To study how specific our neural encoders and decoders are, and how easy it is or not to lever-
age the ‘better’ performing FR-DE encoder/decoder pairs for ALS, we try some zero-shot experi-
ments.
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FiGURE 9.3: BLEU scores for zero shot identity experiments. Colours indicate the model type
for a language pair: Bi-NMT in orange (col 1), M-NMTj in blue (col 2), M-NMT,
in purple (col 3), M-NMTs in grey (col 4). Colour shades indicate the value of n in
n-best predictions (1, 2, 3, 5 and 10 from bottom to top).

We first want to see how close to an ALS identity function DE is, or, in other terms, if DE can
be used as a substitute for ALS. We therefore look at the BLEU between the DE prediction of our
trained ALS-DE model and the source ALS word (is German good pseudo-Alsatian?), as well as
between the ALS prediction of our trained DE-ALS model and the actual DE source (is Alsatian a
good pseudo-German?). Going both ways will allow us to see the difference between predicting
DE from an ALS decoder, used to variation, and ALS from a DE decoder, better performing.

We observe (Figure 9.3) thatresults are overall very low (for whatis an identity prediction),
with a BLEU around 17-20 points in 1-best, which reflects the strong differences between ALS
and DE. This score goes up to 26 when predicting using the DE decoder to predict ALS, and 36
when predicting DE from the ALS decoder in 10-best. The ALS decoder, more used to variation,
produces a wider range of answers than the DE decoder, which cannot anticipate the expected
variation for ALS. To summarize, it is unlikely that using DE as a proxy for ALS in the hope of
capitalizing on its ‘better’ performance to FR in zero shot would work. We try it nonetheless.
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9.5 Managing dialectal variation
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F1GURE 9.4: BLEU scores for zero shot experiments. Colours indicate the model type for a lan-
guage pair: Bi-NMT in orange (col 1), M-NMTj in blue (col 2), M-NMTj in purple
(col 3), M-NMT; in grey (col 4). Colour shades indicate the value of n in n-best pre-
dictions (1, 2, 3, 5 and 10 from bottom to top).

On Figure 9.4, we observe that the BLEU score obtained when using the DE encoder (resp.
decoder) as a substitute to predict ALS—FR (resp. FR—ALS) are even lower than just focusing
on ALS-FR directly. This confirms that German is not a good proxy for Alsatian in zero-shot,
as such. Going from a language family to another, as well as using a high-resourced but still
quite different reference language for zero-shot, and the inherent ambiguity variation of Alsatian
combine together to prevent this task from properly working.

9.5 Managing dialectal variation

Contrary to our initial expectations, it appears very difficult to directly produce a French-
Alsatian lexicon from a char-based MT model trained on Germanic languages and French, as
the performance is just too low. However, when going from DE to ALS, we observe that the
model learns spelling variations motifs, such as when going from DE Entscheidungstriger to
FR Antschaidungstrager, where the model predicts Entschaidungschtriger, Antschaidungstrijer,
Entschaidungstrijer, Entschaidungschtriga, Antschaidungschtriga, among shorter variations,
with theinitial ‘ent’ appearing both as ‘ent’ and ‘4nt’ and the ending ‘ager’ as ‘4ger’, ‘4jer’ or ‘4ga’
(correspondences which exist, as mentioned in Section 9.1.1, with ‘elbow’ being written Elleboje,
Allabooga, Ellebije and Ellaboja.).
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9 From cognates to words

9.6 Conclusion

After compiling and extracting bilingual lexicons in our languages of interest (ALS, DE, FR, GSW,
LB), we experimented with different setups to find the best parameter combination for cross-
family character-level MT models. We found that the best architectures were the simplest (with-
out added monolingual data, and without sharing components), either statistical or neural re-
current (Transformers still under performing). When studying models and language pairs more
specifically, we observed that intra-family prediction on Germanic languages performed as well
as our previous experiments on Romance families, but that cross-family prediction did not per-
form well, plausibly because of alack of data which caused overfitting. We also observed that our
models captured what seems to reflect phonotactic comprehension, and were able to mitigate
ambiguity for Alsatian when coming from German. We therefore suppose that, using an already
existing bilingual French-German lexicon, it could be possible to induce plausible Alsatian vari-
ants from the German words, using a character-based machine translation approach trained on
enough data, and then to check predictions by looking for occurences in monolingual Alsatian
corpora, which would circle back to previous work (Mann and Yarowsky 2001). However, though
Germanic character based multilingual machine translation models seem to help the prediction
of Alsatian, further work in this direction is needed.
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Man is poorly designed for collating
masses of data, but is able to bring a wide
range of knowledge and interpretation to a
single item of data at any one time. The
machine, on the other hand, betrays a
certain inanity when it comes to matters of
interpretation, since it has no knowledge of
the world, and is thereby obliged to form
its interpretations on mere surface
appearances, [while its capacity] to collate
and search, on the other hand, may well
arouse our admiration. As for the
combination of man and machine, we are
only just beginning to realize the
potentialities that this combination has for
the world of scholarship, and especially for
the discipline of Linguistics.

Hewson (1973)

The primary purpose of the current dissertation was first, to study if and under which con-
ditions neural networks could be used for the task of cognate prediction, then determine more
precisely what they learnt on this task. In historical linguistics, cognates are words that descend
in direct line from a common ancestor, called their proto-form, and therefore are representative
of their respective languages’ evolutions through time, as well as of the relations between these
languages synchronically. As they reflect the phonetic history of the languages they belong to,
they allow linguists to better determine all manners of synchronic and diachronic linguistic re-
lations (etymology, phylogeny, sound correspondences) (Durkin 2015). The formalisation of the
empirical sound change regularity rule by the Neogrammarians (Osthoff and Brugmann 1878)
represented an important step in the formal study of cognates.

As sounds change regularly through their languages’ history, cognates of given languages
tend to be linked, and identified, through systematic correspondence patterns, and neural net-
works, being especially good atlearning latent patterns, seemed to be a good match for this task.
At the beginning of this work, in 2019, they had started being used for cognate identification
(Frunza and Inkpen 2006; Frunza 2006; Kumar et al. 2017; Sepulveda Torres and Aluisio 2011)
and cognate prediction (Beinborn et al. 2013; Dekker 2018; Mulloni 2007; Nguyen et al. 2018; Wu
and Yarowsky 2018), with two caveats. First, the word cognate can reflect several concepts de-
pending on the field (see Section 1.2.2), and cognate identification and prediction papers from
the machine translation field or language learning studies do not usually concern themselves
with historical linguistics constraints, therefore not trying to capture the specific patterns we
are interested in. Secondly, prior work specifically on historical word prediction seemed to indi-
cate that there were inherent limitations (data size, complexity, ambiguity) which could prevent
it from being learnable by neural networks, especially those we were interested in (Dekker 2018)
— though one paper obtained promising results (Meloni et al. 2021).

In the current dissertation, we sought to methodically study the applicability of machine
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translation inspired neural networks to historical word prediction, relying on the surface simi-
larity of both tasks, modelling sequence to sequence relations. In order to differentiate between
the hypothesis which could justify prior failure (theoretical differences too big, lack of model op-
timisation, too small data size, task inherently too complex), we first created an artificial dataset
inspired by the phonetic and phonotactic rules of Romance languages, which allowed us to vary
task complexity and data size in a controlled environment (Fourrier 2020; Fourrier and Sagot
2020a). This led to the conclusion that, first, neural machine translation inspired neural net-
works could theoretically be used for the task, as long as they were optimised and the data size
was above a threshold, and second, that historical word reconstruction was not a symmetrical
task, with parent to child being the easiest direction to predict, child to parent the most ambigu-
ous, and child to child the most theoretically similar to machine translation.

We then extended our work to real datasets, and updated an etymological database to
gather a correct amount of data (Fourrier and Sagot 2020b), then studied first the transferabil-
ity of our conclusions on model success and optimisation to real data, then the applicability of
a number of data augmentation techniques to the task, to try to mitigate low-resource situa-
tions. We concluded that above a certain data size, and after optimisation, the best possible
setup was using multilingual recurrent neural networks. It performed better than using other
models (Transformer-based) or other techniques, such as pretraining and back-translation, also
leveraging added data (Fourrier et al. 2021).

We finally investigated in more detail the advantages of using multilingual neural networks
compared to other setups, by looking at six possible instanciations of our neural models, bilin-
gual or multilingual, with or without monolingual data, sharing components or not, using sta-
tistical methods as a baseline. We first confirmed that, on the surface, they seem to capture
language relatedness information and phonetic similarity, confirming the work of Meloni et al.
(2021). We then discovered, by probing them, that the information they store is actually more
complex: our multilingual models actually encode a phoneticlanguage model, and learn enough
latent historical information to allow the reconstruction of the (unseen) proto-form of the stud-
ied languages as well or better than bilingual models trained specifically on the task (Fourrier
and Sagot 2022). This latent information is likely the explanation for the success of multilingual
methods in the previous works. Now...

‘ N THAT comes next?

Extension to other languages During this work, we studied and analysed our models
on one single language family, the Romance language, which is already extremely well studied,
and not the one having undergone the most complex developments. Further work will therefore
need to study other language families, in order to see if the results obtained in this manuscript
can be generalized. Preliminary work on the training datasets of the SIGTYP 2022 cognate pre-
diction competition (covering 10 varied language families, with datasets containing between 4
and 19 languages)' showed that our models, in the ‘best’ possible settings (between 107 word
pairs for 9 languages and 944 word pairs for 16 languages, still very low-resourced situations
compared to the data studied in this dissertation) barely reached a performance level equivalent
to a linguistically motivated baseline, without a clear difference between bilingual models and
multilingual ones. Data size still remains a hard limit for our models. Next steps to adress this
issue would therefore be working either on data collection and training for other languages fam-

'github.com/sigtyp/ST2022.
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ilies, or investigating other aspects of data augmentation, and likely designing new techniques
fitted to this task (such as pretraining models with artificial data reflecting the statistics of the
studied languages).

Cognate detection Cognate prediction models could then also be used as plausible cog-
nate generators, as in Bodt et al. (2018) and Bodt and List (2019), in which case plausible gen-
erated cognates could either be investigated in the field, or looked for in digitized manuscripts
(where the natural ambiguity management of our models could also allow to mitigate natural
variation), looping back to cognate identification.

Proto-form reconstruction If results were to be convincing enough on other families,
it would allow us to try to replicate model probing, and investigate the latent representation for
other language families using similar probes to the previous chapters. Another direct extension
could also be to find a way to directly extract the latent information we uncovered through prob-
ing tasks from our neural networks. Preliminary unpublished experiments trying to differentiate
intermediate representation of phones depending on their contexts of origin have not been con-
clusive so far, but further work in this direction is obviously needed.

Borrowing detection The models we developed could also be used to study the dif-
ferences between cognate and borrowings evolution, contributing to borrowing detection
(Ciobanu and Dinu 2015; Ciobanu and Dinu 2019; List and Forkel 2022). For example, an ap-
plication could be the study of the different latent sound correspondences learnt by a model
trained on cognate prediction versus one trained on borrowing prediction.

Of course, in the different extensions underlined, neural networks would only be used as
allies to linguists, who would make the final judgement on the quality of their predictions and
reconstructions.

Other historical linguistic tasks Cognates and borrowings can also be useful outside
of their prediction and identification stricto sensu. Several other historical linguistic tasks rely on
historical words, such as sound changes rules validation (Hewson 1973; Smith 1969) or phyloge-
netic recontruction, from reconstructing language trees (Dekker 2018; Greenhill 2011; Jager and
List2016; Rama et al. 2018) to understanding the geneticrelations of isolate languages (Hantgan
and List 2018). Trained cognate prediction models, which we demonstrated are good at han-
dling ambiguity, could provide artificial but plausible data to check hypotheses for these tasks,
or, when validated against monolingual lexicons, provide new plausible cognate sets to help for
such tasks.

Semantic studies In the theoretical background of this manuscript, we saw that the regu-
larity of sound changes (the mechanisms behind cognates and borrowings identification) are
also at the root of semantic change studies (Durkin 2015). Semantic change studies studies
meaning variations between languages or dialects, which has been done using word embed-
dings as proxies for word meaning, both diachronically on real or artificial data (Martinc et al.
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2020; Montariol and Allauzen 2021) and synchronically at the sentence or word level (Bein-
born and Choenni 2020; Hovy and Purschke 2018). Cognates have been used to study semantic
change (Uban et al. 2021), but as cognates and borrowings reflect different aspects of their lan-
guages phonetic history, do they differ in their semantic evolution trajectories? If they did, they
would constitute, by their very nature, a promising proxy for evaluating semantic change meth-
ods. In preliminary work (Fourrier and Montariol 2022), we tried using cognates and borrowings
to see if they could also be used for diachronic semantic studies, possibly as markers to study
rates of semantic change between languages, though our experiments were too preliminary to
show anything more than light trends — it would be interesting to reproduce these experiments,
but paying close attention to the respective data sizes of cognates and borrowings between lan-
guages, in order to get statistically comparable results. More generally, cognate prediction is
the door to a range of diachronic studies outside of phonetics, from morphological evolution
to semantics. Optimising cognate prediction models, this time on segmentation (which we did
not study), for example by using sub-word instead of character level tokenization, could provide
interesting insights on low-resourced cognates morphology, especially if the observed multilin-
gual latent learning also occurs when studying cognates from a morphological standpoint.

Cognates beyond historical linguistics Cognates can also be useful synchronically,
for other tasks, and have for example been used in low-resourced machine translation setups,
to induce lexicons (Hauer et al. 2017; Mann and Yarowsky 2001), as seeds to align multilingual
word embeddings, or to help script decipherement (Luo et al. 2021).

Beyond cognates In the opening Chapter, we went past cognates as such, and focused
on lexicon induction, using our models to try to get the best cross-family results on the task,
while studying the impact of available languages on prediction. We observed that character-
level machine translation performs considerably better inside a given language family (reaching
the performance we had in previous experiments on Romance cognates), even mitigating nat-
ural dialectal variation. Experiments on dialectal variation management could be extended, by
producing plausible word forms from a neighbouring language, then training a classifier to de-
termine the plausible geographic origin of the given predictions. To predict words between unre-
lated languages (since using our models cross-family gave poor results) we suppose that similar
multilingual architectures could be trained, language family per language family, then connected
through “bridge-models” across intermediate representations. Preliminary experiments seem to
show that this would be an interesting direction for multilinguality management, especially in
low-ressource situations.
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A Linguistic information

We provide, for later reference, a table of the phones of interest studied in this manuscript, as
well as their unicodes and tipa commands. We first look at pulmonic consonnants, then vowels,
as defined in Section 1.1.1. We also provide a structured table of the pulmonic consonants, which
allows to better visualise their respective dimensions (manner and place). We then introduce a
list of the different language codes used in this thesis, as well as the reference versions for the

Wiktionary.

