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Abstract

Lexical semantics, the study of words and their meanings, can be approached
from a diachronic perspective by analyzing how conventional word-meaning as-
sociations emerge or disappear. These changes over time are referred to as Lex-
ical Semantic Change, about which can be examined two complementary per-
spectives. The semasiological approach starts with a given word and describes
its various meanings over time. Conversely, the onomasiological approach begins
with a specific concept and examines the words language users employ to express
it. Research in Natural Language Processing (NLP) has developed models of Lex-
ical Semantic Change and has proposed standard evaluations for these methods.
However, this line of research has focused almost exclusively on detecting and
quantifying semasiological changes, with little attention to the characterization
of change and the study of its onomasiological aspects.

The central objective of this thesis is to propose NLP models to characterize
onomasiological as well as semasiological changes. Specifically, we aim to lever-
age word embeddings to extract semantic concepts and their associated words,
and to study the evolution of word-meaning mappings in historical textual data.
Starting from a synchronic perspective, we investigate how semantic concepts
can be extracted from Contextualized Language Models representations. We de-
velop a framework, called Concept Induction, which evaluates a system’s ability
to represent word-meaning associations by learning a soft-clustering of words
into synonym groups that instantiate a common concept directly from the data.
We propose a method based on a bilevel clustering of the word occurrences
to extract these concept-clusters from representations of a Contextualized Lan-
guage Models. Subsequently we explore strategies to improve the encoding of
lexical semantic information in these representations. Concept Induction is re-
formulated as a binary classification task over pairs of word usages, and con-
trastive learning is used to fine-tune a series of multilingual representation mod-
els to perform this task effectively. Evaluation on a variety of lexical semantic
tasks demonstrates that the obtained models, called Concept-Aligned Embed-
dings (CALE), better encode lexical meaning and conceptual information than
pre-trained models and state-of-the-art word representations. Moreover, the
CALE models exhibit interesting spatial properties for the study of semantic con-
cepts in representations.
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In the diachronic setting, we present an adaptation of our bilevel clustering
method to learn concepts from historical data. The original synchronic ap-
proach is modified to learn concepts across several time periods and without
concept-annotated data. We apply this Diachronic Concept Induction method
to a large historical corpus of French using representations from a CALE model
and conduct a qualitative evaluation of the obtained clusters and their evolution
over time. This methodology identifies both onomasiological and semasiological
changes, enabling the study of lexical semantic change from both perspectives.
Next, we examine the lexical semantic change of synonyms as an example of
onomasiological changes. Building on prior work investigating two historical
linguistic laws that predict different evolution for synonyms, we define an evalu-
ation framework for computational approaches to these changes. We show that
the proposed model, close to classical NLP models of lexical semantic change, is
inherently limited in characterizing change in synonyms because it is restricted
to a semasiological description of the problem. Finally, we demonstrate that our
Diachronic Concept Induction method, when applied to historical data, allows
for a more comprehensive description of the semantic change of synonyms and
reveals that the seemingly contradictory laws could actually operate simultane-
ously within synonym groups.
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Résumé

La sémantique lexicale, qui étudie les mots et leur sens, peut étre abordée sous
un angle diachronique en analysant comment les associations conventionnelles
entre les mots et leur signification apparaissent ou disparaissent. Ces change-
ments sont appelés « changements lexico-sémantiques », et peuvent étre étudiés
dans deux perspectives complémentaires. L’approche sémasiologique part d'un
mot donné et décrit ses différentes significations au fil du temps. A Iinverse,
I'approche onomasiologique part d’'un concept spécifique et examine les expres-
sions lexicales que les locuteurs utilisent pour 'exprimer. La recherche en Traite-
ment Automatique des Langues (TAL) a développé des modeles du changement
lexico-sémantique et a proposé des méthodes d’évaluation standards pour ces
modeles. Cependant, cette ligne de recherche s’est concentrée presque exclu-
sivement sur la détection et la quantification des changements sémasiologiques,
sans préter beaucoup d’attention a la caractérisation du changement et a I'’étude
de ses aspects onomasiologiques.

L’objectif principal de cette thése est de proposer des modeles de TAL pour car-
actériser les changements onomasiologiques et sémasiologiques. Plus précisé-
ment, nous utilisons les plongements lexicaux pour extraire des concepts sé-
mantiques et les mots qui leur sont associés, et pour étudier I’évolution de ces
associations dans des textes historiques. Dans un cadre synchronique d’abord,
nous étudions I'extraction de concepts sémantiques a partir de représentations de
modeles de langue contextualisés. Nous développons un cadre d’évaluation, ap-
pelé « Concept Induction », pour mesurer la capacité d’'un systéme a représenter
les associations mots-sens en apprenant un regroupement des mots en groupes
de synonymes instanciant un concept commun dans les données. Nous pro-
posons une méthode basée sur un partitionnement a deux niveaux des occur-
rences de mots afin d’extraire ces groupes. Nous explorons ensuite des moyens
de mieux représenter les informations lexico-sémantiques avec des modeles de
langue. Nous affinons une série de modeles de représentation multilingues pour
un nouvel objectif de sémantique lexicale. L'évaluation démontre que les mod-
eles obtenus, appelés « Concept-Aligned Embeddings » (CALE), encodent mieux
les informations conceptuelles que les modeles pré-entrainés et d’autres modeles
de pointe, et qu’ils présentent des propriétés spatiales intéressantes pour I'étude
des concepts.



Dans un cadre diachronique, nous adaptons notre regroupement a deux niveaux
pour apprendre des concepts dans des données historiques. L’approche syn-
chronique initiale est modifiée afin d’apprendre des concepts sur plusieurs péri-
odes et sans données annotées. Nous appliquons cette méthode d’induction di-
achronique de concepts a un vaste corpus historique francais et procédons a une
évaluation qualitative des clusters obtenus et de leur évolution dans le temps.
Nous démontrons que cette méthode permet d’identifier a la fois les change-
ments onomasiologiques et sémasiologiques et de décrirer les changements sé-
mantiques lexicaux sous ces deux angles. Nous examinons ensuite les change-
ments lexico-sémantiques des synonymes comme exemple de changements ono-
masiologiques. En nous appuyant sur une étude computationnelle de deux lois
linguistiques qui prédisent une évolution différente pour les synonymes, nous
définissons un cadre d’évaluation pour les approches computationnelles de ces
changements. Nous montrons que le modele proposé est intrinsequement lim-
ité dans la caractérisation du changement des synonymes, car il se restreint a
une description sémasiologique du probléeme. Enfin, nous démontrons que notre
méthode d’induction diachronique des concepts, lorsqu’elle est appliquée a des
données historiques, permet de décrire plus précisément le changement séman-
tique des synonymes et révele que les lois apparemment contradictoires peuvent
en fait s’appliquer simultanément a des groupes de synonymes.
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Introduction

Languages are dynamic systems, shaped by their users and evolving over time,
across generations of speakers. Phonetical change is perhaps the most thor-
oughly studied type of language change in the literature (Campbell 2013}, Chap-
ter 2), with precise descriptions of the mechanisms at work in sound change
and an attempt to formulate phonetic laws describing regular sound change. In
contrast, semantic change is less extensively studied in linguistics, and has been
the subject of debates on whether it is a regular phenomenon or a completely
arbitrary one (De Saussure, 1916).

This thesis focuses particularly on Lexical Semantic Change (sometimes abbrevi-
ated as ‘LSC’), traditionally defined as shifts in the meaning and in the use of
words (Tahmasebi et al., 2021). The study of words and their meanings can
be seen as the study of conventionalized word-meaning associations: the word
mouse is conventionally used to refer to small rodents or to ‘computer devices
made to interact with a graphical interface’, while a cylindrical container for lig-
uids is conventionally given the name of drum or barrel. The mapping between
words and meanings is not one-to-one, but rather many-to-many. The fact that
a word like mouse can be associated to multiple, different meanings is called
polysemy, and the fact that distinct words such as drum and barrel are associated
to the same meaning is referred to as synonymy. Moreover, word meanings are
conventional by nature: ideas are associated to words insofar as the relationship
between a word’s form and its meaning is not natural or inherent, but based on
shared social agreement within a language community. In other words, words
mean what they do because speakers collectively use and understand them in
that way. From these observations, a more precise definition of Lexical Seman-
tic Change can be formulated: lexical semantic change is the evolution of the
mapping between words and their meanings. This evolution takes the form of
additions to or removals from the list of conventionally recognized associations
between words and meanings in a community of language users.
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The word-meaning mapping, and thus lexical semantic change, can be approached
from two complementary perspectives (Koch, |2008}; Geeraerts et al., 2023). On
the one hand, the semasiological approach starts from words and studies their
meanings. Semasiological change, or meaning change, is the development or
loss of senses for a given word. On the other hand, an onomasiological study
starts from concepts and investigates the variety of words used by speakers to
evoke this concept (whether it is an object, an action, an event or an idea),
which is referred to as the ‘naming’ or ‘designation’ of the concept. Onomasio-
logical change refers to a type of lexical semantic change that focuses on how the
expression of a particular concept evolves over time. The semasiological approach
corresponds to the word-to-concepts view of the mapping and naturally models
polysemy, while the onomasiological approach corresponds to the concept-to-
words view of the mapping and primarily models instances of synonymy. Since
the first half of the 20th century and particularly after the impulse of structural-
ist linguistics, historical linguistics has used the onomasiological perspective in
complement of the semasiological one to analyse lexical semantic change and de-
scribe its regularities and mechanisms. For instance, many new word senses are
conventionalized through the systematic metaphorical mapping of one concep-
tual domain onto another — a process by which abstract or unfamiliar experiences
are understood in terms of more concrete, familiar ones, as described by (Lakoff,
and Johnson, [1980). For instance, spatial relationships are conceived in terms
of bodyparts (e.g. the foot of a mountain), time is conceived in terms of spatial
relationships (e.g. before and after), human qualities may be expressed through
animals such as a lion for being brave, or a snake for being treacherous (Lehrer,
1985). The onomasiological perspective also appears in the on-going debate on
whether language users tend to naturally erase synonymy over time and create
specializations of meaning between words designating the same concept (Clark,
1993; Blythe and Croft, 2012). It is clear that a full understanding of lexical
semantic change requires examining both semasiological and onomasiological
dimensions. Only by considering the changes in meaning and the ways concepts
are lexicalized can we capture the regularities and patterns that underlie the
evolution of the lexicon.

The last two decades, research in Natural Language Processing (NLP) has de-
velopped computational approaches of lexical semantic change, mostly focusing
on detecting semantic changes in words, thus undertaking the semasiological
approach. Most models are based on word embeddings i.e. dense vector repre-
sentations of word usages (Tahmasebi et al., 2021} |Periti and Montanelli, 2024)).
The modelization of lexical semantic change is indeed usually broken down to
three components: representing words and their meaning in multiple time peri-
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ods, aligning these representations if needed to enable diachronic comparisons,
and finally measuring a degree of semantic change. The quality of these com-
putational models is usually evaluated on semasiological benchmarks (Periti and
Tahmasebi, 2024a), in which change measures produced by systems for a given
list of target words are compared to gold-standard measurements of semantic
change from human annotations.

Current computational approaches face two crucial limitations. First, because
detecting semantic change is often reduced to the prediction of the degree of
change, models rarely allow for the characterization of lexical semantic change.
Characteristics of change to be studied include the nature of the observed change
(e.g. a sense gain or a sense loss), the linguistic process involved (e.g. metaphoriza-
tion, ellipsis), its causes and its consequences (e.g. correlated changes of other
words, reorganization of a semantic field, etc.). Second, almost all of the com-
putational studies of lexical semantic change in NLP adopt a semasiological ap-
proach, focusing on how the polysemic nature of a word is subject to change
over time, while the onomasiological perspective, investigating how the lexical
expression of a particular concept evolves over time, is lacking.

This thesis aims to provide a comprehensive characterization of both the sema-
siological and onomasiological dimensions of Lexical Semantic Change through
computational models, with a particular focus on embedding-based approaches.
Our research is guided by two central questions: how can embeddings be lever-
aged to model both semasiological and onomasiological change, and to what
extent can such models facilitate a broader understanding of Lexical Semantic
Change ? The study is organized in two main stages: first, we develop models of
lexical meaning in a synchronic perspective; then, we extend these models to a
diachronic perspective to capture the evolution of the mappings between words
and concepts over time. Starting in the synchronic setting facilitates the devel-
opment of models of lexical meaning and their evaluation, as more datasets are
available; after that we can adapt these to the diachronic setting and apply them
to address concrete questions about lexical semantic change.

1.1 Contributions

The contributions presented in this thesis can be summarized as follows:

Concept Induction: clustering data to learn latent concepts. Our first con-
tribution is set in a synchronic setting and focuses on contextualized embed-
dings, vector representations computed for each occurrence of a word in a cor-
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pus, and conceptual information they can reflect. In this work, we address two
research questions: (1) to what extent can we extract information about con-
cepts from contextualized embeddings ? and (2) how to evaluate a system’s
ability to learn the mapping between words and concepts from data ?

We first introduce Concept Induction, the task of clustering words into groups
referring to shared concepts based on their usages in data. Contrary to existing
lexical semantic tasks like Word Sense Induction, this framework simultaneously
addresses both polysemy and synonymy: polysemy is captured when a word is
present in multiple clusters, and synonymy when several words are grouped in
the same cluster. Concept Induction therefore models both the semasiological
and onomasiological sides of the words-concepts mapping. Another advantage
of this framework is that a concept-inducing system does not need a pre-defined
set of concepts; instead the clustering uncovers latent concepts, clusters that are
evaluated through the words they contain.

Then we propose a methodology based on a bilevel clustering: a first one, ap-
plied to occurrences of each word individually to learn its senses, and a second
one applied to all of the uncovered word sense clusters, to compare usages of
different words and find similarities in meaning. This method is compared to
traditional approaches to word sense induction, as well as more direct global
clustering methods. All of these methods are applied to contextualized embed-
dings extracted from the intermediate layers of a pre-trained language models.

Our first finding is that contextualized language models indeed convey informa-
tion about semantic concepts in their representation. Our results also indicate
that the uncovered clusters of word occurrence are likely non-convex and may
be best defined with a hierarchical approach. Furthermore, we observe that the
bi-level approach yields better performance than direct clustering or word sense
induction techniques, indicating that it is a promising method for extracting con-
ceptual information from contextualized embeddings. This work has been pub-
lished in Lietard et al.| (20244a).

CALE: fine-tuning a model for concept-aligned embeddings. With Concept
Induction, we have shown that pre-trained language models convey semantic
information about concepts, and proposed ways to leverage that information to
learn concepts. But neural language models can also be fine-tuned with a specific
objective in order to exhibit useful properties for a certain task, and diminish the
weight of irrelevant information from the signal. This second contribution, also
set in the synchronic setting, brings an answer to the question of whether Con-
textualized Language Models can sucessfully be fine-tuned to represent lexical
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meaning at the concept level and not only at the word sense level, and the extent
to which this objective is beneficial in lexical semantic tasks. Inspired by recent
state-of-the-art studies on fine-tuning models for lexical semantic tasks, we pro-
pose a series of models trained specifically to make contextualized embeddings
reflect semantic concepts more accurately, so that words referring to the same
concept end up close in the representational space.

To train these models (referred to as the CALE models, for ‘Concept-Aligned
Embeddings’), we introduce a new task called “Concept Differentiation” which
reformulates Concept Induction as a binary classification task among pairs of
word occurrences. We also curate a dataset of hundreds of thousands of usage
pairs in English. We fine-tune a multilingual Contextualized Language Model for
this objective using siamese networks and contrastive learning.

The obtained models are compared to their pre-trained counterparts, as well as a
state-of-the-art fine-tuned model trained only to differentiate word senses (and
not to compare different words). Our experiments, conducted on a variety of
lexical semantic tasks that compare word usages both in isolation and to other
words, show that CALE models indeed provides the most accurate representa-
tions of lexical meaning, and closer analyses show that the obtained representa-
tional spaces exhibit interesting properties, such as being more easily clustered
into concepts than those of pre-trained models.

This work has been peer-reviewed and will be submitted to EACL in the upcom-
ing months, and a preprint version is available (Liétard and Loiseau, 2025). The
dataset and the models have been publicly released on the HuggingFace plat-
form.

Diachronic Concept Induction: learning concepts in historical corpora. Com-
pared to the synchronic setting, learning concepts in diachronic data offers addi-
tional challenges and requires adapting the clustering-based method of Concept
Induction to this new setting. In this third contribution (and first diachronic
one) we address two questions: how can concepts be learned from contextu-
alized representation in historical data, and how can we evaluate whether the
proposed method accurately describes changes in the words-concepts mapping.

We propose an adaptation of the clustering approach of our first contribution to
the diachronic setting, enabling the learning concepts across multiple time peri-
ods, without relying on semantic annotations on the data. We apply the proposed
method, now Diachronic Concept Induction, to the PRESTO corpus, composed
of French historical texts from the 16th century to the 20th century. The overall
system is a bi-level clustering on the occurrence embeddings (produced with a
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CALE model from the previous contribution) from all time periods at once, with
hyperparameters selected to maximize the retrieval of synonymy among clusters.

To evaluate our method, we conduct a thorough manual evaluation comparing
the onomasiological and semasiological changes uncovered by our method to
changes actually attested in a reference historical dictionary, namely the Trésor de
la Langue Frangaise informatisé. Our evaluation shows that most of the detected
changes correspond to attested historical shifts, across both the semasiological
and onomasiological perspectives; and we find that our method more accurately
captures changes ‘by gains’ (e.g. a word gaining a new sense) than changes ‘by
loss’ (e.g. a word no longer associated with a concept). We can compare our
results to previously proposed statistical laws of semantic change, showcasing
the versatility of the proposed method to characterize lexical semantic change
on both sides of the mapping between words and concepts.

The methodological part of this work has been published in Liétard et al.| (2024Db)),
while experimental results and discussions are more recent material.

A case study on the semantic evolution of synonymy over time. Our fourth
contribution focuses on two different mechanisms of change among synonyms
posited by historical linguists that lead to apparently contradictory generaliza-
tions. On the one hand the so-called law of ‘reallocation’ states that synonyms
cannot stay synonyms for long: either they differentiate in meaning, or they un-
dergo a selection process; suggesting that synonyms compete for a given mean-
ing. On the other hand, historical studies have also documented cases of ‘parallel
change’ where synonyms evolve in a similar way and maintain their semantic as-
sociation through shifts of meaning, thereby extending their synonymy to other
concepts. These two apparently contradicting phenomenons set the basis for this
case study, in which we investigate the extent to which computational models
of semantic change can predict and characterize complex cases of change, and
how integrating onomasiological considerations can enhance a computational
approach. Our contribution to the study of these changes is twofold.

First, building upon a prior work of Xu and Kemp| (2015), we provide a frame-
work assessing a model’s ability to predict whether pairs of synonyms have differ-
entiated in meaning over time or not, and we evaluate a series of computational
models of semantic change based on static embeddings. To build an evaluation
dataset, we compare two lists of synonyms from different historical periods: if
pairs of the earlier list are not found in the more recent list, the synonyms are
assumed to have differentiated in meaning. Our experiments show that changes
in our static representations are not fully predictive of the observed semantic
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changes, as these representations struggle to capture a consistent notion of syn-
onymy and to account for polysemy. Interestingly, both the curated data and
tested models display a prevelance of a differentiation of synonyms, contrary to
the findings of Xu and Kemp.

Second, we apply the Diachronic Concept Induction method along with the re-
sults obtained from French historical data to investigate both reallocation and
parallel change from a more onomasiological perspective, exploiting the struc-
ture of this method to provide a more comprehensive characterization of the
targeted phenomena. Doing so, we provide a concrete use-case for the method
that has been elaborated throughout our first three contributions. Ultimately, we
find that the parallel changes are less common than the reallocation processes,
but that most synonym groups undergo neither type of change and instead per-
sist over time. Our results also suggest that reallocation and parallel change can
both apply for a given concept and are not mutually exclusive. Contrarily to our
first intuition, we further find that reallocation is not stronger in larger sets of
synonyms than in smaller ones.

Comparing the different approaches, we show that different representations of
synonymy (static embeddings + pairwise distances; or contextualized embed-
dings + clusters) lead to different characterization of the problem of lexical
semantic change in synonyms and that the framework of Diachronic Concept
Induction, at the expense of additional hypotheses, allows for a more compre-
hensive characterization of this change and bypasses the need for an external
expert resource to identify synonyms.

The study based on crossed synonym lists and static embeddings has been pub-
lished in |[Liétard et al. (2023), while the results obtained with the Diachronic
Concept Induction method represent more recent work.

1.2 Outline

The first part of this thesis provides the necessary background for this study.
Chapter [2| introduces the key notions and definitions, including a discussion on
the mapping between words and meanings (or “concepts” in particular), as well
as a concise overview on the different approaches to semasiology and onoma-
siology in lexical semantics. It subsequently reviews the main theories of lexi-
cal semantic change in diachronic linguistics, classifications of semantic change
and lists several regularities that have been observed by linguists. The chapter
concludes with an overview of major lexical resources for the study of lexical se-
mantic change, and a presentation of the most widely employed diachronic text
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corpora.

Chapter [3| provides an extensive review of the literature on Natural Language
Processing approaches to lexical semantics on the one hand, and to lexical se-
mantic change on the other hand. The chapter first discusses how NLP has
framed these questions in terms of tasks, and then describes the range of models
developped for the study of lexical semantic change. Particular attention is given
to vector-based models (i.e. word embeddings), as they are the primary focus of
this thesis and represent the most widely used techniques in recent years. The
chapter concludes with a review of the various instances and regularities of lexi-
cal semantic change that have been studied and/or uncovered by computational
studies.

Chapters |4 to |7| present the original contributions we have described above.
Chapter [4|is dedicated to Concept Induction in the synchronic setting, its evalu-
ation and the proposed models. Chapter |5 introduces the CALE models as well
as Concept Differentiation and the related dataset. Chapter [6] presents the Di-
achronic Concept Induction method, its application to the PRESTO corpus as well
as the evaluation comparing detected changes with attested changes. Chapter
is dedicated to the case study on the evolution of synonymy, encompassing both
the work based on static embeddings and the application of Diachronic Concept
Induction with contextualized embeddings.

Finally, Chapter |8 summarizes the outcomes of our contributions and explains
how they address the formulated research questions. It also discusses the re-
maining limitations of the proposed approaches and outlines possible directions
for future research.
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The Study of Lexical Meaning
and Its Evolution

This chapter provides an overview of lexical semantics and lexical semantic
change as they are studied in linguistics. The first section of this chapter situates
our work among the various theories of lexical semantics: it discusses several
notable axes along which the different approaches are contrasted, and explicitly
states the theoretical framework of this thesis. The second section of this chap-
ter is dedicated to some fundamental notions of lexical semantics that form the
basis for the rest of the present work. This includes the definition of lexemes and
concepts, as well as discussions about polysemy and synonymy, semasiology and
onomasiology, taxonomies and categories.

The third section of this chapter reviews major advancements and proposals
about the temporal evolution of lexical meaning in diachronic linguistics, as well
as several widely-used corpora and resources for the study of lexical semantic
change.

2.1 Theories of Lexical Meaning

Lexical semantics finds its roots in the lexicographic tradition, with the devel-
opment of bilingual and then monolingual dictionaries during the 16th century
(Leca-Tsiomis, |2006). Lexicographers paved the way for the scientific study of
the relation between words and meanings, begining from the late 19th century
onward with historical-philological approaches to lexical semantics. These stud-
ies were inherently diachronic, focusing on how word meanings emerged from
older meanings and older forms, and on the relations that exists between these
senses in the first scientify studies of polysemy (Paul, 1880). They are often
based on the idea that word meanings are subject to change because they are
the product in interpretation, a combination of psychological processes and so-

13
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cial conventions, constantly invoked, changed or revoked within the language
community. Semanticists of the historical-philological tradition elaborated clas-
sifications of change patterns (Stern, 1931) and edicted laws about the emer-
gences, disappearances and shifts of word meanings over time [Breal (1897).
The historical-philological tradition was superseded by another approach to lex-
ical semantics, the structuralist approach, which was itself superseded by a va-
riety of other theoretical frameworks, including for instance cognitive semantics,
formal semantics and distributional semantics.

Synchronic vs. diachronic approaches. The various frameworks under which
the relation between words and meanings has been studied can be contrasted
along various dimensions. As mentionned above, historical-philological seman-
tics is inherently diachronic, as it studies word meanings by examining their
changes over time. In contrast, structuralist linguistics generally rejects the di-
achronic aspect, in favor of a synchronic study of the language (De Saussure
1916)). The cognitive approach to lexical meaning for instance is interested both
the diachronic processes of change and the synchronic variations, alternatives
and oppositions (Geeraerts, 1997, chapter 5). In this thesis, we study word
meaning in both the synchronic and diachronic settings: first we study mod-
elizations of the word-meaning mapping in a single time period first (chapters
and[5)), before we extend the methodology to multiple time periods and compare
the different stages of this mapping (chapters [ and [7).

System-level vs. usage-level approaches. The analysis of structuralist se-
mantics is fundamentally at the system level: word meanings are not studied
in isolation from one another, instead the analysis describes the interactions and
relations within a set of words/a set of meanings. The so-called system is consid-
ered in isolation from human interactions and mental states. In the framework
of generative grammars, semanticist follow the Saussurean distinction between
‘langue’ (the language as a system of items, rules and conditions) and ‘parole’
(the production of language in context) and aim at describing only the former.
Cognitive semantics on the other hand are focused on usage rather than a sys-
tem: the study of word meaning primary consists of analyses of how speakers
use words to convey meaning (Croft and Cruse, |2004). As pointed by Geer-
aerts (2010), most attempts at distinguishing linguistic meaning and encyclope-
dic meaning failed to clearly set the frontier between them. The present work
aims at providing a more systemic description of word meanings, and the pro-
posed methods are used to probe the overall distribution of words over meanings
across a large portion of the lexicon. Yet, we do not make a distinction between a
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so-called “purely-linguistic” meaning and encyclopedic knowledge; we integrate
them both as parts of word meanings, as it is through their combination that
language users determine the words they employ.

Decontextualized vs. contextualized approaches. Another difference be-
tween the various framework is the level of contextualization: structuralist se-
mantics usually study word meanings outside of any precise linguistic context;
on the other end of the spectrum, distributional semantics argues that the mean-
ing of a word is found in the contexts in which it appears (Harris, 1954 [Firth,
1957; Geeraerts et al., [2023). The distributional semantics framework is at the
foundation of most models representing lexical meaning in Natural Language
Processing, from the so-called Distributional Semantic Models (representations
of word meanings using direct co-occurrence statistics) to the more recent Con-
textualized Language Models (models that learn representations of in-context
word usages from high-order co-occurrence statistics). A longer discussion on
how these models are used to represent lexical meaning in Chapter 3] The work
presented in this thesis is fundamentally grounded in context: we examine the
contexts in which a word appears in order to determine its meaning. From this
investigation, we extract a view of the mapping between words and meanings.

Different conceptions of lexical meaning. Another point of debate is the very
nature of word meanings. Both the pre-structuralist historical approach to lexi-
cal semantics and post-structuralist cognitive semantics consider lexical meaning
to be a psychological/cognitive entity, the product of a particular mental state
(Sweetser, |1984; Koch, 2008). Structuralist semantics and generative seman-
tics emphasize on the distinction between encyclopedic (that relates to the world
and individual experiences) knowledge and purely linguistic knowledge, arguing
that only the latter should be the object of lexical semantics (Geeraerts, 2010,
chapter 2). In the structuralist framework, word meanings can for instance be
described their oppositions and their distribution over a conceptual field (Trier,
1934; Pottier, |1964). Lexical meaning can also be studied by examining the set
of real-world referents a word is or can be applied to, as in formal semantics
(Kripke et al., [1980; |Green, 2007). The theoretical framework of this thesis is
that of concepts, mental representations of categories within the language users
mind. Studying the mapping between words and meanings, we study the con-
ventionally established relations between lexical items and the concepts they
can invoke. The meaning of a word in a given context is the concept to which it
refers. More discussion is provided in Section [2.2.2]
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Semasiology vs. onomasiology. Finally, the various approaches to lexical se-
mantics can be distinguished by their perspective on the relation between words
and meanings. The historical-philological tradition for instances investigates
only the semasiological perspective'] studying for instance the links that exist be-
tween the many senses of a word. The primary object of semasiology is polysemy;,
the fact that a single word has multiple meanings. The structuralist tradition on
the contrary adopts an onomasiological approach to lexical meaning, as it stud-
ies relations between words and between word meanings within a lexical field
for instance. Onomasiology is interested in a phenomenon like synonymy (the
fact that multiple words can bear a common meaning), hyponymy (the fact that
two words can be related by an inclusion-type relation between their meanings),
meronymy (when there is a part-whole relation between the meanings of two
words) or antonymy (the fact that two words refer to opposite ends on the spec-
trum of a given property). While most of the literature about lexical semantic
change in Natural Language Processing adopts a semasiological-only approach,
we believe these two persepctives are complementary and can be studied to-
gether. Thus the present thesis is an attempt to model onomasiological aspects
alongside semasiological ones using computational approaches. More discussion
about the definitions of semasiology and onomasiology in Section [2.2.4

Now that we have situated our research among the various approaches to lexical
semantics, let us define the theoretical apparatus and the fundamental notions
we will be using throughout this thesis.

2.2 Notions of Lexical Semantics

This section defines the fundamental notions we will use throughout this work
and discusses the model of a mapping between lexemes and concepts. We ex-
amine some of the theoretical implications of a concept-based view of meaning.
Finally we discuss the difference between semasiology and onomasiology, high-
lighting some of the key features of the latter approach.

2.2.1 Fundamental Definitions

In this thesis, we use the terms ‘word’ and ‘lexical item’ as a synonym for lexeme.
Studying word meaning, we will consider all forms of a lexeme, regardless of the
impact of inflections on the meaning. For instance, in She hit her foot on the table
corner / I have large feet compared to the average human, we will consider that

I There are some exceptions to this semasiological-only trend in the historical-philogical tradi-
tion, such as the Wérter und Sachen movement.
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both foot and feet share the same lexical meaning, ignoring the difference in
number. We will refer to a lexeme using its lemma, i.e. the form conventionally
chosen to represent the set of its forms. The notion of lemma’ is particularly
important in lexicography, as it is typically the form found in dictionary entries
that readers query when looking for the meaning of a lexeme. We will consider
that lexemes are bound to a given part-of-speech. For instance, fly as a noun (the
insect) and fly as a verb (the action) are treated as two distinct lexemes. The
former can take the forms fly and flies, while the latter can occur as fly, flying,
flew, and so on.

The lexicon is the list of lexemes available to a speaker of a given language. As
this thesis does not explore cross-linguistic studies, nor make distinction based
on individual speakers, the lexicon is merely be the set of all lexemes in a given
language. Because this computational work is necessarily limited to available
data, which do not provide an exhaustive coverage of all lexemes of the language
at a given time, the lexicon will often be restricted to those lexemes that occur
frequently enough in the data. We will refer to these lexemes as target words.

Word meanings. In this work on the diachronic evolution of lexical mean-
ing, we will study changes in conventionalized associations between words and
meanings. Since Frege et al.| (1892), it has been customary to distinguish be-
tween the intension of a word, i.e. the abstract idea, and its extension which
encompasses all past, present, future, potential, or fictive entities that can be
denoted by this word. For instance, the intension of legislative chamber can be
represented defined by a specific Wikipedia entry (https://en.wikipedia.org/
wiki/Legislative_chamber), while its extension would be the corresponding
Wikipedia category (https://en.wikipedia.org/wiki/Category:Legislative_
chambers). Of course, intension and extension are not independent: the more
precise the definition, the more restricted is the class of referents; and the larger
the set of denoted entities, the more general the definition becomes. Our work
focuses on the intension-side of lexical meaning. In particular, we say that a
word meaning is (intensionally) the concept it refers to in a given context If no
particular context is given, we say that its meaning is the set of concepts it is con-
ventionally associated with. A concept is an idea, it is a non-linguistic, mental
representation of a class of entities (Murphy, 2002). Concepts can be concrete
or abstract, general or specific, etc. For the sake of simplicity, the set of concepts
is considered discrete (but not necessarily finite). In order to study the mapping
between words and meanings, we actually investigate the word-concept associa-
tions. Section provides a more comprehensive discussion on the notion of
concepts and its relation to word meanings.
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Typographical conventions. Lexemes will be denoted with their lemma in
light italics (e.g. mouse). Concepts will be denoted using the most relevant
lexeme in small capital letters (e.g. LEGISLATIVE CHAMBER), and in figures we
may make use of emojis to illustrate concepts and avoid ambiguity between lin-
guistic forms and non-linguistic mental representations. If a concept is usually
instantiated by a single lexeme that may be ambiguous, we will make use of def-
initions or contextual information in the concept’s reference if judged necessary.
For instance, in the domain of computer peripherals, we will avoid to say that
the word mouse refers to the concept of MOUSE as the lexeme is polysemous and
it could lead to confusion with the rodent concept. Instead, we will say that it
refers to the concept of MOUSE (COMPUTER DEVICE), defined as ‘a computer de-
vice used to point and click in a graphical interface’ (in opposition to the concept
of MOUSE (RODENT)).

Occurrences. We call “occurrence of lexeme w” the use of any form of w in a
specific context in a given corpus. Consider the following examples:

(1) the jury found them guilty in a fair trial.
(2) candidates competed in a trial of skill.

(3) the hero underwent a test of strength.

Here, and (2)) are occurrences of the lexeme trial, while (3)) is an occurrence
of test. We would say that and realize two different senses of trial, as
they contain two very different usages of the word and denote two distinct con-
cepts. In particular, refers to the concept of PROCESS OF LAW TO DETERMINE
GUILT, while (2) refer to the concept of CHALLENGE TO EVALUATE A SKILL. The
occurrence of test also refers to the latter concept.

Concept namings and synonymy. Across the lexicon, there may be more than
one word that can be used to refer to the same concept. For instance, in the sen-
tence the fire crackled as she lit the match, the word fire could be replaced by flame
without any change of meaning at the sentence level because they both refer to
the concept of FLAME. We call concept naming the set of lexemes that can be
used to refer to a given concept, and we call synonyms all the words belonging
to the same naming. Namings can sometimes also called “designations”. In our
example, both fire and flame belong to the naming of FLAME and therefore are
synonyms. Note that we define synonymy at the denotational level (as opposed
to the connotational level): in context in which they refer to the same concept,
synonyms should be interchangeable without alteration of the literal meaning,
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regardless of emotional or cultural value associated to them. For instance, cop
and policeman are said to be synonyms, even though they should probably not
be used in the same context from a connotational standpoint. This notion of
synonymy is equivalent to cognitive synonymy in Stanojevic (2009). More dis-

cussion on the different notions of synonymy can be found later in Section [2.2.6]

Word senses and polysemy. Word senses (sometimes called “readings” as in
Geeraerts| (2010) for instance) are conventionally established ways to use a word
to refer to a concept. They are called “word senses” in the NLP literature because
they are defined as bound to a specific lexeme. Dictionaries typically provide
this information: each entry corresponds to the lemma of a lexeme, which is
associated with a list of senses, as illustrated in Figure

1 :tocause or permit to be seen : EXHIBIT
2 :to offer for sale

3 :topresent as a public spectacle : PERFORM

4 :toreveal by one's condition, nature, or behavior
5 :to give indication or record of

6 a :to pointout:direct attention to

b : CONDUCT, USHER

Figure 2.1: Entry for show in Merriam-Webster dictionary (2025)). In black are
text definitions, in gray are use-context examples and in blue are synonyms.
A word sense can be defined using:

* the associated concept or a text definition of the associated concept (e.g.
mouse in the sense of ‘computer peripheral used to point and click on a
graphical interface’).

* a conceptual category to which the associated concept belongs (e.g. mouse
in the sense of COMPUTER PERIPHERALS)

* a prototypical use-context that lifts ambiguity (e.g. mouse as in double left-
click with the mouse to open a file.)

* a synonym or near-synonym (e.g. mouse in the sense of rat).
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Word senses can also be latently defined by grouping similar usages of the lex-
eme. Figure provides an exerpt from Merriam-Webster dictionary (2025)’s
dictionary entry for the lemma show, that displays use of different techniques to
define the word’s senses.

Each sense of a lexeme is a pointer toward one and only one concept. We say that
a word is polysemous / exhibits polysemy if it has stricly more than one con-
ventionally established sense. The word mouse is polysemous, with a first sense
for the concept of MOUSE (RODENT) and another sense for MOUSE (COMPUTER
DEVICE).

We have seen in examples and that different occurrences of the same
word can refer to different concepts, thus illustrating the polysemous nature of
the lexeme. In that case, the context determines a selection of a particular word
sense among the lexeme’s senses inventory. In this thesis, for the sake of simplic-
ity, we assume that the linguistic context surrounding a word provides sufficient
cues for disambiguation such that each occurrence realizes only one sense of a
word and thus refers to one concept. Future work could study ambiguity, cases
where several concepts could plausibly be associated to the same occurrence
without a sufficient contextual information to select one in particular.

2.2.2 Meanings and Concepts

In many theories of lexical meaning, and particularly in cognitive semantics, the
notion of concepts plays a central role. It is often associated with the notion of
categories, as concepts are the mental tool that helps us classify and understand
our experiences. In this thesis, we will use the notion of concepts and of their
relation to categories given in the introduction of Murphy| (2002):

“Concepts are the glue that holds our mental world together.

If we have formed a concept (a mental representation) corresponding to
that category (the class of objects in the world), then the concept will help
us understand and respond appropriately to a new entity in that category.

Our concepts embody much of our knowledge of the world, telling us what
things there are and what properties they have.”

(The Big Book of Concepts, Murphy|2002).

In this quotation, the term “objects” is to be taken in its largest sense: not only
physical objects but also entities, abstract notions, events, states. Concepts are
therefore defined as mental representations of categories that we abstract from
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our experiences in the world. Through our perceptions and other sources of
interactions with the world, we construct an idea of that category.

Concepts, categories and word meanings. We have previously established
that we consider concepts to be the intensional component of lexical meaning;
categories are therefore related to its extensional component. To understand the
relation between words, concepts and categories, let us examine Figure from
Geeraerts et al.| (2023)).

FORMAL

LAYER trousers pants knickers breeches
CONCEPTUAL garment eXtendngfroA /\

‘trousers ending just
below the knee’

I l
\
’P'» A,

Figure 2.2: The three layers of lexical semantics, from (Geeraerts et al.| (2023).

LAYER waist to the knee or ankle, ‘underpants’
covering each leg separately’

DENOTATIONAL
LAYER

Geeraerts et al. (2023)) distinguish three layers to describe lexical meaning: the
formal layer, that of lexical items; the conceptual layer, that of concepts; and
the denotational layer}, that of real-world or possible entities. Words are used to
refer to concepts (their intension); concepts are mental representations that help
us grasp our experiences and organize entities into categories. Traditionally, the
extension of a word is defined as the set of entities it can be applied to; thus in
this figure it is the set of referents (at the denotational layer) that are linked to
the word (at the formal layer) through the conceptual layer.

Interaction between the conceptual and the denotational layers. On the
one hand, the act of assigning an entity at the denotational layer to a concept is
called categorization, as it determines the class within which the referent will be
considered. On the other hand, psychological research has shown that human
categorization is subject to so-called prototypicality effects (Rosch,(1973,/1975;

2|Geeraerts et al. (2023) make a different use of the term “denotational” than the one we made
earlier. In this instance, it is not opposed to “connotational”, it is rather a synonym of referential.
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Rosch and Mervis|, [1975): some members are better representatives of the cate-
gory than other (they are more ‘salient’ or ‘typical’) and categories are therefore
organized around them in a radial structure, where central members are more
representative than peripheral ones (they are said to be more prototypical). In
this model, category membership is determined by the degree of similarity to the
most prototypical members, as opposed to a model of necessary and sufficient
conditions. The concept of RED, for instance, is better understood as encompass-
ing as ‘colours similar to that of hexadecimal code FFO000’ rather than a precise
range of hexadecimal values.

As Figure illustrates, two concepts (at the conceptual layer) can apply to cat-
egorize the same represented object (at the denotational layer). This ambiguity
in categorization results in a linguistic ambiguity: should the word trousers or
the word breeches be used to refer to this clothing item ? In a given sentence
where the speaker refers to this object, interchanging these two terms would
likely not affect the truth-value of the utterance (the item belongs to the exten-
sions of both lexemes), yet two different concepts would be instantiated. The
degree to which the item is typical with respect to each of the two categories
may determine the preferred lexical choice; contexts may also favor the choice
of one lexical item over the other.

Scope of our work. This thesis will focus only on intensional meaning, and
thus we won’t consider the denotational layer. Therefore, when comparing the
lexical meaning of two words in their respective occurrences, we do not address
the question of whether they are referring to the same entity; instead, we address
only the question of whether they are evoking the same concept. In the example
illustrated in Figure we are interested in the fact that breeches and trousers
refer to two different concepts, while pants and knickers can refer to the same
concept in some context. From now onwards, unless explicitely mentionned
otherwise, the term ‘meaning’ will be used equivalent to ‘concept’. In general,
we are interested in the mapping between words and concepts.

2.2.3 The Mapping Between Words and Concepts

In this thesis, we are particularly interested in the mapping between words that
speaker use, and meanings they associate with them. In this perspective, Lexical
Semantic Change can be seen as the process of altering this mapping by the con-
ventional establishment or disappearance of some word-meaning associations.
The mapping between lexemes and semantic concepts has been studied under
different denominations in other fields: Francois| (2022) refers to it as “patterns
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N/ PERCUSSION

«“ ”
drum Wm# INSTRUMENT

# CYLINDRICAL LIQUID
s CONTAINER

/

“barrel”

Lemmas Concepts

Figure 2.3: Illustration of the mapping between Lexemes and concepts.

of lexificiation”, while some psycholinguistics works discuss the notion of “men-
tal lexicon” (Elman, |2004; Jarema and Libben, 2007} [Paivio, 2010)). In this work,
the lexeme-concept mapping is a modelization tool to better describe and visu-
alize conventionally established (among a community of speakers) associations
between words and meanings, following recent approaches in linguistic typol-
ogy [Francois| (2022) or Haspelmath! (2023). We do not claim that a mapping
between lexemes and concepts is an accurate depiction of language functions in
the human mind. This thesis is not intended to engage in the on-going debate in
psycholinguistics concerning the existence and structure of a mental lexicon in
our cognition.

In Figure we illustrates of this mapping using the two lexemes barrel and
drum, and the concepts of CYLINDRICAL CONTAINER FOR LIQUIDS and PERCUSSION
INSTRUMENT. Word senses are represented by arrows linking words to concepts.
We would observe a case of polysemy, as drum can be used to refer to both PER-
CUSSION INSTRUMENT and CYLINDRICAL LIQUID CONTAINER. Conversely, the con-
cept of CYLINDRICAL CONTAINER FOR LIQUIDS’s naming includes both drum and
barrel, illustrating synonymy. Our research primarily focuses around polysemy
and synonymy. Other lexical relations, such as hypernymy or antonymy, are left
to future investigation.

In practice, there are two intermediary levels: occurrences and senses. When we
use a word in a given context (an occurrence), it realizes a particular conven-
tionalized way of using that word (a sense) in order to refer to some concept.
This is illustrated in Figure where o,,; is the i-th occurrence of lexeme w
and s, ; the j-th sense of word w, as it could possibly be listed in the dictionary
entry for w. Generally, we denote W the considered lexicon; O the set of all
occurrences of all considered words (i.e. the corpus); and O,, the occurrence set
of a word w. Similarly, we denote S, the set of senses of a word w, and S is the
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drum ogrum
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Figure 2.4: Illustration of the mapping between lexemes, their occurrences and
the corresponding concepts.

set of all senses for all considered words. Finally, the set of concepts is denoted
€. We will use these notations throughout this work.

The mapping between occurrences and concepts is many-to-one: each concept
in € can be evoked in many occurrences in O, but each occurrence evokes only
one concept. The same holds for the mapping between senses and concepts:
each concept can be realized through multiple senses (from different words) in
S, but a word sense points towards only one concept. In contrast, the mapping
between lexemes in W and concepts in € is many-to-many, illustrating polysemy
and synonymy: some words evoke multiple concepts (polysemy), and some con-
cepts can be designated by several words (synonymy). As noted Murphy! (2002,
chapter 11), at a given point in time in given language, certain concepts may
not be instantiated by any words at all, concepts that nonetheless exist in human
experience, or that may be lexicalized in other languages and/or in other periods
of time.

In Chapter [4, we introduce Concept Induction, the task of modeling the many-
to-many mapping between lexemes in W and concepts in ¢ using a corpus O.
In practice, we exploit many-to-one mappings between O and S in a first step,
and between S and ¢ in a second step.

2.2.4 Semasiology and Onomasiology

The mapping between forms and meanings can be approached from two comple-
mentary perspectives. On the one hand, semasiology starts out from lexemes
and studies the different meanings that are associated to a given item; on the
other hand, onomasiology takes the reverse perspective and studies the set of
lexemes used to refer to a given concept. In Figure an onomasiological ap-
proach would observe that the concept of CYLINDRICAL LIQUID CONTAINER can be
instantiated by two lexemes: drum and barrel. A semasiological approach would
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highlight that the word drum has two different meanings, that of CYLINDRICAL
LIQUID CONTAINER and that of PERCUSSION INSTRUMENT.

Let us recall the three layer of lexical meaning according to Geeraerts et al.
(2023) and illustrated in Figure The formal layer is the layer of lexemes;
the conceptual layer is that of concepts and categories; the denotational layer is
that of referents, of objects and real-world instances. The interactions between
these three layers are characterized by four features: polysemy (the multiplicity
of concepts associated to a given form); synonymy (the multiplicity of lexemes
to express a given concept); prototypicality (the extent to which a referent is
representative of a given concept); and categorization (the potential conceptual
categories that can be applied to a given referent).

Building on these four phenomena, |Geeraerts et al.[ (2023) distinguish two kinds
of semasiology. First, between-sense semasiology investigates polysemy — the mul-
tiple senses of a lexeme — from the formal layer to the conceptual layer. Second,
within-sense semasiology describes the prototypicality levels of referents asso-
ciated to a category, from the conceptual layer to the denotational layer. The
authors also distingues two types of onomasiology: formal onomasiology, which
studies synonymy and the lexemes associated to a given concept, from the con-
ceptual layer to the formal layer; and conceptual onomasiology, which is focused
on the categorization of a given referent, from the denotational layer to the con-
ceptual layer. This is summarized in Table

SEMASIOLOGY ONOMASIOLOGY
Farmaell Jepr e Between-seol;s; Tsnemaswlogy Forma: (:11(1)(’)lmn?81ology
conceptual layer poysemy /IOy my
(lexemes to concepts) (concepts to lexemes)
conceptual Within-sense semasiology Conceptual onomasiology
layer w.r.t. prototypicality categorization
denotational layer (concepts to referents) (referents to concepts)

Table 2.1: The different types of semasiology and onomasiology, according to
Geeraerts et al.| (2023)

Our research primarily focuses on the relation between the formal layer and
the conceptual layer, which corresponds to the word-meaning mapping we have
presented earlier. Consequently, our analysis is limited to polysemy and syn-
onymy, and their evolution over time. Throughout this thesis, the term sema-
siology specifically refers to between-sense semasiology only, and the term ono-

masiology to formal onomasiology. The expression semasiological changes will
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designate changes in sense inventories, i.e. in polysemies, while onomasiologi-
cal changes will refer to changes in concept namings, i.e. in synonymy. Section
disucsses the different semasiological and onomasiological aspects of Lexi-
cal Semantic Change; and Chapter |3| examines how existing Natural Language
Processing studies addresses both perspectives.

2.2.5 Semasiological Structures

Prototypicality effects not only apply to the referents within a conceptual cate-
gory, they also structure polysemies, in a semasiological perspective (more pre-
cisely, at the level of between-sense semasiology in Table [2.1]).

According to |Lakoff “Most words and morphemes have multiple meanings —
meanings that are related to one another. These meanings can be seen as form-
ing a radial category, in which there is a central meaning and a structure of
related meanings which are motivated by the central meaning.” (Lakoff, 1987,
page 291).

‘fruits of the
earth’
seed-bearing apples, advantage,
part oranges etc. profit
a |
— b
L— ¢
‘fruit of the
womb’
- e
— d product,
outcome

— f

Figure 2.5: Prototypicality effects in the senses of fruit, from Geeraerts| (2010)

Building on this idea, Geeraerts (2010) examines six senses of the word fruit
and establishes the radial network presented in Figure Decomposing each
meaning as a combination of 6 features (e.g. ‘being sweet, juicy, commonly used
as dessert’, ‘being the natural result of an organic process’, ‘being the outcome of
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a process or activity’, etc.), he shows that the central senses have many features
in common, while the more peripheral senses exhibit only a selected few of these
features; as such, some senses are more similar to one another, and some senses
are very dissimilar. This network illustrates that the meaning pertaining to apples
and oranges is more very typical while the sense of ‘product, outcome’ is much
more peripheral. The network can be represented as a directed graph that relates
senses to one another; edges can be labelled with the kind of semantic relations
that underlies them and provide information on the historical development of
senses. Example of such graph is provided in Figure The view of polysemy
as subject to prototypicality effects forms the basis of diachronic prototype theory
of lexical semantic change that will discussed in Section Furthermore,
Section reviews several typologies of the semasiological developments that
can take place in a word’s sense inventory (e.g. generalization or metaphor).

‘fruits of the earth’

metaphor \

advantage, profit

seed-bearing part _«— generalization

generalization —

apple, oranges etc.

generaliw

fruit of the womb metaphor > product, outcome

metaphor

Figure 2.6: Radial network of the senses of fruit, from |Geeraerts (2010)

2.2.6 Onomasiological Structures and Relations

This section discusses several relations and structures relevant for an onoma-
siological study, such as synonymy (central to the onomasiological approach),
hyponymy and taxononmy.

Synonymy. The relation of synonymy, crucial for this thesis, is loosely defined
as identity in meaning. More precisely, Cruse (1986) describes synonymy as
a scale. Absolute synonymy is the complete and strict identity of all meanings
of two or more terms; cognitive synonymy is established between terms that
have a sense of common meaning; and near-synonymy between words having
readings of highly similar but not identical meaning. Absolute synonyms must
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be perfectly interchangeable in all contexts without any modification of meaning
or truth-conditions of the utterance in which they occur. Absolute synonymy
is ideal but hardly achieved in practice, and Cruse discusses many examples of
candidate pairs for absolute synonymy and find for each pair a set of contexts in
which both terms could not readily be exchanged.

According to Cruse, absolute synonymy is just a theoretical end of the spectrum
of synonymy. What most semanticists consider to be synonymy is actually cogni-
tive synonymy. There are two main differences with absolute synonyms. First,
cognitive synonyms are identity in meaning in at least some of their readings
but not necessarily in all of them. Second, the readings on which cognitive syn-
onymy is evaluated must have identical descriptive (or “propositional”, in Cruse’s
terminology) meaning while they may differ in connotational (or “expressive”)
meaning. The idea is that substituting one for the other does not alter the truth-
conditions of an utterance and both refer to the same category in this context,
even though one may convey a different emotion or be may inappropriate in
some social settings. In terms of intension, cognitive synonyms have senses with
equivalent definition if we ignore emotional and cultural markers. In terms of ex-
tension, they have senses that can be applied to nearly-identical sets of entities.
For instance, cop and policeman are cognitive synonyms (they have the same
descriptive meaning) even though they cannot always be used interchangeably,
as the former is much more informal than the latter. In a concept-based view of
meaning, cognitive synonyms are words that can instantiate the same concept in
some contexts as each possesses a conventionalized sense pointing towards this
concept.

Finally, near-synonyms (which Cruse calls “plesionyms”) are terms whose sub-
stitution results in minor changes to an utterance’s truth conditions (for instance
fog/mist, murder/execute). To identify near-synonyms, Cruse proposes to rely
on the acceptabibility of using the discursive correction phrases more exactly and
not exactly. For example, in he was murdered — or, more exactly, he was executed.
the pair murder/execute qualifies as near-synonyms as they could be exchanged
and the sentence would still be judged semantically valid. In contrast, a pair
of hyper-/hyponyms would not yield a valid correction (e.g. in he was killed —
or, more exactly, he was murdered., kill and murder could not be exchanged). In
a concept-based framework, near-synonyms may refer to the same concept but
emphasize different features of the corresponding category; or they may refer to
different but highly similar concepts. It is generally acknowledged that, on the
continuous scale of synonymy, the distinction between cognitive synonyms and
near-synonyms is often clear, whereas the boundary between near-synonymy
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and non-synonymy is blurry.

A more comprehensive discussion on cognitive synonymy, how they are defined
and how they can differ, can be found in Stanojevic| (2009). In the remainder
of this thesis, unless explicitely stated otherwise, the use of “synonymy” alone
should be understood as a shorthand for “cognitive synonymy”.

Hyponymy and taxonomy. The notion of hyponymy is normally conceived in
terms of class inclusion. Hyponymy is the inclusion of a conceptual category
within another one. Intensionally, if the definition of concept A is a specification
of the definition of concept B, then we say that A is an hyponym of B’. Extension-
ally, the category associated with concept A is included in the category associated
with concept B. The converse relation is called ‘hypernymy’ (or sometimes ‘hy-
peronymy’). The general concept is the hypernym, and the specific, subordinate
concept is the hyponym. This terminology also applies to lexemes referring to
these categories. Of course, the relation is not exclusive, as the hypernym likely
have multiple hyponyms. The relation is also transitive: if A is hyponym of con-
cept B and B is hyponym of another concept C, then A is also an hyponym of C.
Figure [2.7] provides two examples of the hyponymy/hypernymy. Both FINCH and
CROW are hyponym of BIRD, which is itself hyponym of ANIMAL. As a result of
transitivity, ANIMAL is also an hypernym of both CRow and FINCH.

With hyponymy, one can build a hierarchical structure of meanings called a tax-
onomy, such as the two presented in Figure The taxonomical organization
reveals that there exist multiple levels in this structure. Items at the same level
and hyponym to the same superordinate item are said to be co-hyponyms. In
our example, FINCH and CROW are co-hyponyms of BIRD, but the same could not
be said for the pairs CROW andHOODED CROW for BIRD, or MINISKIRT and SKIRT
for GARMENT, because the paired items are not at the same hierarchical level in
the taxonomical structure.

Cruse| (2002) establishes that taxonomies should be based on “is a kind of” hy-
ponymy only (thus referred as “taxonomical hyponymy”, e.g. CROW is a kind of
BIRD) and not on simple cases of “is a” (the “non-taxonomical hyponymy”, e.g.
a KITTEN is a CAT). Thus in such a taxonomy, KITTEN would be reported under
YOUNG MAMMAL for instance and not under CAT.

In lexicography, hyponymy has a central role in defining meanings; a word’s
sense can be defined using the most direct hypernym term, followed by specific
characteristics that distinguish it from other co-hyponyms. The clothing-related
reading of skirt can be defined as being “a garment hanging from the waist, with
a unique opening for both legs”, as the concept of GARMENT is the most direct
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ANIMAL ARTIFACT
l l
BIRD GARMENT
CROW FINCH SKIRT TROUSERS
l RN
HOODED CROW KILT MINISKIRT

Figure 2.7: Example of a taxonomy of hyponyms (subordinates) and hypernyms
(superordinates).

hypernym of this sense of skirt.

An Example of a Taxonomically Organized Lexical Database: WordNet. Word-
Net is a large-scale, taxonomically organized lexical database of Modern English
developed at Princeton University under the direction of George A. Miller (Miller,
1995} [Fellbaum, (1998)) which models the organization of the lexicon by group-
ing words into sets of cognitive synonyms, called synsets (short for ‘synonym
sets’). Every synset contains one or more lemmas that are interchangeable in at
least some contexts without altering the propositional meaning of an utterance.
Synsets are further described with a definition of the concept, and contextual
examples. Synsets are organized in a taxononmy and linked to one another by
the relation of hyponymy/hypernymy. Thus, WordNet describes a large tree of
concepts, arranged from superordinate concepts to most subordinate ones. It
can be seen as both a semasiological dictionary and an onomasiological dictio-
nary, as WordNet can be queried in two fashions: a lemma as input, which will
result in the list of synsets in which the lemma appears; or a synset as input,
which will result in the list of lemmas associated to this concept. On the highest
level of WordNet’s taxonomical tree are Unique Beginners (sometimes called “su-
persenses”), which are very large conceptual categories, such as ANIMAL, PLANT,
ENTITY, etc. An abstract node, superordinate to all Unique Beginners, is often
considered when comparing concepts in WordNet. WordNet distinguishes be-
tween four main lexical categories—nouns, verbs, adjectives, and adverbs—each
forming its own relational network. Beyond hyponymy, WordNet models other
lexical relations between lemmas, such as antonymy (oppositeness of meaning
as in ascend/descend), or between synsets (such as holonymy, the part-whole re-
lation as in ARM/BODY), but these relations fall outside the scope of the present
thesis. Note that for adjectives and adverbs, WordNet does not represent hy-
pernymy and only models other relations. WordNet is purely synchronic (i.e. it
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does not model temporal variations of meaning) and is extensively used in NLP
for its valuable descriptors of language and form-meaning assocations. WordNet
is accompanied with a synchronic corpus called SemCorf’| (‘Semantic Correspon-
dances’), which consists of 352 texts from the Brown Corpug’ and annotated
with WordNet synsets, as well as part-of-speech tags.

In this thesis, we make use of WordNet as a reference taxonomy for English.
In Chapter 4, it allows us to evaluate a model’s ability to describe the mapping
between words and concepts learned from data (more precisely, from the Sem-
Cor corpus). In Chapter |5} it also us to curate a dataset of labeled occurrence
pairs to supervise the fine-tuning of a Contextualized Language Models, in order
to obtain better in-context representations of lexical meaning. In Sectin of
Chapter|[7], we use WordNet to obtain a list of synonyms for modern-day English.

2.3 Lexical Semantic Change

This section adopts a diachronic perspective and focuses on the study of lexical
semantic change over time. Three questions will be adressed:: how does word
meaning change (mechanisms of change) ? what kinds of change are observed
(nature of change) ? and what regularities does semantic change follow (pat-
terns of change) ? Section defines Lexical Semantic Change in terms of the
mapping between lexemes and concepts. Section [2.3.2]examines several mecha-
nisms that can create new meanings or alter existing ones. Section[2.3.3|reviews
the exploration of several proposed classifications of lexical semantic changes.
Then in Section we discuss the various patterns and regularities that have
been uncovered or hypothesized about semantic change. Finally, Section [2.3.5]
presents available computational resources and diachronic corpora available for
research in this area.

2.3.1 Lexical Semantic Change in the Word-Meaning Mapping

Over time, the mapping presented in Section is subject to change: some
lexeme-concept assocations may be created, while others may be lost. Lexical
semantic change corresponds precisely to such changes in the mapping between
words and the concepts they denote.

Semasiological and onomasiological change. A semasiological change refers
to an evolution of the set of meanings a given word has; that is, if the word gains

3https://www.sketchengine.eu/semcor-annotated-corpus/
*https://www.sketchengine.eu/brown-corpus/
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or loses a sense over time. New senses can be the result of emerging concepts
requiring a linguistic expression, and sense loss can be provoked by the obso-
lescence of a concept; both processes can also simply result from a change in
the way words are allocated to persistent concepts. Conversely, onomasiologi-
cal change refers to changes in the way concepts are named over time, rather
than changes in the meanings of the words themselves. It is the study of how
different words are used to refer to the same concept in a language, and how
these naming patterns evolve historically. Onomasiological change notably in-
clude the appearance or the disappearance of associations between words and
this concept. In the former case, the naming is expanded by one or several new
words; and in the latter case, it is shrinked by one or more words. In addition,
new concepts may appear and obsolete concepts may disappear, creating new
associations or cutting existing associations in the word-concept mapping.

Notations. In the remainder of this chapter, we will have to provide examples
of semasiological changes. We will denote lexeme X, CONCEPT A > CONCEPT B
the fact that the word X has shifted in meaning from CONCEPT A to CONCEPT B.
In other words, X has gained the meaning of CONCEPT B but simultaneously it
has lost the meaning of CONCEPT A. When the new meaning CONCEPT B does
not replace an existing meaning, we will denote the change with lexeme X, +>
CONCEPT B. Similarly, for onomasiological changes, we will denote CONCEPT X
lexeme A > lexeme B the fact that the concept X used to be refer to with lexeme
A and is later referred to with lexeme B. In other words, lexeme B entered the
naming of CONCEPT X while lexeme A left its naming. If lexeme B does not replace
a word previously existing in the naming of CONCEPT X, we will use CONCEPT
X +> lexeme B. On the contrary, if lexeme A is removed from the naming of
CONCEPT X without replacement, we denote it CONCEPT X /> lexeme A.

Concept drifts. While the notion of ‘lexical semantic change’ is traditionally
employed to refer to changes in the interaction between the formal layer and the
conceptual layer (that is, between words and concepts) as presented in Figure
there can also be diachronic changes as to the mapping between the con-
ceptual layer and the denotational layer. Particularly, such changes may happen
when a concept is perceived differently by speakers (e.g. in terms of emotional
value) or because of changes at the level of intension (i.e. the very definition
of a concept has changed). Such changes are called ‘concept drifts’ or ‘concep-
tual changes’, to distinguish them from lexical semantic change (Fokkens et al.,
2016)). Concept drifts fall outside the scope of this manuscript, but in terms of
computational studies we can notably cite|Sommerauer and Fokkens| (2019) for a
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computational approach to the change of the concept of RACISM, and Vylomova
et al.| (2019) for a study of the drifts in harm-related concepts in psychology
(such as ADDICTION, HARASSMENT, TRAUMA, etc.).

2.3.2 Development and Loss of Word-Meaning Associations

Sense salience and perpheral changes. In Section[2.2.5|we mentionned that,
in the semasiological perspective, word senses exhibit prototypicality effects. In-
vestigating the nature of semasiological meanings within the framework of his
diachronic prototype theory, Geeraerts| (1997) showed that the prototypical ef-
fects governing senses have consequences in their diachronic evolution.

First, Geeraerts found that new meanings emerge as modulations of a core case;
that is, if a lexeme has a prototypical meaning whose referents exhibit features
ABCDE, then arising meanings will likely have referents with feature sets like
ABCD, ABCE, ABDE, etc. before new meanings associated to features ABC can
develop. Second, semasiological change involves a change in the prototypical
structure of meanings: senses overlap and intertwine, and a new reading may
emerge from multiple already conventionalized readings. Finally, new senses
likely emerges at the periphery of the radial polysemy network, and core mean-
ings are likely to remain very stable over time while peripheral meanings may
disappear quickly.

Geeraerts| (1997) also examined semantic polygenesis, a phenomenon whereby
some meanings of a given lexeme may come into existence at several points in
time, on an independent basis, and quickly disappear. Semantic polygenesis oc-
curs with extremely peripheral meanings, that are semantically close enough to
be spontaneously inferred by speakers yet too distant from the core meanings to
become stable or long-lasting. This phenomenon illustrates the vagueness of the
boundaries of a word meaning, which is an important property of prototypicality
effects.

Conceptual Metaphor and Metonymy. Metaphor and metonymy are among
the most productive sources of modulation of word meaning, and thus of lex-
ical semantic change. Metaphor is usually described as based on similarity in
meaning between two items, while metonymy is said to be based on contiguity
or association in meaning between items (Ullmann, 1962).