A.1 Phones of interest and their characteristics

A.1.1 Pulmonic consonants

| Symbol | Name Unicode TIPA
m Voiced bilabial nasal u006D m
m: Voiced bilabial geminated nasal u006D m:
P Voiceless bilabial stop u0070 p
p: Voiceless bilabial geminated stop u0070 p:
b Voiced bilabial stop u0062 b
b: Voiced bilabial geminated stop u0062u02D0  b:
¢ Voiceless bilabial fricative u0278 F
B Voiced bilabial fricative u03B2 B
B Voiced bilabial trill u0299 \textscb
m Voiced labiodental nasal u0271 M
bv Voiced labiodental affricate None bv
f Voiceless labiodental fricative u0066 f
fi Voiceless labiodental geminated fricative | u0066 f:
v Voiced labiodental fricative u0076 v
Vi Voiced labiodental geminated fricative u0076 v
v Voiced labiodental approximant u028B \
n Voiceless alveolar nasal None \textsubsquaren
n Voiced alveolar nasal uOO06E n
n: Voiced alveolar geminated nasal uOO06E n:
t Voiceless alveolar stop u0074 t
t: Voiceless alveolar geminated stop u0074u02D0 t
d Voiced alveolar stop u0064 d
d: Voiced alveolar geminated stop u0064u02D0  d:
ts Voiceless alveolar sibilant affricate u02A6 ts
dz Voiced alveolar sibilant affricate u02A3 dz
tf Voiceless postalveolar sibilant affricate u0074 u0283  tS
ds Voiced post-alveolar sibilant affricate u0064 10292 dzZ
t0 Voiceless dental non-sibilant affricate None tT
do Voiced dental non-sibilant affricate None dD
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A.1 Phones of interest and their characteristics

uq Voiced velar approximant u0270 \textturnmrleg

L Voiced velar lateral approximant u029F \textscl

N Voiced uvular nasal u0274 \textscn

q Voiceless uvular stop u0071 q

el Voiced uvular stop u0262 \textscg

ax Voiceless uvular affricate None gX

% Voiceless uvular fricative u03C7 X

B Voiced uvular fricative u0281 K

R Voiced uvular trill u0280 \textscr

? Epiglottal stop u02A1 \textbarglotstop

h Voiceless pharyngeal fricative u0127 \textcrh

¢ Voiced pharyngeal fricative u0295 Q

§ Voiced epiglottal stop or fricative u02A2 \textbarrevglotstop

H Voiceless epiglottal trill u029C \textsch

? Glottal stop u0294 P

th Voiceless glottal affricate None Ph

h Voiceless glottal fricative u0068 h

h Voiced glottal fricative u0266 H

TaBLE A.1: Some pulmonic consonants
Bilabial |Labiodental| Dental ‘Alveolar‘Postalveola.r Retroflex | Palatal Velar Uvular | Pharyngeal | Glottal

Plosive p b t d [ d, C j k g q G ‘ ?
Nasal m m n n n 1 N
Trill B r R
Tap or Flap \"A r r
rave (OB f v B0 sz [ 3 sz ¢j xyxs h$ hA
e, | t K
Approximant 10) I ,[ J [1{
{;]g]g?g‘;(limam ‘ 1 l 1{ L

FiGURE A.1: Official IPA pulmonic consonants chart (CC BY-SA 2020 IPA)
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A.1.2 Vowels
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| Symbol | Name Unicode TIPA
i Close front unrounded vowel u0069 i
y Close front rounded vowel u0079 y
e Close-mid front unrounded vowel u0065 e
@ Close-mid front rounded vowel uOO0F8 \o
€ Open-mid front unrounded vowel u025B E
€ Open-mid front unrounded nasal vowel u025B \~E
e Open-mid front rounded vowel u0153 ce
@ Open-mid front rounded nasal vowel u0153 \~ \oe
P Near-open front unrounded vowel uOOE6 \ae
a Open front unrounded nasal vowel u0061 \~a
a Open front unrounded vowel u0061 a
@ Open front rounded vowel u0276 \OE
I Near-close front unrounded vowel u026A I
Y Near-close front rounded vowel u028F Y
i Close central unrounded vowel u0268 1
c! Close central rounded vowel u0289 0
9 Close-mid central unrounded vowel u0258 \textreve
e Close-mid central rounded vowel u0275 8
9 mid central vowel u0259 @
3 Open-mid central unrounded vowel u025C 3
3 Open-mid central rounded vowel u025E \textcloserevepsilon
® Nasalised near-open central vowel u0250 \~5
® Near-open central vowel u0250 5
U Near-close back rounded vowel u028A 9]
v Near-close back rounded nasal vowel u028A \~U
a Near-close back rounded nasal vowel u028A \~u
w Close back unrounded vowel u026F W
u Close back rounded vowel u0075 u
Y Close-mid back unrounded vowel u0264 G
o Close-mid back rounded vowel uO06F o)
0 Mid near back rounded nasal vowel uOO0F5 \~o
A Open-mid back unrounded vowel u028C 2
o) Open-mid back rounded vowel u0254 0
) Open-mid back rounded nasal vowel u0254 \~0
a Open back unrounded vowel u0251 A
D Open back rounded vowel u0252 \textturnscripta
ir Long close front unrounded vowel u0069 i
yi Long close front rounded vowel u0079 y:
er Long close-mid front unrounded vowel u0065 e
@ Long close-mid front rounded vowel uOO0F8 \o:
€l Long open-mid front unrounded vowel u025B E:
oer Long open-mid front rounded vowel u0153 \oe:
! Long near-open front unrounded vowel uOO0E6 \ae:
al Long open front unrounded vowel u0061 a
@ Long open front rounded vowel u0276 \OE:
I Long near-close front unrounded vowel u026A I:
Y Long near-close front rounded vowel u028F Y:
i Long close central unrounded vowel u0268 L
ioN Long close central rounded vowel u0289 0:
91 Long close-mid central unrounded vowel | u0258 \textreve
! Long close-mid central rounded vowel u0275 8:
N Long mid central vowel u0259 @:




A.2 Wiktionary language codes

gRERAQEEEa8Rd

Long open-mid central unrounded vowel
Long open-mid central rounded vowel
Long near-open central vowel
Long near-close back rounded vowel
Long close back unrounded vowel
Long close back rounded vowel
Long close-mid back unrounded vowel
Long close-mid back rounded vowel
Long open-mid back unrounded vowel
Long open-mid back rounded vowel
Long open back unrounded vowel
Long open back rounded vowel

u025C
u025E
u0250
u028A
u026F
u0075

u0264
u006F
u028C
u0254
u0251

u0252

3
\textcloserevepsilon :

oMo QE S$CW

\textturnscripta:

A2

TaBLE A.2:

Some vowels

Wiktionary language codes

Family Language | Wiktionary code  Dissertation code
Romance | Aromanian rup RUP
Catalan ca CA
French fr FR
Galician gl GL
Italian it IT
Latin — Classical la LA
Latin — Vulgar lat-vul LA
Middle French frm
Occitan oc oC
Old Catalan roa-oca
Old French fro
Old Latin itc-ola
Old Occitan pro
Old Portuguese roa-opt
Old Spanish osp
Portuguese pt PT
Proto-Indo European ine-pro
Proto-Italic itc-pro
Romanian o RO
Spanish es ES
Germanic | Alsatian gsw ALS
German de DE
Germanic Swiss gsw GSW
Luxembourgish b LB

TaBLE A.3: Wiktionary language code of our languages of interest in our chosen database, ver-

sus languages codes we used in the thesis.
The wiktionary code for Alsatian is gsw, because it does not distinguish between Ale-

mannic languages, all under the ‘gsw tag umbrella’.
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B Artificial data experiment
results

In this section, we display the detailed tables of all the experiments we realised when looking
for the best hyperparameters combinations using artificially generated data, in Section 6.2. We
successively optimized parameters by group, selecting the best combination at one step as an
initialisation for the following steps of the research. (The artificial data followed phonotactics
and phonetic rules of the Romance language family).

B.1 Hyperparameter search for bilingual data

B.1.1 Embedding dimension versus hidden size

187
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FiGURE B.1: BLEU results of our experiments on artificial data.
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Figure B.2: BLEU results of our experiments on artificial data.
Comparing embedding dimension versus hidden size, for our five data sizes.
From top to bottom: 500, 1000, 1500, 2000, 3000.
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FiGURE B.3: BLEU results of our experiments on artificial data.
Comparing embedding dimension versus hidden size, for our five data sizes.
From top to bottom: 500, 1000, 1500, 2000, 3000.

S3InsaJ juswIRdxa elep [epyIMY g




161

B.1.2 Batch size versus learning rate
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FiGURE B.4: BLEU results of our experiments on artificial data.
Comparing batch size versus learning rate, for our five data sizes.
From top to bottom: 500, 1000, 1500, 2000, 3000.
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FiGURE B.5: BLEU results of our experiments on artificial data.
Comparing batch size versus learning rate, for our five data sizes.
From top to bottom: 500, 1000, 1500, 2000, 3000.
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F1Gure B.6: BLEU results of our experiments on artificial data.
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B.1.3 Number of layers
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FiGURE B.7: BLEU results of our experiments on artificial data.
Comparing the impact of the number of layers, for all languages, for our five data sizes.
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B.1.4 Transformers: Number of heads
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FiGURE B.8: BLEU results of our experiments on artificial data.

Comparing the impact of the numbe of heads, for all languages, for our five data sizes.
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B Artificial data experiment results

B.1.5 Recurrent models: Attention type
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FiGure B.9: BLEU results of our experiments on artificial data.
Comparing the impact of the attention type, for all languages, for our five data sizes.

B.2 Hyperparameter search for multilingual data

B.2.1 Embedding dimension versus hidden size

196
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Figure B.10: BLEU results of our experiments on artificial data.
Comparing embedding dimension versus hidden size, for our five data sizes.
From top to bottom: 500, 1000, 1500, 2000, 3000.
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FiGURE B.11: BLEU results of our experiments on artificial data.
Comparing embedding dimension versus hidden size, for our five data sizes.
From top to bottom: 500, 1000, 1500, 2000, 3000.
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FiGURE B.12: BLEU results of our experiments on artificial data.
Comparing embedding dimension versus hidden size, for our five data sizes.
From top to bottom: 500, 1000, 1500, 2000, 3000.
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F1GURE B.13: BLEU results of our experiments on artificial data.
Comparing batch size versus learning rate, for our five data sizes.

From top to bottom: 500, 1000, 1500, 2000, 3000.

Daughter 2 to Daughter 1

M-NMTR M-NMT’
P 001
e
2o, 0.005
€
G
40,001 207+108 8.4x11 0001{ 41741 14.0+4.0 119+37 52:2.1

65 100

30 65 100 130

M-NMT’

M-NMT

Learning rate
°
°
8
s

40.1£1.3 24.0£2.7 15.4%7.0

0.001 24.1 32.717.4

65 100 130
M-NMT'

Learning rate

324x1.0 16.4%2.2 0.001

0.005

Learning rate

0.001

0.005

Learning rate

0.001

S3|NsaJ JuswWIRdxa e1ep [BDYIMY g



10T

500

1000

1500

2000

3000

Learning rate Learning rate Learning rate Learning rate

Learning rate

Proto-language to Daughter 1
M-NMTH MNMT!

50.8+3.1 33.8%9.5

152449 12.3+2.6 12.0%2.5

38.4%£2.6 17.3x2.1 12.3%3.1 7.6x0.6

65 100 130 30 65 100 130

M-NMT* M-NMT'

52.4+16.7 47.1%24.3 33.4+153 39.5£3.0 23.0+3.8 16.0%0.9

65 100

130 65 100

130

M-NMT# M-NMT'

0.005

0.001

0.005

0.001

FiGURE B.14: BLEU results of our experiments on artificial data.
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Comparing batch size versus learning rate, for our five data sizes.

From top to bottom: 500, 1000, 1500, 2000, 3000.
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FiGURE B.15: BLEU results of our experiments on artificial data.
Comparing batch size versus learning rate, for our five data sizes.
From top to bottom: 500, 1000, 1500, 2000, 3000.
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B.2.3 Number of layers
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F1GURE B.16: BLEU results of our experiments on artificial data.

Comparing the impact of the number of layers, for all languages, for our five data sizes.
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B.2.4 Transformers: Number of heads
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Figure B.17: BLEU results of our experiments on artificial data.

Comparing the impact of the numbe of heads, for all languages, for our five data sizes.
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B.2 Hyperparameter search for multilingual data

B.2.5 Recurrent models: Attention type

M-NMTR

35.9+4.4
858 NN

bahdanau luong-concat luong-dot luong-general

500 Attention type
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42.3+2.7
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IOOO Attention type
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bahdanau luong-concat luong-dot luong-general

1500 Attention type

M-NMTR

bahdanau luong-concat luong-dot luong-general

2000 Attention type

M-NMTHR

bahdanau luong-concat luong-dot luong-general

3000 Attention type

FiGURE B.18: BLEU results of our experiments on artificial data.
Comparing the impact of the attention type, for all languages, for our five data
sizes.
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C Real data results

In this section, we display the detailed tables of all the experiments we realised when looking for

the besthyperparameters combinations using real Romance data, in Section 6.2. We successively
optimized parameters by group, selecting the best combination at one step as an initialisation
for the following steps of the research.

C.1 Hyperparameter search for bilingual data

C.1.1 Embedding dimension versus hidden size

Hidden dimension Hidden dimension
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Figure C.1: BLEU results of our experiments on real data - embedding vs hidden size - 1.

207



C Real data results
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Figure C.2: BLEU results of our experiments on real data - embedding vs hidden size - 2.

C.1.2 Batch size versus learning rate
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Figure C.3: BLEU results of our experiments on real data - batch size vs learning rate - 1.
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C.1 Hyperparameter search for bilingual data
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Figure C.4: BLEU results of our experiments on real data - batch size vs learning rate - 2.

C.1.3 Number of layers

Bi-NMT*? Bi-NMT”
LA- IT LA- IT
LA- ES LA- ES
IT- LA IT— LA
IT- ES IT- ES
ES— LA ES— LA
1 2 4 1 2 4
Number of layers Number of layers

Ficure C.5: BLEU results of our experiments on real data - Number of layers
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C Real data results

C.1.4 Recurrent models: Attention type

Bi-NMTR

LA= IT
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Figure C.6: BLEU results of our experiments on real data - Attention type

C.1.5 Transformers: Number of heads
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Figure C.7: BLEU results of our experiments on real data - Number of heads

C.2 Hyperparameter search for multilingual data
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Ficure C.8: BLEU results of our experiments on real data - embedding vs hidden size - 1.
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C.2 Hyperparameter search for multilingual data
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Ficure C.9: BLEU results of our experiments on real data - embedding vs hidden size - 2.
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C Real data results

C.2.2 Batch size versus learning rate
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Figure C.10: BLEU results of our experiments on real data - batch size vs learning rate - 2.
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C.2 Hyperparameter search for multilingual data

C.2.3 Number of layers
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Ficure C.11: BLEU results of our experiments on real data - Number of layers

C.2.4 Recurrent models: Attention type
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Figure C.12: BLEU results of our experiments on real data - Attention type

C.2.5 Transformers: Number of heads
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Ficure C.13: BLEU results of our experiments on real data - Number of heads
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D Interpretability

D.1 Complete Models BLEU Score Tables

The tables introduced here are the complete BLEU score tables for all our models language pairs,
when working on real and widely multilingual data to understand the inner behavior of our dif-
ferent models (see Section 8.3). We provide the 1-best and 10-best predictions. The standard
deviation and mean are computed across all data shufflings used to train our models. These ta-
bles therefore represent 255 models (81 language directions * 3 bilingual models * 3 shuffling
seeds, + 4 multilingual models trained on all directions at once * 3 shuffling seeds).
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D Interpretability

From CATO | cA ES FR GL IT oc PT RO RUP
1-best
SMT 100.0+£0.0 72.0£3.6 68.4+23 634+0.8 573+06 85.0%+58 742+3.0 32.6+10.7 39.4+3.7
B-NMT 99.6+0.1 64.1+3.4 45.0+£4.8 34.7+£23 439+3.0 392+7.8 528%1.5 5.7£3.0 4.8+0.3
B-NMT+m 99.6+0.1 74.0x1.5 60.7+4.6 584+28 534+2.7 77.6x99 739+£29 199+£156 19.7+8.2
M-NMT - 64.9+2.7 61.2+£59 58.7+£4.1 52.7+1.7 63.2+20 63.3£45 384%+12 46.9+5.5
M-NMT+m 89.7+0.9 74.6+£2.4 745+43 73.0+2.5 588+04 759+43 772+24 50.2+11.4 49.2+8.0
+shared_emb | 89.2+1.7 74.0+0.1 73.4+1.8 67.0+2.7 621+09 849+57 77.0+50 39.3+11.6 473+7.7
+shared_all 59.3+1.3 65.0+2.8 66.7+49 624+43 515+1.7 81.2+58 69.2+3.6 450+11.7 43.7+6.5
10-best
SMT 100.0£0.0 89.8+0.6 86.6+2.5 81.2+3.2 81.3+23 90.2+47 914+£21 63.7£104 57.2+45
B-NMT 99.9+0.1 854+1.2 69.9+£39 56.1+£39 64.1+3.8 63.5+53 783+1.2 20496 12.6+3.1
B-NMT+m 99.9+0.1 90.2+0.3 81.0+2.2 76.4+28 765+2.7 83.8+86 88.6+22 354+188 359+29
M-NMT - 87.1+14 84.3+3.6 79.6+34 772+1.6 80.6+1.2 86.1+3.1 63.0£6.0 71.8+£3.6
M-NMT+m 97.8+0.3 909+15 89.9+£3.1 89.8+3.1 857+13 88.8+41 924+11 71.2+79 74.5+£6.9
+shared_emb | 97.9+0.5 91.8+0.9 89.6+3.4 84.4+38 88.0+04 925+45 91.7+£1.3 66.1+6.4 77.1£6.9
+shared_all 75.2+£1.0 87.6+1.3 89.7+2.0 839%+41 77.1+20 93.9+34 899+16 63.8+84 73.5+109
From ES 10 cA ES FR GL IT oc PT RO RUP
1-best
SMT 71.2+0.4 100.0£0.0 624+0.9 67.4+4.1 63.0+£0.5 486+94 76.7+26 344+34 38.3£5.5
B-NMT 73.9+4.6 99.5£0.1 51.6+3.4 56.0+£3.0 57.7£2.6 3.0+0.2 65.9+83 19.2+5.1 5.7+2.6
B-NMT+m 81.2+2.9 99.5+0.1 59.1+44 694+0.8 672+22 37.8+34 767+26 262+1.0 229+13.1
M-NMT 72.1+£4.7 - 57.5+27 70.5+44 53.4+25 757+95 69.0+£3.7 37.6+7.7 48.8+9.0
M-NMT+m 79.0+£1.9 88.6+1.1 67.3+£2.0 72.1+£6.2 63.1+1.2 86.1+£3.3 73.7+£21 46.8+27 459+6.4
+shared_emb | 80.8+0.8 90.3+25 71.4£0.2 748+26 64.8+1.2 842+80 764+48 48.2+56 42.4£8.4
+shared_all 72.4+£3.0 61.8+0.4 645+19 67.3+£3.5 495+3.7 78789 69.8+£25 382%52 42.2+8.1
10-best
SMT 90.3+1.6 100.0+0.0 79.6+2.5 87.2+21 86.3+0.8 78.0%+54 919+£0.9 60.4+6.8 53.7x£7.1
B-NMT 89.3+28 100.0+0.0 69.6+23 758+1.1 82.7+24 8.8+1.8 85.2+6.2 44.1+0.8 14.0+5.9
B-NMT+m 91.9+19 100.0+0.0 79.0£1.0 84.7+23 86.4+23 60.0+£26 91.4+1.1 483+24 41.6+8.2
M-NMT 89.9+25 - 80.6+4.2 86.5+4.6 80.0+2.0 92.5+45 87.6+2.0 624+72 71.0+£6.7
M-NMT+m 93.8+14 97.9+04 83.8+2.0 888+33 86.1+0.1 949+25 91.5+£0.7 68.4+6.9 69.2+3.1
+shared_emb | 93.9+1.1 98.6+0.5 85.5+2.8 90.6+3.1 87.2+0.6 91.8+6.8 93.5+2.6 71.0+29 69.3+5.6
+shared_all 91.4+2.0 79.9+1.5 80.2+4.0 88.6+4.2 80.0+1.8 92.6+47 91.2+0.6 64.5+26 65.9+4.5
From FR1o | CA ES FR GL IT oc PT RO RUP
1-best
SMT 67.7+£2.7 63.4+1.1 100.0£0.0 559+6.7 50.0+3.9 326+53 584+29 21.5+23 18.5+6.8
B-NMT 40.1+3.6 39.3+54 98.7+£0.4 10.0+5.8 28.9+34 5.1+0.7 31.2+75 3.8+15 2.3+0.3
B-NMT+m 62.1+3.2 58.1+£5.9 98.7+£0.4 343+44 48.1+54 7.2+2.6 51.0+2.1 84+23 88+29
M-NMT 66.0+£3.8 53.7+2.6 - 62.8+£69 45.6+3.2 62.8+8.3 54.8+35 21.8+64 309+19.8
M-NMT+m 74979 64.5+1.5 83.8+1.6 68.7+4.9 53.2+43 759+10.8 64.8+2.1 28.4+3.0 21.4+13.3
+shared_emb | 70.9+3.8 65.9+4.1 81.9+43 69.5+5.6 56.3+39 81.3+10.3 652+3.0 34.6+64 14.5+5.6
+shared_all 66.3+3.8 54.0+4.0 53.0£5.7 579+44 46.1+54 67.3+56 546+20 28.0+95 18.4+8.8
10-best
SMT 85.1+0.9 79.9+3.1 100.0£0.0 72.7+£5.5 709+44 60.1+28 77.1+24 32.1+109 28.4+12.7
B-NMT 59.5+1.7 60.5+5.8 99.2+0.3 24.7+£5.6 499+7.4 9.2+1.2 51.4+78 8.6+1.3 9.1+£0.8
B-NMT+m 79.0£2.6 73.2x5.7 99.2+0.3 555+5.0 66.7+6.1 21.1+£51 694+1.1 15.5+5.8 23.6+18.4
M-NMT 83.6+2.3 79.8+£2.0 - 82.2+55 70.2+44 814+25 76.7+£26 46.6+8.7 604+27.2
M-NMT+m 89.8+4.0 85.8+1.9 949+09 86.7+3.0 788+1.1 851+12.1 82.0+28 57.8+2.5 54.4+20.8
+shared_emb | 89.4+2.1 84.9+23 93.3+2.0 88.2+56 769+3.7 955+32 80.7+1.1 64.1+79 42.1+16.1
+shared_all 84.7+3.8 76.7 £4.5 66.8+4.2 822+42 66.8+33 925+54 748+0.7 47.0+109 40.7+14.3

TaBLE D.1: Results of our different models for the cognate prediction task - 1/3.
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From GL10 | cA ES FR GL IT oc PT RO RUP
1-best

SMT 59.6+4.1 749+42 56.4+9.0 100.0+£0.0 57.7+6.6 54.6+8.1 86416 29.7+81 46.1+13.6
B-NMT 38.8+£39 589+£3.0 11.4%56 989+13 30.5+3.1 3.6%05 727+44 6.6£1.0 47+1.2
B-NMT+m 632+1.7 732+44 40.9+7.2 989+13 489%7.7 226+67 850£0.7 152+53 19.8+22
M-NMT 69.0+1.1 68.6+47 59.6+4.9 - 56.3+3.8 67.9+9.2 755+1.9 457+13.6 39.6+4.6
M-NMT+m 69.4+35 72.8+28 641+86 86.6+50 59.8+6.8 71.3+142 829+19 521+11.0 623+6.2

+shared_emb | 72.7+2.1 743+15 61.5+11.3 91.1+1.1 62.6+0.9 75.5+4.0 87.1+0.6 57.5+11.6 57.1+17.6
+shared_all 68.3+3.5 68.9+39 559+10.7 64.2+5.7 59.1+5.8 69.3+109 78.7+£3.9 51.0+11.3 59.5+4.7

10-best

SMT 85.8+0.4 89.0+1.6 72.5+44 100.0+£0.0 77.0+£57 781+£68 93.9+22 593+51 58.5+14.5
B-NMT 58.9+25 793+24 22.8+£5.1 99.5+0.6 48.3+22 8.1+27 87.2+24 11.7+23 12.6+4.8
B-NMT+m 77.1+1.1 87.5+0.8 53.7+83 99.5+0.6 68.0+6.6 48.0+9.6 939+1.0 31.1+6.1 424+79
M-NMT 85.3+4.7 85.7+27 76.3%5.6 - 79.6+53 89.5+9.2 93.4+£20 663+42 81.3+3.0
M-NMT+m 89.3+3.7 89.5+24 86.4+53 964=£21 82.2+5.1 88.2+53 96.4+23 77.0+48 85.0%6.8

+shared_emb | 91.1+£1.0 90.2+20 849+28 98.7+0.6 853+52 941+14 952=%1.1 78.8+55 80.9+5.6
+shared_all 88.2+53 84.7+1.1 80.4+6.6 852+42 769+63 873+7.8 93.3+26 685+7.0 80.0+5.0

From IT To ‘ CA ES FR GL IT oC PT RO RUP
1-best

SMT 63.3£3.1 748+1.7 61.6+28 582+7.5 100000 44.7+13.8 70.4+3.1 48.6+3.1 49.2+0.9
B-NMT 355+39 70.8+0.6 31.7+8.6 30.7£2.9 99.6+0.1 6.5+5.2 61.5+13 29.8+2.6 21.9%+5.0
B-NMT+m 68.0+08 73.0+28 59.6+6.4 552+7.8 99.6+£0.1 35.6%+14.6 70.6+1.5 44.7+43 34.1%4.7
M-NMT 61.0+43 60.0+4.8 55.1+3.8 61.6+£4.0 - 55.8+4.7 58.7+3.5 51.9+29 50.6+3.8
M-NMT+m 733+14 723+1.7 643+7.5 69.1+54 81.8+0.9 73.4+58 729+3.3 51.7+22 52.8%5.0

+shared_emb | 72.8+0.5 70.2+3.9 66.5+4.1 69.3+£54 814%15 73.4+8.3 73.5%+3.5 58.9+28 50.9+1.9
+shared_all 68.9+£4.1 60.8+0.8 54.0%+6.1 59.6+8.3 70.0+3.3 71.2+18.2 62.5+2.1 442+1.8 44.2+1.1

FromITT0 | cA ES FR GL IT oc PT RO RUP
10-best

SMT 83.8+2.1 89.1+£0.4 76.7+3.0 783%65 100.0+0.0 68.1+9.7 87.9+17 702+46 70.6%1.5
B-NMT 56.0£5.7 852+1.6 53.4%+84 50.1+1.5 99.9+0.1 124+42 83.5+24 51.7£1.7 41.2+6.4
B-NMT+m 82.8+09 873+1.1 77.4+6.4 748+35 99.9+0.1 51.1+155 86.2+0.6 67.2+24 58.0+3.8
M-NMT 81.8+1.5 822+3.0 76.5+50 8l.4+4.4 79.9+£29 81.9+21 70.5+45 72.7+4.4

M-NMT+m 90.4+1.8 88.0+0.6 80.0+3.4 86.6+24 96.7+0.8 84.1+9.8 90.0+0.9 80.1+1.4 734%£1.0
+shared_ emb | 89.6+0.6 89.4+1.7 80.6+39 873+3.1 96.5+0.6 85.7+93 89.7%+1.5 77.1+£2.0 72.2+0.3
+shared_all 83.5+0.7 81.3+2.0 76.6+7.1 80.6+4.5 919+1.6 833+10.1 873%1.4 71.4+4.0 67.4+6.9

From OC \ CA ES FR GL IT oc PT RO RUP
1-best

SMT 88.2+1.8 57.8+7.1 341+50 57.5+9.3 53.1+3.0 100.0+0.0 44.0+6.0 21.2+10.4 30.7+13.8
B-NMT 60.6+10.6 7.3+1.1 3.4+1.4 41420 8.2+2.6 978+11  4.0%0.9 32+1.4 4.6+1.4
B-NMT+m 84.9+1.2 424+47 11.6+6.1 19.1+62 429+25 97.8+1.1 39.5+74 102+24 7.5+03
M-NMT 75.2+8.8 56.7+7.8 49.1+11.0 64.7+8.0 554+2.1 50.4+2.6 473+6.5 69.9+5.5

M-NMT+m 84.8+24 69.5+48 54.6+55 71574 72.0+45 823+£6.3 59.5%+10.6 589+56 61.1£5.0
+shared_emb | 86.3+7.1 73.8+11.2 535+£15 76.1+132 69.0+7.1 842+3.8 60.0+16.2 70.1£13.0 74.1+£53
+shared_all 86.5+22 60.5+10.0 41.2+87 647+103 584+6.8 59.1+£34 57.2+7.8 51.3%18.7 57.5%115

10-best

SMT 924+26 80.0+84 422+53 74.0+82 71.5£2.6 100.0+0.0 72.1+34 359+104 45.8%6.4
B-NMT 75.2+6.1 13.6£3.2 8.3+£4.6 7.7£3.5 18.6+3.3 99.4+0.8 8.0+1.6 8.4+1.9 104+£1.3
B-NMT+m 93.0+£24 63.6+8.3 19.5+£9.8 38.0£17.4 61.3+19 99.44+0.8 53.4+85 251+84 17.4+49
M-NMT 91.0£6.5 853+£6.0 61.9+9.1 79.7+5.5 79.5+2.5 - 843+39 76.4+45 889%115
M-NMT+m 949+25 89.2+6.0 70.5+59 88.8+6.4 885+33 924+31 86.7+3.3 70.7+4.2  88.1%+49

+shared_emb | 97.1£2.1 86.1+7.2 67.9+4.6 91.4+3.2 85.6+8.8 94.1+1.3 86.8+8.3 79.3+4.0 86.0+10.4
+shared_all 94.4+24 83.1+£6.6 66.2+5.1 85.1+6.2 77.1+6.2 72.0+2.1 85.3+3.1 71.5+10.3 80.5+12.3