Cognitive semantics research has shed new light on the study of metaphors, in
particular through the framework of the Conceptual Metaphor Theory (Lakoff
and Johnson, 1980). In this approach, metaphors are described as systematic
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patterns of associations between a source domain and a target domain, creating a
mapping between elements of the source domain X towards analogous elements
in the target domain Y. For instance, in the metaphor ARGUMENT IS WAR, claims
may be attacked are defended (like a strategic point); criticisms strike true; you
will defend your thesis using an argumentative strategy; an eloquent opponent
can demolish your arguments; and the debate can be won. The structure of
the source domain is projected to the target domain — e.g. in the WAR domain,
‘winning the war’ is the result of ‘attacking the opponent’s forces’; in the ARGUMENT
domain ‘winning the argument’ being the result of successfully countering of the
opponent’s claims. Mappings are not exhaustive, some features of the source
domain may not be applicable to the target. Also, metaphors are not unique
with respect to the target domain. For instance, ARGUMENT IS BUILDING also
conceptualizes argumentation as a constructed entity (e.g. claims need support
otherwise they would collapse).

According to Lakoff and Johnson! (1980), metonymies are similar to metaphors
in many aspects but they involve only one conceptual domain instead of two
(e.g. “crocodile handbag” where crocodile stays within the animal domain but
the focus shifts to one of its salient parts or properties: its skin). Peirsman and
Geeraerts| (2006) rely on a prototypicality-based approach to classify and com-
pare various recurrent types of metonymy: PART-WHOLE, CONTAINER-CONTAINED,
PRODUCER-PRODUCT, ACTION-PARTICIPANT, etc.

Other models of semasiological change. The Invited Inference Theory of Se-
mantic Change (Traugott and Dasher, 2002) has gained acceptance in the recent
years as a pragmatics-based model to decribe the emergence of new meanings.
Conceptually, they distinguish three stages for a new meaning to emerge: (i)
utterance-token meaning, innovative use of a lexeme that does not correspond to
conventionalized meanings but can be understood by the audience in a specific
context; (ii) utterance-type meaning, after a repeated use of the utterance-token
meaning, and (iii) coded meaning, after the utterance-type meaning has been
crystallized enough to gain autonomy and can be invoked out of context without
ambiguity.

The primary goal of the Invited Inference Theory of Semantic Change was to ex-
plain a process called grammaticalization (Bybee, 2003; Lehmann) 2015}, Hopper
and Traugott, 2003), the gradual change in meaning of a content word (i.e. a
lexeme of autonomous meaning) to a grammatical word (a lexeme whose se-
mantic contribution lies in a grammatical function). Grammaticalization is a
process through which a lexeme gains a new meaning (specifically, a functional
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meaning) and often loses its previous meanings.

The Invited Inference Theory and Grammaticalization fall outside the scope of
the present work, and have generally lead to few computational studies in the re-
cent years. Their investigation, especially with recent NLP representation meth-
ods, is left to future work.

2.3.3 Classification of Semasiological Changes

Over the past centuries, research from historical-philological works to cognitive
semantics studies has explored optimal ways to classify the various instances
of lexical semantic change into categories that best capture regular patterns of
development.

Our summary of the proposed typologies is based on the classifications proposed
by Bréall (1897) (reprised with updated definitions in Traugott (2017)), Stern
(1931)), Ullmann! (1962) and Blank| (1997)). Common to most typologies of lexi-
cal semantic change are the following categories:

1. Metaphorization: A lexeme is innovatively used to express one thing in
terms of another, based on the perceived similarity between the two things.
For instance, the word mouse acquired the meaning of COMPUTER DEVICE
TO POINT AND CLICK because the shape of these devices resembles that of
the small rodents usually referred to as mouse.

2. Metonymization: A lexeme, originally used for a given category, is inno-
vately applied to a new category because of a conceptual relation between
the two categories (e.g. board, TABLE > COUNCIL OF PEOPLE).

3. Ellipsis: A lexeme acquires a meaning that encompasses the whole seman-
tic content of a multi-word expression of which it was a component. For
instance, private developped the meaning of COMMON SOLDIER from the
complete phrase ‘private soldier’. It was originally a simple adjective, and
has become an autonomous noun for this meaning.

4. Popular etymology (or folk-etymology): A lexeme receives a new meaning
from another lexeme due to their formal similarity. As an example, hangnail
lost its meaning of ‘corn on the foot’ after being reinterpreted as ‘a bit of
skin hanging loose at the side or root of a fingernail’ (based on its similarity
with the combination of hang and nail, despite its true etymology actually
being agnail in Middle English).

5. Generalization (or broadening or extension of range): A lexeme aquires
a more general meaning than its original one. For instance, the meaning
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of the French word panier ‘basket’ is an extension of its Latin ancestor
panarium ‘bread basket’.

6. Specialization (or narrowing or restriction of range): A lexeme aquires a
more specific meaning than its older meaning. For instance, the meaning
of the French word viande changed from FOOD to MEAT around the 17th
century.

Some typologies, like that of Bréall (1897) or of Ullmann| (1962), account for
amelioration and pejoration. They correspond respectively to cases in which a
new meaning acquires a more positive or more negative emotional value than the
original meaning. The word disease underwent pejoration (DISCOMFORT > ILL-
NESS), and nice underwent amelioration (LASCIVIOUS > KIND, PLEASANT). Many
pejorations originate from euphemisms: speakers use a less-negatively conno-
tated lexeme to refer to a negative concept; and over time the lexeme’s meaning
ends up bearing the negative weight (which is the case of disease for instance).
A number of ameliorations do not necessarily lead to a stricly positive meaning,
sometimes amelioration of meaning merely cancels out the negative weight (e.g.
French regretter, LAMENT OVER THE DEAD > MISS, REGRET).

Blank (1997, (1999)’s classification additionally accounts for other phenomena:

* Co-hyponymous transfer: A lexeme gains a new sense that is at the same
taxonomical level than one of its existing sense, i.e. they share a common
close hypernym (Occitan borni, ONE-EYED, can be used to mean BLIND).

e Auto-antonymy: A lexeme develops a new meaning that is opposite to one
of its existing meaning (e.g. awful, AWE-INSPIRING > VERY BAD).

e Antiphrasis : A lexeme acquires a new meaning based on a contrastive
aspect of the concepts, often through ironic or euphemistic usage (e.g. Old
French oste, GUEST, gained the meaning of HOSTAGE).

e Auto-converse: A lexeme that used to lexicalize one extreme of a relation-
ship comes to mean the opposite extreme too (e.g. take in the dialectal use
as GIVE).

Traugottl (2017)) argues that pairs of opposite phenomena, such as ameliora-
tion/pejoration or generalization/specialization, tend to obfuscate the discussion
on the regularities and patterns of lexical semantic change and may discourage
the research on directionality of semantic change.
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2.3.4 Case Studies and Regularities

In this section, we will review several patterns of Lexical Semantic Change that
have been studied in the literature. While the previous section focused on ty-
pologies and what kind of change there might be, this section rather focuses on
when change occurs and which kind of meanings are affected. In contrast with
the last two sections that focused on more semasiological aspects of change, the
present section enumerates several patterns that have been uncovered thanks to
an onomasiological approach.

Change in semantic fields. Analyses of semantic changes through the lens
of semantic fields (i.e. sets of words and concepts corresponding to related
meanings) were very prolific in uncovering regular patterns of lexical semantic
change. [Trier| (1934) describes how the lexical field of ‘knowledge’ was described
by different lexical items over time in German. During medieval times, the field
was divided between Kunst (knowledge and skills of the courtly knight) and List
(practical knowledge) while the word Wisheit was a general term for all kinds
of knowledge, encompassing the former two. Later, Wisheit underwent special-
ization and came to refer to religious knowledge. List changed in meaning and
was replaced by Wizzen which, jointly with Kunst, came to refer to non-religious
knowledge, without social class distinction. In modern German, Wissen means
KNOWLEDGE of any kind, Kunst has the meaning of ARTS and Weisheit means
WISDOM.

In the field of SPEED, Stern (1931) studies the development of English words for
IMMEDIATELY, showing that most of them come from terms associated to RAPIDLY
instead. This change, from the open-ended RAPIDLY to the half-limitated IMME-
DIATELY were also observed by Buck/ (1949)) in a large cross-linguistic study. Buck
argues that this change is unidirectional, i.e. that the change from IMMEDIATELY
to RAPIDLY would have been highly unlikely.

The ‘concrete to abstract’ paradigm. Kronasser| (1952) posits the general
principle that terms associated to concrete meanings are likely to develop new,
abstract meanings; and that this change from concrete to abstract is unidirec-
tional. Numerous subsequent studies have verified the CONCRETE>ABSTRACT
directionality. Derrig| (1978) investigated metaphors based on color terms ap-
plied to human qualities, finding that terms associated to HUE often gain mean-
ings of emotional or moral qualities (e.g. blue, +> MELANCHOLY, white +>
INNOCENT) while lexemes associated to BRIGHTNESS are likely associated to in-
tellecual qualities (e.g. bright +> CLEVER; clear +> OF KEEN MIND, ALERT, dark
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+> IGNORANT). Derrigl (1978); |Sweetser| (1990) showed that PERCEPTION lex-
emes are often extended through metaphorization to the domain of INTELLECT
(e.g. see to mean UNDERSTAND). Traugott| (1978) highlighted that lexemes re-
lated to SPACE are regularly applied in the more abstract domain of TIME (e.g.
before, IN FRONT OF > AT A TIME EARLIER). (Clark and Clark (1978) showed that
the SPACE domain is also a source of lexemes for the MENTAL ACTS domain (e.g.
follow 4+> UNDERSTAND A DISCOURSE; the word deduce coming from Latin word
ducere, LEAD). Kleparski (1990) studied a number of regular FOOD>HUMAN BE-
INGS WITH PEJORATIVE CONNOTATIONS patterns (e.g. Polish grzyb, MUSHROOM
+> OLD, UNPLEASANT MAN). Lehrer| (1985) provides many examples of ANIMAL
nouns applied to human beings for negatively connotated behavior, such as snake
to mean TREACHEROUS PERSON. [Kahr (1975) discussed how body parts can be
used for space-related concepts (as in ‘the foot of the mountain’), which is in line
with Langacker| (1987)’s idea that the human body and the sensory experiences
are the most concrete concepts.

All of these examples illustrate that cross-domain lexical semantic change usually
takes place in a specific direction, from concrete concepts to abstract concepts.
For most of these changes, we have provided a semasiological example as it is
the most straightforward way to conceive lexical semantic change. However, an
onomasiological approach is required to reach a better understanding of the un-
derlying regular patterns: comparing concrete and abstract conceptual domains,
researchers have noted that the intersection between the namings of concepts
within one concrete domain and the namings of concepts within a second, ab-
stract domain grows larger over time.

While most of the examples discussed here are drawn from English, the vast
majority of these studies were not limited to English and often included non
Indo-European languages, strengthening the idea of a universal directionality
for cross-domain lexical semantic change.

To study lexical semantic change in a given semantic field or regular transfers
across conceptual domains, computational studies need expert knowledge to de-
termine the set of words that relate to concepts in this field (e.g. Baes et al.
(2023)) for mental-health related concepts, Paccosi et al.| (2023)) for the olfactory
field, Boholm et al. (2024) with political dogwhistles) and a categorization of
concepts into domains. This requirement restricts the scale at which computa-
tional studies of semantic fields and domains can be conducted. In our research,
we choose to adopt a large-scale approach, not focusing on a specific semantic
field / pair of domains, and we do not make use of such external knowledge.
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Allocation, conventionality, contrast. Breal (1897) proposed several laws of
lexical semantic change. The first one is the loi de répartition (‘law of realloca-
tion”), which we quote as follows:

Nous appelons « répartition » 'ordre intentionnel par suite duquel des mots
qui devraient étre synonymes, et qui 'étaient en effet, ont pris cependant
des sens différents et ne peuvent plus s’employer 'un pour l'autre. (...) [Le
peuple] admet I'existence d’une répartition : il ne croit pas qu’il y ait dans
le langage des termes absolument identiques. (...) [S]on opinion qu’il n’y a
pas de synonymes fait qu’en réalité les synonymes n’existent pas longtemps
: ou bien ils se différencient, ou bien 'un des deux termes disparait.

We call “reallocation” the deliberate order from which words that should be
synonyms, and were actually, have adopted different meanings and can no
longer be used interchangeably. (...) People acknowledge the existence of al-
location: they do not believe that there are terms in the language that are
absolutely identical. (...) Their opinion that there are no synonyms induces
that synonyms do not exist for long: either they become differentiated, or one
of the two terms disappears.

Essai de Sémantique, Bréal 1897

According to Bréal, when words happen to be synonymous, this synonymy can-
not last: only one of the terms should remain or the terms must differentiate in
meaning (which leads Xu and Kemp (2015) to refer to this principle as the law
of differentiation). An example of Reallocation in French is GARDEN /> courtil:
the word courtil ceased to be used after jardin entered the naming of GARDEN.

This principle concerning the evolution of synonyms was later supported by the
works of Eve Clark in the field of pragmatics and language aquisition in chil-
dren (Clark and Clark, [1978; (Clark, [1993, 2007). Clark’s work revolves around
two fundamental pragmatic principles: contrast and conventionality. The Prin-
ciple of Contrast is defined as follows: “Speakers take every difference in form to
mark a difference in meaning.” (Clark, 1993). Thus, Bréal’s law of reallocation
and Clark’s principle of contrast both dictates that two different lexemes should
not have the same meaning, even if they share some semantic properties. A
difference should always exist, and if such a divergence is temporarily absent
it is expected to emerge over time. On the other hand, |Clarkl (1993) also de-
fines the principle of Conventionality, defined as a corrolary to Contrast: “For
certain meanings, there is a form that speakers expect to be used in the language
community”. Combining contrast and conventionality: two lexemes should have
different meanings, and a meaning should be expressed by a only one word.
From this perspective, there is no room for synonymy.

Synchronically, when synonymy still occurs, the Principle of Conventionality im-
plies that “speakers typically make use of only one term out of the synonymous set”
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(Clark, 1993). Diachronically, synonyms must differentiate according to Bréal’s
law of allocation, and to the Principle of Contrast. These views are comple-
mentary : Bréal’s Differentiation (‘forms of near-identical meaning diverge over
time’) is the process, encouraged by the Principle of Contrast (‘two forms must
make two meanings’), that results in the Principle of Conventionality (‘one form
for one meaning’).

The Law of Reallocation is, by definition, an onomasiological change: the nam-
ing of a concept encompassing several distinct lexemes tend to shrink down to
only one word.

Associations and change. Revisiting Stern (1921)’s work on swiftly, quickly
and a number of related lexemes, Lehrer (1985) points out that Stern’s findings —
that these words all changed in meaning, from RAPIDLY to QUICKLY, and that their
changed caused the semantic development of related words such as associated
adjectives — support a different hypothesis than differentiation. Her claim is
that “semantically related words may undergo parallel semantic changes”, or in
other words, that semantic relationships tend to remain stable, even when the
meaning of individual words changes. Building on Stern’s analysis of swiftly and
synonyms, Lehrer studies a variety of animal metaphors. She shows that the
development of a metaphorical meaning for one lexeme consistently entails the
emergence of the same meaning for its (near-)synonyms. For instance, snake’s
more recent meaning of TREACHEROUS PERSON has been attested from 1590,
after its near-synonym viper gained this new meaning in 1526. The word viper
was introduced in English in 1526 by Tindale’s translation of the Bible from
the Old French, carrying both its literal meaning and its figurative meaning.
Lehrer argues that it is the established association in viper between the animal
and the human quality that enabled the development of this moral meaning for
snake. Similarly, the meaning related to BRUTISHNESS first associated with gorilla
later spreads to baboon and ape. By 1785, both lexemes mule and donkey had
developped the metaphorical meaning of SILLY PERSON. In the case of donkey,
this meaning was extended to OBSTINATE PERSON, which facilitated the same
change for mule.

It remains unclear whether synonymous associations are doomed to disappear,
as suugested by Bréal and Clark, or if they are to be preserved over time, as
claimed by Lehrer. More precisely, both apparently opposite phenomena are at
work in the whole lexicon, but the conditions in which each of them realizes re-
main to be determined. Furthermore, they need not be mutually exclusive: Stern
(1921)) observed that the parallel change RAPIDLY > IMMEDIATELY of swiftly and
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all of its synonyms was likely caused by the emergence of faste (Old English for
fast) as a concurrent term meaning RAPIDLY. Indeed, Stern also describes how
fast gradually developped its new meaning from FIRM, initially through construc-
tions like run fast (‘to run steadily’, which became ‘to run rapidly’), opening the
way for fast thereby acquiring the new coded meaning of RAPIDLY. In Chapter|7,
we take this alleged contradiction as a case study and we conduct a data-driven
investigation using various kinds of computational approaches to quantify these
two phenomena and discuss the extent to which the proposed models can char-
acterize them.

2.3.5 Resources and Corpora

In the previous section, we reviewed a wide range of observations and theo-
ries on Lexical Semantic Change developed within linguistic research. Before
turning to the next chapter and discuss how Natural Language Processing ad-
dresses questions of lexical semantics and meaning evolution over time, we will
first present several crucial resources at the basis of many computational and
non-computational studies of Lexical Semantic Change.

Historical Thesaurus. The Historical Thesaurus (Kay et al., |2020) is a his-
torical taxonomical database of English maintained and published by the Uni-
versity of Glasgow. Its structure is similar to that of WordNet and traditional
thesaurus, with concepts being organized in a tree structure in which cate-
gories become increasingly specific at deeper levels of classifications, each con-
cept is associated with a set of lexemes that are used or have been used to re-
fer to this category. For each word belonging a given concept, the Thesaurus
provides the time period in which this lexeme was associated to this mean-
ing. The thesaurus covers word forms from Old English to present-day English.
Some categories are supplemented with subcategories, which do not represent
an additional level in the main taxonomical structure but are local subordi-
nates to a specific categories. While the Historical Thesaurus is available online
at https://ht.ac.uk/category/| for manual inspection, its API is not publicly
available and data download is not permitted, preventing a systematic use of the
Historical Thesaurus in large-scale computational studies.

CLICS3. The Database of Cross-Linguistic Colexifications, abbrievated as CLICS
(Rzymski et al., 2020), is a multi-lingual database useful to investigate rela-
tions between concepts and regular cross-domain associations. It is available
at https://clics.clld.org/. The base material of this resource are colexifi-
cation data. The term ‘colexification’ as defined by Haspelmath| (2023) refers
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to the phenomenon whereby two meanings are expressed by the same lexeme
in a given language (a polysemous lexeme). The database is usually explored
through semantic maps, which are graphs in which nodes represent concepts and
edges indicate the number of languages in which both concepts are colexified.
Thus, two concepts are strongly associated if they are encoded by the same lex-
eme in many languages. CLICS contains colexification data from a wide variety
of modern day languages, as well as from older languages such as Old English,
Old French, Gothic, Akkadian, Old Testament Hebrew, etc. This temporal di-
versity enables diachronic investigations of regular patterns of meaning change,
in particular in an onomasiological perspective. For instance, (Georgakopoulos
and Polis| (2021) used the CLICS data base to study the change of time-related
lexemes in Ancient Greek and Ancient Egyptian.

Database of Semantic Shifts. In an attempt to build the largest collection
of attested semasiological changes, the Database of Semantic Shifts (Zalizniak
et al., |2012a) compiles 9,870 cross-domain shifts found in 44,667 realizations,
accross 2,183 language varieties. For instance, the change from LISTEN to OBEY,
COMPLY has been attested in 241 realizations (e.g. in English I told you to do
it but you don’t listen to me anymore). Many entries specify the direction of
change, with a left-to-right arrow if the change is only found in one direction,
or a bidirectional arrow if the reverse change is also realized. Note that the
database, unlike the Historical Thesaurus for instance, only list semasiological
changes, i.e. development of new polysemies. The database is available at
https://datsemshift.ru/.

Diachronic corpora. Computational studies of Lexical Semantic Change re-
quire textual data from different time periods. Corpora like the Google Book
Ngrams Corpus (Michel et al), 2011} [Lin et al., [ 2012)F] the Corpus of Historical
American English (COHA, Davies |2012; |Alatrash et al.[2020 )E] or the Penn-BFM
Parsed Corpus of Historical French (Martineau et al., 2021) and the MCVF Corpus
Kroch and Santorini (2021) provide collections of texts and/or cooccurrence
information for different time periods in a variety of languages. The Google
Book corpus and the COHA are the most widely used corpora in English compu-
tational studies of lexical semantic change, but these data can be biased if the
genre of texts is not balanced ; they can also be noisy because of OCR-induced
error or sparsity for older time periods (Pechenick et al., 2015).

>https://storage.googleapis.com/books/ngrams/books/datasetsv3.html
Shttps://www.english-corpora.org/coha/
7https://github.com/beatrice57/mcvf-plus-ppchf
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Of particular interest for the diachronic analysis conducted in this thesis is the

PRESTO corpus (Blumenthal et al., 2017)), available athttp://presto.ens-1lyon.
fr/. This French diachronic corpus comprises 315 texts, spanning from 1501 to

1549. PRESTO has both syntactic annotations (Part-of-Speech tags) and mor-

phological annotations, as word forms are annotated with the corresponding

lemma. These morphological annotations, not common in large-scale diachronic

corpora, are extremely valuable for tracking the semantic evolution of a lexeme

and avoid the difficulties caused by orthographic variation over such an extended

period. We will make use of PRESTO in experimental studies of the Chapter [6]
and

2.4 Summary

In this chapter, we have established a theoretical framework for introducing the
contributions of this thesis. We have presented the notions of lexeme, occur-
rence and concept, word senses and concept namings, as well as polysemy and
synonymy. Particular attention has been paid to the difference between sema-
siology and onomasiology in the mapping between lexemes and concepts. By
examining synonymy and hyponymy, we have introduced taxonomies such as
WordNet that provide a modelization of the word-meaning mapping and can
be used as external resources in computational studies. Then, we have reviewed
several studies on Lexical Semantic Change in historical linguistics. We have seen
that Lexical Semantic Change can be seen as the evolution of word-meaning as-
sociations, with words gaining or losing senses (on the semasiological side) and
concept namings expanding or shrinking (on the onomasiological side). We have
questioned how meanings emerge or disappear, what kind of changes may occur
and what regularities govern these changes. Finally, we have introduced several
resources of interest for computational approaches to lexical semantic change.

Studies in historical linguistics are based on careful examination of examples of
word usages over time, allowing researchers to precisely describe how associa-
tions between words and meanings evolve. The drawback of such methodology
is its large cost in time and human resources, which limits the scale of such stud-
ies to a relatively small scale and requires a strong supervision of the analytical
process. In some cases, proposed theories of semantic change are supported by
a small number of examples and would benefit from a more systematic evalu-
ation in large historical corpora. In the next chapter, we will see how Natural
Language Processing addresses these issues and we review the most widely used
models of lexical semantic change. Computational studies allow for large-scale,
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automatic exploration of semantic change, by comparing vast amount of data
over time. The computational approach is complementary to the linguistic ap-
proach, operating at a different level on the corpus data and allowing to uncover
new regularities in lexical semantic change.



Computational Modelling of
Lexical Semantic Change

In the previous chapters, we have outlined the dominant approaches to lexical
semantics in general, and to lexical semantic change in particular, and we have
argued that lexical semantic change can be seen as an evolution of the mapping
between lexemes and semantic concepts. Natural Language Processing (NLP)
has interacted with Linguistics since its earliest days and has proven a valuable
tool for large-scale, systematic studies of language phenomena. In this chapter,
we discuss the various challenges that NLP research has framed to describe the
mapping between words and meanings, including the specific tasks that have
been formulated to evaluate computational models of lexical semantic change.
Then, we give an overview of the various approaches in the NLP literature to de-
tect and model lexical semantic change. We provide a review of several compu-
tational studies that explored and uncovered patterns and regularities of lexical
semantic change. We conclude the chapter by outlining the major limitations of
current NLP approaches to lexical semantic change.

3.1 NLP Tasks in the Word-Concept Mapping

Research in Natural Language Processing has translated several challenges re-
lated to lexical semantics into different tasks. These tasks are usually set within
two different perspectives. On the one hand, there are tasks that involve com-
parisons between the various usages of a target word. On the other hand, other
tasks emphasize on comparisons between the meanings of different words. In
this section, we describe some of the most widely studied tasks dealing with
lexical meaning, and particularly polysemy and synonymy in the mapping be-
tween lexemes and concepts. We will notably distinguish two categories of tasks:
between-word tasks focus on comparisons between words and on the degree to
which speakers perceives them as (dis)similar in meaning (with synonymy be-
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ing the maximal degree of similarity); and within-word tasks are dealing with
polysemy and how the multiple senses of a word are reflected in its usages.

3.1.1 Between-word tasks

Among between-word tasks, we first describe Lexical Substitution. First intro-
duced as a means to evaluate Word Sense Disambiguation system (see Section
by McCarthy| (2002), Lexical Substitution aims to find and evaluate suit-
able substitutes for a target word in a given context. In the example below, a
Lexical Substitution system should judge that workers could be a good substitute
for employees in this context.

(4) The factory employees have been on strike for days.

McCarthy (2002) discussed several evaluation settings for Lexical Substitution.
McCarthy first proposed that candidate systems should pick a valid substitute
— or a valid set of substitutes — among a pre-defined set of options, and the
evaluation would assess whether the right answer was chosen. Alternatively,
candidate systems can be tasked with providing a substitute on their own. In the
former setting, the task is easier to evaluate because the set of possible answers
is constrained, simplifying the comparison to ground truth; but it creates a bias
towards systems that rely on the same lexical resource than the one used for
training (e.g. a system using WordNet’s synsets on a benchmark that relied on
WordNet to determine the possible answers.). The substitute-prediction setting
is less unfair towards candidate systems that may be using a different lexical
resources or no lexical resource at all (such as methods purely based on word
embeddings), but is less trivial to obtain an exhaustive ground-truth from human
annotators and to compute inter-annotators agreement.

Notable datasets for Lexical Substitution in English include the SemEval-2007
dataset (McCarthy and Navigli, 2007) and CoInCo (“Concepts in Context”, Kre-
mer et al. 2014). |Cholakov et al. (2014)) introduced a lexical substitution dataset
for German.

Another major between-word tasks is Lexical Similarity, the task of predicting
how similar the meanings of two different words are. It is important to distin-
guish between similarity and relatedness. Similarity refers to the fact that two
words can be exchanged because their meanings are close enough and that they
may occupy the same role in the sentence. In contrast, relatedness indicates that
the meaning of two words are related enough to co—occurE] Similarity is obviously

!lChronis and Erk (2020) makes the distinction as follows: “Similarity is paradigmatic: highly
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not a binary feature between two words, no two words are perfectly similar nor
entirely dissimilar. Thus, similarity is measured on a continuous scale. Lexical
Similarity as a task is usually realised in two settings. On the one hand, we have
Out-of-context (OOC) Lexical Similarity, where only pairs of words are presented
and candidate systems must propose a similarity score to each word pair. For in-
stance, the pair (cat, dog) would typically receive a higher similarity score than
the pair (paper, airplane). On the other hand, we have In-Context (IC) Lexical
Similarity, where systems are asked to judge the similarity of two words in pro-
vided contexts. The two words may be presented in the same sentence, like in
example[5] or presented in separate sentences or contexts, like in example [6]

(5) Shared context:
The prisoner’s cell was large enough that several pieces of furniture
could fit in the room.

(6) Distinct contexts:
a. The treatment to cure infected cells was working perfectly.

b. They must make enough room in the kitchen to place a frigde, an
oven and a counter.

In both the OOC and IC settings, evaluation is usually achieved by computing
the correlation between gold-standard judgements of similarity in the pairs and
predictions of the candidate system.

In-Context Lexical Similarity, despite being a between-word task by definition, al-
lows within-lexeme considerations. Its advantage over its Out-Of-Context coun-
terpart is that it requires systems to disambiguate word senses before making
the similarity judgement between target words. Indeed, both cell and room
exhibit polysemy in and (6)), with meanings SINGLE ROOM and SMALLEST
AUTONOMOUS UNIT OF LIVING MATTER for cell and PART OF A BUILDING and UN-
OCCUPIED SPACE for room. Thus, their meanings are very similar in but very
dissimilar in [6] and systems for the Lexical Similarity task should account for
these variations of meaning.

Among popular Lexical Similarity datasets in the Out-Of-Context setting, we
find the WordSim353-Sim dataset (Agirre et al. 2009), SimLex-999 (Hill et al.
2015) and the CAmbridge Rare word Dataset (CARD-660, Pilehvar et al. 2018)
for English, and Multi-SimLex for 12 diverse languages (Vulic et al.|2020). The

similar words are more likely to occupy the same ’slot’ in a sentence (i.e., The bug is on the
rug/carpet). Semantic relatedness, on the other hand is syntagmatic: two highly related words
are likely to appear in succession, as in She filled the car with gasoline.”
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most widely-used In-Context datasets include Stanford Contextual Word Simi-
larity (SCWS, Huang et al.|2012) in English and CoSimLex (Armendariz et al.,
2020) in 4 different languages. In Chapter |5, we use CoSimLex to evaluate a
model’s ability to represent the lexical meaning of different words in context.

3.1.2 Within-word tasks

Word Sense Disambiguation (WSD) is a widely studied task (Navigli, |2009;
Bevilacqua et al., 2021)). From a machine-learning perspective, it is a supervised
problem where candidate systems are tasked to to assign the correct sense label
to each occurrence of a word, chosen among a pre-defined set of available senses
for this word. The particularity of this classification problem is that the set of
classes is distinct for each word.

For instance, consider the following occurrences of room:

(7) a. They must make enough room in the kitchen to place a frigde, an
oven and a counter.

b. Her conclusions leave no room for doubt.
c. He wanted to decorate the room with pastel colors.

d. The evaluation showed there was still room for improvement.

Knowing that the word room has meanings (A) UNOCCUPIED SPACE, (B) PART OF
A BUILDING’S INSIDE and (C) SUITABLE OCCASION OR OPPORTUNITY, the system
should label the occurrences presented in Example (7)) as pertaining to senses A,
C, B, and C respectively.

Raganato et al. (2017) proposed a unified framework that brings together most
major evaluation datasets for English WSD: Senseval-2 (Edmonds and Cotton,
2001), Senseval-3 English All-Words (Snyder and Palmer, 2004), SemEval-2007
task 17 (Pradhan et al., |2007), SemEval-20013 task 12 (Navigli et al., 2013),
SemEval-2015 task 13 (Moro and Navigli, 2015). Under this framework, all of
these benchmarks use WordNet’s senses as ground-truth. More recently, Blevins
et al. (2021) proposed an English dataset based on Wiktionary’s senses. Pasini
et al.| (2021) introduced XL-WSD that extends Raganato et al.| (2017)’s frame-
work to 18 other languages, Basque, Bulgarian, Catalan, Chinese, Croatian, Dan-
ish, Dutch, English, Estonian, French, Galician, German, Hungarian, Italian,
Japanese, Korean, Slovenian, and Spanish from six families. XL-WSD’s sense
inventories are drawn from BabelNet’s synsets, restricted to those containing at
least one English WordNet sense. Most of the non-English dataset they gathered
were annotated using English WordNet’s synsets too. This reliance on English
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WordNet can lead to discrepancies in cases where a given language lexicalizes
concepts that are not lexicalized in English or not found in WordNet.

Word Sense Disambiguation is a supervised task, meaning that candidate sys-
tems are provided a sense-annotated training corpus from which they learn how
to map word occurrences to the appropriate senses. Derived from WSD, Word
Sense Induction is the unsupervised task of clustering word occcurrences into
senses (Van de Cruys and Apidianaki, 2011; Navigli, 2012). All occurrences in
the same cluster must be instances of the same sense, corresponding to one read-
ing, without requiring the system to know the reading’s definition in advance.
WSI systems are agnostic to sense inventories, they simply group occurrences of
similar meaning together for each word.