TaBLE D.2: Results of our different models for the cognate prediction task - 2/3.
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From PT | CA ES FR GL IT oc PT RO RUP
1-best
SMT 75.0+0.1 75.4+£0.3 63.2+£5.0 89.2+0.7 59.4+59 50.8+4.7 100.0+0.0 422+19 45.5+2.3
B-NMT 66.0+4.1 69.2+1.0 39.0+7.8 75.3+£3.5 50.8+3.1 6.3£1.6 99.3+0.4 11.9+5.7 10.9+£3.0
B-NMT+m 75.9+3.0 749+2.1 56.2+2.7 86.0+2.1 59.5+4.2 29.2+59 99.3+0.4 28.8+6.8 27.3+3.8
M-NMT 74.0+3.3 69.2+2.3 63.9+£3.6 77203 554+£3.7 724%+6.6 - 48.8+6.4 62.1%+5.6
M-NMT+m 78.7£3.9 75.8+4.0 67.8+£0.5 839+1.7 63.8+1.6 89.1+£3.3 89.0+1.7 55.7+59 61.0£12.6
+shared_emb | 78.0+3.4 73.1+29 70.3+4.1 82.2+3.0 61.4+23 81.9+5.7 88.4+1.9 529+7.2 61.7+3.2
+shared_all 76.4+3.0 67.3+0.7 63.4+3.6 78.0+3.7 55.1+£29 71.2+54 64.2+22 47.7+£5.6 56.1+8.8
10-best
SMT 86.9+1.1 91.6+0.7 83.1+4.9 96.2+1.0 809+3.6 76.4+9.6 100.0+0.0 67.8+4.8 74.2+£2.1
B-NMT 80.1+3.3 88.5+0.5 61.0+5.2 89.1+23 73.6+25 11.7£1.5 99.8+0.1 24.2+1.3 36.5+3.3
B-NMT+m 86.5+2.7 89.5+0.8 76.0+4.0 93.9+1.6 820+3.6 43.6+3.7 99.8+0.1 43.2+4.6 51.3+24
M-NMT 88.5+2.2 89.0+1.4 85.8+2.8 93.0+1.1 80.0+3.6 90.4%+2.4 - 70.3£5.9 83.8+2.2
M-NMT+m 90.0+3.1 92.1+1.0 86.6£3.0 945+19 851%+21 96.4+43 98.7£0.7 77.8+4.2 80.3%+11.6
+shared_emb | 89.7+2.8 91.4%£1.0 89.0+£2.6 95.8+1.3 852+28 954+39 97.7+1.1 73.6+9.8 84.4+3.2
+shared_all 87.0+1.1 88.6+2.3 85.5+1.9 929+1.3 759+2.1 93.1+4.2 84.6+3.0 69.6+2.8 85.0+1.5
From RO T0 CA ES FR GL IT ocC PT RO RUP
1-best
SMT 32.9+5.3 37.6+5.8 20.2+2.6 29.7+10.4 435%+56 255+28 32.7+0.6 100.0+£0.0 66.3+1.7
B-NMT 104+3.4 22.6+4.5 6.3+1.4 2.1+0.5 33.1+8.7 7.1£2.5 14.9+6.2 98.5+1.4 59.0£8.3
B-NMT+m 18.1+£4.8 34.2£3.0 7.2+3.3 159+25 44770 129+1.8 21.7+7.3 98514 67.4+9.8
M-NMT 479+2.4 48.5+2.1 37.9+9.2 47.0+£39 42.0+6.6 51.0+17.3 42.0+5.6 - 58.1+8.3
M-NMT+m 47.2+£4.0 56.4+74 36.9+10.7 55.6+4.1 53.2+22 59.1+13.5 457+34 70.4+2.3 70.7£9.4
+shared_emb | 57.7%7.1 54.2+3.7 36.0+£4.7 54.6+6.6 551+49 63.0£13.4 50.7+6.3 70.4+1.8 75.6 £ 8.0
+shared_all 53.7%£5.3 33.1£5.6 37.8+£6.3 509+6.8 373+22 56.8+11.5 38473 48.1+0.9 63.4+74
10-best
SMT 57.9+3.9 63.7+7.6 38.1+6.1 47.0+£6.4 721+42 445%£9.6 58.3+2.3 100.0x0.0 87.4+2.0
B-NMT 22.5+10.8 454+0.7 10.0+£0.4 6.0+£0.2 58.1+5.6 14.2+3.8 30.8+4.8 99.6+0.5 80.8+9.8
B-NMT+m 38.2+84 58.3+4.5 16.2+5.2 329+8.8 649+43 27.2+39 51.5+4.0 99.6+0.5 85.7+8.8
M-NMT 79.6+4.8 75.7+£59 56.6+16.0 66.9+2.0 71.3+45 747+153 70.2+3.7 - 80.1+£9.2
M-NMT+m 75.9+5.6 80.5+8.0 52.8+8.8 76.2+59 80.8+3.9 779+75 75.8+3.7 89.3+3.3 87.2+4.9
+shared_emb | 80.8%5.5 82.7+4.6 65.2+6.1 81.0+£53 824+21 83.0£140 76.0+24 89.5+1.0 90.2+7.0
+shared_all 74.6+9.8 64.5+6.2 60.8+7.1 69.7+84 67.0+33 669+143 68.3+4.6 645+1.6 84.8+6.3
From RUP T0 ‘ CA ES FR GL IT ocC PT RO RUP
1-best
SMT 29.2+£24 32.4+19 21.7+£2.9 2954132 36.6+x4.1 26.1+124 42.0%5.5 63.3+7.3 100.0+0.0
B-NMT 2.7+0.7 3.3+£0.7 5.7+1.0 3.1+19 26.7+2.6 52+2.0 27.1+3.0 48.8+5.1 95.2+1.8
B-NMT+m 16.4+4.5 23.4+1.9 9.1+1.7 154+9.1 30.6+04 14.4+53 28.9+12.6 64.8+5.4 95.2+1.8
M-NMT 50.1+12.7 36.7+6.3 32.0+£12.7 33.4£19 444+49 299+£3.1 56.8+5.6 57.7%+3.0 -
M-NMT+m 60.0+4.8 51.8+74 24.6%+144 49.6+8.0 44.7+35 63.5+79 60.4+7.1 67.9+4.7 70.4+6.0
+shared_emb | 59.2+8.4 47.2+3.5 46.7£5.0 54.6+£6.7 489+43 41.7+114 61.6+5.6 66.7+3.4 75.6+3.2
+shared_all 46.9+£20.6 251+£6.7 352+183 37.3+£12.1 34.0%£50 53.6+£9.9 39.0+12.7 52.6+64 59.8+2.1
10-best
SMT 53.8+14.2 604+77 324+11.5 45.7+6.8 62.6+0.7 352+11.3 62.7+9.1 83.1+7.4 100.0+0.0
B-NMT 8.3+4.1 15.6+6.8 13.4£3.8 7.0+£2.3 44.6 £2.0 7.3+£1.0 46.6 £5.3 72.0+7.0 98.4+1.3
B-NMT+m 25.1+6.0 51.8+4.7 17.8+£54 22.1+109 519+18 31.1+15.8 51.8+9.9 80.9+8.1 98.4+1.3
M-NMT 77.4%+9.0 72.3+15 622+11.2 669+8.0 69.4+£6.0 46.7+122 79.0+1.5 79.5+0.7 -
M-NMT+m 73.6+10.6 80.1+6.5 53.4+184 78.7+121 725+£33 772%71 81.6*+5.6 83.2+4.0 89.2+4.4
+shared_emb | 79.2+12.5 78.6+11.0 63.4%+9.6 77.6+72 747+£19 823%33 80.8+1.5 83.4£5.6 89.9+3.2
+shared_all 69.1+139 609+72 624+149 623+15 640+34 73.6+18.8 729+48 77.9+8.4 76.4£0.9

TaBLE D.3: Results of our different models for the cognate prediction task - 3/3.
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D.2 Consonant space t-SNE

D.2 Consonant space t-SNE

This section introduces the t-SNE of the consonant space, to provide a new representation of
the dimension reduction described in Section 8.5.2.2. We still observe a phonetically significant

division of the space in the different dimensions.
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Figure D.1: Consonant t-SNE, seed O, coloured on manner above and on place below
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D.3 BLEU frequencies

We display the BLEU frequency histograms for the remaining languages pairs (following Sec-
tion 8.3.6), to better understand the repartition of correctly predicted words (high BLEU) vs badly

predicted words (low BLEU) depending on the language and model type.
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Ficure D.2: BLEU frequencies, from all our languages to Galician, Italian, Occitan.
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Ficure D.3: BLEU frequencies, from all our languages to Portuguese, Roumanian, Aromanian.
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D.4 Phone accuracy and frequency

We display the phone accuracy of our three language pairs of interest (ES-PT, PT-GL, RO-FR) as a function of the phone frequency, as mentioned in Section 8.4.2.
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Ficure D.4: Matching accuracy as a function of character frequency (ES-PT, PT-GL, RO-FR).
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D.5 Raw phones correspondence predicted

D.5 Raw phones correspondence predicted

In this section, we look at the raw phones that our best models (SMT, M-NMT+m, M-
NMT+m+shared_emb) predicted for each language pair, when studying Romance sound
correspondences by looking at French, Italian, Spanish, Portuguese, and Romanian (see Sec-
tion 8.6.1.1). We compare them to the "gold” truth, the phones most frequently aligned in the
target language to the input phone, obtained through the Needleman-Wunsch alignement

algorithm with our custom phonetic cost function (see Appendix D.5.6).

D.5.1 From Spanish

Spanish to | Italian

Phones | SMT M-NMT+m M-NMT+m+shared_emb  Gold

a a, ar, da a,a a,al a(72%), a:(26%)

b b, v, ve b, f v b, by, fp,v v(58%), b(38%)

d d, de, di, dine, do, te d d, f d(93%), t(6%)

e dze, e, re, € a,eenfils vee aeenijee e(62%), £(13%),1(8%), £1(6%)
f f, ff f £(99%)

i dzi, e, 1, iko i i iir i(70%),1:(20%), e(6%)

j ij,ri e 651,18, € a,d,e f1,jv,ee 1(57%), j(11%), s(9%), [(9%)

k k, kr, kw k k k(89%), k:(6%)

1 1, le, 1le, lo 1 1 1(94%)

m m, mm, n m m m(92%), n(8%)

n n, ne, no n a,m,n n(97%)

o do, 0,10, vo fo,ur,v,w,0,0,0 0,05, 1,9,05, U 0(88%)

p p p p p(93%)

r or,r,rr r r r(100%)

S S, €, S0, S8, sse S €0,8 s(77%), z(21%)

t t t t t(91%), t:(8%)

u bo, d3u, 0,0t:0,u, w0, us, v fi,u,u v fuu, v 1(40%), u:(19%), u(18%), 0(17%)
w f,0,w,0,0 f,0,u,u;, w,0, v ar f k kiou, w0050 w(40%), 5(32%), u:(8%)

X dz b,d,fLp,s,v, £ d,ej klrsv,eg 3(61%), d(12%), £(11%), $(9%)
d d,di, t, tr d,v d,e f it d(57%), t(40%)

| n,ni, g fn,v,g,9,n a,b,e,m,n,0,p 1(71%), n(29%)

b} do, 0,0,0: f o,0,u;, v,w,0,05,u  0,05,1,9,0., U 0(45%),0:(19%), 0:(16%), 2(16%)
€ de, dze, e, & a,e el inlov,e el aeelnlje e e(46%), £(30%), €:(8%), 1(5%)
g g, gw, gwi b,fkv,g f kg g(81%), n(11%)

Y k,kw,g b, £k pg £k g g(68%), k(31%)

I dzie, i, ] d,e fil0,8v,w a,a:d, e i i j g €,9g 1(33%),1:(33%), (33%)

n ne, nn, ju m,n,n,n a,b,e,m,n,p 1(59%), n(41%)

r dere, re T r r(97%)

) Lm,u,[,3 d,f,i,1,p,st,tno €,e1,0,1,8,0,¢, [ t(40%), [(40%), 3(20%)

v du,L1i, p,pi,s,u b,f1p,v b,f, 0,0, u,us,0,01,0 v (77%),1(15%)

£ kj, 111, pj 1 d,1g 1(79%), j(16%), £(5%)

i dz d,e e f i il s v, e a,aid, e fii;j,v, e 3(83%),(17%)

B b,p,s, v b, f v b, by, £k p,v v(51%), b(34%), p(8%)

0 altfe, tfe s, t s, t J(42%),5(28%), t.(16%)

TaBLE D.4: Phones predicted by our different models with a confidence above 0.05, from Span-
ish to Italian. In parenthesis, the actual frequency of the different target phones
aligned with the input phones in the gold data.
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D Interpretability

Spanish to | Portuguese

Phones | SMT M-NMT+m M-NMT+m+shared_emb  Gold

a a,e a, e, B a,e ©(51%), a(35%), ©(8%)
b b, v v b, v v(60%), b(38%)

d di d d, f d(99%)

e di, e er g i e i€ e i e i 1(41%), €(39%), £(9%), 1(6%)
f f f f £(100%)

i i i i 1(95%)

j ij® e fi,jv, 613 d,ei,j, &t j(45%),1(37%), e(9%)

k k k k k(97%)

1 L li 1 1 1(90%), w(6%)

m m m m m(92%), y(7%)

n n, 1,1, § n, €1 n, 1 1(45%), n(36%), G(14%)
o uu foutv,o 0,1, u(67%), u(21%), 0(7%)
p p p p p(98%)

r B B €58 B(99%)

s s, st, [ s, | 8,7, [ $(45%), [(32%), z(20%)
t t t t (99%)

u fu,u fua u u(82%), 1(12%)

W 0,U,W,0 f,o,u, 1,0 f,k,0,u,0 u(59%), w(35%)

X 3 S,73 d,k,8,v,9,[,3 3(85%), £(8%)

0 d d d,f d(97%)

i} D, 1y kn,g,3 a,b,e,m,n,p,eegn 1(100%)

o for,0,0ow,u,®,€G6,0,0 fo,u 1,0 0,1, u(31%),9(21%), ©(20%), 0(20%), 15(7%)
€ e €L, i ei,v,¢ei e i€ i e(53%), 1(24%), €(12%)
g g, gw kg3 kg 9(98%)

¥ g k9,3 kg 9(98%)

I i1 d,fik,sv,9,3 e1,j,0¢913 1(86%),1(14%)

n n,Ln n,g,L,n b,e,m,n,p,®e, % g,n 11(48%), n(30%), n(9%)
r Lr d5es a0 B 1(62%), £(37%)

) ig,m, 1 ks [,3 k 0,p,8%9,9,1/,3 J(75%), t(25%)

v v b,f k0,p,s,u,v,0,5 b,fkotud00v 1(85%), u(10%)

£ LS LS el® 0,94 1(76%), [(16%)

i i3 d,e fisv,e913 d,e fi,j,€091,3 3(67%),1(33%)

B b, v, vi b,v bk, v v(57%), b(42%)

0 s, si, [ S kst s(81%), z(7%), [ (6%)

TaBLE D.5: Phones predicted by our different models with a confidence above 0.05, from Span-
ish to Portuguese. In parenthesis, the actual frequency of the different target phones
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D.5 Raw phones correspondence predicted

Spanish to | French

Phones | SMT M-NMT+m M-NMT+m+shared_emb  Gold

a a, aak, aaks, ak, ap a a a(69%), e(14%), 4 (7%)

b b, v b,f,p,v b, v v(50%), b(48%)

d d d d d(100%)

e asj’, e, jasjs, je, o, € eis e[ eij ¢ e(44%), €(31%), 0(8%)

f f f £(98%)

i i i i i(82%), £(13%)

j 1,3 e i a,ei,j j(79%), B(10%)

k aptik, k, tik k k k(96%)

1 L1i 1 1 1(97%)

m m m m m(98%)

n n n n n(91%)

) e k,0,81,y,0,0n,0- u,y,0 b} 2(52%), 0(8%), 3(7%), y (6%)
p p p p p(99%)

r B B ¥ B(100%)

S S S S $(79%), z(15%)

t t t t £(93%)

u fy,y y y y(88%),3(8%)

w y,0 y a,k,0,y,&0 v(40%), w(20%), v(20%), s(20%)
X 3 fs3 S, 3 3(69%), 8(9%), k(9%), 1(6%)
0 d, t d d d(57%), t(33%), 8(7%)

iy | £k g3 m,n

b 0,0,9,3 v,9,3 0,1,y,2 2(45%), 5(42%), 0(7%)

€ e € e1,5,v,9,¢73 a,el,j, e €(35%), A(33%), €(26%)

g k9,3 f kg kg g(62%), n(19%), k(12%), 5(6%)
¥ 9,3 £kg3 9,3 9(86%), 3(9%)

I gzism d,fik v,€9,[3 a,d,ei,j,d4,9,€73 1(100%)

n n n,n m,n,d,n 1.(67%), 1n(33%)

r ay, B, sal, satif B B B(97%)

i k £ks,q,/,3 ks, [, 3 t(33%),1(33%), [(33%)

4] b,p b,f k,m,p,uv,y,o abfkouyd&o 0(73%), p(9%), k(9%), b(9%)
£ 1 b,Lp L3 1(719%), w(14%), n(14%)

] 3 d,e fi,j,v,&/[3 a,d,ei,j 3(100%)

B b, f, v, vj, vja b,fp,v b, v b(56%), v(32%), £(10%)

0 s s S $(94%)

TasBLE D.6:

Phones predicted by our different models with a confidence above 0.05, from Span-
ish to French. In parenthesis, the actual frequency of the different target phones
aligned with the input phones in the gold data.
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D Interpretability

Spanish to ‘ Romanian

Phones ‘ SMT M-NMT+m M-NMT+m+shared_emb  Gold

a a,ra,o a a a(47%), 0(36%), 1(7%), e(6%)

b b, v v b, v v(61%), b(33%)

d d, t, te d,z d,z d(62%), t(22%), z(9%)

e a, dzea, e, ea, 19,9, 3¢ a,elj,053 a, el jo e(58%), a(11%), 0(8%), 9(8%), 1(6%)
f f f f £(100%)

i e1,j,je, 0,31 j a,d,e fij2z 1(58%), e(21%), j(6%), 2(6%)

j efijs ejvh3 adtj §(39%),1(175%), 513%), 9 (9%), J(9%)
k k, kr k k k(94%)

1 Lr 1 1 1(65%), £(18%), r(12%)

m m m m m(95%), n(5%)

n n, ne, no n n 1n(94%)

) a,au, fu,na, o, u,ur,0a,v,3¢  a,0,u €,0,1,9,0 u(44%), u(14%), 0(13%), €(6%), 9(5%), 2(5%)
p p p p p(100%)

r T T T 1(92%), £(8%)

S s, se s, [ s s(83%), [(119)

t st, t DSt t (88%), p(6%)

u fu,u a, fu u,w,0 u(77%), 0(10%), u(6%)

w fo,u,w,0,0 a,0,1,0 a,j,0,1,9,0 2(44%), p(22%), w(6%), v(6%), 0(6%), {(6%), b(6%), [(6%)
X dz, Is,s,3 d, f h1s3 i ks v, [ 3 $(45%), 3(36%),1(9%), [(9%)

3 d,t d,j,v,z d,z t(61%), d(29%)

i} m,n,ne, d, fnygi d,m,n,p,y,i 1(60%), n(20%), m(20%)

b ¢, fu,0,u,0a a,0,1,0 0,1,9 u(58%), 0(17%), 2(11%), ¢(8%)

€ a, e i,j,je a,e1,j,0,v,3 a,d,ei,j,9,3 e(47%), a(16%),1(15%), 1(8%)

g k,g,gr d,f kg3 kg 9(77%), k(15%), 3(8%)

Y k pg d, kg d,ftkg k(68%), g(32%)

1 dze, jept d,j,v,7[,3 a,d,ej,p,s,t,20 e(67%),0(33%)

n m,n, 1 m,n, i d,m,n,p,v,i 1n(36%), m(27%), 1(27%), 1(9%)

r a,r r T 1(67%), £(19%)

) kp,[ s s, [ t(62%), [(25%), k(12%)

U u a,d,fh,Losuv,3 aj01u,900 u(100%)

£ k1 p,pl f,1,p,s 1 1(75%), w(8%), p(8%), k(8%)

j dj detivhs ad,fz3 §(67%), 3(33%)

B b,p,v,u v b,v b(45%), p(35%), v(10%)

0 de, tf, tfe s, [ s,t, [ [(59%), t(19%), s(6%), 5(6%)

TaBLE D.7: Phones predicted by our different models with a confidence above 0.05, from Span-
ish to Romanian. In parenthesis, the actual frequency of the different target phones
aligned with the input phones in the gold data.
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D.5 Raw phones correspondence predicted

D.5.2 From Italian

Italian to | Spanish

Phones | SMT M-NMT+m M-NMT+m+shared_emb  Gold

extipaa a,ad, ar a a a(97%)

al a a a a(98%)

b b, B b,p b B(59%), b(41%)

b: p. B, Bl b,p b,f,B B(80%), p(20%)

d d d,t,j d d(47%), 3(44%)

d: bo b,d d,p,t b(100%)

e bre, e, es,e,er e ¢ e € e(61%), £(29%),1(7%)

ex e eie a,ec¢€ e(69%), €(25%),1(6%)

f f f f £(92%)

i e i,in e i e i 1(67%),j(20%), e(7%)

it i e i e i 1(91%)

j 1 le e fijuce ei,jLe j(66%),1(20%), £(7%)

k k k k k(92%), y(7%)

k: ek, k k k k(96%)

1 el, 1 L £ L £ 1(92%), £(6%)

m m m m m(98%)

n n n n n(91%)

o) 0 o,1,9 0,1, W,0 0(76%), 2(17%)

or 0,0 0,1,0 0, W, 0 2(57%), 0(38%)

p P p p p(94%), B(6%)

p: p p p p(100%)

r T, er, r,E r, r r(89%), r(9%)

s eks, es, s s s s(77%), 0(14%)

St EN s D, S, X 0(100%)

t t t t £(79%), 3(12%), 0(6%)

t: kt, t, tj, t kt t (91%), 8(7%)

u 0,1, ua o,u 0o,1,9 u(91%), 0(6%)

u: o,u o,u o,1,9 u(87%)

v b, B b,f,B b B(62%), b(36%)

A br,u, w, na a,e fi,j,0,u,w,0 a,k Lo uwou w(54%),j(25%), c(8%)

z ks, s S S $(95%)

i} d,y n b,m,n,p,s,y,g,n 1(94%), n(6%)

p) 0,9,on 0,U,W,d 0,U,W,d 2(61%), 0(27%), €(7%)

or 0, We, 0,01, €0 0,1, W, D 0,W,0 2(67%),0(19%), £(7%), e(6%)

3 e, es, € e e e e €(55%), e(40%)

e e € e e a,e ¢ e(54%), £(46%)

g 9,y k gy kg ¥y ¥(60%), g(36%)

gz Y kgy kgy y(100%)

I e is,i0,0,s e, eijlsx¢7,j0 1(57%), s(14%), 0(14%), e(14%)

Il I e fi,j,u el e i(100%)

n n,gn,n fm,n g gn b, m,n,p,n 1(62%),n(19%), g(19%)

r i a,b,d,m, 51,09 brg r(89%),1(11%)

I s0, 0, 01, Bin s,0 s 0(77%), j(15%)

U o,u o,u 0,1, W,0 u(71%), v(14%), w(8%)

£ Lx A f,L £ Lx £ x(73%),1(18%), £(9%)

3 LB ks, x,y k,p,s,x,9 x(66%),j(15%), j(8%)

3l X a,e1,j,1,0,51u,x%0 ek 1 ps,x1,¢49,] x(60%), j(40%)
TaBLE D.8: Phones predicted by our different models with a confidence above 0.05, from Ital-

ian to Spanish. In parenthesis, the actual frequency of the different target phones
aligned with the input phones in the gold data.
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D Interpretability

Italian to | Portuguese

Phones | SMT M-NMT+m M-NMT+m+shared_emb  Gold

extipaa a,®e a, e, a a, e, ©(68%), a(15%), €(10%)

al a a, i, e a a,®e a(82%),€(7%), a(6%)

b b, v, vi b b,v b(80%), v(19%)

b b b,p,v,g b, v b(100%)

d d d, t d d(89%)

d: d b,d, t, v d,n,p,t d(100%)

e e, er, ey, e it e, i 1(37%), €(37%),1(9%), ((8%)
er e erL e e i€t e e(71%), £(16%), 1(10%)

f f f f £(97%)

i eeri,in, €1 ei e i 1(77%), €(7%), j(7%)

it i ei,j i 1(90%)

j L,LL[,3 e1,j,1,0,8,7¢,1,1 e i€t 1(38%), [(21%),1(17%), 1(7%), 5(7%), £(7%)
k k k k k(91%), g(8%)

k: k k k k(92%), g(8%)

1 1 1 1 1(91%)

m m m m m(98%)

n n, 1, 1) n,1 n 1(54%),n(38%)

o) u,u o,u,1,0 0,1,0 u(60%), u(27%)

o1 0, 01,0 o,u, 1,92 0o,1,2 0(71%), 5(16%), u(5%)

p p, pi p p p(94%)

p: p p p p(100%)

r 10,8 LB LB 1(54%), £(36%), B(8%)

S s, [ s, [ k,s,z, [ 8(58%), [(35%)

st 3 k p,s,2/[,3 pS%/[,3 $(50%), z(33%), 5(17%)

t d,t, [ t t t(77%), d(15%)

t: t t t (90%), d(7%)

u 0,0w, u, U o,u, o,u, 1,0 u(63%), 0(22%), U (15%)

u ow, u o,u, 1 o,u,1,0 u(90%), 0(6%)

v v v b,v v(95%)

w u,w d, k,n,o0,tu0v,%g9 a0,1u%0 w(81%), u(19%)

Z S,%,[,3 8,7, [,3 S,%[,3 7(89%)

7 j k,s,9,3 eiuetf j(100%)

by} , 1) k,n,4,1,%49,1 n,p 1(100%)

p) u,9 o,u, 1,9 o,1,9 2(46%), u(38%), 0(11%)

o 0, 0W, 01,0 o,u, 1, 0,0 ©(49%), 0(28%), 0(17%)

3 e, el e, € e i€t e e(59%), €(22%), 1(8%), 1(6%)
e e el et e it e € £(50%), e(41%), 1(6%)

g g kg g g(95%)

g g kg kg 9(100%)

1 if,e i, if,u e i€t ei,&1i,[ 1(62%),1(8%), G(8%), u(8%), 1(8%), ©(8%)
N I d,fi,k,s,3 e i i 1(100%)

n n,g,gn,n n,Ln n,p,n 1(70%), g(15%), n(10%)

r d,s,v,2,9,L, 5,3 e il s et 8(71%), 1(13%), €(10%), (6%)
) eryf,s, 1f, [ S,7,3 e,k pszei,[ S(61%), [(18%), z(5%)

[ u, U o,u, 1 0,1,1,0 u(83%), v(13%)

£ £ 1 £ 1 £(100%)

3 3 3 akpsegilf3 3(84%), j(6%)

3 3 n,s,v,2,9,L, 0,3 b,e %k, 0,p,8,0,¢49,[ 3(75%),1(25%)

TaBLE D.9: Phones predicted by our different models with a confidence above 0.05, from Italian
to Portuguese. In parenthesis, the actual frequency of the different target phones
aligned with the input phones in the gold data.
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D.5 Raw phones correspondence predicted

Italian to | French

Phones | SMT M-NMT+m M-NMT+m+shared_emb  Gold

extipaa a,al, ay, apd, apde,e a,d, e a a(72%), 4(10%), e(7%)

EN a, aa, aak, aaks,aj,e a,e a a(56%), €(219%), e(7%), 4(5%)
b b b b,v b(98%)

b b, v b,pv,3 b, v b(67%), v(33%)

d d, di d, g3 d d(85%), B(5%)

e ¢, ine, ize, € d,e five a,e i, j,w,d0¢ e(51%), £(20%), (.(11%), 1(6%)
e e i, w,wa,d d,e i ¢ é a,e d,¢e 1(23%), €(23%), £(23%), a(15%), £(8%), i(8%)
f f, fy f f £(98%)

i aj, e i,ik, j ij,é i 1(67%), £(129), j (11%)

it i ié i 1(80%), £(15%)

j 3l eij & ¢ a,d,e1,j,w, 40,873 j(54%),1(38%), 3(8%)

k k k k k(94%)

k: k k k k(100%)

1 al,1 1 1 1(96%)

m m, mism m m m(95%)

n an, 1, ni, € n n 1n(91%)

0 eje,o,u,y,0,0n,3,¢ fkyod&073 0,y,9 0(48%), 5(15%), 0(7%), y (7%), u(6%)
or kz,u,y, ce,0,3 v, 8,,0,3 0,9 e(31%), 5(22%), 0(19%), 0(8%), u(6%)
p ip, p, pa kp p p(97%)

p: p kp p p(83%), [(17%)

r B B B B(93%)

S ks,s es, [ S S(88%)

st Z a,e k0,p,8,2¢[ pszf z(100%)

t t d,est, [ t £(85%)

tx kt, pt, t ek p,st,[ t t(61%), k(33%), j(6%)

u y k,y, & y,0 v(82%)

ur y y, & y v(87%), u(13%)

v de, f,v d,fv,3 v v(64%), £(21%), d(6%)

w w e fi, & ¢ a,0 $(100%)

z S, 7, 28, §7 p,s bz, $,%2,[,3 7(66%),5(19%), j (13%)

] ] n m,n,p,4n

b} 0, wa, ¢, 9, 0b, o- y,8,%&,0,3 b} 2(77%), 0(8%), u(5%)

o 1,0, B0 y, 8, &0 b} 5(56%),0(37%)

€ e d e e i,0€ a,e,w,{,0,¢€ £(35%), 4(27%), e(23%)

€1 e € ei,w,o ¢ aew,d e e(77%), e(14%)

g 9.3 kg 9,3 9(83%), k(9%),3(6%)

1 1 ij &€ a,d,e1,j,1sv,873 1(100%)

n j,nj f,n m,n, 4, n n(43%), n(43%), B(14%)

r e a,e,s, v, e 8 B 5(100%)

) 0,8 $,%[,3 s, 0,3 $(74%),3(9%), [(6%), B(6%)
[§ Y, 08 y, & y,0 v(82%), 0(10%)

£ i1 1 13 1(67%), j(33%)

3 z ejks /3 3 3(81%), 2(5%), j(5%), 1(5%)
3t j eijpsvze3 §,v,9/3 3(67%), j(33%)

TaBLE D.10: Phones predicted by our different models with a confidence above 0.05, from Ital-
ian to French. In parenthesis, the actual frequency of the different target phones

aligned with the input phones in the gold data.
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D Interpretability

Italian to | Romanian

Phones | SMT M-NMT+m M-NMT+m+shared_emb  Gold

extipaa a,at,o a,0 a 9(50%), a(34%), 1(7%), e(6%)
ar a,ar a a a(89%)

b b b b b(94%)

bz b,0,gu b,p b g(50%), b(50%)

d ad,d d,z d,z d(90%)

e ae, e, ea, ja, je, te,o a,6,1,j,3 ei,j,0 e(72%),0(9%), a(8%),1(6%)
ex e ea, i i ei,j a,ei,j,o e(67%),1(22%), 1(11%)

f f f(100%)

i e, ea, est,i,in,ine |, 1,0,  €,1,] e1,j 1(48%), €(25%), 1(12%), 0(8%)
it e1,j,1, 8,8 e i a,ei,j 1(72%), e(14%)

j ej, L1 el Bl 1(33%), n(20%), j(20%), $(7%), p(7%), 0(7%), 1(7%)
k k k k(95%)

k: k,p k k k(83%), t(17%)

1 a1 la, lo 1 Lr 1(70%), £(13%), r(6%)

m am, m m m m(98%)

n n n n n(87%), 1(6%)

o ar,0,1,0a,9, U a,0,1,d a,j,0,u u(55%), e(11%), 65 (8%), 0(7%)
o: 0,p, 14,08 a,0,1,d 0,1,0,0 u(37%), 0(37%), o(11%)

P D, Pj P p p(100%)

p: p p p p(100%)

r ar,r,ra r r r(72%), £(16%)

S as, s, [ s, [ s, [ 5(83%), [(14%)

S S s, [ S s(100%)

t st t, ts t t t(96%)

tr apt, bts, pt, t k,p,st,3 k,p,t £(63%), p(32%), b(5%)

u u, i a,0,u u,9 1(70%), 1(10%)

u a, t,u, wa a,0,u u,9 u(77%)

v b,v h,v,3 v v(73%), b(12%), j (6%)

w w a, o a,j, ko0 p(50%), b(50%)

A s, [ s, [ S $(85%), [(10%)

7 7 e1,j,8[,3 a,d,ei],s904),3 z(100%)

i} m,y a,i,u,i m, 1,y 1(67%), m(33%)

Bl 0,u,0a a,0,0 0,9 u(51%), 0(27%), 0(22%)

o a, al, av, o, U, 0a a,0,0 a,j, ko1 v 0(55%), u(24%), 0(12%)

€ e, ea, je, jes, jest, jeste, se  a,e,1,j,1 a, e j,0,1 e(68%),1(13%), 1(8%), a(5%)
fN a,e i, ja, je,o ej a,ej e(64%), a(16%),1(12%), 0(8%)
g ag,k, g d, %, 9,3 k,g g(72%), k(25%)

1 dse, jj e 1] e 1] j(25%),1(25%), e(25%), d(25%)
n m, mn fi,m,n,i m, 1, p m(60%), n(20%), j(20%)

r ar,r, [ o,1,8,[ r n(60%), £(30%), [(10%)

[ af, stl, ¢, . [t 5. 5] [(95%)

4] au,u a,0,u 0,1,0 u(94%)

£ ie,j,1 fjv 1 1(40%), j(40%), £(20%)

3 b,s,3 )3 es,[,3 3(93%)

3 7,3 d,ej,s,v,[,3 ejors/[ 3(71%), 2(29%)

TaBLE D.11: Phones predicted by our different models with a confidence above 0.05, from Italian
to Romanian. In parenthesis, the actual frequency of the different target phones
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aligned with the input phones in the gold data.