In English, SemEval-2010 task 14 (Manandhar et al., [2010) and SemEval-2013
task 13 (Jurgens and Klapaftis, 2013) are the most widely used benchmarks for
WSI. The former contains 8,915 occurrences for 100 distinct target words (50
nouns and 50 verbs), while the latter contains 4,664 occurrences for 50 target
words (20 nouns, 20 verbs, 10 adjectives). To perform and evaluate multilingual
WSI, in the absence of widely-known multilingual WSI benchmark, studies like
Kokosinskii and Arefyev (2024) have relied on WSD datasets like XL.-WSD. WSI is
evaluated using clustering comparison metrics like Adjusted Rand Index (Hubert
and Arabie, 1985) or BCubed F1 (Bagga and Baldwin, | 1998) to compare gold-
standard clusters to predicted clusters. Amigo et al.| (2009) compared a large
variety of clustering metrics and their statistical properties, showing that no one
metric fits all constrains, yet that BCubed metrics satisfy the largest number of
them; and proposed an extension of BCubed computation to account for “fuzzy”
clusters (i.e. overlapping clusters where instances may be asigned to multiple
clusters, with a membership probability for each). However, these metrics do
not penalize over-specification of small senses (as long as most occcurrences
are in valid, large clusters) so /Amrami and Goldberg (2019) proposed to also
compute the correlation between the number of clusters found for each word
with the gold numbers of senses.

The major limitations of WSD and WSI is that their evaluation rely on a an-
notated data and therefore on a pre-defined set of senses given by a reference
lexical resource. As such their evaluation favors any systems that leverage this
resources and discourages other attempts. Discussing this limitation in the con-
text of WSD, McCarthy| (2002) proposed shifting the evaluation of WSD systems
to external applications, and suggested Lexical Substitution as a suitable extrin-
sic evaluation of WSD systems.

The Word-in-Context (WiC) task has more recently been defined by|Pilehvar and
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Camacho-Collados| (2019) as a binary classification task where candidates must,
given a pair of occurrences of a target word, predict whether these occurrences
reflect the same word sense or not. Authors relate this to In-Context Lexical
Similarity with distinct contexts (like the SCWS dataset), but emphasize that
pairs in WiC contain occurrences from the same word only, thus shifting the
focus from similarity between different lexemes to an individual word’s polysemy
degree. WiC can be related to WSI: in WiC, pairs of occurrences are assigned
to label 1 (“same sense”) if they would have been in the same cluster in WSI,
and label 0 if they would have been in different clusters. However, it is easier
to gather annotations for WiC than for WSI; one does not need large sense-
annotated corpora with a pre-defined set of senses, but rather only judgements
on whether two instances evoke the same meaning or not. Sense annotation
can be a difficult task for human annotators, and either requires a pre-defined
set of senses (i.e. previously discussed limitation), or requires annotators to be
linguist experts. A pair judgement is easier to achieve for non-expert human
annotators, and a large WiC dataset can be more readily derived from available
resources like the Wiktionary despite their small amount of tagged occurrences
per sense because the task is not on occurrences alone but on pairs. Another
crucial difference between WSI and WiC is that the former is intended to be fully
unsupervised, while the latter is supervised and provides by training data.

As a binary classification task, WiC is traditionally evaluated with Accuracy (or
Balanced Accuracy, the average of Recalls for classes O and 1). The dataset
provided in Pilehvar and Camacho-Collados (2019), called the WiC dataset (or
sometimes WiC-original), contains 1,400 pairs of occurrences for 1,184 unique
target lexemes in its test split, with 5,428 pairs of occurrences for 1,256 target
lexemes in its train split. Only 36% of the target lexemes in the test set ap-
pear in the train set, which makes the task challenging for systems relying on
naive pattern matching. Several datasets have been proposed subsequently in
the multilingual setting.

3.1.3 Lexical Semantic Change Detection

The Lexical Semantic Change Detection (LSCD) task was introduced for the
first time as SemEval-2020 Task 1 in |Schlechtweg et al.| (2020). It has become
the most common form of evaluation for NLP models of Lexical Semantic Change
since 2020, with several dedicated benchmarks in different languages. We first
describe the task in itself, and then describe the standard procedure to create the
benchmarks and the available benchmarks.
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Definition of the LSCD Task. The most common setting for LSCD is Graded
Change Detection. Given two sets of occurrences of a given target word extracted
from two text corpora of different time periods, candidate systems must compare
occurrences from the early period to occurrences of the later period and compute
a change score that quantifies how much the word has changed in meaning be-
tween the two periods. The system’s predictions are evaluated by computing
the Spearman correlation coefficient between predicted change scores and gold
change scores, provided by the evaluation dataset. The other setting for LSCD
is Binary Change Detection. In that case, system must predict whether a word
has changed in meaning between the two periods, using provided sets of occur-
rences, as a binary signal: 1 (“the word underwent lexical semantic change”)
or 0 (“the word’s meaning remained unchanged”). In a follow-up shared task,
Zamora-Reina et al.| (2022) decomposed the Binary Change Detection task into
two subtasks: Sense Gain Detection and Sense Loss Detection, where systems must
predict whether a word has, respectively, gained a new sense or lost a sense from
period 1 to period 2.

Most datasets for LSCD are created using Diachronic Word Usage Graphs (DWUG,
Schlechtweg et al.2021), in which occurrences of a given word from differ-
ent time periods are compared by human annotators to provide a gold-standard
change score. In Table are summarized the different DWUG datasets that
have been created to evaluate unsupervised LSCD. SemEval-2020 (Schlechtweg
et al., [2020) covers 4 different languages, English, Swedish, Latin and German,;
LSCDiscovery (Zamora-Reina et al., [2022) is in Spanish; RuSemShift (Rodina
and Kutuzov, 2020) is a russian dataset actually using three time periods and
therefore offering three pairwise time comparisons; NorDiaChange (Kutuzov
et al., 2022) similarly offers 2 benchmarks in Norvegian, one for changes on large
periods and one for short-term changes; ChiWUG (Chen et al., 2023) brings
DWUGSs to Chinese, and the more recent DWUGs-IT (Cassotti et al., |2024a)
introduced a smaller dataset for Italian. All of these datasets are available at
https://www.ims.uni-stuttgart.de/en/research/resources/experiment-data/

wugs/.

Lexical Semantic Change Detection, as formulated in the SemEval-2020 shared
task, did not represent a new research problem: it was rather a standardisa-
tion of common research frameworks that existed in NLP research since the late
2000’s. |Sagi et al. (2009) investigated the semantic change of three lexemes
(do, dog and deer) from Middle English to Modern English, finding that early
occurrences of dog and do exhibit more variations of contexts in late periods
than in earlier periods (due to the generalization process that dog underwent
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Name Language # targets Periods Source corpora
EN 46 1810-1860 ; 1960-2010 CCOHA
SV 44 1790-1830 ; 1895-1903 Kubhist
SemEval-2020 LA 40 200 BC. - 0 ; 0-2000 LatinISE
DE 50 1800-1899 ; 1946-1990  T': DTA, Ty: BZ+ND
LSCDiscovery ES 46 1810-1860 ; 1960-2010 CCOHA
111 1700-1916 ; 1918-1990 RNC
RuSemShift RU 111 1700-1916 ; 1992-2016 RNC
111 1918-1990 ; 1992-2016 RNC
. 40 1929-1965 ; 1970-2013 NBdigital
NorDiaChange — NO 40 1980-1990 ; 2012-2019 T;: NBdigital, 75: NAK
ChiwuG ZH 40 1954-1978 ; 1979-2003 People’s Daily
DWUGS-IT IT 26 1948-1970 ; 1990-2014 L'Unita

Table 3.1: Overview of the DWUG datasets in the different languages. SemEval-
2020 (Schlechtweg et al., 2020) introduced 4 datasets in different languages.
RuSemShift (Rodina and Kutuzov, |2020) offer three benchmarks for the same
111 target words across 3 time periods, with one benchmark for each pair of pe-
riods. NorDiaChange (Kutuzov et al., 2022) proposes two datasets with different
periods, one with small time framed and the other with larger periods.

from a specific breed of dog to the whole category of DOG, and the grammati-
calization process that the verb do underwent), while occurrences of deer were
more varied in early periods than in later periods (deer’s meaning has shifted
from SMALL WILD ANIMAL to the ANIMAL OF THE FAMILY CERVIDAE.) (Kim et al.,
2014)) used computational models to established a list of 10 words that changed
the most in meaning between 1900 and 2010, and another list of 10 words that
remained the most stable in meaning. [Hamilton et al.| (2016b) evaluated their
computational model using a list of 10 words for which they knew, from previous
literature, that underwent semantic change. As such, the LSCD task can be seen
as an attempt to unify these research initiatives under a common framework.
Note however that LSCD focuses on only two, disjointed and often not consecu-
tive, time periods, while most of the NLP works before 2020 considered a higher
number of time periods, and even continous time indexing (Rosenfeld and Erk,
2018)).

Most crucially, the nature of LSCD is purely semasiological, as it only evaluates
a system’s ability to detect if a target word gained or lost senses. To the best of
our knowledge, the existing NLP literature has not yet define a task that would
evaluate the a system’s ability to model onomasiological lexical semantic change.
In this thesis, we aim to build models of lexical meaning that account for both
semasiological and onomasiological changes, and that go beyond the mere detec-



3.1. NLP Tasks in the Word-Concept Mapping 53

tion of these changes. Such model should provide additional information about
the type of change that was observed. The approach proposed in Chapter [f] for
instance can distinguish between sense gains and sense losses on the semasiolog-
ical side, and naming expansions and naming shrinkages on the onomasiological
side.

3.1.4 Novel Sense Detection and Definition Generation

Fedorova et al. (2024b) introduced the AXOLOTL’24 shared task, which features
two subtasks related to Lexical Semantic Change. In Subtask 1, participants are
provided with sets of occurrences of a target word for two different time periods
(‘old’ and ‘new’), as well as a gold-standard sense inventory for the old time
period. Participating systems are tasked to map occurrences in the ‘new’ set to
the corresponding senses, and detect occurrences that belong to a newly gained
sense, i.e. a sense that does not appear in the provided inventory. The task is
similar to Word Sense Disambiguation in that occurrences are to be mapped to
pre-defined senses, except that systems should be able to detect whenever an
occurrence does not correspond to any of the provided senses and correspond to
a novel one.

The task is evaluated with two metrics applied to the ‘new’ set: Adjusted Rand
Index, which compares the candidate clustering of occurrences into senses with
the gold sense partition; and the F; score on whether occurrences are labeled
with the right sense or not. The latter metric is computed only for occurrences
tagged with one of the provided senses and does not account for occurrences of
novel senses.

In subtask 2, participants must generate the most accurate definition for the
novel senses of each target word in the dataset. Importantly, temporal informa-
tion plays no role in Subtask 2 as the goal is simply to generate a definition from
occurrences of novel sense, regardless of other occurrences nor the time period
these occurrence are drawn from.

The benchmark covers three languages (Finnish, Russian and German) with a
Train, Dev and Test splits available for Finnish and Russian and only a Test set
for German. The absence of Train and Dev splits for German is motivated by the
task organizers’ desire to evaluate the multilingual transferability of candidate
models on a surprise language.

While dealing with historical data and novel sense gain, one could argue that
the task is hardly diachronic in nature. Subtask 1 can be seen as a variant of the
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WSD/WSTI tasks with a subtle differencef] It is so subtle that the best performing
model in the shared task is a straightforward WSD model with no novel-sense
detection capabilities.

3.2 Computational Models of Lexical Semantic Change

In Section we introduced the Lexical Semantic Change Detection task, the
most widely used evaluation framework for computational models investigating
Lexical Semantic Change. In this section, we elaborate on these models. Most
of the methods presented below are rooted in the literature tackling the larger
lexical semantic challenges presented in Section (3.1

Computational models of lexical semantic change can be decomposed into three
components. The first component is representations of lexical meaning, the basis
of every computational study of LSC. The second component covers alignment
techniques. Indeed, because studies of LSC span across different time periods,
and thus across several sets of data, resulting representations may require to be
aligned before any comparison can be made. The final component corresponds
to how Lexical Semantic Change is measured and observed in diachronic data,
given a representation of meaning. The choice of representations determines
which alignment techniques are applicable, and how temporal comparisons can
be made. This section is organized according to the kind of representations of
meaning.

The core question of any computational approach to lexical semantic change is
how should represent lexical meaning be represented for a given time period,
given a corresponding text corpus ? We will notably distinguish two families
of approaches. The first family comprises type-level models (also called static
models), where each word w in the vocabulary is associated to a single repre-
sentation r". The second family of approaches regroups occurrence-level models
(or contextualized models), which assign a representation r} for each occurrence
ow; of the lexeme w in the dataset, denoting o,,; the i-th occurrence of word w.

In the diachronic setting, the common practice is to compute representations for
each time period; as such we will distinguish r{;, the type-level representation
of w at time T}, and Tk the representation of occurrence ofj 1, which is the ¢-th
occurrence of w at time 7},. Most of these approaches are based on the so-called
Distributional Hypothesis (Harris|, |[1954), grounded in the idea that “a word is
characterized by the company it keeps” (Firth, 1957). Most popular models

2[Fedorova et al. recognize “Taking classification of new examples with old senses into account
made Subtask 1 more similar to pure WSD than LSCD”



3.2. Computational Models of Lexical Semantic Change 55

of word meaning produce vector representations, whether they are probability
distributions or dense vectors (embeddings).

Non-vector models include bayesian topic models (Lau et al., 2012; Frermann
and Lapata, [2016; |Cook et al., 2014), models based on comparisons of gener-
ated definitions (Giulianelli et al., 2023} [Fedorova et al., [2024a) and ensemble-
based methods such as grammatical profiles (Kutuzov et al., 2021} |Giulianelli
et al., 2022). Our research focuses on the use of (static or contextualized) word
embeddings, thus these other approaches fall outside the scope of this section.

In the remainder of this section, we will first describe type-level vector methods,
then occurrence-level vector methods.

3.2.1 Static vectors

With type-level representations, the standard procedure is to learn representa-
tions of a separate set of the target words for each time period, and compare
them afterwards.

3.2.1.1 Representations

Co-occurrence matrices. Co-occurrence models, which were most popular in
the 2000s and the early 2010s, are based on a straightforward application of the
distributional hypothesis: the meaning of a word is represented by the distribu-
tion of other words it appears with. By comparing co-occurrence matrices from
each time period, researchers can track how these distribution evolve over time
for each word individually. In such matrices, rows correspond to target words
and columns to context words. The key parameter of this method is the window
size, which defines how many words are observed around a target word to get
co-occurrence statistics.

However, raw co-occurrence matrices are rarely used as is, because they suffer
from two major limitations: (i) they are very sparse, with a limited amount of
useful information compared to their size and (ii) they are often normalized
such that each line sums to one (to obtain a probability distribution of contexts
for each target word), but this normalization erases the importance of more rare
contexts that should still be accounted.

Co-occurrence matrices are often reweighted using Pointwise Mutual Information
(PMI) or its truncated variant, Positive Pointwise Mutual Information (Pantel and
Lin, 2002; Bullinaria and Levy, |2007). This reweighted mitigates the negative
effect of normalization against rare contexts. The obtained sparse matrices are
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often transformed into dense representations using Singular Value Decomposi-
tion (SVD) to reduce the dimensionality of the matrices to work with.(Turney
and Pantel, 2010; Bullinaria and Levy, 2012).

In their study of temporal variations of meaning, [Basile et al.| (2014) and Caputo
et al.| (2015) relied on a different approach to obtain dense vector represen-
tation from co-occurrence matrices, using a method called Random Indexing.
Each word of the vocabulary V' is assigned to a random vector of d dimensions
containing only zeros except at two randomly-chosen positions, which values are
set to -1 and 1 respectively, obtaining a random matrix R of dimensions |V| x d.
The co-occurrence matrix M is then multiplied to R to obtain dense represen-
tation matrix M (% = M) R. In this matrix, the representation of a target lexeme
(row of the matrix) will be highly influenced by the random indexing of context
words it often co-occurs with.

While popular in the late 2000s and the early 2010s, these matrix represen-
tations directly based on co-occurrence counts have been progressively aban-
donned in favor of neural vector models.

Neural vector models. With advancements in neural network, Word2Vec’s
Continous Bag of Words (CBOW, Mikolov et al. 2013a) and Skip-Grams with
Negative Sampling (SGNS, Mikolov et al. 2013b) have been widely adopted in
NLP lexical semantic studies to represent the meaning of a lexeme. In both
cases, the model is a simple feed-forward neural network with an input layer, a
single hidden layer and an output layer. In the case of CBOW, the model is opti-
mized to maximize the probability distribution of a target word given its context.
Skip-Grams models, in their original definition (Mikolov et al., 2013a), were op-
timized to maximize the probability distribution of context words given a target
lexeme. In Mikolov et al. (2013bJ)), authors further refined the model into SGNS
by adding so-called “negative sampling” so that the model also has to distinguish
between the target word and random noise examples.

In the study of Lexical Semantic Change, |Gulordava and Baroni (2011) used
PMI matrices; |Sagi et al.| (2009) used SVD reduction on co-occurrence matrices;
Rodda et al. (2017) used SVD reduction on PPMI matrices. Neural embedding
models based on Word2Vec have been extensively used in Kim et al.| (2014);
Kulkarni et al.| (2015); Kutuzov et al.| (2017); Rodina et al. (2019); [Prazak et al.
(2020); |Zhou and Li (2020]).

Hamilton et al.| (2016b); Schlechtweg et al.| (2019) compared results obtained
using PPMI, SVD of PPMI matrices, and SGNS vectors. |Schlechtweg et al. (2019)
also tested the Random Indexing method. Overall, experimental comparisons
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show that neural SGNS provide better representations of lexical meaning for the
investigation of semantic change.

3.2.1.2 Temporal Alignement

Co-occurrence matrices and (P)PMI matrices from different time periods can
be directly compared across time periods as long as the considered vocabulary
for contexts is shared across periods (i.e. all matrices have the same amount
of columns). However, dense representations produced by SVD, RI or neural
models produce non-comparable spaces if they are run on different corpora,
because their dimensions can be arbitrarily permutated with prevents the use
of dimension-wise comparisons (like spatial distance, e.g. cosine distance). To
enable comparisons of these representations over time, researchers rely either
on second-order comparisons, or on alignment techniques that makes the spaces
comparable.

For Random Indexing in the temporal setting, Caputo et al.| (2015) show that us-
ing the same random indexing matrix R for the different time periods makes the
transformation of co-occurrence matrices comparable, provided that the context
vocabulary is shared. That is, if A is the count matrix for 7} and B the matrix
for Ty, then A% = AR and B! = BR are comparable as they use the same R to
project count matrices into a shared dense space.

For other dense models (SVD, CBOW and SGNS), Hamilton et al.| (2016b)) pro-
posed using Orthogonal Procrustes to align a source space (from a later period)
to a target space (an earlier period). Given two n X d representation matrices A
and B which corresponds to two time periods, the Orthogonal Procrustes prob-
lem seeks a transition matrix @) € 171,,,,(R) such that

Q* = argmin |QB — A|r with QTQ = I,,.
QEM, 1 (R)

Seeing (* as a transformation operator, this is a linear optimisation problem in
which one want to minimize the distance between A and the transformed B.
Placing the solution to that problem under the orthogonality constraint allows
the preservation of distance between vectors of B. A general solution to this
problem can be obtained through the SVD of AB', given by ABT = UXV',
with ¥ diagonal with non-negative values. Then, the optimal solution for the
Orthogonal Procrustes is Q* = UV .

An alternative alignment technique,, known as incremental training, was pro-
posed by Kim et al. (2014). In this method, the vector model of period 7} is
used as initialization of the model for period 7}, thereby maintaining temporal
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consistency without explicit alignement.

Dynamic type-level models. A subsequent line of research has tried to adapt
static representation methods to the specifities of a diachronic setting, integrat-
ing temporal information to the process of learning representations, thereby
eliminating the need for alignment. Bamler and Mandt (2017) proposed a
Bayesian version of the skip-gram model, in which embeddings evolve as a latent
time series, constrained by the temporal ordering of documents (e.g. informa-
tion about past documents is available but not about future documents). [Yao
et al.[|(2018) created an optimization to learn period-specific PPMI matrices all at
once, jointly instead of separately. Rosenfeld and Erk (2018) proposed a model
that integrates a SGNS model and a separate feed-forward neural network that
integrates time as a variable, and output of both submodels are combined into
a later integration unit that modulate the SGNS embedding with the time em-
bedding. The system is therefore able to create period-specificword embeddings
for every lexeme of the vocabulary and every period in which they occur. Du-
bossarsky et al. (2019) proposed a method to learn type-level representations for
all periods at once, simply by indexing target word w with the period they occur
in (for instance, in an occurrence from 1790, cat would be replace by cat_ 1790)
and fitting the representation model on all corpora from all time periods at once.
A target word in a period 77 is treated independently from the same target word
in period 75 as if they were two different lexemes. Because the context words are
unchanged and shared across periods, the resulting representations are naturally
aligned. They experimentally evaluated their method, called Temporal Referenc-
ing, with using PPMI matrices and SGNS as representation models. Dynamic
type-level models inherently provide temporal alignement, as the same model
produces representations for all time periods.

3.2.1.3 Measurements

Cosine distance. Once the representation spaces have been made comparable
across time periods, the next step is to measure semantic change. The usual
approach is to compute the cosine distance between (aligned) representation of
the same word (e.g. Sagi et al.| (2009); Gulordava and Baroni (2011); Kim et al.
(2014); Kulkarni et al.| (2015); Kutuzov et al. (2017); [Zhou and Li (2020)), that
is:

w o w ORRIC)
change,,,(w, T1, Tz) = deos(T(1), T(5)) = 1 — cos-sim(r(}), r(3) = 1 — —
ey 1

(3.1)
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where r{;) is the vector representation of w at time 7;.

Distance between distributions. Co-occurrence matrices and (P)PMI matri-
ces can also be row-normalized to be considered probability distributions over
contexts, which allows to use probability distribution distances such as Jensen-
Shannon Distance (JSD), as in Xu and Kemp| (2015). JSD is derived from the
Jensen Shannon Divergence (JSDiv), which is defined between two distributions
P and () as:

JSDh(P¢@::%(KL(PnguzQD4-KL(PnguzQD). (3.2)

with K L(p||p’) the Kullback-Leibler divergence between two distributions p and
7/, and avg the averaging operator. JSD is defined as the square root of JSDiv, as
the latter does not respect the triangular inequality as is and therefore is not a
properly defined distance, contrarily to the former. If T the vector representa-
tion of w at time T; is a probability distribution, semantic change score from JSD
is:

change ;s (w, Ty, To) = JSD(rf), r'3) \/JSDW 5) (3.3)

Neighborhood-based distance. Xu and Kemp also computed a second-order
distance based on the neighborhood. Let us denote ng’;)’“ and ngg)’“ the sets of
k nearest neighbors of a at time 7} and 75 respectively. To compare w at two
time periods, they compute 1 minus the proportion of shared neighbors in the
old period and in the later period; that is:

neigh(waTlaT%k) =1- m—’) (34)

change
This is close to the formulation of the Jaccard distance as used in Xu et al. (2021)),
which is defined as the ratio between the size of intersection and the size of union
between two sets. In our case, this amounts to:

nekan
1) @) | (3.5)

change T ek wk
MGy UGy

w,Tl,TQ, k') ==

jaccard(

Hamilton et al.| (2016a) proposed a Local Neighborhood Measure. This local
neighborhood measure for a word w between time 7} and 75 is based on vectors
of the cosine distances between the word’s representation at 7; and the those of

words in the union of neighborhoods at both periods 11* U 11", Given r(; the

1) (2) -
representation of the lexeme w at time 7; and d,,, the cosine distance operator,
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they compute for 7} the vector

k w o w
S(1) = 3 deos (X, T )} . (3.6)
( { cos(C@ LD [ e
) w N un,

and compute s, similarly. Each sf;) measures how close is w to other words in
the union of neighborhoods. Then, given these two vectors, the Local Neighbor-
hood Measure predicts a value of semantic change as

change; yp(w, Ty, Ty, k) = dcos(slfl), SI&)). (3.7)

Empirical comparisons. |Schlechtweg et al. (2019) compared many of the
methods described in this section on German diachronic data and confirmed the
findings of [Hamilton et al.| (2016b): SGNS representations aligned with Orthog-
onal Procrustes and compared with Cosine Distance provide the most reliable
results for Lexical Semantic Change Detection. Models using SGNS and Orthog-
onal Procrustes achieved higher performances on the SemEval-2020 shared task
(Schlechtweg et al., 2020) and have subsequently been adopted as a baseline for
LSCDiscovery-2022 shared task (Zamora-Reina et al., |2022).

Change-point detection. Kulkarni et al. (2015) used type-level representa-
tions — namely SGNS aligned with Orthogonal Procrustes, as well as raw fre-
quency counts and ppart-of-speech tags distributions — to measure lexical seman-
tic change across multiple time periods. They apply a change point detection algo-
rithm based on the Mean Shift model (Taylor, [2000) to identify whether a word
has changed in meaning,as well as the date around which the shift has occurred,
given enough diachronic data over multiple consecutive periods. However, the
large majority of studies have been focusing on only two periods, leaving no
room for change point detection.

3.2.1.4 Limitations of Type-level Vectors

Static models do not account for word order: co-occurrences counts and Word2Vec
models indeed rely on the bag-of-words approach. Type-level approaches also
struggle to handle a word’s polysemy, as they create a single representation per
word and must therefore conflate its various senses. In Chapter [/, we make use
of SGNS representations aligned with Orthogonal Procrustes to model semantic
change in synonym pairs. Our experimental results confirm that these represen-
tations struggle to maintain accurate representation of lexical meaning for words
with high polysemy degrees.
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Having multiple context-specific representations can help accounting for the
multiplicity of senses. For these reasons, recent research has prefered to explore
Lexical Semantic Change with contextualized representations of meaning.

3.2.2 Contextualized representations

With the exponential development of Language Models over the last years, a
lot of the research work in the study of Lexical Semantic Change in NLP has
shifted from type-level representations to occurrence-level representations, or
contextualized representations. The key idea is that such model creates one rep-
resentation for each use of a word, each representation being modulated by the
context around the target word in this occurrence.

3.2.2.1 Representations

Contextualized Language Models. To obtain these representations, one uses
a Contextualized Language Model (CLM). Contextualized Language Models are
large neural networks that are trained to output probabilities of missing words
in this input sequence. Through the Language Model’s Tokenizer, the input se-
quence is usually decomposed into smaller pieces, tokens (which may equate
to words in some cases but are usually smaller pieces, like frequent character
combinations).

Two main training scenarios exist. On the one hand, Auto-regressive or Causal
Language Models are trained to perform Next Token Prediction, i.e. predicting
the next token in the sequence from left to right, and can recursively be called to
generate full sentences and text documents. On the other hand, the objective of
Masked Language Models is to predict the actual value of a masked token in the
input sequence, using both left and right contexts. NLP studies of Lexical Seman-
tic Change with contextualized representations almost exclusively use Masked
Language Models, most often to extract their latent states to obtain a dense vec-
tor representation of an occurrence. Indeedn, Contextualized Language Models
are trained on large amounts of data, and learn to build latent representations
that contain semantic information about a token in its context.

The most widely used CLMs for the study of Lexical Semantic Change are ELMo
(Peters et al., 2018), BERT and mBERT (Devlin et al., 2019), RoBERTa (Liu et al.,
2019), and XLM-R (Conneau et al., |2020)).

* ELMo is a bidirectional 2-layers LSTM network trained on a English data,
and produces embeddings in 1024 dimensions.
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e BERT Base is based on the Transformer architecture (Vaswani et al., [2017)
with 12 Transformer layers with hidden size of 768; BERT is trained on
English data, is able to take two separate sentences as input using a special
delimiter token, which allows for a secondary pre-training objective of Next
Sentence Prediction. BERT is trained on English data only.

* BERT Large, similar to BERT Base with 24 layers and a hidden size of 1024.

e mBERT is the multilingual counterpart of BERT, pre-trained on a corpus of
100 languages. mBERT exists in both Base and Large variants.

* RoBERTa is an improved variant of BERT that removes its secondary pre-
training objective and leverage some adjustments in the training procedure
to obtain better downstream performances. It is also released in a Base and
a Large version with the same characteristics as BERT.

* XLM-R is a RoBERTa-Large model pre-trained on cross-lingual data, making
it suitable for multilingual non-English studies of lexical semantic change.

Extracting embeddings from Language Models. To study lexical semantic
change with CLMs, we want to obtain a single embedding for our target word
in the context of its occurrence. However, when passing the occurrence through
the model’s tokenizer, the target word may be split into multiple tokens (the
subwords). The standard method in such cases is to average together the vector
representations of the subwords into a single embedding.

Representational embeddings are obtained from the hidden layers of these neu-
ral Language Models. Research studies on the properties of CLMs like |[Etha-
yarajh (2019) showed that CLMs tend to disseminate semantic information non-
uniformly across layers, as the later layers put more focus on context while early
layer focus more on morpho-syntactic and form-based information. As a result,
research work usually extract embeddings from the last layers of the model,
and often uses embeddings from several layers before aggregating them (sum
or average) into a single vector (Martinc et al., 2020aj; Beck, 2020}; Rosin and
Radinsky, [2022]). Using latent vectors from several layers allows for more varied
information to be captured in the final vector.

Among studies using CLMs to investigate Lexical Semantic Change, most of them
have used BERT or mBERT (Martinc et al., [2020a; Kutuzov and Giulianelli, 2020}
Beck, 2020; Montariol et al.,[2021}; Periti et al., 2022; Rosin and Radinsky), 2022;
Lendvai et al., 2023} Periti et al., |2024). several multilingual or non-English
studies of LSC have also relied on XLM-R (Cuba Gyllensten et al., 2020} Giu-
lianelli et al., 2022; Homskiy and Arefyev, 2022} Rachinskiy and Arefyev, 2022
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Kashleva et al., 2022). We refer to Periti and Montanelli (2024) for a more com-
prehensive survey that details which CLMs were used and how they were used
(layers, aggregation method, etc.) for Lexical Semantic Change Detection.

XL-LEXEME. Contextualized Language Models (CLMs) are pre-trained models
that can further be trained on new data and/or with a new objective (fine-tuning)
to obtain a representational vector space with desired properties. In order to
study Lexical Semantic Change Detection, Cassotti et al.| (2023) leveraged the
multilingual pretraining of XLM-R and fine-tuned it on several large multilingual
Word-in-Context datasets, to increase the amount of lexical semantic informa-
tion captured by the model. Indeed, the Masked Language Modeling objective of
XLM-R still requires a significant amount of morpho-syntactic information that
may not be necessary for the study of Lexical Semantic Change. Fine-tuning
the model on a task specifically focused on lexical meaning may diminish the
importance of less useful information in favor of more accurate lexical meaning
representations. The resulting fine-tuned model, called XL-LEXEME, achieves
state-of-the-art performances in the LSCD task (Periti and Tahmasebi, [2024a)).
Indeed, XL-LEXEME is fine-tuned to distinguish whether two occurrences are of
the same sense, and as such it can naturally be applied to compare old occur-
rences to new occurrences in the LSCD benchmarks discussed in Section

Aggregating occurrences. We may use bags of occurrence vectors as is, but
they can also be aggregated in different ways. In their word prototypes (PRT)
method, Kutuzov and Giulianelli (2020) averaged the occurrence vectors of the
same target word to obtain a single vector representation for each lexeme for
each period, which they could compare over time to measure how much the
word has changed in meaning. This amounts to create a type-level representa-
tion from occurrence-level ones. Another line of research performs clustering of
occurrence representations to identify the word’s senses. We refer to these ap-
proaches as Word Sense Induction-based (WSI-based) methods. Kutuzov and
Giulianelli (2020) clustered ELMo and BERT embeddings using the Affinity Prop-
agation clustering algorithm. |Giulianelli et al.| (2020) used K-means clustering
and Silhouette score optimization to choose the amount of clusters, but Martinc
et al. (2020b) showed that clustering silhouette scores correlate only poorly with
performances on the English LSCD task benchmark. |Arefyev and Zhikov| (2020))
used Hierarchical Agglomerative Clustering on bag-of-substitutes vectors. After
clustering into senses, one can now represent a word’s meaning with the vector
corresponding to the senses distribution among its occurrences, for each time
period.
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3.2.2.2 Accounting for Temporal Variations

Since representations are computed using the same CLM, most studies bypass
the alignment step, deeming that representations from different periods are nat-
urally in the same space. However, available CLMs are often pre-trained on
modern data only (wikipedia data, recent books, etc.) and therefore may not ac-
curately capture subtle semantic differences from earlier periods. Several studies
have explored different techniques to account for temporal variations, without
drastically changing the model’s representational space so that the alignment
between representations of different periods is maintained.