D.5 Raw phones correspondence predicted

D.5.3 From Portuguese

Portuguese to ‘ Spanish

Phones | smT M-NMT+m M-NMT+m+shared_emb  Gold

a a, al, ka, la, na a a a(99%)

b al, b, bl, ep, leB, B b,p b,p, B B(66%), b(32%)

d d b,d d 3(56%), d(42%)

e e € a,b,d,eljg]j e e e(48%), £(43%)

f f f £(98%)

i e,i,il, in i i i(86%),§(7%)

j ij i eij e §(94%)

k k k k(98%)

1 el 1 LA L4 1(94%), £(5%)

m m m m m(98%)

n n m,n,n n n(97%)

o lo, 0, we, 0, or 0, W,0 0,1, W, D 2(51%), 0(35%)

p p P p p(99%)

T r T, ¢ a,i,],m,n,r,u,0,&r £(100%)

S s, sja, 0 s,0 s, 0 5(53%), 0(46%)

t t t t (99%)

u 0,1, ulo, un, 5, on 0,1u,2 0,1u,0 u(42%), 0(30%), 0(24%)
a u 0,1u,2 0,1u,0 1(92%), 0(8%)

v b, be, ben, e, B b, f b B(66%), b(32%)

w 1w a, b, f,luw a,f,ko,t,uw,0o 1(48%), w(38%)

Z ks, s, 0 s, 0 s, 0 5(85%), 0(13%)

i} n, na, nac m,n, € m,n, 1,1 n(85%), m(8%), 1(5%)
v a, al, ana, la, na a a a(98%)

® a,ana a,b a a(58%), j(34%),2(7%)
a a,na a a a(100%)

b} 0, We, Wo, 0 0, W,0 0, W, 2(70%), 0(19%), e(5%)
£} b,d, e p.L,c a,beflprerc 0(50%), e(25%), €(25%)
€ e, ek, inje, je,nje,e  a,b,ei,j, € j eije £(49%), €(47%)

9 9¥ k g,y kg, ¥ ¥(68%), 9(28%)

i e e e1,j,&] e e e(71%), £(25%)

1 a,ei,nnjr[,0 a,ef,i,j,1,msx] e1,j,1s%x¢€97Y,] £(37%),1(12%), n(10%), 1(8%), 0(6%), j (6%), €(6%), 0(6%)
n en,m,n aef,i,jmneyn nn n(56%), n(36%)

1 er, ¢ I, g ¢ T, r £(99%)

¢ I rr r,c £(99%)

B r,re r T, r(99%)

I es, s k1p,s x40 s 5(85%), 0(8%)

[ jo,lo,0 f,i,0,u,w,0 0,1u,0 0(89%)

[ no, on f,i,j,0,u,0 a,e1,n,0,u,0,¢ 0,0 2(71%), n(19%), 0(7%)
£ Lx £ £i,1 L& x(50%), 1(33%), £(17%)
3 S, X £1,j,%] k,s,%,9,5,0 x(80%), s(8%), j(7%)

TaBLE D.12: Phones predicted by our different models with a confidence above 0.05, from Por-

tuguese to Spanish. In parenthesis, the actual frequency of the different target
phones aligned with the input phones in the gold data.
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D Interpretability

Portuguese to ‘ Italian

Phones ‘ SMT M-NMT+m M-NMT+m+shared_emb  Gold

a a,a: a,a: a,a a1(66%), a(33%)

b b,p b,p b,p b(73%), p(13%)

d d,di, t d,v d d(71%), t(26%)

e a,de, e, e, le, ne e el i v, g el a,e eyl g €r e(53%), £(21%),1(7%)

f f, ff f f £(98%)

i e i,in, i i i i1 1(64%),1:(21%), €(9%)

j i e 1,11 ar,d, e e i, inj, v, € €0 1(72%), s(12%), 3(9%), [(5%)

k k, kw k k k(95%)

1 1,le,llo 1 1 1(97%)

m m, mm m m m(99%)

n n,nn m,n, 1, n m,n n(98%)

o alo, 0,01,0,00 0,05, 1,5, W,0,0L,U 0,041,204 U 01(36%), 0(22%), 01(19%), 2(12%), u(7%)
p P, pr p p p(92%), p:(7%)

r r r elor r(100%)

s s, ss, tf S S $(69%), [(19%), t(5%)

t t t, 2 t t(88%), t:(11%)

u o 0,1,1,0,01, U o,u,uz, 0,0 0(50%), 6(21%), u(10%), 2(8%), u(6%)
a o,u o,u,u, U o,u,uz,0,U 0(61%), u(21%), 1v(14%)

v v, ve, ven f,v b,v v(87%), b(7%)

w d,di,l,w f,1,o,w,r,u a,ank,0,0nu,us,0,0, 6 W(59%),1(29%), d(6%), 5(6%)
z d,dz, s, tf, tfi, 2,01 d,iLnr1,st,2[ d, s, t,z 7(78%), [ (6%)

] 1, ne m, n a,m,n,1,n n(93%)

v a,la,na a, ax a a(97%)

© a,ax, va a,ai i a,a a(50%), 0:(28%), ax(12%), 1(7%)
a a,ar a,a a,ar a(50%), ax(50%)

B} 0,9,01,0:do, ozla f,o,05,u, w,0,0L,U0 0,0, W,0,0L, U 2(45%), 0(26%), 01(22%)

° d,t T a,anelorsve [ t(50%), d(25%), 0(6%), 1:(6%), e(6%), a:(6%)
€ ane, ¢, e, ing, ne, g, €1, extro  ar, e e5,i, i, j, v, e, €1 a,a5eex1,j, € €1 £(45%), €1(32%), e(12%), e1(7%)
g k g, gw kg kg g(74%), k(20%)

i e, ine, le, 1 d,ee;nfi,v a,e e5i,0,¢ € e(80%),1(7%)

I a,d,dze, 1,5, ve, 1 a,b,d eiosve a,d,e i iy, € [,3 1n(20%), £(18%), €(16%), t(7%), 1(7%), d(7%), a(5%)
n 1, ne, n, nj f,i,, m,n,v,n a,m, 1, 1,1 1(59%), n(36%)

1 dere, nere, re r r r(98%)

¢ r r r r(98%)

¥ r,Ie r r r(73%), £(24%)

) s, tfe kpst €,0,8 $(81%), [(12%)

4] lo, no, o, olo, ro f,0,u,uz, w,0,01, 0 0,01,1,z,0,0, U 0(94%)

G 1ne, no, o:ne, dine fn,v b,n,0,v,u e(63%),0(20%), 01(14%)

£ 1i, £ il 1 £(86%),1(14%)

3 dz d, fs,v d,s 3(76%), 2(8%)

TaBLE D.13: Phones predicted by our different models with a confidence above 0.05, from Por-
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tuguese to Italian. In parenthesis, the actual frequency of the different target

phones aligned with the input phones in the gold data.



D.5 Raw phones correspondence predicted

Portuguese to ‘ French

Phones ‘ SMT M-NMT+m M-NMT+m+shared_emb  Gold

a a,at, e a,0 a a(51%), e(33%), £(9%)

b b b,p b,v b(94%)

d d,t d d d(81%), t(15%)

e e il e ek d,ei,jLv,0¢€ elje e(30%), (29%), £(24%),1(6%)

f ffi f f £(100%)

i e 1,1k i ei 1(74%), £(10%), e(7%)

j ij,n defij 53 a,elje 8(60%), j(40%)

k k, k3 k k, k(97%)

1 1 1 1 1(99%)

m m, ma m m m(98%)

n n n n n(92%)

o Py, 080 w,Yy,0 b e(23%),2(23%), y(13%), 0(13%), 3(10%), u(8%)
p p, pa p P p(98%)

s ks, s s s 5(96%)

t kt, t t t £(96%)

u v, vk, 0 y w,y,0 2(41%), y(40%), 5(9%)

a w,¥,0 y, & 0,y,0 5(45%), y(18%), 62(9%), €(9%), (1(9%), 2(9%)
v b, de, f, v b, f,v v v(60%), £(21%), b(12%)

w Ly,e f,Luy a fiko,y,0 1(88%), t(12%)

z S, 2,9z DS, 2,8 $,%,3 %(81%), (8%), s(6%)

i} m,n, m,n n,4n n(30%), k(20%), g(20%), p(10%), m(10%), ¥(10%)
® a, ak, al a a a(88%)

© jd a,b,j,0,d¢e a j(54%), ci(38%)

a a,ne, e a a a(67%), €£(22%), 0(11%)

b) 0,wa, o b} b 2(89%)

) ) B d,ej,Lnstv,53 4(50%), €(50%)

€ e ne, g, ek ei elje £(65%), €(30%)

9 kg3 fkg 9.3 9(67%), k(13%), n(8%), j(5%), 5(5%)

i e, jasjd, g, ek, e e i€ e0,€ e(44%), £(36%),1(9%)

I kp3 fijkmsyeé adeijvels3 k(40%), y(10%), p(10%), 1(10%), a(10%), (1(10%), 3(10%)
n n fin,n n,dn n(60%), n(40%)

1 toes, B, va, sal, patif B B (89%)

r B B ¥ B(95%)

B B ¥ ¥ B(100%)

I s kops,[ s, [ $(81%), e(5%)

U aze ikl osges € fkmy,o k,0,y,0 0(20%), 1(18%), y (10%), 0(10%), £(10%), 5(8%), 1(7%), a(7%)
[ 5 f,ir,n, & b,f1,j,n,8v,y,0 5(98%)

£ BiLLY 1 1 1(71%), j(29%)

3 3 3 3 3(91%), s(6%)

TaBLE D.14: Phones predicted by our different models with a confidence above 0.05, from Por-

tuguese to French. In parenthesis, the actual frequency of the different target

phones aligned with the input phones in the gold data.

233



D Interpretability

Portuguese to ‘ Romanian

Phones ‘ SMT M-NMT+m M-NMT+m+shared_emb  Gold

a a a a a(93%)

b b, p, po b b b(719%), p(24%)

d d, t,z d,z d,z t(49%), d(42%), z(8%)

e a, e ea, je, jede, o d,ei,j,Ls,v,[,u,53 aeijoi e(63%),1(24%), a(7%), 0(5%)

f f f £(100%)

i e eg,1,j,je 8j,0 j a,e1,j 1(54%), €(21%),0(10%), j(7%)

j j .l a,€,j,v,3 j(60%),1(20%),1(20%)

k k k k k(95%)

1 1 1 1 1(82%), £(8%)

m m m m m(93%)

n n m,n, i n n(100%)

o a,o,u,ul,o a,0,0 a,0,0 u(51%), 0(30%), 2(9%)

p p p p p(100%)

s s, 89, sod, tf, [ s s $(67%), [(33%)

t pt, st, t, ts pst t £(99%)

u juo, 0,4, ud, un, uo a,d,ju a,j,u,w,0,0 u(79%), 0(12%)

a u u u u(100%)

v b, v, ve v v v(66%), b(17%)

w a,d,de v a,d,fj,124973 a,j,0 t(25%), p(25%),1(25%), d(25%)
z s, ts, tf s, [ s, [ $(55%), [(36%),1(9%)

] n, ne m,n, i n n(80%), m(7%), 1(7%)

® a,19, 19,0 a a 2(66%), a(17%), e(13%)

© a, an, i, ino a a a(40%),1(37%), u(10%), y(7%), o(7%)
a a,0 a a a(80%),0(20%)

b} ar1,0,0d, u, 0a 0,0 a,0,d 0(44%), 0(31%), u(19%), 1(6%)

) k r a,j k(33%), d(33%), 0(33%)

€ dze, e, ea, je, se, sea ej, v a,ej e(95%)

9 kg d k9,3 g k(48%), g(48%)

i €9 dyejsv,[ 3 ae,j e(82%),0(9%)

1 d, de, dze, n, p a,d,f h,j,losv,3 eijoi e(29%), 1(21%), u(8%), p(8%), a(8%)
n n f,i,m,n,i m,n, i n(100%)

1 a, are, de, dea, j, ne, r r a,r r(60%), j(12%), £(9%), d(5%)

r nr, 1,0 r r r(69%), £(26%)

B r r r r(71%), £(19%), j(10%)

) as, s, st, tfe s s $(73%), [(16%)

U a,d,in,n,r,u,v,0,9,u a,dfjosuv,s3 a,j,0,1,9,9,U e(21%), v(21%), u(15%), r(9%), n(9%), 2(9%), a(6%)
G n, ne, no, me fnvi a,i,ntuv,yio n(38%), e(25%), u(12%), 1(12%), 0(12%)
£ 1 e1,j,13 1 1(50%), 1(50%)

3 ds, s, st, 3 h,3 d,s, v,z [,3 3(819%), s(14%)

TaBLE D.15: Phones predicted by our different models with a confidence above 0.05, from Por-
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tuguese to Romanian. In parenthesis, the actual frequency of the different target
phones aligned with the input phones in the gold data.



D.5 Raw phones correspondence predicted

D.5.4 From French

French to | Spanish

Phones | SMT M-NMT+m M-NMT+m+shared_emb  Gold

a a, ado a a a(94%)

ar a a a a(100%)

b b, bo, Bjo, Bo b,B a, b, f kB B(67%), b(30%)

d d, do, jo, djo, o d d 0(53%), d(43%)

e ad, ado, ar, e a,b,d,ei,j,0,¢ b,e,k, p,s € 4,j,0 e(42%), a(33%), £(18%)
f f, 0, Bo f,i,u f,o,u,0 f(77%), B(20%)

i i,ia, io, ito, 0o, ja i i 1(92%)

j j,jo,lo a,e i j,Louwoe aeijls¢rj0 j(85%)

k k, ko k k k(92%)

1 1, 1a,le, 1jo, lo L& 1 1(93%)

m m, ma, me, mo m m m(98%)

n n, na, no n b, m, n n(93%)

o al, au, 0, wo, o a,0,1,9 k,0,w,0 0(48%), 1(28%), 0(16%), a(8%)
p p,pa k,pt & p p(94%)

S es, s, se, 80, 0, 0jo k1 st 60 k,s, 0 5(53%), 0(41%)

t t, ta, te, tjo, to t t £(83%), 8(13%)

u e£0, 0,00 0,1,0 0,1,0 0(64%),0(21%), u(14%)
v b, B, Be, Bo b b B(58%), b(40%)

w €0, re a,ei,n,019¢f 0,1,0 £(40%), w(20%), t(20%), 6(20%)
y 0,1, udo, we, wo 0,1,0 0,1,0 u(79%), 0(10%)

z s, sis s, 0 S 5(83%), 0(10%)

d ta, to kt d,t £(50%), 0(50%)

[o] 0s0 a,0,1,9 0, W,0 0(83%), e(17%)

e add, o o,1,9 0,2 2(82%), 0(9%), a(9%)
é& une, uno, unos 0,1,9 u,0 0(50%), e(25%), £(25%)
a an, ano, ante, jento, ente, ento  a, e a, e £(58%), a(40%)

b} 0,0,0n 0,1,0 0, W,0 2(51%), 0(45%)

5 on k,n,0,u,0 0,1,0 2(86%), u(7%)

£} a, e a,efij,LosufB abee e(90%), a(10%)

e a, ajja, e, es, eso, eto, 0, € a,ei,p,eg0 e € e(44%), £(36%), a(14%)
el el a a,b,e €] a(100%)

é ano, in, ino i a,i,m,eg,[ 1(89%)

g 9, Y, ¥a, Yo k gy kg v 4 ¥(58%), g(31%)

1 i e iu a,ei,j,Lps [ 5,0 1(100%)

n nja, na n, &N b, m,n, p n(50%), n(50%)

B ar, par, r,1a, r, ra, re, £jo, ro, ro  a,d, 1, &, ¢ r,r £(79%),1t(9%)

) esk, k, pjo Lk t,[] k k(50%), s(25%), j(12%), [(12%)
3 X, X€, Xjo, YO £ix9i ekl x9y x(69%), j(10%), y(7%)
0 t t t,0 £(100%)

TaBLE D.16: Phones predicted by our different models with a confidence above 0.05, from
In parenthesis, the actual frequency of the different target

French to Spanish.

phones aligned with the input phones in the gold data.
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D Interpretability

French to ‘ Italian

Phones | SMT M-NMT+m M-NMT+m+shared_emb  Gold

a a a,ar o a,a a(79%), a:(14%)

ar a a,ar a,ar a(50%), a1(50%)

b b, bo b, v a,ai b, fkki,v,g b(87%),3(6%)

d da, de, dia, dine, dio, do d d, f d(95%)

e a, aire, ¢, ere, iire, kaire, gaire aneeliinjonv,eer aalneenijop,st e(64%), a(10%), €(9%),1(7%)

f f,vo £(76%), v(20%)

i e 1,1a,i:a,0 aneeniinj g e i,ix 1(73%), 1:(15%)

j i,le, llo a,e,1,0,1,8& U a,a; d, ik, s, t, t;, w 1(49%), j(10%),2(9%), r(9%), [(7%)

k ko a,d, k o,8tt1,9 k k(81%), t:(5%)

1 ile, la, le, lle, lo a;lo,8,v, &0 1 1(93%)

m m, ma, me, mento, mo m m m(98%)

n 1, na, ne, no n,y a,b,m,n,n 1n(92%)

o av, lda, o, passe, 0, 0:ko a,a:0,0,1u,u;,0,0, 0 & a5k, 00500 0(23%), u(23%), a(13%), 0(13%), 0:(10%), €(7%)

p p, po p p p(91%)

s s, sa, 50, tfe, tfo s, t,2 s, t s(73%), [(17%)

t ta, te, to t, tr t £(88%), t1(5%)
o, ollo, uzpo 0,01, 1, Uz, 9, 91, U 0,0, 1, 1,9, U 0(57%), uz(14%), 0(14%), 0:(10%)
v, Ve, VO v a,a; b, by, fv,w, e v(92%)
e el ar e el i, i j,0,0n€ € a,alne 0,01, W,0,0I £(25%), 1(25%), d(25%), 5(25%)
0, u, usto, uze, w:to, v, vo u,u, U o,u, U, U 1(48%), u(22%), 0(11%), uz(10%)
dszo,z s,85,2, [, [ d,s, t,z 7(79%), 3(8%), 5(5%)
to t, t: a,d,e fim,o,t £(100%)
ko, 0:zo 0,01, 81, 1, Uz, 9,00 €,0,05,8,0 0(47%), 01(37%), €(11%), 0(5%)

DU SEE N@ R MO U &S QYO AN g <

ator, o1, tor, v

ume, wno

a

a, ante, ente, ento, ne, ente, ento
o

o, onko, onno, onte, o:ne, oine
a,e €

a, e, et:o, g, eti0

ar

amo, im, in, iine, imno

9,9a, 9o

1

nia, pja

dere, ere, 1, ra, re, ro

ko

dz, dzo

t

0,01, 1,112, 9, 9%, U
o,u

a,aie 0,00
a,ale

0,01, 1,11, 9,91, U
n,0,0:;, 1

e, e, i1,0,01,v,0,€ €1

a,al e el o€ el
a,a:

a,ard, e erinoen
k1,9

e d,inu,1

n,n

e

d, ks, t,t1,9

d,v,g

t

0,010
u

a,a;no

a

0,01,9,04, U

a,0,1,0
a,anej,lorsv,e
a,al e el j, 0,8 €€l
a,al e el j,s,w,e e
a, i, i

fk g

aa;d, ik psttng
a,an, b, m,n,p,n

T

a,aid, k,n,0,0,p,s,t
d,fkvg

es,t

0:(64%), 0(7%), €(7%), a(7%), 15(7%), 0:(7%)
u(33%), 0(33%), e(33%)

(100%)

a(35%), e(29%), £(29%)

0(62%),2(19%), 0:(10%), 0:(5%)

0(41%), 0:(38%), 0:(14%)

e(53%),1(13%), a(13%), £(13%), 0:(7%)
e(38%), £(22%), £:(12%), a(11%), a:(8%)
a1(100%)

1(74%), 11(9%), e(5%)

g(86%), t(5%), k(5%)

i(100%)

n(50%), n(50%)

1(90%)

k(50%), s(10%), p:(10%), n(10%), g(10%), [(10%)
3(70%), 3:(11%), £ (7%)

£(100%)

®

TaBLE D.17: Phones predicted by our different models with a confidence above 0.05, from
French to Italian. In parenthesis, the actual frequency of the different target phones
aligned with the input phones in the gold data.
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D.5 Raw phones correspondence predicted

French to ‘ Portuguese

Phones ‘ SMT M-NMT+m M-NMT+m+shared_emb  Gold
a,auv,e a, .6 u a,e ©(66%), a(25%)
a,e a,e,® a,e,® a(67%),(33%)
b, bju, bu b,v b,p b(79%), v(17%)
d, dje, de, di, du d d d(95%)

U SR T@ M ® 0 O g QO N g4 g TUTOBSE TR AT

adi, adv, a1, eq, a1, ir,
f,vu

i,idw, itw, ie

1,18, ju, lu, €, Lv
k, ke, kv

eu, 1, le, lu

m, me, mi, mu

1, na, ne, nv

auv, al, v

P, Pju, pi, pu

8, siv, sje, se, su, |
t, te, ti, tu

obu, u,0

v, Ve, Vi

1,9, 1€

u, udw, uge, ui, us
z, Zje

eu, 0zu

do, o,edo

uni, unv, ayf
emti, emto, eyti
0,1,

opku, tiy, ayde, tpkv, var, §

e e, i

a,e ene e i,0
e

inv, in

9, 9ge

i

ne

1, 1, 1U, £jU, re, £9su, LU, B, Be, Bi

ak, [
gu, 3, 3jU, 3t
t

a,d,e il s v,eet
f

eiu¢gt

e im0t 10,81
k

1

m

n

a,0,1,®%,%,a,0,0
p.J

8,%,3

t

o,u,1,2,U

v

a, e 1,0,1,v,0,&11
o, 1,1

b,k 0,81,249,/,v,3
0,1,9,U

0,1, 1,9

o,u, 1

a,e e ® q¢
0,1,1,9,U

o,u, 1
a,d,ei,1,8v,z¢1
a,el,ee¢ i

a,e e u
e,1,0,u,81

¢]

i

n,L,n

L0,

k[

k9,3

t

eikpsv,e91[

i
a,¢,1,j,89,43

1

m
n,p
a,0,0
P
s,7,[
t

o,u,1,0

v

o,1,1,0

u, 1,0

%3

k,o,p,0o

0,0

o,u, 1

0,0

o,u,0,%
a,b,ei v, g9,
el e

a,e et

e i,

9

el jpeegis
b,e,n,p,e,8n
Y

kp,s, [

93

s, t

a(25%), €(24%), #(21%), 1(15%), £(9%)
£(74%), v(23%)

i(88%)

8(53%),1(24%), j(7%)

k(88%)

1(82%)

m(95%)

n(82%)

u(30%), 5(30%), 0(22%), 5(13%)
p(93%)

s$(76%), [(21%)

t(89%), d(9%)

u(60%),0(30%), 2(10%)

v(96%)

v(20%), e(20%), d(20%), 1(20%), £(20%)
u(82%), v(6%)

2(86%), t(6%)

15(73%), 0(9%), €(9%), 0(9%)
0(91%),e(9%)

11(25%), 0(25%), 5(25%), (25%)
e(50%), ©(41%)

u(57%), 2(33%), 0(7%)

6(55%), u(20%), 1(9%), 0(8%)
(56%),1(12%), i(12%), 2(6%), £(6%), ©(6%)
e(29%), 1(29%), £(20%), a(9%)
a(100%)

i(77%), €(10%)

9(92%),1(8%)

i(75%), ©(25%)

1(100%)

1(40%), £(40%), ¥(14%)

k(71%), [(14%), £(14%)

3(78%), 9(8%)

£(100%)

TaBLE D.18: Phones predicted by our different models with a confidence above 0.05, from
French to Portuguese. In parenthesis, the actual frequency of the different target
phones aligned with the input phones in the gold data.
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D Interpretability

French to ‘ Romanian

Phones ‘ SMT M-NMT+m M-NMT+m+shared_emb  Gold

a a,0 a a a(57%), 0(17%), e(13%)

b b b,v b b(100%)

d d, de d,v d d(90%), n(10%)

e a, e, ea, je, s, vale a,d,ej,s, [ a,ej,kosv,[ e(63%), a(21%), 3(5%), 0(5%), j (5%)
f fv (88%), v(12%)

i e is e[ eij,0,1 1(52%), €(26%), j(9%), 2(9%)

j j0 a,e i, j,s,1u,9,[ a,e1,j,0,51,0,4 [ 5(50%), j(25%), [(25%)

k k d, k1, t,u k k(87%), t(7%), j (7%)

1 ale, 1, 1o, 1, r0 a,e i jlLu3z 1 1(69%), r(10%), j(7%), £(7%)

m m, M, omo m m m(95%), n(5%)

n n,no n m,n n(80%), m(10%), £(10%)

o a, al, 0, ou, pasore a,0 a, ko0 0(33%), a(33%), u(17%), 0(17%)
P p p p p(89%), t(11%)

s as, s, sot, tf, tfe, [ s, [ s S(50%), [(39%), t(6%), r(6%)

t st, t, to t t £(87%), n(9%)

u 0,0j, u, ul, up 0,1 a,0,1,9 1u(80%),0(20%)

v b, be, v v b, £k, v v(69%), b(19%), s(6%), j(6%)

w e a,d,ej,0,8v,y,u ajkosuoiuv e(40%), w(20%), j(20%), 5(20%)
y 0j, u, ur, ut o,u 0,1,0 u(83%),0(8%), €(8%)

z s st Lr,s,t,1[ $(40%), b(20%), 3(20%), [(20%)
[o] k a,j,0 k0,8 0(100%)

e o o ko 0(100%)

a an, en, im, n, nt, in a,e j,ns o4 a, i 1(36%),1(29%), €(21%), a(7%), o(7%)
p) 0, Vo, 0a 0,0 k,0 0(67%),0(22%), 0(11%)

3 te, ump, un n,o,t,u u u(33%), e(33%), 0(17%), 2(17%)

) a,eje isv, [ a,j,v e(50%), a(50%)

€ a, ale, e, ea, eto, je, jeste, sea, va, o  a,e,j,s,t, [ a,e,j,0,0 e(65%), a(17%)

€ e a a,ej a(100%)

€ im, in, yu, 0a, o0am, oame, in a,i,j,n,z ii 1(57%), y (14%), a(14%), 0(14%)

g be,g d,e i 01,19 kg g(50%), t(17%), d(17%), b(17%)
B I, T, £ r T r(65%), £(12%)

3 dike, dzi, ib, z, go d,v,3 d, ks, t,2/[,3 3(44%), z(11%), j (11%), g(11%), d(11%), b(11%)

TaBLE D.19: Phones predicted by our different models with a confidence above 0.05, from
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French to Romanian. In parenthesis, the actual frequency of the different target

phones aligned with the input phones in the gold data.



D.5 Raw phones correspondence predicted

D.5.5 From Romanian

Romanian to ‘ Spanish

Phones ‘ SMT M-NMT+m M-NMT+m+shared_emb  Gold

a a,ar a a a(78%), (9%), €£(9%)

b b, B, Bjo, Bo b,p b, B B(67%), b(26%)

d d, da, do, do b,d d,ie d(53%), 0(19%), n(8%), 1(6%)

f f f,i a,fi,0,u f(90%)

h b,k a, b fikoptud aefijkxgyi k(50%), b(50%)

i a,el,ir ja, je je, i, e  a,eij e ei,j,1 1(60%), £(20%), e(9%), j (5%)

j ij,Le¢,3,0 aeij,0,51u90¢6B aeijkleyr) j(23%),1(18%), £(14%), §(9%), B(9%)

k ko k k k(74%), y(19%)

1 1 LA 1 1(80%), £(18%)

m m, mo m m m(94%)

n n, njo, no n n n(87%)

o 0, uno, we, o 0, W, 0, W, 0(32%),0(25%), €(22%), u(8%), €(8%)
p p, po P P p(71%), B(16%), t(8%)

T lo, 1,10, 01, T, r T,0,r £(77%), r(17%)

s s, s, S0 s S S(88%)

t kto, t, te, to, tro, 30t t t(62%), 3(20%), d(5%), 0(5%)

u o, tu,u,0 0,1, 0,1, 1u(35%), 0(30%), 0(25%)

v b b a,b b(83%), B(8%)

w u,w, £ 0,1,0 0, W, w(33%),0(33%), £(33%)

y a, an, ad, en a 0o,1u,0 a(75%), e(25%)

z d,dj, p,s, 00, ] a,b,d,eioegj d,e, k,n,p,s,t,x,0 d(33%), s(17%), £(17%), j (17%), d(17%)
] n, 1, ey fk,m,n,n,gy,n m,n,1,n 1(44%), n(22%), n(22%), 1(11%)

B} 0,1, W,0 0, W,0 0, W,0 w(42%), 0(37%), 0(16%), u(5%)

9 a a, el a,beji a(81%), e(9%)

9 9,90, Yo kg k g,y 9(48%), Y(29%), j(10%)

i a, e, wa, e a,elo0¢€ aeljernj a(55%), £(24%), e(15%)

1 s, X0, 1, Bir aeiklostud aeijlxeyryj 5(25%), 0(25%), u(12%),1(12%), n(12%), 1(12%)
r Lr,c a,ei,lor,u0er Lrrc £(63%),1(28%)

) s k,s,0 s,0 0(56%), 5(23%), j(7%)

[§ o, Bo e,i,0,p,t,1u,0,u,0 0,1, W, 0(60%), u(20%), e(13%), 2(7%)

3 X, Xi, g a,efijsuxeb klsxgy4 x(28%), £(28%), t(11%), 0(11%), j (6%), g(6%), }(6%), O(6%)

TasLE D.20: Phones predicted by our different models with a confidence above 0.05, from Ro-
manian to Spanish. In parenthesis, the actual frequency of the different target
phones aligned with the input phones in the gold data.
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D Interpretability

Romanian to ‘ Portuguese

Phones ‘ SMT M-NMT+m M-NMT+m+shared_emb  Gold

a a,arLe a,e,® ae a(58%),(14%),6(8%), a(5%)

b b, by, v, vu b,v b,v,g b(58%), v(35%)

d d,de, du, v d d,f3 d(68%), 1(10%)

f f f f £(93%)

h kv b,d, k n,p,t,v,9,3 a,f ikt vegu v(50%), k(50%)

i e, el i, noy, d,i,j,n,0,t,1u,0,1,3 e 1 1(60%), €(27%)

j i,Lveqf d, e, i,n,0,u,10,v, i1 a,e1,},9,%¢€9,3 1(25%),1(20%), j(15%), v(10%), [(10%), B(10%)
k k, kv, gu k k k(74%), g(21%)

1 L1y 1 1 1(86%)

m m, mer, mety), ms m m m(95%)

n n,nu, 1, v n n 1(43%),n(33%)

[¢) 0,1, 11,9, 0 fo,u,1,0 0,0 0(40%), 1(29%), 2(20%)

P by, p, pu P p p(82%), b(13%)

r lu, 1, 00, £V, B, BU, U €, B L,y £(41%), 1(39%), B(15%)

s S, SU, ZU, [ S s,7,[ 5(48%), [(41%), z(8%)

t du, t, ti, tv, edu t t t(74%), d(25%)

u bu,m,0,om,u,0,v 0,u, 1,0 0,1u,9 u(53%), 0(26%), 65(5%)

v v, U v b,f v, e v(96%)

w o 0,1,1,0 k,0,u,0,v w(33%), u(33%), n(33%)

y e, a,d,e e g o,u,1,0 e(33%),€(33%), ®(33%)

z d, dju, dv d, 3 d,i,s,2,1,[,0,3 d(67%), z(17%), 1(17%)

i) , 11 m,n, 1,91 einy®iu 1(100%)

b} 0,1u,0 0,0 0,0 2(47%), 0(33%), u(20%)

) v a,d,v,e¢q,9,0 a,i,e i v e (72%),1(7%)

g VU, g, gu k,g g g(88%), v(6%), m(6%)

i ei,e @ a,d,e,n,o,u,0,e,%a adeiveeiv ©(47%),1(32%),1(11%), €(5%), ©(5%)
I S a,d, e inou®10u eij, 8¢ u(17%), ©(17%), [(17%), £(17%), 2(17%), £(17%)
r b, L, a,d,e 1 t,ueru Leo,u £(64%), 1(12%), B(9%),1(6%), b(6%)
) s, [ 8,3 s, [ 8(69%), [(21%), z(10%)

U VU, U d,n,o,t,u,0,v,8, v  kouou 65(50%), u(14%), v(7%), 0(7%), §(7%), €(7%), 1(7%)
3 a,3 s,3 9,3 3(95%), 1(5%)

TaBLE D.21: Phones predicted by our different models with a confidence above 0.05, from Ro-

manian to Portuguese. In parenthesis, the actual frequency of the different target
phones aligned with the input phones in the gold data.