Periti and Montanelli (2024) surveyed several studies using Contextualized Lan-
guage Models for Lexical Semantic Change Detection, and found two different
approaches to temporal adaptation of CLM representations within the surveyed
literature. First is domain-adaptation, where the CLM is further trained for few
epochs on the diachronic data for a given period of time, using the same ob-
jective as its pre-training (Montariol et al., [2021)). This allows to capture the
specificities of each time period. Kutuzov and Giulianelli (2020) even proposed
an incremental variant, where a model adapted to period 7; serves as base model
to be fine-tuned on data for 7}, ;.

The second approach, which Periti and Montanelli| (2024)) refer to as fine-tuning,
consists on training the pre-trained model with a different objective that the
one of its pre-training. [Pomsl and Lyapin| (2020) fine-tuned BERT models to
predict, given an occurrence, the time period from which it comes from. Rosin
et al.| (2022a)) appended a temporal token to each occurrence (encoding its time
period), and fine-tuned the model to predict this token using the mask token.

With XL-LEXEME, Cassotti et al. (2023 showed that using a model trained on
a carefully chosen lexical semantic task (namely Word-in-Context) to represent
occurrences from all time periods leads to better results on the Lexical Semantic
Change Detection (LSCD) benchmarks than fine-tuning a language model on
the data of each time period (Kutuzov and Giulianelli, 2020) or fine-tuning it to
incorporate the date of an occurrence in the input (Rosin et al., 2022b) or in the
model’s attention mechanism (Rosin and Radinsky, 2022), in all four languages
in the SemEval2020-Taskl benchmark (Schlechtweg et al., 2020). Inspired by
this idea, in Chapter |5| we propose an extension of Word-in-Context to cover
a more general aspect of lexical meaning and we fine-tune a Contextualized
Language Model for this objective, reaching equivalent or better performances
than XL-LEXEME in the LSCD benchmarks.

In WSI-based approaches, clusters are usually learned among all occurrence vec-
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tors of all time periods together. To better account for temporal variations, (Periti
et al., 2022) proposed an incremental approach modifying the Affinity Prop-
agation clustering algorithm to integrate cluster centroids of time 7}, into the
clustering of occurrences of time T}, such that the clusters are incrementally
updated. (Periti and Tahmasebi, 2024b) discussed several other approaches to
clustering, such as using a sliding time window instead of learning clustering on
all occurrences at once, but they did not test this setting experimentally.

3.2.2.3 Measurements

Measuring semantic changes with contextualized representations depends on
whether occurrence vector have been aggregated or not, and how they would
have been.

Distance between prototypes. We denote p(;, the word prototype of word w
at time 7. Kutuzov and Giulianelli (2020)’s PRT method computes the inverted
cosine similarity between word prototypes of two different periods:

1

change ppr(w, 11, Ts) = cos-sim(p? PP (3.8)
(1> +(2)

Distance between usages. Let us consider <I> {r }16 1,n,] the set of oc-
currence vector for the n; occurrences of lexerne w at tlrne T}.. \Giulianelli et al.
(2020) and Kutuzov and Giulianelli (2020) also introduced Average Pairwise
Distance, commonly referred to as APD. APD is the average of cosine distances
among any pairs of occurrences of 7 with occurrences of 75.

change ypp(w, T1,Ty) = cos(T'1,T2) (3.9

I‘1€‘I> I‘QECI)

(1) (2)

APD is the most widely used measure of semantic change in the recent NLP lit-
erature (Cassotti et al., 2023])). Periti and Montanelli (2024)’s survey highlighted
that APD and PRT outperform in the LSCD task the other variants proposed in
the NLP literature.

Distance between clusters. We denote Xy C P the j-th cluster of word
w at time T}, and S(h).J the average vector representatlon of occurrences in the
cluster. We denote q(;, the distribution of senses obtained by weighting clusters
with the number of occurrences, for lexeme w at time 7},.

Jensen Shannon Divergence/Distance are the most widely used metric to compare
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sense cluster distributions over time (Rodina et al., |2020; Kanjirangat et al.,
2020} |Arefyev and Zhikov, 2020; Rother et al., 2020; Montariol et al., 2021}
Kashleva et al., 2022)). The formulation of this measure of change is similar to
that of Equation [3.3}

change ;sp_yenses (0, 1, To) = ISD(qlh). ) \/JSDlv ) (3.10)

Maximum square is a different measure proposed in|Hu et al. (2019), which only
focuses on the maximum change observed in the sense distributions. That is,

change,;¢(w, Ty, Ty) = max (la(li — [q’(”z)]i)Q (3.11)
The intuition is that for semantic change to be detected, only a change in one of
the senses is required rather than a shift accross the entire distribution.

Montariol et al.| (2021) introduced the use of Optimal Transport to measure the
cost of changing from one sense distribution to another, an idea that later in-
spired Pranjic et al. (2024); Kishino et al. (2025). They used the Wasserstein
Distance, which solves the problem of finding a transport plan I', a matrix that
describes the change from cluster distribution qp to distribution )

changey, p(w, T1, 7o) = WD(q(), a(3)) (3.12)
DINIDON

_m1n Z Z dcos 7,) 1: .2 ) Fz%,l_@?}),z (3.13)

such that: Fgw ST >0

Z FZ e — qq(li)
Z e T q( 2)

Periti and Montanelli (2024) describe other measure with sense distribution, but
none of them seem to have been largely accepted withi the research community
of NLP for Lexical Semantic Change.

Empirical comparisons. Systematically comparing the Graded LSCD perfor-
mances reached by many of the approaches described in this section over DWUG
datasets for a large variety of languages, Periti and Tahmasebi| (2024a)) showed
that representations from XL-LEXEME compared over time using APD was the
top-performing system across most of the LSCD DWUG benchmarks. For in-
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stance, in the English benchmark from SemEval2020 Task1, XL-LEXEME+APD reaches
a correlation score of .886; for comparison, BERT+APD reaches a score of .563,
XL-LEXEME+Clustering+JSD achieves a score of .493. The evolutionary cluster-
ing approach proposed by |Periti et al.| (2022) reaches a correlation with gold
scores of .652. For reference, SGNS aligned with Orthogonal Procrustes achieved
a correlation score of .422 on this benchmark. Across the 11 settings tested by
Periti and Tahmasebi (2024a), XL-LEXEME+APD is the best-performing model in 9
of them. One could expect clustering-based approaches to perform better due to
a finer discrimination of polysemy and therefore more explicit information about
sense change. Yet, clustering-based approaches usually perform worse than more
direct methods (APD, PRT), indicating that there is a difference between what
appears interesting and interpretable at the human-level and what is actually
effective for machine-level performances.

3.3 Beyond Change Detection

Detecting lexical semantic change is not the end goal of the current research
in NLP. Rather, the LSCD task and datasets were made to thoroughly evaluate
these models. Several studies have subsequently applied them to investigate
regularities in lexical semantic change and to collaborate with historical linguis-
tics in order to better identify and understand semantic change phenomena. In
this section, we will review the major insights that computational studies have
uncovered about the evolution of word meanings.

The law of prototypicality. Dubossarsky et al. (2015 applied Word2Vec vec-
tors, aligned by incremental training and compared using cosine distance, using
the ‘fiction’ fraction of the GoogleBooks corpus, focusing on the span between
1850 and 2009. They also performed a clustering step using the K-means al-
gorithm on type-level representations, to obtain clusters of words. Considering
word clusters as categories, and they computed the average vector — the centroid
— of each category. They found that higher measures of semantic change over
time (i.e. larger cosine distances between embeddings of the same word across
time) correlated with weaker prototypicality (i.e. greater cosine distance to the
centroid of the category the word belongs to). The observed phenomenon is
later called the law of prototypicality: less prototypical words are more subject
to change than very typical ones. This finding supports |Geeraerts (1997)’s the-
ory of the diachronic evolution of semasiological prototypes, according to which
sense emergence and loss occur at the edges of a word’s polysemic network
rather than at its center.
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Xu et al.| (2021) investigated the relationship between semantic change and pro-
totypicality in specific semantic domains related to emotions. Using SGNS repre-
sentations provided by Hamilton et al.| (2016b) in the GoogleBooks corpus and
measuring semantic change using the Jaccard Distance between neighborhoods,
they found that semantic change highly correlates with prototypicality in emo-
tion terms, but not in terms related to birds. This study raises attention on the
challenge of drawing general conclusions about laws of semantic change, since
regularities may only be valid at local scales (e.g. lexical fields) rather than
universally.

Laws of innovation and conformity. The study of Hamilton et al.| (2016b) in-
vestigated the same corpus for the period 1800-2000, binned into decades. Using
SVD representationg’| aligned with Orthogonal Procrustes and cosine distance as
a change measure, they uncovered two regular patterns: (i) word frequency
negatively correlates with the semantic change, and (ii) contextual variability in
word usages correlate positively with semantic change. To measure contextual
variability, they compute a co-occurrence graph: for each target word, the lo-
cal clustering coefficient of its neighbors is measured, which indicates whether
the word is used in varied, disjointed contexts or in similar contexts. They use
contextual variations as a proxy for polysemy, arguing that polysemous words
are expected to be used in varied contexts. They summarize their conclusions
in two statistical laws of semantic change: the law of conformity, which posits
that frequent words are more stable in meaning and only words of lower fre-
quency undergo semantic change; and the law of innovation, that posits that
polysemous words are more likely to undergo semantic change.

Revisiting statistical laws of semantic change. Dubossarsky et al. (2017) re-
visited these three laws by conducting control experiments. In particular, they
shuffled occurrences from the different periods of the original corpus (thus de-
stroying the temporal structure), such that each bin of the data contained an
equal share of all periods. In this shuffled conditions, they were able to ob-
serve the same correlations that those observed in Hamilton et al.| (2016b)), with
only an 8% difference in effect between the original and the control conditions.
They also highlight that frequent word representations are less distorted by the
SVD transformation than infrequent words, and argue that this may explain that
change score highly correlates with frequency even in the shuffled conditions.
Regarding the law of prototypicality, they observed that the previously described
effect could also be observed in shuffled conditions, to a lower degree. They

3 They mentioned having observed the same tendencies with SGNS.
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ultimately conclude that, while the effects of these three laws should not to be
entirely disregarded, they may be less significant than originally postulated.

Uban et al. (2019) extended the investigation cross-linguistically, through in-
spections of cognate sets. Cognates are words in different languages that share a
common origin (for instance, arhitect in Romanian, architecte in French, arqui-
tecto in Spanish, all originating from architectus in Latin). The authors aligned
type-level representations between languages via a linear regression problem
and they measured semantic change using a second-order distance between
words in cognate sets that measure ‘falseness’, i.e. the likelihood that cognates
have become false friends. They found that the semantic divergence between
cognates was correlated with their degree of polysemy in WordNet (cf. law of
innovation). However, they also found that frequency correlated positively with
semantic divergence in cognates, in contradiction with the law of conformity.
Kawasaki et al.| (2022) revisited this study in romance languages, adressing some
methodological shortcomings of the previous study. To measure polysemy, they
referred to the number of senses in Latin rather than in the modern languages,
ensuring that polysemy is measured before the potential semantic shift. To avoid
the shortcomings adressed in Dubossarsky et al.| (2017), they control for corre-
lation between frequency and change in random word pairs. Ultimately, their
results confirmed that both the law of conformity and the law of innovation hold
in Romance cognates.

Factors of semantic change. The work of Fugikawa et al. (2023) also fuels the
debate regarding the different factors that may correlate with semantic change.
Training a model on quantitive judgements of concreteness and valence (the
emotional charge of a word) as well as frequency counts to predict the direc-
tionality of source—target changes described in the Database of Semantic Shifts
(Zalizniak et al., [2012b), they showed that concreteness is the most accurate
predictor of the direction of lexical semantic change. Using contextualized rep-
resentations from a BERT-derived model, and attempting to infer the target of
changes in the database, their results show that semantic similarity and analogy
are good predictors of the target sense, the predictors being related to metaphor
and metonymy respectively.

Semantic change in synonyms. Xu and Kemp| (2015) conducted a computa-
tional evaluation of two opposite hypotheses in historical linguistics. On the one
hand, they consider the Law of Differentiation, abbrevietated ‘LD’ (from Breal
(1897)’s law of reallocation discussed in Section [2.3.4)), that posits that synony-
mous words cannot share (near-)identical meaning for long, and as such must
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differentiate in meaning. On the other hand, they study the Law of Parallel
Change, or ‘LPC’, following the observations of |Stern| (1921) and [Lehrer| (1985
describing a trend in groups of (near-)synonyms to undergo parallel evolutions
when one of the group’s member changed in meaning. Using co-occurrence ma-
trices from the GoogleBooks corpus in English between 1890 and 1990, they
measured semantic proximity in pairs of synonyms described in synonym dic-
tionaries from the 1890’s and compared these to semantic proximity in random
control pairs. They found that the semantic proximity in synonym pairs tend to
be more stable over time than those in control pairs, and ultimately conclude in
favor of LPC rather than LD. Yet, like many studies before 2020, this work criti-
cally lacks an evaluation procedure to assess the quality of both representations
and measures of change. In Chapter[7, we will revisit this study, adressing some
of its shortcomings and highlighting the challenges of studying lexical semantic
change.

Onomasiological study of DESTROY. |[Franco et al.| (2022) use second-order
PPMI matrices to study the diachronic evolution of two Dutch words refering
to the concept of DESTROY, namely vernietigen and vernielen. The second-order
representations are constructed by first computing PPMI representations for all
considered context words in their corpus, and then using these context repre-
sentations to build a unique representation for each occurrence of vernietigen or
vernielen depending on its contexts. They run Hierarchical Agglomerative Clus-
tering to identify sense clusters of the two target words. Examining the dominant
context in the clusters, they are able to identify the different senses that the two
target words had across the studied period (16th to 20th century). They observe
that the two words were initially interchangeable but gradually specialized into
distinct core meanings, each of them referring to a specific nuance of the concept
of DESTROY.

Grammaticalization in deverbal prepositions. The recent work of Nagata
et al.| (2024) investigated the formation of deverbal prepositions, that is prepo-
sitions that originated from verbs (e.g. during, regarding, according to, etc.).
Using both type-level (SGNS) and occurrence-level (BERT) representations in
the Corpus Of Historical American English, and comparing target word vectors
to other vectors corresponding to reference prepositions and verbs, they were
able to measure the degree of grammaticalization of a target word by comparing
whether it was closer to reference verbs or to reference prepositions. They com-
pared their results to two previous linguistic studies that made ratings of “how
prepositional” were the investigated items, and used their empirical evidences
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to conclude in favor of one or the other hypothesis for each of the investigated
items. For example, they concluded that following is much closer to being a
preposition than a verb, with the 3rd highest prepositionality degree among their
list of 48 target words.

Characterizing semasiological changes with sense relations. Finally, |Cas-
sotti et al.| (2024b) introduced LSC-CTD, a dataset of instances of semasiological
semantic change annotated with their type of change as reported in the typology
of Blankl (1997). In particular, they focus on 4 types of change: generalizaton,
specialization, co-hyponymous transfer and auto-antonymy. In the dataset, each
entry is a pair of sense definition, and annotated with the type of change that
relates the senses in the pair. The authors used senses definitions from Word-
Net to train a classification model that distinguishes between hyponymy, hyper-
nymy, antonymy, co-hyponymy, and homonymy (no lexical relation) in pairs of
sense definitions and further applied this classification model to the LSC-CTD
dataset. The model - trained on synchronic sense-relation identification, which
are mapped to the corresponding change type — was able to reach more than
more than 60% accuracy for specialization, generalization and auto-anymy, but
struggled to identify cases of auto-antonymy.

Addressing other types of semasiological changes, Yu and Xu (2023) use the
predictive ability of contextualized language models to study word sense ex-
tension, defined as the modulation of an existing sense to a new kind of use-
contexts. As such, this framework encompasses both change by metaphorization
and change by metonymization. Training a series of Contextualized Language
Models from scratch on wikipedia data simulating word sense extensions in pol-
ysemous words, they propose chaining-based models to predict these extensions
from the output probabilities of these language models.

This research direction is highly interesting, as it shifts the focus from detecting
semantic change (which is the only focus of most of studies surveyed in this
section) to characterizing it.

3.4 Summary and Limitations

In this chapter, we provided an overview of the current state of the art in Nat-
ural Language Processing concerning lexical semantics, and in particular lexi-
cal semantic change. We first described the various tasks and benchmarks that
have been formulated and curated in NLP to tackle problems related to the map-
ping between words and concepts. We reviewed two categories of tasks, namely
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between-word tasks which address relations between lexemes and similarity in
meaning between them, and within-word tasks which deal with polysemy and
contextual variations of word usage. Then we described the Lexical Seman-
tic Change Detection task (LSCD), the reference evaluation for computational
models of semasiological lexical semantic change. Alongside LSCD, we briefly
introduced the alternative tasks proposed to evaluate diachronic NLP models,
namely Novel Sense Detection and Sense Definition Generation. However, we
noted that the proposed tasks fail to properly evaluate the diachronic validity
of candidate models. Next, we conducted in a thorough review of the existing
NLP literature about computational models of Lexical Semantic Change, focusing
on vector-based models and showing that they can usually be decomposed into
three steps — representation, temporal alignment, measurement — and classified
them according to the type of representations they use, that is static vectors or
contextualized vectors. Finally, we summarized the findings of computational
studies about regularities in semantic change and the proposed laws grounded
in empirical studies on large-scale corpora. In particular, we mentioned the on-
going discussion on the relation between semantic change and several factors,
such as polysemy, frequency, prototypicality, valence and concreteness. We also
reviewed studies dealing with change in pairs of synonyms, grammaticalization
of verbs into prepositions and the relationship between synchronic sense rela-
tions and types of lexical semantic change.

Yet, the existing literature suffers from several major limitations we will now
discuss. Most of the studies reviewed in this section focus on detecting lexical
semantic change rather than describing this change and uncover potential reg-
ularities. This is especially true for studies published after 2019, i.e. after the
release of the SemEval-2020 shared task on Unsupervised LSCD. Before that,
the community was in need of robust evaluation methods, and most studies
conducted an evaluation of their models on very small samples — if the meth-
ods were evaluated at all. The LSCD benchmarks derivated from Diachronic
Word Usage Graphs have allowed systematic comparisons across a large variety
of methodologies and a variety of different languages. Many of the subsequent
research has proposed innovative methodologies to achieve higher performances
on these benchmarks, at the expense of the research interest in investigating laws
and mechanisms of semantic change. However, this tendency seems to become
attenuated, as an increasing number of studies in the last two years focus on
characterizing semantic change types and applying NLP semantic change mod-
els to specific case studies.

The models that perform the best in the LSCD datasets are not necessarily the
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most informative about Lexical Semantic Change. Indeed, a simple numerical
score gives little to no information about how a word has changed in mean-
ing. More informative systems, such as those using WSI methods to discriminate
word senses in data are more interpretable, but they are often outperformed by
more direct approaches that compute change score through Average Pairwise Di-
vergence or distance between type-level representations. It appears there must
be a tradeoff between interpretability and efficiency. Zamora-Reina et al. (2022)
also showed that most computational models had a high Recall but only a mod-
erate Precision, indicating that these methods tend to produce a high number of
false positives in detecting semantic change.

Yet, we argue that the most important limitation to existing studies of lexical
semantic change in Natural Language Processing resides in the dominance of
semasiological studies compared to the rare, onomasiological ones. To the best
of our knowledge, the only studies that can be considered as onomasiological
are Franco et al.| (2022) on the concept of DESTROY in Dutch, and Xu and Kemp
(2015)) in pairs of synonyms, although the latter primarily investigates whether
words are still synonyms and not on the concept they (used to) refer to, which
is closer to a semasiological approach than an onomasiological one. The lack
of onomasiological investigation in the NLP community contrasts with research
on lexical semantic change in diachronic linguistics, which often adopts an ono-
masiological perspective to describe regularities and patterns of change. The
scarcity of onomasiological studies in NLP can be explained by the fact that most
of the proposed models are inherently semasiological, as they create represen-
tation for words and not for concepts. Indeed, words are explicitely present in
data, while meanings must be inferred. It is therefore more straightforward then
to build word representation rather than concept representations. Studying the
evolution of concept namings over time would require to have a pre-determined
set of words and the associated concepts across multiple time periods, such as
the Historical Thesaurus (Kay et al., 2020). Unfortunately, the latter’s API is not
publicly available, and exists for English, which notably limits the possibility of
its application in large-scale, systematic and multilingual computational studies.

The ability to determine word associations by concepts across multiple time pe-
riods — i.e. lists of (near-)synonyms — would provide a valuable basis for inves-
tigating Lexical Semantic Change. As we will discuss in Chapter |7, combining
resources from different origins and from different periods may raises issues of
comparability and this misalignment would diminish the strength of a computa-
tional study. In this thesis, we explore ways to extract groups of (near-)synonyms
corresponding to latent concepts directly from the data, in order to obtain these
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lists across multiple time periods. The overall objective is to model semantic
evolutions within groups of words that relate to the same concept. As such, the
very first step is the identification of groups of synonyms directly from the data,
without external knowledge. We begin our study in the synchronic setting, to
later extend it to diachronic data.
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Synchronic Contributions:
Representing and Extracting
Concepts From Data
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Concept Induction: Clustering
Data to Learn Latent Concepts

Current models used to represent meaning in Natural Language Processing limit
the scope to which we can understand Lexical Semantic Change with computa-
tional models by often enforcing a semasiological approach. In this first part of
our contributions, we focus on representing and extracting concepts from data
in the synchronic setting. This will be our first step towards a more complete
computational model of lexical semantic change.

In this chapter in particular, we elaborate a novel lexical semantic task, Concept
Induction, that adresses both the semasiological side and the onomasiological
side of the word-concept mapping, by clustering words into clusters of shared
concepts. As a result, one can access both the sense inventories of target lex-
emes, and the namings of found concepts, thus allowing a larger investigation
of lexical meaning. The learned concepts are latent concepts (i.e. unlabeled),
thus they do not require external supervision or a pre-defined set of concepts. To
address Concept Induction, we propose a bi-level methodology based on dual
clusterings that leverage local differences between senses of a given word, and
global similarities in meaning between usages of different lexemes.

4.1 Definition of Concept Induction

Our main motivation behind Concept Induction is to present a view of the map-
ping between words and their meaning(s), as defined in Section[2.2.3] This view
is systemic, meaning that it should not be defined for individual lexemes neither
for individual concepts, but rather acknowledging these as a whole with inter-
actions and relations. This extends beyond the primary objective of Word Sense
Induction (WSI), which defines word senses as pertaining to individual words
only and does not explore relations between lexemes or concepts.

77
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Figure 4.1: Illustration of Concept Induction’s framework. The word drum is
polysemous and has two senses corresponding to two different concepts, and is
synonym with barrel for this second meaning.

4.1.1 Task definition

The goal of Concept Induction (CI) is to automatically learn a set of latent con-
cepts directly from the data, i.e. learning a soft clustering Ny in the set of target
words W that should correspond to the multiple concepts instantiated by occur-
rences of the corpus. Being sets of words associated to concepts, clusters in Ny
should correspond to the namings of concepts found in the data. Ny is a soft
clustering because a word can be assigned to several clusters (when it is polyse-
mous). Using a different perspective than Word Sense Induction, the framework
of Concept Induction provides a more complete view on meaning across the lex-
icon. Both WSI and CI capture polysemy, but CI also reveals synonymy across
the lexicon. One advantage of WSI over Word Sense Disambiguation is that the
former does not require explicit set of senses unlike the latter; similarly, Concept
Induction does not require a pre-defined set of concepts, as they will be latently
defined and inferred from the data.

4.1.2 Formal framework

Our goal is to model the mapping between lexemes and concepts as it appears in
the occurrences from a given corpus. Word Sense Induction, in contrast, models
only the mapping between lexemes and senses. The relation between lexemes,
occurrences, word senses and concepts has already been discussed in Section
of Chapter [2 and in particular illustrated in Figure In this figure,
senses and concepts determine different ways to divide the set of occurrences.
In this section, we provide the formalism necessary to describe our clustering
task.
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Let W be the lexicon. For all word w in W, we denote o,,; the i-th occurrence of
w in the corpus. We define O,, = {ow,},; < the set of m,, occurrences of w.
The corpus, denoted O, is the union of all O,,.

For a given word w € W, the set O,, can be partitionned according to its different
senses. We denote s, ; the part of occurrences of w in the corpus corresponding
to the j-th sense of w. We refer to these groups of occurrences as the sense clusters
of w. The set S, = {sw,;}1<j<n, forms a partition of O,,, and we call S the set of
all sense clusters of all words, i.e. S = |J,,cy Sw- S is a “local” (Ilexeme-centric)
partition of the whole O. The task of Word Sense Induction aims at learning the
partition S given a corpus O.

In this chapter, we aim at dividing the corpus into concepts instead of senses.
Assume that there is a set of semantic concepts, €, and the k-th concept in € is
denoted c,. We denote 1, the group of occurrences of words corresponding to ¢,
and we refer to it as a concept cluster. We denote ¥ = {¢},,, the partition of
O in p concept clusters. Unlike sense clusters of S, a concept cluster ¢, € ¥ can
gather occurrences of different words: W is a “global” partition. Each occurrence
0w, of a word w € W is associated to a sense cluster s, ; and a concept cluster
Y, € U. We can say that a concept ¢, corresponding to v is instantiated by
occurrence o,,; through the sense corresponding to s, ;, or conversely that o,
uses the sense reflected in s, ; to mean the concept ¢, described by concept
cluster ¢.. All occurrences of sense cluster s, ; € S appear in the same concept
cluster ¢, € 6.

In summary, S and V¥ are partitions of O and are naturally constrained as follows:

1. By definition, a sense cluster in S contains occurrences of one and only one
word w € W.

2. An occurrence o, is assigned to one and only one s,, ; € S (an occurrence
realizes only one sense).

3. An occurrence o, ; is assigned to one concept cluster ¢, € ¥ (an occurrence
evokes only one concept).

4. In a given sense cluster s,,; € S, all occurrences are assigned to the same
concept cluster v, € W.

5. All the s,,; € S, are included into distinct concept clusters (senses of a
given word points towards different concepts).

Word-level clustering and namings. From the partition ¥ on occurrences, one
can derive Ny, a clustering of the set of words I/ into concepts. To each concept
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cluster ¢, € ¥ we associate a word cluster N, in Ny that contains all lexemes
of W whose occurrences were assigned to ¢,. We say that N, is the naming of
concept cluster 1, because words in N, should be the designation of concept c;.
In Ny, a polysemous word with n senses appears in n distinct clusters (one per
sense), and synonyms appear in at least one common cluster (one per shared
concept).

In Figure we illustrate this framework, using a corpus of occurrences of the
words barrel and drum. In this scenario, W = {barrel, drum} and two concepts
are instantiated: PERCUSSION INSTRUMENT and CYLINDRICAL LIQUID CONTAINER.
The lexeme drum exhibits two senses as it has occurrences corresponding to
both concepts: drum is polysemous. The second concept is also instantiated by
occurrences of barrel, therefore drum and barrel show synonymy in this case.
This toy example also follows all constraints formulated above.

4.2 Methodology

In this section we describe the methods we propose and evaluate for Concept
Induction. We learn a clustering Ny drawing inspiration from the relations be-
tween O, S, € described in Section In particular, the overall objective of
our methodology consist in finding ¥ (i.e. partition occurrences into concept
clusters) to derive Ny. Section highlighted that there are two levels of
partitions: a local level (senses) and a global one (concepts). The proposed ap-
proaches rely on both levels and the use of a Contextualized Language Model
(CLM) to gather representations of occurrences influenced by the context.

4.2.1 Proposed Bi-level method

Local (lexeme-centric) clustering Firstly, we propose to learn a word-sense
partition for each target words individually. Using the CLM hidden layers, we
extract a vector representation (the occurrence embedding) of every occurrence
0w;- We then learn a partition S, of each O,, using a clustering algorithm on the
embeddings. Each S, describes the locally estimated sense clusters of word w.
Jointly considering these partitions for all w € W, we obtain a partition S of the
whole set of occurrences O. This partition is local in the sense that each word
has its occurrences clustered independently from other words.

In the context of our bi-level method, we call these locally estimated clusters
proto-sense clusters, as they do not necessarily correspond to “finalized” sense
clusters for a given word and may undergo merging operations if the next step
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of our method judges that the correspond to the same concept.

Global (cross-lexicon) clustering Once we have a local clustering 3, we turn
from considering words independently to consider all words together. In this
step, we learn a global clustering by merging local clusters of occurrences. To
do so, we average embeddings of all occurrences in the same proto-sense clus-
ter to get a single embedding representing each proto-sense cluster. Then we
run a second clustering algorithm, this time using the averaged embeddings of
proto-sense clusters as training data. This global clustering defines a new parti-
tion ¥ of the the corpus O: when two local proto-sense clusters 5, ; and 3, ;
are merged into the same global cluster ), (because their embeddings were clus-
tered together), all their occurrences are assigned to global cluster ;.. The global
clusters 1, are the learned concept clusters. From this global occurrence parti-
tion ¥ we can easily extract Ny, a word-level soft-clustering of lexemes whose
occurrences appear in the same .

This Bi-level method directly implements the system of contraints described in
Section Only constraint [5] is not enforced by design. Indeed, our proto-
sense clusters being learned and not informed by an expert, the local clustering
step may make errors, especially if the data for a given word are sparse. Allow-
ing the global clustering to merge local clusters enables the correction of local
clustering’s recall errors using information from the global level. This is why
we refer to local clusters as ‘proto-sense cluster’ and not simply ‘sense clusters’,
because occurrence of different senses normally evoke distinct concepts.

We also want to highlight that the proposed methodology is generic, in the sense
that it is not tied to a specific choice of clustering algorithm.

4.2.2 Local-only and Global-only

Sense-inducing systems (WSI approaches) that create only local clusters of oc-
currences for each word are said to be Local-only systems. We use them as base-
line models that only produce word-level clusters of size 1 and do not reflect
synonymy, but still learn polysemy.

On the other hand, consider a system does not perform a local step and instead
directly divides occurrences into global concept clusters. We refer to this kind
of system as Global-only approaches. They allow to evaluate the contribution
of the local clustering step in the overall process: we hypothesize that the local
step in Bi-level will reduce potential variance among occurrences by aggregating
them, thereby increasing Precision compared to Global-only.
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4.3 Experiments

In this section, we evaluate the abilities of the proposed methods to induce con-
cepts and compare the proposed bi-level approach to other methods. We inves-
tigate the advantages of the bi-level approach not only for the global viewpoint
but also in the local setting.

4.3.1 Comparing clusterings with BCubed

Evaluation of Concept Induction We compare the learned word clustering to
the reference one. We choose to use the BCubed metrics (Bagga and Baldwin,
1998)), obtaining Precision and Recall for the evaluated clustering compared to
the reference, as well as an F; score. To account for overlapping clusters (as
we are in the case of soft clustering), we use the Extended BCubed metrics pro-
posed by |Amigd et al.| (2009), which has already been used as evaluation in
SemEval2013 WSI task (Jurgens and Klapaftis, 2013).

The extension of BCubed for overlapping clusters rely on two quantities, Multi-
plicity Precision (MP) and Multiplicity Recall (MR).

Given two clustering functions, r (the reference one) and f (the one we want to
evaluate), and two lexemes w; and w,, let us denote F,, ,,, = | f(wy) N f(w2)| the
number of common clusters between w; and w, in the clustering induced by f;
and R, w, = |r(wy) Nr(w,)| the set of common clusters in the clustering induced
by r. MP and MR between two lexemes are defined as follows:

min (thwza Rw17w2)
Fw17w2

MP(’LUl, @UQ) =

min (le,wz ) Rw1 ,w2>

MR(wl, wz) = R

For a given pair of lexemes w; and ws», if candidate f does not find enough com-
mon concepts between w; and wy compared to the expected number of shared
concepts (Fy, w, < Ru, w,), then the precision criterion MP(w,, w;) remains to
1, but the recall criterion MR(w,, wy) decreases. On the contrary, if f finds too
many common concepts (Fiy, w, > Ry w,), then MP(w;,w,) decreases while
MR(wy, wq) = 1.

It is worth mentioning that MP and MR can be (and will be) computed between a
lexeme w; and itself (w;, w;). In that case, MP indicates whether we retrieved the
right amount or too many senses of w;, while MR indicates whether we retrieved
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all senses of w; or too few.

MP (resp. MR) can be computed for every lexeme w; with every other lexeme
wo sharing at least one cluster with w; in f (resp. in r) (including w; itself).
We denote MP(w;) and MR(w,;) the obtained averages. In the case of non-
overlapping clusters, this formulation gives the same result as the original (non-
extended) BCubed. To evaluate WSI, the formulation is the same but we do not
evaluate at the word-level but at the occurrence-level.

Precision, Recall and F-score are obtained as follows:

1 -
Precision = — Z MP (w)
|W| weWw
1
Recall = — Z MR(w)
‘W| weW

Recall x Precision

Fs=(1+ 5 _
s=(1+5 ),62 x Precision + Recall

By default we fix 5 = 1, as we compare the learned clustering and the reference
clustering as equals and therefore do not find that Precision and Recall should
be weighted differently.

Amigo et al.| (2009) showed that the benefits of BCubed over other clustering
scores. For instance, Rand Index does not handle well the case of many small
clusters, which is likely to be the case for Concept Induction. We also pre-
fer Extended BCubed over Overlapping Normalized Mutual Information (McDaid
et al., 2011) as the latter is matching-based. That is, the repetition (or non-
repetition) of identical clusters will have no impact on the measure. However,
identical clusters of words may correspond to distinct concepts. In Extended
BCubed, repeated clusters are taken in account as we measure the number of
times two lexemes are clustered together. The denominator of MP ensures that
over-estimating the number of common clusters is also penalized, and that of MR
ensures that under-estimating is penalized. Min operators are there to prevent
both quantities to exceed 1.

Using BCubed metrics, for a given evaluated clustering, low precision would
mean that lexemes have been incorrectly clustered together because none of
their occurrence annotations maps to a shared concept according to annotations.
Low recall means that the evaluated system fails to capture clusters of lexemes
whose occurrences share a concept according to annotations. The number of
common clusters between two words also impacts BCubed metrics: if two lex-
emes appear together in too many clusters compared to the reference clustering,
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precision is decreased; if the number of common clusters is too low, recall is
decreased.

4.3.2 Settings

Data. We choose to use the annotated part of the SemCor 3.1 corpus. This
dataset contains occurrences for a wide number of words, and morphosyntactic
annotations providing each lexeme with a part-of-speech tag. Among all lexemes
having at least 10 annotated occurrences, we keep only nouns (excluding proper
nouns)P| composed only of alphabetical characters with a minimum length or 3
letters. The resulting lexicon W contains 1,560 different lexemes, for which we
gather a corpus O containing a total of 52,997 occurrencesﬂ SemCor is also
semantically annotated, with each occurrence of a target lexeme assigned to a
synset in WordNet, that we consider to be the concept it refers to. We derive
a reference partition of the occurrences ¥ and a reference soft-clustering of the
words Ny from annotations, for a total of 3,855 different concepts (WordNet’s
synsets) covered in O. This set of concepts is the subset of WordNet correspond-
ing to the textual data.

Development. To learn the clustering, candidate systems have access to the
full set of occurrences-in-context but not their annotations. To choose the ap-
propriate set of hyperparameters, we create a Dev split of the annotations by
randomly sampling 10% of concepts and revealing semantic annotations of the
corresponding occurrences. We use them to evaluate Concept Induction for this
small set of concepts, and choose the set of hyperparameters that scores best in
BCubed Fj.

Evaluation splits In the final evaluation phase, we compute scores on all con-
cepts / all occurrences, including the Dev split, as concepts in it are part of the
whole subset of WordNet described by SemCor’s annotations. In the full data,
we found that 88% of the concepts were instantiated using only a single lexeme.
To better evaluate cases of synonymy, we also evaluate systems on a subset of
the corpus, denoted “Synon”, that contains only occurrences of concepts show-

lhttp://web.eecs.umich.edu/ mihalcea/downloads.html#semcor

2 For the sake of simplicity and clarity, this study is focused only on nouns. Indeed, other parts-
of-speech induce extra difficulties. Verbs for instance required extra preprocessing steps and
decisions (e.g. include or exclude gerundive uses, past participle employed like adjectives,
etc.). Extension of experiments to other PoS is left to future work.

3 Sentences in which the lexeme appears, paired with its position within them. If the lexeme
appears multiple times in the same sentence, we create several distinct occurrences, where
only the position varies.
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ing synonymy (the remaining 12% of concepts, instantiated through at least 2
distinct lexemes). Statistics are provided in Table in Appendix Note
that it only changes the set of concepts/lexemes for which the system is being
evaluated, not the clustering’s training data.

4.3.3 Systems and baselines

Clustering Algorithms. We try two different clustering algorithms relying on
different paradigms: K-means (used in Chronis and Erk (2020)), a centroid-
based algorithm with a fixed number of clusters, and Agglomerative clustering
(used in |Saidi and Jarray| (2023); Velasco et al. (2023); dubbed “Agglo” for
short), a deterministic hierarchical approach using a distance threshold to create
a dynamic number of clusters instead of using a fixed one. Another difference
between K-means and Agglo is that the K-means assumes that clusters are of
nearly-spherical shape and balanced in number of points, while Agglo does not
make assumptions on the shape of data. Details of hyperparameters and tested
values are provided in Appendix

Representations. Following |Chronis and Erkl (2020) and [Eyal et al. (2022),
we use BERT Large (Devlin et al., |2019), a masked language model with 24
layers and 345M parameters. This choice allows for direct comparisons with
these approaches. Also, BERT Large was found by Haber and Poesio (2021
to yield better grouping of sense interpretations than other LLMs[{ We average
subwords’ embeddings if needed. It is a common practice in previous work on
semantic-related tasks to use the average of the last 4 layers to get embeddings;
we decided to adopt the same "4 layers average pooling" strategy, but trying with
different possible sets of layers (see Appendix [A.1.2). Therefore, for a set of four
layers, we average hidden states across the selected layers to get a single 1024-
dimensional vector. We found that layers 14 to 17 obtained the best results on
Deyv for all methods (global/local-only and bilevel).

Sense-inducing systems. Comparison to Local-only systems will give a (strong)
baseline just by inducing senses without aiming at concepts. We used the same
clustering algorithms. We also implement the WSI method proposed by Eyal
et al. (2022). It relies on a different paradigm, using the Language Model for
substitution instead of word embeddings. From lists of substitutes, they build a
graph of substitutes in which they find communities and then assign each occur-
rence to a community of substitutes to find the word senses. Because Local-only

4 We leave to further work the use of autoregressive and/or newer Language Models.
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Full data Synon.
Concept Induction P R F | P R F
Baselines
lexemes 1.0 43 .61 |1.0 .61 .50
Oracle WSI 1.0 .75 .86|1.0 .39 .56
Local-only Systems
K-means Local .73 .70 .71 | .67 .38 .49
Agglo Local 92 .53 .67|.92 .35 .50
Eyal et al. (2022) 31 .75 44| .37 .39 .38
CI Systems
K-means Global 48 .65 .56 | .68 .54 .60
K-means Bi-level .70 .59 .64 | .82 .47 .59
Agglo Global .61 .60 .60 (.82 .50 .62
Agglo Bi-level .75 .60 .66 |.86 .49 .62

Table 4.1: Concept Induction BCubed Precision (P), Recall (R) and Fjon the
SemCor data averaged over 5 runs.

methods only induce senses, their hyperparameters are chosen to maximize a
WSI objective on polysemous words of the Dev split.

Baselines We construct a candidate clustering Ny where each lexeme has its
own cluster. This baseline model is referred to as the “lexemes” baseline. This is
to evaluate the extent to which the information contained by the lexeme alone
can be used to induce concepts without any knowledge on word senses neither
on context. As a second baseline, we create for each lexeme as many singleton
clusters as the number of different concepts its occurrences are annotated with.
All created clusters are of size 1: we account perfectly for polysemy but not at
all for synonymy. This second baseline is dubbed “Oracle WSI”.

4.3.4 Concept Induction in SemCor

In Table we display the Concept Induction scores (F}) of proposed baselines
and systems on the full SemCor data and on the Synon. split. On the full data,
both the lexemes and Oracle WSI baselines achieve very good performance be-
cause they have, by design, a perfect precision (they do not cluster lexemes at
all and do not overestimate the number of clusters) and because 88% of con-
cepts are instantiated with only a single lexeme (thus their recall is still good).
However, their performance is poor on the Synon. split of the data, where con-
cepts are instantiated with multiple lexemes, showing their inability to model

synonymy.

The proposed Concept Induction systems reach scores ranging from .56 to .66 on
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Cluster size

2 3 4+
Nb. of annotated clusters 50 50 23
Category (% of annotated clusters)
Synonyms 42 38 17
Near-synonyms 24 24 35
Related 26 36 48
Invalid 08 02 O

Table 4.2: Qualitative manual evaluation of obtained word clusters of size > 2.

the full data, half of them outperforming the lexemes baseline, and from .59 to
.62 on the Synon. split, outperforming all other systems. While still challenging,
it exhibits that it is indeed possible to induce WordNet-based concepts in a corpus
using LMs hidden layers vectors.

We also see that K-means-based approaches are consistently outperformed by
Agglomerative methods. This indicates that the representational spaces in LM
hidden layers are not organized in a nearly-spherical fashion as K-means algo-
rithm assumes, but rather are populated less uniformly. This is reflected in pre-
cision and recall: Agglomerative systems reach a higher precision than K-means
with similar recall.

Overall, results are in favor of Bi-level approaches over Global-only systems, with
substantial improvements in /3 on the full data while obtaining (nearly) identi-
cal performance on concepts of multiple lexemes, and large increases in precision
while the loss in recall is minimal. This demonstrates that considering the local
(lexeme-centric) perspective is beneficial to a global (cross-lexicon) view when
inducing concepts. The local clustering, with the subsequent representation av-
eraging, helps reducing variance in occurrences and therefore allow to reach
higher levels of precision in the global clustering compared to Global-only. We
would also like to emphasize that, while Global-only systems are more simple in
design, their computational cost is usually higher than Bi-level ones, especially
when the clustering algorithm’s time complexity is quadratic with respect to the
number of occurrences.

4.3.5 Qualitative analysis of concepts clusters

We manually annotate word clusters (obtained from our best-performing ap-
proach, the Agglo Bi-level system) containing at least 2 lexemes according to the
semantic similarity between lexemes. Distribution of cluster sizes (in number
of lexemes) can be found in Appendix We distinguish four categories:



88 4. Concept Induction: Clustering Data to Learn Latent Concepts

synonyms when lexemes are cognitive synonyms (e.g. necessity and need), near-
synonyms for lexemes close to be synonyms but showing slight difference in
meaning (e.g. duty and task, the former being stronger than the latter),’ re-
lated when lexemes show a topical (e.g. dirt, sand and mud) or lexical relations
(e.g. antonyms like man and woman) and invalid clusters when lexemes show
no semantic relation (e.g. child and idea).

Proportions of these annotations are displayed in Table with respect to the
cluster size, the number of lexemes in the cluster. For a given cluster size, if the
number of clusters exceeds 50, we randomly sample 50 clusters to be annotated.
Overall, the proportion of synonyms and near-synonyms is generally above 50%
and less than 10% of clusters are invalid, indicating that most learned concepts
are reliable and meaningful. We argue that the remaining related term clusters,
while not synonyms, may still be interesting in less fine-grained studies. The
portion of related clusters is in line with findings from previous work showing
that BERT can reflect other lexical relations, such as hyponymy (Hanna and
Marecek, 2021).

4.3.6 Benefits at the local level

We now turn back to the local level and assess whether the information brought
at the global level helps distinguishing senses of individual words. Here we
do not evaluate the word-level soft clustering, but the occurrence-level division
of SemCor’s data, considering each word independently. In other words, we
evaluate WSI in SemCor using annotations as the reference sense clustering.

Evaluation of induced senses For each word w € W, we compare how its
set of occurrences O,, is divided in ¥ to how it is divided in the reference &
provided by annotations using BCubed metrics, and we average scores obtained
across W. We display the WSI BCubed F}, as in previous WSI tasks like Jurgens
and Klapaftis (2013). Following Amrami and Goldberg (2019), we report p the
Spearman correlation coefficient between the number of clusters a lexeme is
assigned to and its number of senses according to annotations, to ensure that
the number of created senses actually scales with the actual degree of polysemy.

Note that, for CI systems, we evaluate the division of occurrences provided by
the final clustering ¥ (i.e. how occurrences are clustered after the global step
and its potential merge operations). The quality of sense clusters induced by the
local-step only is actually evaluated with Local-only systems.

> Notions of cognitive synonymy and near-synonymy are discussed by |Stanojevic (2009).
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WSIF »p

Local-only Systems

K-means Local .61 NA
Agglo Local 77 .04
Eyal et al. (2022) 46 .51

CI Systems

K-means Global .76 51
K-means Bi-level .78 .30
Agglo Global .80 .53
Agglo Bi-level .80 .46

Table 4.3: WSI BCubed Fjand sense number correlation coefficient p on SemCor
full data. Not computed for K-means because the number of cluster is constant.

Local results. Results of this local evaluation are displayed in Table Let us
recall that Local-only systems’ hyperparameters are chosen to maximize the WSI
Fion the Dev split, while those of CI systems maximize the Concept Induction
F. Nonetheless, one can observe that all CI systems outperform their Local-only
counterparts, achieving higher WSI Fiand p even though their hyperparame-
ters are not chosen to match the WSI itself. This indicates that the information
brought at the global level by considering cross-lexicon relations may indeed
help improving WSI, and benefits between local and global levels go both ways.

We explain the relatively poor performance of state-of-the-art WSI system by the
fact that we are in a particular setting, where the number of occurrences per lex-
eme is relatively low in SemCor (30 per lexeme on average) and so is the average
number of occurrences per concept. Data sparsity is a favorable ground for word
senses to be misrepresented. As such, methods meant to be applied on larger
datasets like the one of Eyal et al.| (2022) may not work as well as expected.
Our results offer two key insights: (i) WSI underperforms in low-resource or
sparse-data settings. This raises a problem for the study of Lexical Semantic
Change, since diachronic corpora are often small and unbalanced (Tahmasebi
et al.,[2021); (ii) focusing on concepts rather than on senses can improve perfor-
mance, even with limited data, including for studying semantic evolution over
time.

4.4 Extrinsic Evaluation with Concept-aware Em-
beddings

In their work, [Eyal et al.| (2022) derive sense-aware static embeddings from their
WSI method, training them on the Wikipedia dataset and used them for the
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Model | Acc.
Eyal et al.| (2022) (CBOW) 59.3
Eyal et al.| (2022)) (Skip-Grams) | 61.9

Ours (Agglo global) 58.8
Ours (Agglo bi-level) 59.7

Table 4.4: Accuracy scores on the nouns of the WiC test dataset (Pilehvar and
Camacho-Collados, |2019).

Word-in-Context (WiC) task. They achieve nearly-SotA results on the dataset
proposed by Pilehvar and Camacho-Collados| (2019), and report to be outper-
formed only by methods using external lexical knowledge and resources.

We proceed to the same extrinsic evaluation of our work, constructing concept-
aware embeddings using concept clusters of Concept Induction systems (Global-
only and Bi-level Agglo). To obtain such embeddings, we average all vectors
representating occurrences in SemCor contained each global cluster to get one
vector per concept cluster.

The WiC task consists of determining whether two occurrences of a target lexeme
w correspond to the same sense. The WiC dataset’s target words are nouns and
verbs, but like in the rest of this paper, we restrict our scope to nouns.

To solve the task, we use BERT Large to create representations of the two tar-
get occurrences. Each of them is assigned to a concept by finding the closest
concept-aware using cosine distance. The decision depends on whether the two
occurrences are mapped to the same concept (true) or to distinct ones (false).
Results are displayed in Table Our concept-aware embeddings obtain very
similar results to those of Eyal, Sadde, Taub-Tabib, and Goldberg/s sense-aware
embeddings, with ours derived from our bi-level approach even outperforming
their CBOW methodﬂ Interestingly, our embeddings were trained with far fewer
resources than theirs, as we used 52 997 occurrences from the SemCor dataset
while they used a dump of Wikipedia, gathering millions of occurrences. This
highlights the value of concept-aware embeddings: the use of cross-lexicon in-
formation allows competitive results with fewer resources.

6 After using their Word Sense Induction method to label all words of a corpus with a sense tag,
they train a CBOW model that considers each sense as an independent type: therefore they ob-
tain a set of sense-aware embeddings for each lexeme. To assign a sense embedding to a target
word in a given context from the Word-in-Context dataset, they compute the average embed-
ding of words in the context (the context embedding) and take the sense-aware embedding of
the target word that is the closest to this context embedding.
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4.5 Summary

In this chapter, we elaborated on the mapping existing between lexemes and
concepts. This mapping is both many-to-one, as multiple words can be used to
refer to the same concept (i.e. synonymy), and sometimes also one-to-many,
as a single word can have multiple meanings (i.e. polysemy). We showed that
current lexical semantic tasks in Natural Language Processing are not designed
to face both sides of the mapping at once, thus refraining associated systems to
be used to investigate both the semasiological and the onomasiological aspects
of Lexical Semantic Change.

Then we introduced Concept Induction (CI), the task of clustering lexemes in
groups of synonyms that share a common concept, using a corpus of their oc-
currences. We explicited how Concept Induction tackles both the semasiological
and the onomasiological sides of the mapping between words and meanings, and
compare several methods to address the task. Relying on vector representations
of occurrences from Contextualized Language Models, we made use of global
clustering models, that directly compare usages from different words; local clus-
tering models, that only compare occurrences from each lexeme independently
; and proposed a bi-level method that rely on a dual clustering, to leverage the
precision of local models and the inter-words comparisons made by global mod-
els. Overall, we show that the bi-level method outperforms other approaches,
with BCubed F; above 0.6, and also that some clustering algorithms that put
hard assumptions on cluster shapes such as K-means underperform in the Con-
cept Induction task. We empirically observed that in our realistic dataset with
variable number of occurrences across target lexemes, bi-level concept inducing
systems were providing a better sense-differentiation than some Word Sense In-
duction (local-only) models, and we hypothesize that it may be caused by the
relatively low number of occurrences of some lexemes, making it difficult for WSI
models to significantly distinguish word senses, while CI models could make use
of occurrences from other lexemes.

Limitations Evaluating Concept Induction is mainly limited by the low amount
of suitable annotated corpora. Not only the data need to be annotated in con-
cepts, but these annotations must cover a wide variety of lexemes for synonymy
to be sufficiently represented in the corpus. Future work may find or create
datasets meeting these requirements to evaluate Concept Induction outside of
SemCor, especially for other part-of-speech than Nouns.

Our Bi-level method allows the global clustering to merge local clusters, lever-
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aging lexicon-level information to be used to correct Word Sense Induction er-
rors at the lemma-level. By its sequential nature, our method does not allow
to split local clusters using global-level information, which could lead to better
results. Further research directions include creating an iterative version of our
methodology (alternating local and global clustering), or attempting to tackle
both clustering objectives simultaneously with bi-level constrained clustering.

Our results about sense-induction at the local level showed that usual WSI meth-
ods may not be robust in our setting where there are few occurrences for some
lexemes. We demonstrated that, in this setting, concept-inducing methods pro-
vided a better division in word senses. In many fields of linguistics, corpora
are not very large and do not contain hundreds of occurrences for each word.
Nonetheless, it is still uncertain if this observed advantage of CI systems would
still hold on bigger datasets with many occurrences per word, a setting better-
suited for usual WSI methods.

To choose the optimal parameters for each combination of clustering algorithms,
we revealed a portion of the data’s annotations to tune our hyperparameters to
maximize the BCubed F1 on this section of the data. This makes the overall
approach ‘less unsupervised’, and in practice most available datasets are not
concept-annotated, thus future work may investigate different approaches to
tune hyperparameters or using algorithms with fewer and/or more interpretable
hyperparameters. In particular, the HDBSCAN method is equipped with a simple
and efficient algorithm to extract flat clusters from a hierarchy. Agglomerative
Clustering usually requires to set an arbitrary distance threshold to obtain flat
clusters from the hierarchy; in contrast, HDBSCAN’s method uses a single pa-
rameter that is the minimum number of samples considered in a cluster. More
details on this method in Appendix In Chapter [6], we will be using this
cluster-selection method on top of an Agglomerative Clustering hierachy to per-
form Concept Induction in a context where we do not have concept-annotated
data.

Besides limitations related to data and clustering operations, the main limitation
of our approach is that it is based on the representational power of the Contextu-
alized Language Model. Improving the clustering and having more data is only
beneficial to the extent that the representation model can accurately capture
semantic information and represent the similarities and differences in meaning
between occurrences. However, pre-trained language models are not trained to
perform only lexical semantic tasks, they also encode syntactical and morpho-
logical information (Ethayarajh, |2019). Therefore their representations may be
sub-optimal with respect to how accurately and explicitely they reflect lexical
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meaning.

Following up on this limitation, the next chapter is dedicated to the possible ad-
vantages of fine-tuning a Contextualized Language Model to obtain better repre-
sentations of lexical meaning in occurrences.
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CALE: Fine-tuning a Model for
Concept-Aligned Embeddings

The Concept Induction models presented in the previous chapter are clustering
systems, built on top of vector representations from a pretrained Contextual-
ized Language Model. As such, this range of approaches is inherently limited by
the semantic information conveyed within these representation models and the
extent to which embeddings reflect similarities and differences in meaning be-
tween occurrences. A limited performance in the Concept Induction task could
be explained by an inadequate clustering method, but it could also be the re-
sult of sub-optimal semantic representations. In general, any NLP approach to
lexical semantic change based on contextualized representations suffer from the
same limitation. Vector representations of the lexical meaning should reflect
that occurrences instantiating similar concepts have close representations in the
vector space, and occurrences of identical meaning should have the smallest dis-
tance between their representation vectors. In the pursuit of the extraction of
semantic information from contextualized representations, the previous chap-
ter has explored differences in clustering systems; the present chapter focuses
on representations, at a more basic level. We have seen in Chapter |3 that the
XL-LEXEME model (Cassotti et al., |2023) has improved representations with a
sense-differentation objective and reached state-of-the-art results in the task of
comparing usages to predict a word’s change in meaning, but two questions re-
main. First, would it be interesting to fine-tune a representation model not only
in the same-lexeme setting, as it is the case for XL-LEXEME, but also in the cross-
lexeme perspective ? And second, do these models encode lexical meaning more
accurately and in a more explicit fashion than pre-trained models ? Pre-trained
Contextualized Language Models indeed not only encode semantic information,
the representations they produce also convey syntactic and morphological as-
pects, which are likely not relevant to our research objectives.

This chapter aims at using of Contextualized Language Models to obtain multi-

95
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purpose (as opposed to “task-specific”) vector representation of word meaning.
Word occurrences that instantiate the same concept in respective contexts should
have similar representations, while occurrences of words that refer to different
concepts should have dissimilar embeddings. A model with this desired property
would be useful in studies of the mapping between word forms and concepts,
like Haspelmath| (2023) for instance, or in any computational lexical semantic
applications mentioned in Chapter|3| As such, we expect the representations not
to be constrained to a specific task but rather versatile for various downstream
usages. As in Chapter |4/ we focus on synonymy and polysemy, leaving to future
work the integration of other relations such as hyponymy.

We start this chapter by a short literature review on existing contextualized mod-
els and their benefits for representation of lexical meaning. Then we introduce a
new task, Concept Differentiation, related to Word-in-Context and Concept Induc-
tion. We create a dataset of occurrence pairs for this task, accounting for both
same-lexeme and different-lexemes scenarios. This task serves as our fine-tuning
objective to obtain better models of lexical meaning representation. We describe
how we fine-tune Contextualized Language Models for this objective, using the
framework of Contrastive Learning. We conclude the chapter with two series
of experimental comparisons: first, we compare the obtained models (dubbed
‘CALE’ for Concept-Aligned Embeddings) to other models on several benchmarks
of different lexical semantic tasks (see Section of Chapter [3| for an overview
of these tasks); second, we compare the spatial properties of the different models
to discuss the general organization of their occurrence representations.

5.1 Related Work on Semantic Representations

Contextualized word embeddings from models like ELMo (Peters et al., 2018)
and BERT (Devlin et al., |2019) generate dynamic representations based on us-
age in context, enabling better semantic modeling than earlier static or sparse
methods. However, pooling token-level embeddings into meaningful sentence-
level vectors remains challenging due to issues like anisotropy in the embed-
ding space (Reimers and Gurevych, 2019). To improve semantic similarity and
retrieval, Sentence-BERT (SBERT) (Reimers and Gurevych, [2019) introduced
a Siamese training architecture, followed by improvements using contrastive
learning (Gao et al., 2021) and multi-task objectives (Zhang et al., [2022) to
enhance cross-task generalization. Such models have been adapted for lexical
semantics. Mosolova et al.| (2024) fine-tune language models using Wiktionary
supervision to improve contextualized token embeddings for tasks like Word-
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in-Context. Similarly, the XL-LEXEME model (Cassotti et al., 2023), based on
XLM-RoBERTa, extends SBERT for multilingual word meaning tasks, showing
robustness on LSCD benchmarks and supporting cross-lingual, context-sensitive
embedding spaces.

Other efforts fine-tune BERT for word-level classification tasks (Gari Soler and
Apidianaki, 2020), though these cross-encoder models often lack flexibility for
single-occurrence representation, which represents a limitation for tasks requir-
ing generalized concept modeling. Embedding-based models have also proven
effective in capturing non-literal or stylistic nuances, as shown by applications
in authorship verification (Rivera-Soto et al., [2021). Additionally, SenseBERT
(Levine et al., ) 2020) enhances contextual embeddings by incorporating sense in-
formation from WordNet during pretraining, improving performance on sense-
sensitive tasks and highlighting the benefit of explicitly modeling lexical se-
mantics in transformer-based representations. Collectively, these developments
demonstrate the adaptability of sentence-transformer architectures for fine-grained
semantic representations.

5.2 Concept Differentiation

Our primary goal is to build a model able to accurately represent semantic in-
formation in order to distinguish concepts in context, from which we can obtain
concept-aligned embeddings. To train this model, we rely on a supervised task
that captures both polysemy and synonymy, which we label Concept Differentia-
tion, a supervised alternative to Concept Induction.

5.2.1 Task Definition

We define Concept Differentiation as a binary classification task where the goal is
to determine whether two word usages represent the same underlying concept,
regardless of whether they originate from the same lexeme or different lexemes.
For illustratation, consider the following three examples:

1. the boy could easily distinguish the different note values
2. the patient’s ability to recognize forms and shapes

3. the government had refused to recognize their autonomy and existence as a
state

The verbs distinguish in (1)) and recognize in (2]) both express the concept of DIs-
CERN — to tell things apart — so the pair (1}{2) is labeled 1 (same concept). In
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contrast, while (2) and (3) both use recognize, only (3) refers to ACKNOWLEDGE,
so that pair (243)) is labeled O (different concepts). This task is broader than tra-
ditional Word-in-Context, which is limited to same-lexeme comparisonﬂ Here,
we extend the comparison to any pair of word usages — same lexeme or not —
capturing finer and more flexible distinctions of meaning. It can also be seen as
a binary reformulation of the Concept Induction task presented in the previous
chapter, where instead of clustering occurrences into concept clusters, we ask
if two usages share a common concept. This setup allows us to train models
that learn to compare usages in context, effectively capturing subtle semantic
distinctions or consistencies between different instances of target words across
the corpus.

5.2.2 Dataset for Concept Differentiation

In the absence of a dedicated dataset for this task, we construct a new dataset us-
ing the SemCor corpus, using its WordNet synsets annotations (Miller, 1995} |Fell-
baum, |1998) as concept labels. For each lexeme with enough labeled instances,
we retrieve its occurrences following the procedure detailed in Appendix
We gather 70.3k occurrences for 1902 target lexemes, covering 5899 concepts. To
create labeled training pairs, we sample pairs of word occurrences (o, o) and
assign a label of 1 if both instances are annotated with the same concept, and 0
otherwise. Let us underline that, contrarily to the previous chapter, we use the
notation o; for occurrences instead of o,,; and this new notation does not specify
the involved lexeme. Indeed, while for Concept Induction we needed to know
the lexemes in order to derive a word-concept mapping from the clustering of
occurrences, for Concept Differentation the fact that the two occurrences come
from the same lexeme or from two different words does not matter, the only im-
portant aspect is whether they refer to the same concept or not. For the sake of
clarity and to avoid unecessary ambiguity, we will use notation o; for occurrences
in this chapter.

To rigorously assess generalization, we enforce a strict separation between train-
ing, validation, and test sets by first partitioning the set of concepts and the set
of target words into disjoint subsets for each split. Specifically, we randomly
sample subsets of concepts and lexemes to be assigned exclusively to the vali-
dation or test split (5% of concepts / lexemes in validation, 10% in test). Once
these partitions are defined, we extract all word occurrences from the SemCor
corpus that are annotated with the selected concepts and lexemes, and include

! This task formulation is also similar to the annotation guidelines for the ‘different words for the
same meaning’ case in Baldissin et al.| (2022)
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them in the corresponding data split. This ensures a more rigorous evaluation
of a model’s ability to generalize to entirely unseen meanings and lexical items,
preventing models from relying on memorized associations between words and
concepts. In each split separately, we create pairs by attempting to match each
occurrence to 4 others, one for each of the following categories if possible: same
concept and same lexeme (SC/SL), same concept but different lexeme (SC/DL,
only if we can find an occurrence of another lexeme for the concept), different
concept but same lexeme (DC/SL, only if the word is polysemous) and different
concept and different lexeme (DC/DL, unrelated pairs). The dataset contains 44k
pairs (from the 14.3k reserved occurrences) in the test split, 20k (from the 6.5k
reserved occurrences) in the validation split, and 156k (from the 49.6k remaining
occurrences) in the train split. In all splits, the resulting proportion of label ‘1’
(same concept) is around 40%.

The resulting dataset, later referred as SemCor Pairs for Concept Differentiation
(SPCD), supports research in semantic representation and word sense disam-
biguation and is made publicly available to facilitate future benchmarking and
exploration?] Further description as well as more details about the extraction
process can be found in Appendix

5.3 Concept-Aligned Embeddings

We use our resulting pair classification dataset to train a representation model.
The goal is to learn a function f mapping an occurrence o, to a vector representa-
tion e; in a vector space in which the embeddings of two occurrences of the same
concept have higher cosine similarity than embeddings of two occurrences of a
different concept. To fit f, our architecture consists of a pre-trained contextual-
ized language model followed by a pooling layer to obtain fixed-dimensional rep-
resentations. We fine-tune this entire model using SentenceBERT-style siamese
training and contrastive learning, which proceeds as follows.