Romanian to ‘

French

Phones | smT M-NMT+m M-NMT+m+shared_emb  Gold

a a,e,0,0,€ a a a(50%), £(18%), e(11%), 0(7%), 9(7%)

b b,v bk 3 b, f kv b(40%), v(30%), z(10%), g(10%), 3(10%)
d d d d d(67%), B(17%), 9(8%), 5(8%)

f f f f f(100%)

i i eijgé eijo i(61%), £(28%), (i(11%)

j a,iiv,j, v, ¥ efijLv,0¢€3 a,e i jwe j(29%),1(14%),1(14%), w(7%), v(7%), k(7%), €(7%), 5(7%), B(7%)
k k k k k(87%), (13%)

1 1 1 1 1(95%)

m m, me m m m(100%)

n an,m,n,§ n n 1n(69%), t(19%), m(6%), 5(6%)

o jou,w,wa, o 0,1Y,08,0 b} 2(41%), u(12%), 0(12%), e(6%), a(6%), 6(6%), ce(6%), 5(6%), £(6%)
p p p p p(100%)

r Ly B B B(88%),1(9%)

s S, z,ze S, 3 s S(58%), z(16%), j (11%), B(11%), v(5%)

t st t t t(77%)

u u,y,o- u,y,® u,y,0 v(48%), u(28%), 5(8%)

v de, v v,3 f,v v(85%), £(8%), B(8%)

W w uy 0,y,9 w(100%)

y y a,dkntogs/] ouyo a(50%), €(50%)

z 3 d, 3 d,s, 3 7(50%), 3(50%)

i) i} k,m,n,g m,n, d

p) p) wy,o p) 2(100%)

£} apin, wa, €, sal a,e1,j,ls,y,9¢€ a,eij Lo a(25%),1(19%), e(12%), £(12%), 0(6%), 5(6%), (1(6%), 2(6%), £(6%)
9 9 kg 9 9(67%), k(17%), 3(17%)

i i a,e1,0,t,y,0€¥ a,elije G(86%),1(14%)

1 1 a,i,j,Luy,z0¢ a,e1,j,w,do0¢ j(100%)

r n, B a,ilo,uy,0¢8 ¥ 8(62%),1(25%), n(12%)

I p,s s,z,[ s s(78%), z(11%), j (11%)

v 1 Lkntuwyde ouy,o 1(100%)

3 3 3 3 3(67%), 2(17%), 1(17%)

TaBLE D.22: Phones predicted by our different models with a confidence above 0.05, from Ro-

manian to French. In parenthesis, the actual frequency of the different target
phones aligned with the input phones in the gold data.
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D.5 Raw phones correspondence predicted

Romanian to ‘ Italian

Phones | smT M-NMT+m M-NMT+m+shared_emb ~ Gold

a a, amre, vaire a, ax a,ar a1(44%), a(37%), e(10%)

b b, bio, bo, vo b, b, f,p,v b, f,v b(68%), v(20%)

d d, do d d, f d(91%)

f f f f £(98%)

h v b,d, £k ki, ps t;,v,g a,ai b, f k ki v,g v(100%)

i a, e i,io,iire,ro, e a,are e i inun e L0 edinj e 1(50%),1:(19%), e(12%), £(7%)

j ire, re, € a,aie el j0,0L,€ €  aalnee,jowong er 1r(35%),1:1(12%),1(10%), v(8%), j(8%)
k k, ko k(87%), g(9%)

1 1, 1a,llo 1 1 1(84%), j(8%)

m m, me, mo m m m(89%)

n 1, ne, no n a,m,n n(86%)

o 0,0,00 0,01, UL, W, 0,01 0,01,9,0! 0:(28%), 0(21%), 0:(21%), (19%)

P P, po P m,p p(85%), t:(5%), p:(5%)

T lo, 1, re, ro, rro ijr r r(96%)

s s, 810, S0, 20 s S $(76%), z(15%)

t t, te, to, tro 6t t 6(85%), t:(7%)

u 0,9, U, U0 0,01, 1, U1,0,05, U 0,1,z,0,U 0(39%), u(17%), 1:(10%), 2(10%), 1(8%), 0:(6%), 0:(5%)
v v b, fv a,b,fv v(97%)

w 1,01, uz, o1 0,1, uz,9,0., U f,k, 0,05, u,u;, w,0,05, 5 1(100%)

y ax, er a, a0 0,01, 1, 1,9, U e1(50%), az(50%)

7 d, dj, do, tso d, f d,n,s,t,2 d(42%), s(17%), z(8%), 2:(8%), } (8%), 5(8%), 3:(8%)
] n,y k,m,n,1,g9,n a,m,n, g n(64%),1)(36%)

B} 0,0 0,01, UL,0,01, U 0,01,0,0! 2(52%), 9:(22%), 0(9%), 0:(9%)

£} a a,ar i, 0,00 a,alelosv,w a(72%), e(12%), 1(8%)

9 Vo, 9,90 kn,g kg 9(85%)

i a,i a,al i, 0,u,u 0! a,ale el i, i j g e a(40%),1(29%), u(7%), a:(7%)

1 j, L njo, £o a,ane eyl inoun g er  aaneeiinjweer 0(33%),1(17%), j(17%), £(17%), 1(17%)
r Lr a,aij,0,0,T,u;,0,0L,U T r(71%),1(21%), £(5%)

) s, tfo ist s, [, [ J(61%),5(27%)

U 1o, 0, VO f,1,i;, m,0,p,us, v,0,v f,o,u,w,0,01,0 0(62%), n(15%), u:(8%), 0:(8%), m(8%)
3 dz, 3 d,s, v d, k t,9 3(67%), 3:(19%), 1(6%)

TaBLE D.23: Phones predicted by our different models with a confidence above 0.05, from Ro-
manian to Italian. In parenthesis, the actual frequency of the different target
phones aligned with the input phones in the gold data.

D.5.6 Custom cost function

When aligning phonetized words, we wanted to provide the Needleman-Wunsch algorithm
with a custom cost function, reflecting phonetic similarity, and therefore being harsher on an
[a] aligned with a [b] than on a [p] aligned with a [b].

Each phone is associated with backness/height values for vowels and place/manner values
for consonants. Backness numeric values are 1 for front, 1.5 for near front, 2 for central, 2.5 for
near back, and 3 for back. Height numeric values are O for close, 0.3 for near close, 0.6 for close
mid, 1 for mid, 1.3 for open mid, 1.6 for near open, and 2 for open. Manner numeric values are
1 for nasals, 2 for stops, 3 for affricates, 4 for fricatives, 5 for approximants, etc. Places numeric
values are 1 for bilabials, 2 for labiodentals, 3 for labiovelar, 4 for lingualabials, 5 for dentals, 6 for
alveolars, 7 for postalveolars, etc.!

We consider thatif two phones are equal, unaligning them is costly (costof 15). A‘i’and a §’
phones are similar too (cost of 7). We convert other phones to their types (Vowel or Consonants),
and consider that they are very easy to unalign if they are of different types (cost of 0). For phones
(p) of the same type, we apply a scoring S, which, for vowels, is:

S(p1,p2) = 10 —5 % (| backness(p;) — backness(p,)| + | height(p;) —height(p,)|) (D.1)

'Full lists can be found at https://github.com/clefourrier/PLexGen/blob/master/language_
definition/phones/pulmonic_consonants.py.
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D Interpretability

And for consonants:

S(p1,p2) = 10 =5 (| place(p;) — place(p,)| + | manner(p;) —manner(p,)|) ~ (D.2)

D.5.7 Studied phone correspondences

In this subsection, we provide sound correspondence examples that we extracted for our phones
of interest. *

The file first level of keys is the phonetic context in Latin, with actual letters in small case,
uppercase ‘C’ to indicate ‘any consonant’, uppercase V' ‘any vowel, and the dash around the
context to indicate if the group is preceded/succeded (‘- before/after) or not (no dash) by other
letters. The second level contains 5 keys: ‘c’ for the character correspondence to the context in
Latin’s descendants, ‘p’ for the phonetic correspondence to the context in Latin’s descendants,
‘example’ for a use case, ‘origin’ for the source (either Dorman (2010) or Boyd-Bowman (1980)),
and ‘rule’ for the generality level of the rule (all consonants for ‘general’, p, b, v consonants for
‘PBV’ and t or d consonants for ‘TD’).

-sC-

c IT: “-sC-’,ES: ‘-sC-’, PT: “-sC-’, FR: -C-’

p IT: [(_)’ ls)y (C” ‘—y]’ES: [(_7’ (s” ‘C” (_J]y PT: [l_l’ ‘J‘)y (Cl’ ‘—y]’FR: [‘_7’ ‘C” (_)]
example ‘pescare, pascar, pescar, pécher’

origin ‘Dorman2010, 9|Bowman1980, 35’

rule ‘general’

sC-

c IT: ‘sC-"ES: ‘esC-"PT: ‘esC-’,FR: ‘C-’

p IT: [‘S” {Cl’ [—’]’ES: [l’e” (SYJ (C’y (_J]y PT: [li)’ (J‘)y {C)’ (—,]’FR: [(e” (C’y (_)]
example ‘spada, espada, espada, épée’

origin ‘Dorman2010, 9|Bowman1980, 35’

rule ‘general’

TaBLE D.24: Sample examples of the identified correspondences

“Thefullfileis availableathttps://github.com/clefourrier/selected-romance-sound-correspondences.
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If you read this far...

So long, and thanks for all the fish!

Adams (1984)

AH, NO=YOU WANTED AAJOMOLOGY-MAN,
SPELLED WITHAN N. SEE, IT% FRoM

THE GREEK EVTDMON MEANING “INSECT

s, WHICH 15 ITSELF THE NEUTER FORM OF
{ ENTDMOS, MERNING "SEGMENTED OR ..

Wrong superhero (XKCD 1012)
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RESUME

En linguistique historique, les cognats sont des mots qui descendent en ligne directe d'un ancétre commun, leur proto-
forme, et qui sont ainsi représentatifs de I'évolution de leurs langues respectives a travers le temps. Comme ils portent en
eux I'histoire phonétique des langues auxquelles ils appartiennent, ils permettent aux linguistes de mieux déterminer toutes
sortes de relations linguistiques synchroniques et diachroniques (étymologie, phylogénie, correspondances phonétiques).
Les cognats de langues apparentées sont liés par des correspondances phonétiques systématiques. Les réseaux de
neurones, particulierement adaptés a I'apprentissage de motifs latents, semblent donc bien un bon outil pour modéliser
ces correspondances. Dans cette thése, nous cherchons donc a étudier méthodiquement I'applicabilité de réseaux de
neurones spécifiques (inspirés de la traduction automatique) a la “prédiction de mots historiques', en nous appuyant
sur les similitudes entre ces deux taches. Nous créons tout d'abord un jeu de données artificiel a partir des regles
phonétiques et phonotactiques des langues romanes, que nous utilisons pour étudier I'utilisation de nos réseaux en
situation controlée, et identifions ainsi sous quelles conditions les réseaux de neurones sont applicables a notre tache
d'intérét. Nous étendons ensuite notre travail a des données réelles (aprés avoir mis a jour une base étymologiques
pour obtenir d'avantage de données), étudions si nos conclusions précédentes leur sont applicables, puis s'il est possible
d'utiliser des techniques d'augmentation des données pour pallier aux manque de ressources de certaines situations.
Enfin, nous analysons plus en détail nos meilleurs modéles, les réseaux neuronaux multilingues. Nous confirmons a
partir de leurs résultats bruts qu'ils semblent capturer des informations de parenté linguistique et de similarité phonétique,
ce qui confirme des travaux antérieurs. Nous découvrons ensuite en les sondant (probing) que les informations qu'ils
stockent sont en fait plus complexes : nos modéles multilingues encodent en fait un modéle phonétique de la langue, et
apprennent suffisamment d'informations diachroniques latentes pour permettre a des décodeurs de reconstruire la proto-
forme (non vue) des langues étudiées aussi bien, voire mieux, que des modéles bilingues entrainés spécifiquement sur
cette tache. Ces informations latentes expliquent probablement le succés des méthodes multilingues dans les travaux
précédents.
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Traitement Automatique des Langues (TAL), linguistique computationnelle, étymologie computationelle, re-
construction de mots historiques, cognats, traduction automatique neuronale

ABSTRACT

In historical linguistics, cognates are words that descend in direct line from a common ancestor, called their proto-form, and
therefore are representative of their respective languages evolutions through time, as well as of the relations between these
languages synchronically. As they reflect the phonetic history of the languages they belong to, they allow linguists to better
determine all manners of synchronic and diachronic linguistic relations (etymology, phylogeny, sound correspondences).
Cognates of related languages tend to be linked through systematic phonetic correspondence patterns, which neural
networks could well learn to model, being especially good at learning latent patterns. In this dissertation, we seek to
methodically study the applicability of machine translation inspired neural networks to historical word prediction, relying
on the surface similarity of both tasks. We first create an artificial dataset inspired by the phonetic and phonotactic rules of
Romance languages, which allow us to vary task complexity and data size in a controlled environment, therefore identifying
if and under which conditions neural networks were applicable. We then extend our work to real datasets (after having
updated an etymological database to gather a correct amount of data), study the transferability of our conclusions to
real data, then the applicability of a number of data augmentation techniques to the task, to try to mitigate low-resource
situations. We finally investigat in more detail our best models, multilingual neural networks. We first confirm that, on
the surface, they seem to capture language relatedness information and phonetic similarity, confirming prior work. We
then discover, by probing them, that the information they store is actually more complex: our multilingual models actually
encode a phonetic language model, and learn enough latent historical information to allow decoders to reconstruct the
(unseen) proto-form of the studied languages as well or better than bilingual models trained specifically on the task. This
latent information is likely the explanation for the success of multilingual methods in the previous works.

KEYWORDS

Natural Language Processing (NLP), computational linguistics, computational etymology, historical words
reconstruction, cognates, Neural Machine Translation (NMT)
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