Each training step considers a batch of occurrence pairs (o;, 0;) with an associated
label y;; € {0,1}, where y;; = 1 indicates that both occurrences share the same
semantic concept, and y;; = 0 otherwise. Occurrences of the pair are encoded
into vector representations (e;, e;) by the Siamese models (two instances of the
same model with shared weights during training). We then compute the cosine
similarity between the two embeddings sim;; = cos(e;, ¢;). The training objective
is to maximize similarity for positive pairs (y;; = 1) and minimize it for negative
pairs (y;; = 0). We fit the model to minimize a contrastive loss (Hadsell et al.,

2https://hf.co/datasets/gabrielloiseau/CALE-SPCD/
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2006)) defined as:

5 [y . simfj +(1 —y) - max(0,m — Simij)ﬂ
where m defines the minimum distance that should exist between dissimilar

(negative) pairs in the embedding space, known as the margin.

This contrastive training encourages the model to organize the embedding space
such that occurrences sharing the same concept are pulled closer together, while
unrelated occurrences are pushed apart. Fine-tuning under this objective enables
the model to produce embeddings that better reflect conceptual similarity across
varied lexical and contextual realizations.

In practice, an occurrence o; is a sequence of words (¢4, . .., t,,) with a target word
w in position k (¢, = w). To be used as input for the model, the occurrence is
transformed as follows:

by tpr, <t> W, </t> tpq ..., ty,
——— N ——
left context right context

using special tags <t></t> to delimit the target word in the sentence. During
training, the model will learn that the contrast must be made based on the mean-
ing of words between the delimiters. In doing so, we ensure the embedding
corresponding to the full sequence is the representation of o; and distinct from
the embedding of another target word occurring in the same sentence, without
needing to account for potential subwords that may result from the model’s to-
kenizer. This method, also used by Cassotti et al.| (2023)), makes the model easy
to use in practice at inference time, as we only have to add/move the delimiters
to shift the model’s focus from one word to another in the sentence.

We refer to this fine-tuning approach and the resulting models as CALE (Concept
Aligned Embeddings) and adopt this terminology throughout the paper. Our mod-
els are made publicly available through HuggingFaceﬂ The scope of our study
is limited to single-word targets, as it is the primary focus of this thesis; but
the framework we just presented could be applied to capture the meaning of
Multi-Word Expressions in future work.

3https://huggingface.co/collections/gabrielloiseau/cale
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5.4 Model Evaluation

In this section, we report the performances of different models, including models
with CALE fine-tuning, for the Concept Differentiation task on the test split of the
Semcor Pairs for Concept Differentiation (SPCD) dataset, as well as other external
lexical semantic tasks, namely Lexical Semantic Change Detection and In-context
Lexical Similarity. It should be noted that the Lexical Semantic Change Detection
task is only relevant to this chapter insofar as it is a complex within-lexeme task,
enabling us to evaluate whether CALE models actually represent differences in
meaning between occurrences of a given lexeme. The discussions in this chapter
pay minimal attention to the task’s diachronic dimension. The extent to which
CALE models can be used for a complete diachronic study, and the benefit that
CALE representations may have for onomasiological and semasiological studies
of change will be discussed in more depth in Chapter[6] and

Compared Models. XLM-R (Conneau et al., 2020) is based on the RoBERTa
Large architecture and pretrained on cross-lingual data. We consider three sets
of layers to extract embeddings from : layers 1 to 4 (dubbed first), layers 14
to 17 (dubbed mi and the last four layers (21 to 24, dubbed last). Embed-
dings of word occurrences are obtained by averaging first over selected layers
and then over subword tokens selection. XL-LEXEME (Cassotti et al., 2023)) is
a XLM-R model fine-tuned for multilingual WiC. It is a SentenceBERT model,
meaning that a single embedding is produced per occurrence (using a final pool-
ing layer). Compared to our models, XL-LEXEME’s fine-tuning was rather data-
hungry, as three Word-in-Context datasets were used. XL-LEXEME established
a new State-of-the-Art in some semantic tasks and is therefore our main ref-
erence point. Regrettably, models from Gari Soler and Apidianaki (2020) and
Mosolova et al.| (2024) are not publicly available, preventing us to include them
in our experiments without re-implementing the whole dataset curation process
and fine-tuning method. Our CALE models generate embeddings in a similar
fashion than XL-LEXEME, but they are fine-tuned on Concept Differentiation, as
described earlier. We experiment with several base models: XLM-R (to compare
with XL-LEXEME) XL-LEXEME (to observe the impact of double fine-tuning and
of XL-LEXEME’s fine-tuning multilinguality) and a monolingual English Modern-
BERT (Warner et al., 2024), a more-recent State-of-The-Art actualization of the
BERT model’ evaluated only in English datasets in order to discuss the potential

4/Chronis and Erk (2020) showed that late-intermediate layers were best for tasks related to
semantic similarity

> ModernBERT was not presented in Chapter because, to the best of our knowledge, it has not
yet been used as part of a computational model of lexical semantic change.
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All SL DL
1L1C (baseline) 65.1 50.0 50.0

XLM-R (first) 60.8 54.2 50.0
XLM-R (mid) 709 59.1 68.4
XLM-R (last) 69.1 59.6 63.5
XL-LEXEME 76.7 62.4 82.7

CALE XLM-R) 79.3 659 86.4
CALE (MBERT) 78.7 66.6 83.5
CALE (XL-LEX) 79.2 67.2 844

Table 5.1: Balanced Accuracies on test pairs from SPCD. “SL” (resp. “DL”) refers
to pairs of occurrences of the same lexeme (resp. of different lexemes).

difference between language specialization and pre-training multilinguality.

5.4.1 Concept Differentiation Evaluation

In Table we present the results for the Concept Differentiation task on the
test split of the SPCD datasets. For each model, the classification process for
a given pair of occurrences is the following: we compute the embeddings for
each occurrence using the candidate model, then compare the cosine distance
between them to a threshold to label the pair: 1 (same concept) if the cosine
distance below the threshold, 0 (different concepts) otherwise. The threshold is
chosen to maximize accuracy on the train and validation splits. We also provide
a baseline system, where we label a pair as 1 if and only if the two occurrences
are from the same lexeme. We refer to this baseline as 1L1C for “1 lexeme 1 Con-
cept”. We use Balanced Accuracy (the average of the Recalls from both classes)
as the classes are not exactly balanced. We also tried F1 scores and the observed
tendencies are the same, thus we only report them in Appendix with also
a more complete overview of accuracies per class.

Our first observation is that the 1L1C baseline reaches high accuracy, providing
a challenging baseline. This is in line with prior observations made for Concept
Induction in Section[4.3.4]of Chapter[4} This indicates that the mapping between
words and concepts in SemCor may resemble a one-to-one mapping with some
deviations, and as such a model for Concept Differentiation would benefit from
not ignoring whether two occurrences are of the same lexeme or not. We also
observe that XLM-R performs best using late-intermediate layers than other lay-
ers and outperforms the baseline verifying findings of Chronis and Erk (2020)
that these layers are best for tasks related to semantic similarity.

We also find that XL-LEXEME largely outperforms XLM-R even when presented
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pairs of Different lexemes, meaning that by learning to differentiate senses of
the same lexeme, it captured more global information about relations between
different words.

We find that CALE models outperforms XL-LEXEME. It is expected to some ex-
tent, as Concept Differentiation is the task CALE has been fine-tuned for. We
also observe that Monolingual CALE (MBERT) is not better than the multilingual
ones, underlining the advantage of multilingual pre-training.

The CALE model based on XL-LEXEME is globally on-par with the one based
on XLM-R (79.3 and 79.2 balanced accuracies). The former is slightly better
in the Same-lexeme setting (i.e. better at distinguishing senses) than the latter,
but slightly worse in the Different-lexeme setting (i.e. worse at identifying syn-
onyms), as expected because XL-LEXEME has been trained strictly in the Same-
lexeme setting and therefore likely provides benefit in this context only.

5.4.2 Lexical Semantic Change Detection.

To assess models’ ability to capture meaning variation within lexemes across
contexts, we evaluate on the Lexical Semantic Change Detection (LSCD) task,
following “Subtask 2“ of Schlechtweg et al.| (2020). We use Diachronic Word
Usage Graphs (DWUGs) datasets across six languages: English, German, Latin,
Swedish, Spanish, and Italian (Schlechtweg et al., 2020; Zamora-Reina et al.,
2022; [Cassotti et al., 2024a)fl As we have seen in Section each dataset
contains target words with occurrences sampled from two time periods (7}, T5),
and the task is to assign a change score reflecting how much a word’s mean-
ing has shifted. LSCD is a within-lexeme task: only usages of the same word
are compared and semantic change is assessed by measuring differences in the
word’s senses between time periods. Performance is measured by Spearman cor-
relation between predicted and gold change scores. Cassotti et al. (2023) also
evaluated their model XL-LEXEME on these benchmarks and established new
State-of-the-Art scores in English, German and Swedish.

We use the Average Pairwise Divergence (APD) measure from Kutuzov and Giu-
lianelli| (2020) to compute change scores, relying on cosine distances between
embeddings from 7 and T5:

n m

1
APD(w) = ——% % d(ey,.€l5)
i=1 j=1

with d the cosine distance operator, e}, ; the embedding of the i-th occurrence of

Shttps://www.ims.uni-stuttgart.de/en/research/resources/experiment-data/wugs/
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EN DE ES IT LA SV
# targets 46 50 100 26 40 44

XLM-R (first) 22 .14 .08 .18 .00* .10
XLM-R (mid) S7 54 49 32 .24 .58
XLM-R (last) 56 .34 53 .27 .00* .52
XL-LEXEME .79 .80* .63* .51 .14* .85*

CALE (XLM-R) .71 .78 .65* .75 .11* .83*
CALE (MBERT) .66* - - - - -
CALE (XL-LEX) .73~ .83 .68 .54 .20~ .86

Table 5.2: Spearman Correlation between model Average Pairwise Divergence
(APD) and gold change scores in DWUG datasets. The highest score for each
dataset is in bold, and other scores that are not significantly different from it are
marked with *.

word w at time T}, for a target word w with n occurrences at 77 and m occur-
rences at T,. APD is generally accepted as standard for Lexical Semantic Change
(see the survey study of |Periti and Montanelli| (2024)) and was used by |Cas-
sotti et al.| (2023) to evaluate XL-LEXEME on the same task on DWUGSs datasets.

In Appendix we tried PRT, another measure from Kutuzov and Giulianelli
(2020).

We report APD-based results in Table We use Steiger’s Z-test on dependent
correlations to determine whether differences to the best-performing model are
significant or not (Steiger, 1980).

Results show that CALE fine-tuning consistently improves over base XLM-R in
all languages, even though it was trained on English data only, showcasing the
cross-lingual transferability of XLM-R. CALE also matches or slightly outperforms
XL-LEXEME in 5 out of 6 languages, despite XL-LEXEME being fine-tuned on
larger multilingual datasets. As in prior work, Latin proves challenging across all
models.

While XL-LEXEME is fine-tuned for Word-in-Context (a lexeme-centric task closely
related to LSCD), CALE is optimized for Concept Differentiation, a broader task
involving both within- and between-lexeme comparisons. One might expect this
to hinder LSCD performance, yet results suggest otherwise: CALE (XL-LEXEME)
slightly improves over XL-LEXEME alone, suggesting that Concept Differentia-
tion enhances a model’s ability to detect semantic change. Due to the limited
number of target words, differences are not statistically significant, but findings
indicate that CALE fine-tuning does not degrade LSCD performance.
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SUBTASK 1 : CONTEXTUAL CHANGES
EN FI HR SL
# examples 340 24 112 111

XLM-R (first) 18 .32 .20 .33
XLM-R (mid) .69 36" .58 .52
XLM-R (last) .63 .27t 51 .45
XL-LEXEME .70 .47 .67 .66*

CALE (XLM-R) .74~ .63 .72 .70
CALE (MBERT) .68 - - -
CALE (XL-LEX) .74 .60* .72 .67*

SUBTASK 2 : SIMILARITY RATINGS
EN FI HR SL
# pairs 680 48 224 222

XLM-R (first) .27 -.04t .25 .25
XLM-R (mid) .61 .25 53 .51
XLM-R (last) .59  .16f .52 .46
XL-LEXEME .63 .59 .64 .67*

CALE (XLM-R) .67 .64 .68* .68
CALE (MBERT) .67* - - -
CALE (XL-LEX) .67* .57 .73 .68*

Table 5.3: Pearson Correlation of CoSimLex Subtask 1 (upper table) and Spear-
man Correlation of CoSimLex Subtask 2 (lower table). Values marked with T are
non-significant correlation values. The highest score for each dataset is in bold,
and other scores that are not significantly different from it are marked with *.

5.4.3 In-Context Lexical Similarity.

We now evaluate candidate models in the cross-lexeme setting. To assess our
models’ ability to represent conceptual similarity of two distinct words in a given
context, we use the CoSimLex dataset (Armendariz et al., 2020) for In-Context
Lexical Similarity. This resource proposes two subtasks in 4 different languages,
English, Finnish, Croatian and Slovene. Each entry of CoSimLex is a pair of
target words, and two different contexts in which both words appear. For each
context is provided a measure of lexical similarity between the two words. Sub-
task 1, Contextual Changes, aims at predicting the change of similarity between
the two words, from context 1 to context 2. This is measured with Pearson
Correlation coefficient between the differences of gold similarities and the dif-
ferences of predicted similarities. Subtask 2, Similarity Ratings, adopts a more
traditional setting, where candidate systems are simply tasked to predict a mea-
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Silh (S) Silh (UB) WuP p

XLM-R (first) -0.166 -0.267  0.187
XLM-R (mid) -0.064 -0.261 0.338
XLM-R (last) -0.088 -0.260  0.311
XL-LEXEME -0.124 -0.370  0.489

CALE (XLM-R) -0.041 -0.192 0.509
CALE (MBERT) 0.042 -0.104 0.514
CALE (XL-LEX)  0.003 -0.228  0.532

Table 5.4: Silhouette scores with synsets (S) or with Unique Beginners (UB) as
cluster labels ; and Spearman Correlation of cosine similarities with Wu-Palmer’s
similarities in WordNet.

sure of lexical similarity between the two words in each context, and measuring

the Spearman Correlation between gold measures of similarity and predicted
ones. Subtask 2 uses independently each context provided in Subtask 1 instead
of pairing them, and as such covers twice as many examples. To predict lexical
similarity between the target lexemes in a given context for both subtasks, we
compute the embeddings corresponding to each target and compute the cosine
similarity between them. Results are displayed in Table

CALE models reach the highest correlations values in all languages, ranging be-
tween 0.63 to 0.73 in subtask 1 and 0.57 to 0.68 in subtask 2, and consistently im-
prove over XLM-R. Surprisingly, XL-LEXEME also performs very well and is most
often not deemed significantly different from CALE results, despite being trained
only on a same-lexeme task and not on between-words relations. CALE (XL-LEX)
does not perform significantly better than the more simple CALE (XLM-R), indi-
cating that CALE fine-tuning is usually sufficient to obtain accurate in-context
similarities. Again, the good performances reached by CALE fine-tuning high-
light the cross-lingual transferability of XLM-R models.

5.5 Spatial Organization

We investigate how CALE fine-tuning affects representation space structure. Fig-
ure shows cosine distance distributions across the test split of SPCD by pair
category, while Table analyzes how well embedding spaces reflect WordNet’s
conceptual organization using synsets annotations.

Distance distributions. In Figure we plot the distributions of distance in
pairs according to their categories: ‘SL” and ‘DL’ refer to “same lexeme” and “dif-
ferent lexemes” respectively, ‘SC’ and ‘DC’ to “same concept” and “different con-
cepts” respectively. We first observe that XLM-R suffers from major anisotropy
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XLM-R (mid)
1
! —m— SC/SL
—e— SC/DL
DC/SL
—¥— DC/DL
—=—=- Threshold
0.0 02 0.4 06 0.8 1.0 1.2
XL-LEXEME

0.0 0.2 0f4 0.6 0r8 ltO 1.2
CALE (XLM-R)

0.6
CALE (XL-LEX)

Figure 5.1: Distribution of cosine distance between embeddings from the candi-
date models’ spaces for SPCD test pairs, according to their category. The dashed
line is the decision threshold for Concept Differentiation learned from the other
splits.

(i.e. all cosine distances are low even in unrelated pairs). The fine-tuning of
CALE and XL-LEXEME push occurrences in DC/DL pairs away from one another,
a consequence of the margin parameter. Another observation is that CALE’s
fine-tuning successfully shifts the focus from lexeme-centric to concept-centric: in
XLM-R, DC/SL pairs (cases of polysemy) are generally closer than SC/DL pairs
(cases of synonymy); this tendency is reversed in CALE (XLM-R) (average dis-
tance of .130 for DC/SL vs .157 for SC/DL before fine-tuning; .343 vs .269 after
fine-tuning).

Similarity correlations. WordNet’s synsets are linked to one another through
relations of hyper-/hyponymy;, in a tree-like structure. A short path between two
synsets indicate that the two concepts are similar. We compute Spearman corre-
lations between model’s cosine similarities and Wu-Palmer similarities (Wu and
Palmer, 1994) between synsets for each occurrence pailﬂ CALE models achieve

7 We also tried Lin similarity, with similar results.
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the highest correlations (above 0.5), indicating a strong alignment between em-
bedding similarity and semantic similarity. All correlations and pairwise differ-
ences are found statistically significant.

Cluster analysis. We evaluate whether occurrences of the same concept form
tight, well-separated clusters using the Silhouette score, with WordNet synsets as
labels. Given o; the i-th occurrence found in corpus O, represented with e; and
assigned to cluster y;, and denoting d..(e;) the average distance between ¢; and
all other members of the same cluster; and d,,,(e;) the average distance between
e; and all other members in the next nearest cluster, Silhouette score is defined
as:
dpn(€;) — dse(e;)
max(dse(€;), dun(€;))

The Silhouette score s lies between -1 and +1 and assess the general separability

of clusters: if s is close to 1, it means the clusters are well-separated; values close
to 0 indicate that there are some overlaps, while values close to -1 reflect strong
overlaps between clusters and a lack of separability. Using true synset labels as
cluster labels, we assess whether semantic concepts are well-separated in the
representational space of a model, not only in terms of pairwise distance but in
terms of clusters.

CALE models yield the highest scores, suggesting better conceptual clustering.
However, all scores remain below 0.1, highlighting substantial overlap between
clusters even for the best models, which is likely due to the fine granularity of
WordNet synsets.

Broader clusters. We repeat the clustering analysis using WordNet’s Unique
Beginners (UB) broad semantic categories like “entity”, “feeling”, or “communi-
cation” as labels, limited to nouns and verbs because such Unique Beginners do
not exist for adjectives. Overall scores are negative, indicating poor alignment
with these higher-level groupings. Nonetheless, CALE performs best among mod-
els, suggesting a modest ability to reflect coarse semantic distinctions.

Conclusions. These findings show that CALE embeddings align more closely
with WordNet’s structure than other models, both in distances and clustering.
Notably, ModernBERT-based CALE shows stronger structural alignment than mul-
tilingual models. XL-LEXEME, despite good pairwise similarity, shows weaker
clustering, presumably because its fine-tuning was sense-level and did not re-
quire broad conceptual organization.
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5.6 Conclusions and Limitations

We introduced Concept Differentiation, a supervised task for predicting whether
two occurrences share the same semantic concept. We curated the SPCD (Semcor
Pairs for Concept Differentiation) dataset from SemCor and developed CALE mod-
els (Concept Aligned Embeddings) using contrastive fine-tuning of SentenceBERT-
style architectures.

Evaluation shows that CALE improves lexical semantic representations across
tasks, including Concept Differentiation, Lexical Semantic Change Detection,
and Lexical Similarity. These gains hold for both within-lexeme and between-
lexeme tasks, with CALE matching or surpassing strong baselines like XL.-LEXEME,
even on multilingual benchmarks despite English-only training. This suggests
that Concept Differentiation subsumes other lexical tasks dealing with the map-
ping between words and meanings, and that a broader view is beneficial for
multi-purpose semantic representations.

Analysis of CALE’s embedding geometry reveals a shift from lexeme-centric to
concept-centric representations and closer alignment with WordNet’s organi-
zation. These results position Concept Differentiation as a promising general-
purpose training signal for lexical semantics.

Limitations While CALE models demonstrate cross-lingual transferability, fine-
tuning was performed exclusively on English language data. Even if multilingual
models (e.g., XLM-R) generalize well to other languages in tasks like LSCD and
CoSimLex, the performance in lower-resource or typologically distant languages
has not been thoroughly evaluated due to the lack of data sources. A more
rigorous multilingual training and evaluation setup is needed to assess CALE’s
robustness across languages.

Second, the binary nature of Concept Differentiation may oversimplify semantic
similarity, which is often graded rather than categorical. This could limit the
model’s applicability in tasks requiring nuanced semantic judgments.

Third, while we show improved alignment with WordNet’s conceptual structure,
our models receive no direct supervision about ontological hierarchy or fine-
grained relations between concepts (e.g., hyper-/hyponymy, holo-/meronymy,
antonymy). Further work is needed to evaluate and potentially incorporate
structured knowledge explicitly during training.

Lastly, we relied on small architectural modifications compared to XL-LEXEME
for model comparison, a key aspect of our studies is model and data scaling.
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However, other scaling axes, notably in terms of model parameters and embed-
ding dimension size are left unexplored.

5.7 Summary of Part II

In Chapter [4, we have introduced Concept Induction, the task of learning from
data a clustering of a set of target words into groups of synonymous lexemes
referring to the same concept. This task provides a perspective on the mapping
between words and concepts, and allows evaluating a system’s ability to model
both polysemy and synonymy at the same time. We have proposed a methodol-
ogy based on contextualized representations derived from a pretrained language
model, performing a bi-level clustering of these occurrences to obtain concept
clusters. By examining the word groupings that arise from concept clusters, we
can obtain the soft-clustering of words into groups of synonyms corresponding to
a common, latent concept. These concepts are latent in the sense that they are
not explicitely labeled nor pre-defined, they are completely learned from data
using similarities between contexts.

This bi-level clustering method extracts semantic knowledge about concepts from
contextualized representations. In Chapter |5, we have elaborated methods to
fine-tune a model in order to obtain representations of lexical meaning that
are semantically rich and explicit. To this end, we have introduced a task that
reframes Concept Induction into a binary clasification problem, and used con-
trastive learning to fine-tune a series of models (CALE) for this objective.

Combining these two chapters, we have addressed the problem of extracting
concepts from contextualized representations in the synchronic setting: seman-
tic information can be efficiently conveyed by CALE representations, and can be
further retrieved using bi-level clustering to obtain a view of the word-meaning
mapping as it emerges in the data. As the present thesis aims to develop mod-
els for studying temporal changes in the mapping between words and concepts,
this overall approach is promising but currently limited to the synchronic set-
ting. The next part, and final round of our contributions, is decicated to the
diachronic setting and the application of our methodology for investigating both
semasiological and onomasiological aspects of lexical semantic change. Chapter
[6in particular describes the adaptations made to the methodology to account for
the specificities of the diachronic setting, and evaluates the changes identified by
the proposed method.
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Diachronic Concept Induction:
Learning Concepts in Historical Data

Chapter 3| has provided an overview of the recent computational approaches to
the modeling of lexical semantic change relying on contextualized representa-
tions from Language Models. Yet, these approaches adopt a word-centric per-
spective, primarily focusing on detecting semasiological changes, as such they
often overlook the onomasiological aspect of semantic change. In Chapter {4/ we
have investigated how pre-trained Language Models can effectively be used to
extract latent concepts and the clusters of words related to them. In Chapter
we proposed a series of fine-tuned, multilingual Language Models specifically
designed to generate concept-aware representations, thus improving over state-
of-the-art lexical semantic representations. The approaches proposed in Chapter
4 and 5 both explore the ability of Contextualized Language Models to represent
lexical meanings as concepts within specific contexts. Beyond mere representa-
tions, the clustering method proposed for Concept Induction can be leveraged to
retrieve the concepts instantiated in the data and the sets of words associated to
them.

By tracking the evolution of concept clusters over time — specifically, the changes
in the lexemes that belong to these clusters — it becomes possible to detect both
onomasiological and semasiological changes. This is a promising improvement
over the current state-of-the-art computational approaches to lexical semantic
change, usually limited to detecting semasiological changes and are therefore
unable to fully characterize the nature of the observed change. However to
achieve Diachronic Concept Induction in historical data, certain adaptations will
be necessary to address the specific constraints of this setting. Specifically, the
method must be able to learn concept clusters across multiple time periods, ac-
counting for temporal variation among occurrences; and the method must be
fully unsupervised, as there are usually no semantic annotations in historical
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corpora. This latter requirement contrasts with the method presented in Chap-
ter |4, where the clustering hyperparameters were chosen by revealing a subset
of the concept annotations.

This chapter we will (1) discuss how we account for temporal variability in the
data and define the semasiological and onomasiological changes we expect to
identify with a concept-inducing approach; (2) discuss the chosen algorithms,
hyperparameters and how they are tuned in unannotated historical data; (3)
discuss how to evaluate the quality of the onomasiological and semasiological
changes uncovered by a diachronic concept-inducing system; (4) apply the de-
scribed method to a French historical corpus, namely the PRESTO corpus, and
discuss how we can leverage it to investigate both semasiological and onomasi-
ological changes.

6.1 Learning Concepts in Diachronic Data

Chapter [4 has introduced a bi-level methodology based on a dual clustering over
Contextualized Language Models representations to extract sets of words instan-
tiating a common concept in the data, but only in a synchronic setting. In the
diachronic setting, word occurrences may come from various historical origins,
which calls for a method to learn concepts with such a temporal variability. In
this section, we propose to learn concept clusters across all time periods at once,
therefore assuming that there is a set of stable concepts to which word occur-
rences can be mapped. After discussing this assumption, we define how semasi-
ological and onomasiological changes could be uncovered in this setting.

6.1.1 All-Periods’ Concept Clustering

Periti and Tahmasebi (2024b)) discussed several possibilities to learn clusters over
multiple time periods, including (a) learning a stable set of clusters in occur-
rences from all periods at once; (b) learning a set of clusters from occurrences of
each period individually and aligning the clusters a posteriori; (c) learning clus-
ters in a sliding window of several time periods, relying on shared occurrences
between two windows to provide cluster evolutions; etc. Unfortunately, their
study did not implement these different strategies and there exists no systematic
comparison of these different approaches.

In our investigation, we choose to learn clusters across occurrences from all pe-
riods simultaneously. This approach offers a significant advantage: using the
same cluster labels across all time periods makes it easier to track the change of
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a given concept, or to compare word meanings over time. In contrast, a strat-
egy consisting in learning clusters in each time period individually would require
an additional alignment step to compare clusters from the multiple periods and
identify, for each new cluster, whether one of the previous cluster might be its an-
cestor. To achieve this ‘all-periods’ clustering, the bilevel methodology presented
in Section[4.2]of Chapter [4learns proto-sense clusters from all of the occurrences
of a word, regardless of their temporal origin. The global clustering step is then
performed on all the obtained proto-sense clusters. The distinction between time
periods is only made after the clusters are learnt, in the analyses of the cluster-
ing’s results. Clustering occurrences from all time periods simultaneously implies
that we must make two hypotheses: that representations accurately reflect lexi-
cal meaning in all time periods and are comparable over time; and that concepts
are drawn from a fixed set.

Synchronic similarities and differences. We expect an embedding model to
accurately reflect similarities and differences in lexical meaning within a single
time period: occurrences instantiating the same concept should be represented
as close to one another, while occurrences referring to different concepts should
be more distant in the embedding space. In Chapter 4 and 5, we demonstrated
that Contextualized Language Models are able to reflect these (dis)similarities
in concept and lexical meaning, especially if they were fine-tuned on lexical
semantic tasks, such as XL-LEXEME with cross-lingual Word-in-Context tasks, or
CALE models with Concept Differentiation.

Diachronic accuracy. We expect the representations from different time peri-
ods to be comparable: as we showed in Section [3.2]of Chapter [3] some represen-
tation models required an extra alignment step to allow fair comparison of their
embeddings across different time periods. If the representational vector spaces
for different periods are trained independently, the constructed dimensions may
not be aligned and thus the spaces may not be comparable. This is particularly
an issue for static embeddings, with solutions like Orthogonal Procrustes or in-
cremental training. For contextualized representations, most approaches use the
same pre-trained model (fine-tuned or not), ensuring that the representations
are comparable dimension-wise. However, the question of whether a model that
is primarily pre-trained only on modern-days texts can accurately represent lex-
ical meaning in old periods remains. Several fine-tuning approaches have been
proposed to handle this issue: fine-tuning a pretrained CLM on the historical data
of each period, fine-tuning it to incorporate the date of an occurrence in the input
or even integrating the occurrence’s date directly in the CLM’s attention mecha-
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nism (see Chapter 3] Section[3.2). Yet with a time-agnostic model, |Cassotti et al.
(2023)) obtain state-of-the-art performances on the Lexical Semantic Change De-
tection benchmarks (Schlechtweg et al., 2020; [Periti and Tahmasebi, [2024a) by
fine-tuning a CLM on a relevant lexical semantic task (in that case, cross-lingual
Word-in-Context). Their approach outperforms time-aware approaches on the
Lexical Semantic Change Detection tasks, suggesting that temporal accuracy may
be obtained by focusing the model’s attention on abstract lexical meaning, rather
than time-dependent morpho-syntactic features.

Time-agnostic concepts. The second implication of this ‘all-periods-at-once’
approach to concept learning is that it assumes a set of stable concepts to learb.
It is hypothesized that the concepts themselves do not change over time, only
their associations to words. Under this assumption, concepts may or may not be
instantiated in a given time period, new concepts may emerge (when they are
associated to words for the first time) and old concepts may disappear (when
they lose all of their associations to words), but their definition remains stable;
in other words, the concepts are time-agnostic.

This hypothesis is already present in linguistic and psycholinguistic studies that
rely on concepts, especially those investigating the mapping between words and
meanings. For instance, the model of gained/lost associations between words
and a fixed set of concepts is similar to the lexicon model proposed by Murphy
(2002). In linguistic typology, Semantic Maps also rely on a fixed set of concepts,
using them as nodes of a graph where the edges represent the amount of lan-
guages that colexify two concepts (i.e. that use a single polysemous word to refer
to both concepts). See Georgakopoulos and Polis (2018)) for a general survey on
semantic maps, and Haspelmath (2023) for updated definitions and terminolog-
ical clarifications. In order to account for semantic shifts, it seems reasonable
to consider that concepts are fixed over time: while Old English used the word
hound to refer to all the domesticated canines, and only later has dog taken this
role, the concept itself has not changed but only its designation. Moreover, sev-
eral studies using semantic maps with fixed concepts that have successfully been
applied in the historical perspective to study patterns of regular colexifications
between certain meanings observed in the evolution of languages (Georgakopou-
los and Polis, |2021)).

The downside of considering concepts as a fixed set over time is that this view
cannot account for concept drifts, which are changes induced by societal, cul-
tural or scientific changes that alter the way speakers perceive or understand
a concept. For instance, the concept of HOMOSEXUALITY used to be strongly
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negatively-connotated and perceived as a mental illness in the past. The un-
derstanding of the concept of ATOM has changed in the last century, alongside
research in chemistry and physics. As such, concept drifts do not concern the
conceptual layer as such, but rather the mapping between the conceptual and
denotational levels (see Figure of Chapter [2). In the context of the proposed
approach to Diachronic Concept Induction, concept drifts will either be repre-
sented as different clusters if the perceptual or emotional differences are strong
enough (as if there were two different concepts), or as a monolithic cluster if the
differences are too small (as if there was no difference).

6.1.2 Formalism

In this remainder of this section, we illustrate the different types of change we
aim at identifying in diachronic data, both in the semasiological and the ono-
masiological perspectives using Diachronic Concept Induction. We extend the
formalism introduced in Section to account for historical data.

Let ' = [T1,...,Tp| be the set of P disjoint time periods covered in the study.
Let W be the target lexicon, i.e. the set of lexemes included in the study, and
O be the diachronic corpus, i.e. the set of all occurrences from all lexemes in
the lexicon, from any of the P periods. For a particular lexeme w in the lexicon
W, we denote O the set of the occurrences of w from time period T,. In the
diachronic setting, O,, refers to the set of all occurrences of w, across all time
periods. Thus O,, = Ule O and, consequently, Vp € 1, Pl, o c o, co.

Through Concept Induction, we aimed at identifying semantic concepts as they
emerge in data, and the sets of words associated to them. The goal was to iden-
tify, for each concept ¢ in the set of concepts €, a cluster of occurrences 1, C O
that instantiate that concept, and derive the concept cluster’s naming Ny, which is
the set of words referring to this concept among these occurrences. In this chap-
ter corresponding to the diachronic setting, assuming that there is an underlying
set € of time-agnostic concepts, we want to apply a model of Diachronic Con-
cept Induction to learn the set of time-agnostic concept clusters . Each concept
cluster ), € ¥ encompasses occurrences from the historical corpus O that refer
to the time-agnostic concept ¢y, regardless of the target lexemes and of the time
period from which occurrences originate. Concept clusters are learned in data
in a fully unsupervised fashion: in the present study, we lack the means to iden-
tify the precise concept corresponding to each cluster. Mapping concept clusters
to clearly defined concepts, or automatically mapping concept clusters to more
interpretable spaces is left to future work. In the absence of explicit concept la-
bels, our observations of lexical semantic changes are simply made on the latent
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concept clusters. In this section, we describe how changes in lexeme-concept
associations are expected to be reflected in the assignments of word occurrences
to concept clusters.

In each time period 7, a naming N*’ is defined for each concept cluster .
This concept cluster naming is defined as the set of words whose occurrences
from time 7, are found in the concept cluster ¢, as in the following equation.

NP = {w e W 3o € 00, o) € ¢,§p>} (6.1)

w,e

Conversely, at each period 7}, each lexeme w is associated to a sense inventory
M i.e. the set of concept clusters in which occurrences of w at T,, are found.

MP = {wp € w300 € 0, o) €y} (6.2)

Using cluster namings and sense inventories, we now describe semasiological
and onomasiological changes.

6.1.3 Types of Semasiological Changes

Semasiological changes are evolutions in a word’s set of senses. Therefore, ob-
serving such changes between 7} and 7p for a lexeme w relies on comparing
M and M.

Assume that a concept-inducing systems finds that w has two meanings at time
Ty, i.e. we find two concept clusters v); and v, containing occurrences of w from
time period T3, yielding MY = {11,1»}. These concept clusters are meant to
correspond to latent concepts ¢; and ¢,. Let us now examine the possible changes
this word’s sense inventory may undergo, by analyzing the difference between
M and M.

Sense gain. If w undergoes a sense gain between time 7 and time Tp, this
means that at time 7p it may be used to refer to a new concept cs. For instance,
the word broadcast gained a new sense in the 20th century, to refer to the con-
cept of TRANSMIT BY MEANS OF RADIO OR TELEVISION. In M. we observe a new
concept cluster that was not part of val), e.g. M) = {c1, ¢, c3}.

Sense loss. If w undergoes a sense loss between time 77 and time 7'p, this means
that one of the concepts w used to refer to at time 7 no longer appears in the
set of concepts w refers to at T». For instance, the word abstract has lost its
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meaning of EXTRACTED since the 16th century. One of the concept clusters in
MY no longer appears in M, e.g. M) = {11}

Combined changes. A word may undergo both changes simultaneously. For
instance, gay gained the meaning of PERTAINING TO HOMOSEXUALITY during the
20th century, while its older sense of COLORFUL, BRIGHT is now considered dated.
If a word undergoes both a sense gain and a sense loss, some concept clusters

from M disappear from MQSJP), while new concept clusters appear in it M) =

{Cl, 63}).

There can a continuity between the sense that was lost and the one that was
gained (we may say refer to this phenomenon as a shift in meaning). Such
continuity may arise from some of the change types discussed in Section
such as generalization, specialization, etc. (e.g. hound used to refer to DOG as
a whole class and now commonly refers to HUNTING DOG only). However, the
proposed method currently lacks means to characterize this continuity.

6.1.4 Types of Onomasiological Changes

Onomasiological changes are evolutions in a concept’s naming, i.e. the set of
words that refer to this concept. Thus, observing such changes between 7} and
Tp for a concept ¢, requires comparing between the namings of the correspond-
ing clusters ¢,E}) and ¢,§P), i.e. comparing N,gl) and N,ﬁp).

Assume that both words w and v can be used to refer to ¢, at time 7}, such that
occurrences of both w and v appear in ¢;,. Thus N,il) = {w,v}.

Naming expansion. If ¢, undergoes naming expansion between time 7; and
time Tp, then a new word appears in its naming at time 7'p. N should contain
a word u absent from N,il), ie. N = {w,v,u}. For instance, around the late
18th / early 19th century, the concept of CYLINDRICAL CONTAINER FOR LIQUIDS
previously containing only barrel has been expanded with drum.

Naming shrinkage. If ¢, undergoes naming shrinkage between time 7; and
time Tp, then one of the words that appeared in its naming at time 7} is no
longer part of it at time 7p. One word from N ,51) should be missing from N,
eg. N = {w,v,u}. In French for instance, the word courtil used to mean
GARDEN, alongside jardin. But the former word has been completely replaced
by the latter in modern French, and as such courtil has been removed from the
naming of GARDEN.
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Combined changes. A concept may undergo both changes simultaneously. In
the naming of concept cluster ¢, we should have N,gl) = {w,v} but N,gl) = {u}
for instance. As an example, the concept of RAPIDLY was referred to with quickly
and swiftly in Old English. Both words no longer instantiate this meaning (as
they now mean of IMMEDIATELY), while fast has become the preferred word for
this concept.

Studying the set of concepts and the change in their designations, one may en-
counter the appearance of a new concept or the disappearance of an obsolete
concept.

Emerging and disappearing concepts. Across centuries, multiple factors drive
the emergence of new concepts: technological progress, scientific research, cul-
tural changes, historical events, etc. For instance, with the invention of new com-
munication technologies and of computers, many new concepts have emerged,
such as COMPUTER PERIPHERAL TO POINT AND CLICK (a mouse), TRANSMIT A PRO-
GRAM (broadcast), CONTINUOUSLY DELIVERED DIGITAL DATA (stream). Eighteenth
and nineteeth-century scholars have elaborated new concepts to describe eco-
nomic and political theories, such as CAPITALISM, SOCIALISM, ANARCHISM, COM-
MUNISM, etc. These same reasons may render concepts obsolete in modern so-
cieties. While not disappearing completely from language, these concepts may
become so rarely referred to that they may no longer appear from large text
corpora in more recent periods. With Christianity’s decreased importance in
Western Europe since the end of the Middle Ages, a lot of concepts related to
religious practices, items and symbols have become less significant daily life and
are more rarely discussed by language users. French for instance had a word
(patendtrier) for the concept of CRAFTER OF CHRISTIAN PRAYER BEADS, an old
job title that no longer exists in modern days.

In the Diachronic Concept Induction framework, emerging concepts manifest
as concept clusters that contain no occurrence from early time periods but gather
occurrences of late periods only. A concept-inducing system may fail to capture
emerging concepts if the new concept is too similar to an existing one (in which
case they may be grouped together in the same cluster). Alternatively, if there
are not enough occurrences referring to this new concept, it my not be identified
at all. Conversely, a concept may be mistakenly identified as ‘new’ if it fails
to capture old occurrences referring to this concept within the corresponding
concept cluster.

Disappearing concepts manifest as concept clusters containing occurrences from
early time periods only. A concept-inducing system may fail to identify disap-
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pearing concepts if the concept in question is too similar to one that exists in
the later time periods (in which case they may be grouped together in the same
cluster). It may falsely identify a concept as ‘disappearing’ if it fails to capture
later occurrences that refer to the concept, and assigns them to a different cluster
instead.

6.1.5 Interactions Between Semasiological and Onomasiolog-
ical Changes

As introduced in Chapter [2/ when discussing the Word-Meaning mapping, sema-
siology and onomasiology are two complementary views on the same object, the
mapping between words and concepts. As such, semasiological changes (i.e.
shifts in sense inventory), are reflected in some onomasiological changes (i.e.
shifts in concept naming), and vice-versa.

When a word w gains a new sense referring to concept ¢, it means that either
¢k, is a new concept, or the designation of ¢, now includes w. Conversely, if the
naming of ¢, expands with a new word w, it means that word w is either a new
term, or it gained the sense referring to c;. In concept clusters, we will observe
a correspondance between the semasiological change from MY = {11,192} to
M = {11, 19,1} and the onomasiological change from N,il) ={v} to N,ip) =
{w,v}. If w is a new term, MY will simply be empty, and if ¢, is a new concept,
then N,il) will be empty.

Similarly, when a word w loses a sense referring to concept ¢, it means that
either ¢, has disappeared, or the designation of ¢, no longer includes w. Con-
versely, if the naming of ¢, shrinks and loses word w, it means that word w
is either is an obsolete term, or it lost the sense referring to ¢;. In concept
clusters, we will observe a correspondance between the semasiological change
from MY = {1, ¢y} to M = {11} and the onomasiological change from
N,El) = {w,v} to N,gp) = {v}. If the word w becomes obsolete, M will be
empty, and if the ¢, is disappears, then V. ;P> will be empty.

This correspondance between semasiological and onomasiological changes in
fundamental in this chapter. Indeed, evaluating a method’s ability to detect and
characterize lexical semantic changes and particularly onomasiological changes
requires a reference resource that indicates whether the detected changes corre-
spond to actual changes in the history of the language, or if they are mistakes
made by the system. However, expert resources for onomasiological changes
are hardly available: to our knowledge the only resource is the Historical The-
saurus of English (Kay et al., 2020), but its API is currently closed. Thus, to
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evaluate a model’s detection capacity, we will rely on semasiological resources,
dictionaries that include a word’s history, that are more easily available and for
more languages. To evaluate the quality of detected onomasiological changes,
we will look for attested semasiological changes in the reference resource, and
see whether we can find an attested semasiological counterpart for a given ono-
masiological change identified by the proposed model.

6.2 Methodology for Diachronic Concept Induction

6.2.1 Bi-level clustering in diachronic corpora with time-agnostic
concepts.

Reformulation. Let us redefine the bi-level approach introduced in Section 4.2
in the diachronic setting, given the considerations described above. For the first,
local sense clustering step, we consider for each lexeme w € W the set of its
occurrences across all time periods O,,. Clustering these occurrences provides
Sw, i.e. the set of all proto-sense clusters in all periods for a word w. Each
proto-sense cluster s,,; € S, (the j-th proto-sense cluster of word w) is time-
agnostic: it may contain occurrence of w from any time periods. The set of all
proto-sense clusters from all lexemes across all periods is denoted S = <y Sw-
S draws a partition of the whole historical corpus that remains at the lexeme-
level. In the second step, proto-sense clusters of S are once again represented
with the average vector of occurrences in the cluster.

Then the representations of all proto-sense clusters are fed to a global, cross-
lexicon clustering run. All the occurrences within proto-sense clusters that are
grouped together form a single concept cluster. A concept cluster denoted 1,
may contain occurrences from different time periods, from different lexemes,
and even from different proto-sense clusters related to the same lexemel[l| The
set of all time-agnostic concept clusters is denoted W.

Certain words may be present in certain periods and absent from other, because
they were brought to life in the language more recently or conversely because
they fell in disuse, or simply because the historical corpus lacks occurrences for
these words in a given time period. We define W® = {w ew | OP + (Z)} the
subset of words in the target lexicon that have occurrences in time periods 7),.
New words are those that are present in W (") despite being absent from W),
Obsolete words are no longer in W) despite being present in W (1),

I Indeed, proto-sense clusters are not considered finalized senses, they may correspond to differ-
ent contextual variations of the same sense, as in Chapter



6.2. Methodology for Diachronic Concept Induction 123

Similarly, certain concepts may be present in certain time periods, but not instan-
tiated in other periods. We define ¥(?) the set of concept clusters corresponding
to concepts that were instantiated at least once during time period 7}, as follows:

p) — {1/% eV |IweW, EIoffi- € Og’), Oq(f,)i S ¢k}-

Emerging concepts are those that appear in ¥*) but are absent from U(!), Dis-
appearing concepts are those that were present in ¥ but no longer in ¥("),

Representations and Algorithms. To represent occurrences, we use the CALE
model based on XL-LEXEME introduced in Chapter |5, to benefit from both XL-
LEXEME’s multilingual fine-tuning and CALE’s broader lexical semantic objec-
tive. On the Lexical Semantic Change detection benchmark, this model has ob-
tained the highest performances compared to other tested models or was on-par
with the best model, in almost all languages. The clustering algorithm used in
both the local and the global steps is Hierarchical Agglomerative Clustering, as
this combination reached the best performances in the evaluation performed in
Chapter

For the global step, to extract clusters from the constructed hierarchy, we set an
arbitrary distance threshold 7 and we keep clusters at the corresponding level in
the hierarchy: cluster merges above this threshold are ignored, whereas merge
operations below this threshold are considered. For the local step, however, we
use HDBSCAN's stability-based cluster selection method. This method, presented
in details in Appendix computes a measure of stability for each cluster in
the hierarchy and compares the stability values of the different clusters in the
hierarchy to keep the most important ones. This method has three advantages
over the simple threshold-based selection.

First, it allows to select clusters in different levels of the hierarchy: clusters orig-
inating from very early merge operations can be selected along clusters from
later merge operations, if both are deemed stable enough compared to their
children and parent clusters. Enabling the selection of clusters at different levels
reduces the risks of over-fragmentation (being too restrictive with merge opera-
tions which results in a lot of very small clusters, if the threshold is too low), and
over-regrouping (being too permissive with merge operations and thus ending
up with a few clusters containing all occurrences, if the threshold is too high).
Let us recall that the time complexity of constructing a hierarchy with Agglom-
erative Clustering scales quadratically with the number of instances: thus, the
computation time required for clustering at the global step would become too
important if we over-fragment proto-sense clusters. Using HDBSCAN’s cluster
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selection allows to select a reasonable amount of proto-sense clusters for each
word while limiting the risk of over-regrouping.

Second, only clusters with more than m occurrences within them are taken into
account, m being the only hyperparameter of HDBSCAN'’s selection method. This
hyperparameter is simple, interpretable and therefore more convenient to tune
than an arbitrary distance threshold.

Finally, this algorithm is able to identify noise points: occurrences that do not
belong to any selected cluster. Large diachronic corpora can contain a signifi-
cant portion of noisy data, induced by errors in the various automatic systems
involved (e.g. Optical Character Recognition, automatic sentence parsing or au-
tomatic lemmatization.) or due to other reasons such as document formatting
(e.g. chapter titles or publisher/copyright notices). Identifying these noisy points
in the first step of our bilevel clustering ensures they do not affect the resulting
concept clusters.

6.2.2 Tuning Hyperparameters Without Concept-Annotations

In the synchronic setting, a few concept-annotated corpora are available, like
SemCor that we used in Chapter 4] and |5 which allowed us to exploit these
annotations to find the best set of hyperparameters for each clustering model.
In contrast, in the diachronic setting, no comparable concept-annotated corpora
spanning over multiple time periods exists. The proposed bi-level clustering
approach relies on the following hyperparameters: the linkage definition for the
local step, m the minimum number of occurrences in proto-sense clusters, the
linkage definition used in the global step and 7 the distance threshold used to
obtain concept clusters. Each of these parameters can take a range of different
values could be used, and we need a method to select a set of hyperparameters
that fits our problem setting without relying on concept annotations.

We use the following procedure for selecting our hyperparameters: given a set of
possible hyperparameter combinations ©, we try the different combinations in
the set and select the combination 6 that results in the largest number of concept
clusters containing between 2 and n different lexemes. The upper bound n is
arbitrarily set and its values must correspond to an expected maximum number
of synonyms for the same concept in a given language. It seems reasonable to
assume that synonymy is not a large-scale phenomenon and that there should
not be a high number of synonyms for the same concept. The value should be
set such that concept clusters containing occurrences of more than n different
lexemes are likely not groups of actual synonyms, as The method is summarized
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in Algorithm

Algorithm 1: Our hyperparameter selection algorithm.
Data: O the set of possible parameter combinations; O the historical

corpora.

Result: 6 the selected set of hyperparameters.

D+ —1; /* Initialize counter. x*/
for 6 € © do

U™ < Bilevel(6,0);
lexemes. */
if d > D then
D «+ d;
0« 0; /* Becomes the new selected parameters. */
end
end

; /% Count clusters with 2 to n

This method encourages higher rates of discovered synonymies, while it penal-
izes clusterings that emphasize only on single-word concepts. This method lever-
ages the hierarchical nature of the data and of the algorithms used, and most
directly impacts the choice of threshold at the global, cross-lexicon level, where
synonym groups are created. The lower bound of 2 considers only clusters of
strictly more than one lexeme and promotes merge operations across different
lexemes with a sufficiently high threshold value, in order to retrieve synonymy.
Indeed the onomasiological aspect of change is crucial for this thesis, and the
retrieval of synonymy is fundamental to such approach. The upper bound n en-
sures that the threshold is not too high, which would result in the creation of
too large clusters containing occurrences of words that do not refer to the same
concept. With this policy we aim at preserving a balance between being conser-
vative with merge operations while uncovering a maximum number of synonym
groups.

Importantly, this method does not impact the learning process nor does it prevent
the creation of concept clusters containing only one lexeme; it is an approach
to select a posteriori one clustering obtained with hyperparameters § among a
set of candidates clusterings with different hyperparameter values. As we will
show in Section the final selected clustering still contains a large number of
concept clusters containing occurrences of only one word. The extent to which
this method impacts the retrieval of polysemy is left to future work.

Other approaches could have been adopted to select a set of hyperparameters
(and the corresponding clustering) without using concept annotations. To cluster
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occurrences in historical data into word senses, many studies of the existing NLP
literature rely on the Affinity Propagation for which no hyperparameter must be
tuned (Martinc et al., 2020c; [Montariol et al., |2021}; Periti et al., [2022]). Other
approaches to historical word senses in the NLP community use the Silhouette
score as an indicator of the clustering quality, and choose the set of hyperparam-
eters that maximize the Silhouette coefficient of the clustering (Kanjirangat et al.,
2020). Martinc et al.| (2020b) however showed that Silhouette score did not
necessarily correlate with performances on the Lexical Semantic Change Detec-
tion task, casting doubt on the relevance of such hyperparameters tuning in our
setting. Future work may explore and compare different hyperparameter tuning
methods and identify the most well-suited approach in the context of diachronic
corpora.

6.2.3 Filtering obtained clusters

In practice (cf. Section [6.4.3), despite our initial filtering on the target words
and the ability of HDBSCAN’s stability-based cluster selection used at the local
step to identify noise points, we still observe that many of the discovered concept
clusters exhibit unexpected properties (e.g. very few occurrences but containing
many different lexemes). This irregularity may be explained by the noisy nature
of the dataf] but also by weaknesses in the representations, in the choice of clus-
tering algorithms and/or in the hyperparameter selection method. In this study;,
we focus more on evaluating the strength of discovered changes and less on un-
covering a maximum number of changes, mostly because we have no means to
evaluate the method’s Recall. Thus,; we have decided to filter out a number of
the occurrences and clusters, based on the following two criteria.

First, for a lexeme to truly belong a cluster at a given point in time, we retain
its occurrences for a half-century only if there are more than 5 of them. This
decreases the risk of detecting the presence of a lexeme in the concept namings
while it could be only due to some unrelated statistical artifacts. Then, we keep
clusters and the occurrences they contain only if a cluster contains more than
50 occurrences in total. Preliminary inspection of the data showed that there
was many very small clusters corresponding to statistical artifacts (like occur-
rences drawn from an extremely unusual/distinctive context) rather than actual
meanings.

2The PRESTO corpus is rather large compared to many other diachronic corpora, especially in
its extended version. As a consequence, text formatting, character recognition and automatic
lemmatization to modern forms have not been manually checked for the whole corpus.



6.3. Evaluating Diachronic Concept Induction. 127

6.2.4 Summary of the Adaptations

We have identified that the diachronic setting imposes two fundamental changes
to the approach we have elaborated in the previous chapters.

To achieve Diachronic Concept Induction, there is now several different time
periods to consider instead of one, raising the question on how to compare oc-
currences to learn concepts. Learning concepts on all the data at once implies
that there is a stable set of concepts over time.

In practice, we run the bilevel clustering model in all time periods at once,
first learning time-agnostic proto-senses and their clustering their centroids into
global clusters to obtain concept clusters. We use the CALE-XL-LEXEME model
to represent occurrences in the different time periods to ensure that occurrence
meanings are well represented in all periods and comparable over time.

Second, there are no diachronic concept annotations on the data, impacting the
way we select our model’s parameters. To select the most suitable set of hyper-
parameters, we take the set of values that maximizes the number of clusters con-
taining occurrences of more than 2 distinct lexemes but no more than n lexemes,
n being chosen arbitrarily depending on the language. This criterion does not
make assumptions on the cluster shapes and is based on the linguistic intuition
that there is only a small set of valid substitutes (synonyms or near-synonyms)
for a word in a given context.

Third, we elaborate a filtering strategy to improve the quality of our analyses by
removing small clusters and occurrences of words that are not numerous enough
in a concept cluster.

6.3 Evaluating Diachronic Concept Induction.

Diachronic Concept Induction (DCI) aims to identify semasiological and onoma-

siological changes as shown in Sections [6.1.3|and |6.1.4] Its evaluation can thus

be decomposed into a notion of Precision (do retrieved changes correspond to ac-
tual changes ?) and a notion of Recall (did the method captured all the changes
that were present in the data ?). In Chapter [4| we have used concept-annotation
on the data to derive a reference word-level clustering to which we compared
the learned word clustering. In the absence of semantic annotations, we do not
know the concepts instantiated in the historical data, nor the synonym groups
that are to be uncovered; thus we cannot assess the Recall of a proposed method.
But we may evaluate Precision by comparing identified changes to known lexical
semantic changes.
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Evaluating semasiological changes. Despite projects of historical WordNets
(de Melo, 2014; Khan et al., |2023]), we are not aware of the existence of an
available resource from which we could systematically extract concept lists over
time, nor groups of synonyms over time. There are, however, semasiological
dictionaries that provide the history of a word’s meanings: the order in which
they developped, the first time each meaning was attested, etc. Such a dictio-
nary could naturally help us evaluate semasiological changes. Assuming that a
Diachronic Concept Induction system uncovers a sense gain between periods 73
and Tp, we can verify whether the corresponding sense in the historical dictio-
nary is first attested between these two periods. For sense loss, the sense should
be first attest before 7} and should now be labeled as old, archaic or obsolete
in the dictionary (assuming that 7 is close enough to the dictionary’s edition
date).

Evaluating onomasiological changes. In Section |6.1.5, we have shown that
onomasiological changes can be observed through their semasiological coun-
terparts. We propose to use the historical semasiological dictionary to verify
whether onomasiological changes correspond to attested changes.

* Naming expansions: if w appears in the naming of a concept cluster
between T and T, then the dictionary should indicate a sense of w first
attested between these two periods.

* Naming shrinkages: if w leaves the naming of a concept cluster 1, be-
tween 77 and T, then the corresponding sense of w should appear as old,
archaic or obsolete in the dictionary.

* Emerging concepts: if a concept cluster emerges from 73 to T» and con-
tains only occurrences posterior to 77, all words in its naming should have
a corresponding sense that is first attested after 7} in the historical dictio-

nary.

* Disappearing concepts: if a cluster does not contain any occurrence from
T'p, all words in its naming at 7; should have a corresponding sense labeled
as old, archaic or obsolete in the dictionary.

Interpreting concept clusters. Of course, such evaluation presupposes to map
concept clusters to sense definitions in the reference dictionary. To help in doing
such correspondance and interpret the semantic content of concept clusters, we
propose to use the most frequent context words of occurrences in the cluster, as
in Montariol et al. (2021). For each cluster, we retrieve the top-15 most frequent
words that appear on the left and the right side of the target word for every
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occurrences in the cluster, excluding some stopwords (grammatical morphemes,
verb auxiliaries, ...). This contextual information, used alongside the naming
of a concept cluster, should help mapping concept clusters to the corresponding
semasiological senses in the dictionary.

The proposed evaluation process is nonautomated, it requires human interven-
tion to (1) interpret correspondances between concept clusters and semasio-
logical senses in the dictionary and (2) check that the date and nature of the
observed changes correspond to semasiological changes attested in the expert
resource. Automation of this evaluation is an important direction for future re-
search, especially through means of Word Sense Disambiguation techniques to
establish cluster-sense mappings.

Having detailed the adjustments required for achieve Diachronic Concept In-
duction, how it should reveal onomasiological and semasiological changes in
diachronic data as well as means to evaluate such method, we move to an ex-
perimental evaluation of the proposed approach.

6.4 Experiments

In this section, we apply Diachronic Concept Induction to a large historical cor-
pus, and assess whether changes in sense inventories and concept cluster nam-
ings described by the method actually reflect attested changes. The goal of this
experimental section is to show that this methodology can indeed characterize
onomasiological changes, while still allowing a more traditional semasiological
study of semantic change.

6.4.1 The PRESTO Corpus

We choose the PRESTO corpus (Blumenthal et al., 2017), an historical collection
of texts spanning from 1500 to 1949. The corpus is composed of 315 texts, for
a total of 28 millions of tokenﬂ It comprises equal proportions of four discur-
sive genres: narrative literature (novels, fairytales, short novels, etc.), poetry,
dramatic literature and ‘generic’ genre (comprising essays and treatises). The
temporal distribution of texts is displayed in Figure

This corpus was chosen for two reasons. first, since the evaluation is purely
qualitative, we wanted the corpus to be in French, our native language, to en-
sure the reliability of the evaluation and avoid interpretative ambiguities; and

3 A subset of the corpus is available online at http://presto.ens-1lyon.fr/. We thank the
PRESTO project coordinators for giving us access to the full version.
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Figure 6.1: Distribution of PRESTQO’s texts over time.

second because it is a one of the largest historical corpora of French that has
part-of-speech and lemmatization annotations, both of which are crucial compo-
nents to our method. Part-of-speech tags are useful to distinguish between the
different grammatical categories and allow to cluster nouns, verbs and adjec-
tives separately (as synonymy only exists between words of the same category).
Lemmatization is used to track word occurrences over time and to cope with
orthographic variations, very common in French between the 16th and the 18th
century.

Target words selection. To select target words and extract their occurrences,
we regroup the corpus’ texts into half-centuries. Given that the corpus spans
across four centuries, we estimate that a half century grannularity provides an
appropriate length to judge distributional continuity across the corpus: decades
would be very small divisions of the total span and likely lead to a lot of irregu-
larities; centuries would represent overly large divisions and imbalances would
arise, especially given that only the first half of the 20th century is present in the
corpus. In this study, we focus on adjectives, nouns and verbs. Target words are
chosen according to a minimum frequency per half century, denoted f. Crucial
to the target word selection is the idea of distributional continuity over time. We
aim to include newly emerging words, words that fall out of use and words that
remain consistently frequent over time, while avoiding words with too few oc-
currences or ‘blinking’ words that abruptly and frequently appear and disappear
(due to the corpus’ sampling rather than a linguistic reason). We therefore retain
only words that fit one of the following three distributional patterns:

* Stable words: words that have a minimum of f occurrence per half-
century across the corpus.

* Appearing words: words that have less than f occurrence in every half-
century until a given point, and at least f occurrences in every subsequent
half-century.
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* Disappearing words: words that have more than f occurrence for every
half-century and fewer than f occurrences per half-century thereafter.

In our experiments, trying different values for f, we find that a value of 10
effectively filters out most irregular distributional patterns without removing an
excessive portion of the data. We further exclude words that have less than 50
occurrences in total, words that appear in less that two half-centuries and words
composed of less than 3 letters. Ensuring a sufficient number of occurrences
for each target word — per half-centuries or in total — is crucial for the bi-level
clustering approach, as since the local step clusters word occurrences per lexeme
and a proper clustering requires a sufficient number of instances.

Occurrence extraction. Occurrence for each of the target words are extracted
as follows. We sample a maximum m occurrences per half-century for every tar-
get words, or we take all available occurrences if it has less than m occurrences
in a given half-century. The context associated to a target word in an occur-
rence is limited to a context window of half-size h words centered around the
target word. In our experiments, we set i to 20 words, and the sample maxi-
mum criteria m to 200. While the minimum frequency per half-century and in
total guarantees that we select only target words for which we have enough oc-
currences for clustering, this maximum sample limit ensures that the clustering
computational costs remain reasonable while preserving sense distributions. To
mitigate the impact of orthographic variations (French spelling stabilized only
after the 18th century), we replace nouns, verbs, adverbs and adjectives in the
occurrence with their modern lemmatized form. This may degrade the quality
of the obtained representations (as the contextualized model was not trained
to work on lemmatized sentences) but it ensures that the representations are
comparable, especially between the oldest and the most recent time periods,
and avoid tokenization errors on old orthographic forms (as the contextualized
model’s tokenizer has seen data only for modern French).

Summary statistics for the obtained corpus extraction are provided in Table

average # of occs. per

Part-of-speech  # of targets # of occurrences target and half-century

Nouns 4,195 2.1M 64
Verbs 1,382 903k 78
Adjectives 1,408 603k 55

Table 6.1: Summary statistics of our extraction from the PRESTO corpus.
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6.4.2 Experimental Settings

Bilevel clustering system. To represent occurrences, we use the CALE (XL-
LEXEME) model presented in Chapter |5/ The local, intra-lexeme clustering step
is performed using Agglomerative Clustering with single-linkage (i.e. the min-
imum distance between clusters) and clusters are selected using HDBSCAN’s
stability-based selection. After the occurrences in pseudo-sense clusters are av-
eraged, they are fed to the global, cross-lexicon clustering step which employs
Agglomerative Clustering with average linkage and a fixed distance threshold.

Hyperparameter values. For our hyperparameter selection method, we set the
upper limit n to 5 for French. To limit the impact of noisy or unsignificant clus-
ters, only clusters of more than 20 occurrences were considered when counting
clusters grouping between 2 and 5 distinct lexemes. Preliminary experiments
have revealed that very small clusters (containing very few occurrences) may
appear and regroup several lexemes due to the noisy nature of some of the data
points. For the local clustering step, we tested minimum cluster sizes of 3, 5
and 10. The value of 3 was systematically preferred by our criterion, whereas a
value of 10 lead to an excessive number of occurrences labeled as noise. For the
global, cross-lexicon clustering step, the threshold was set to a percentile of the
distribution of distances between pseudo-sense cluster representatives, exploring
percentile values ranging from 0.001% to 15% of the distribution.

Semasiological reference. To assist our evaluation of the obtained clusters
and observed changes, the semasiological historical dictionary that we use is the
Trésor de la Langue Frangaise informatisé (TLFi) the online version of a dictio-
nary of French of the 19th- and 20th-century, which corresponds to the later
centuries of our corpus. The dictionary provides, for each entry, a historical
description of the meaning(s), including the earliest attestation of each mean-
ing found in the FRANTEXT database. Since PRESTO texts are also extracted
from FRANTEXT, this ensures fair comparability between changes observed in
PRESTO and attestion dates in the TLFi.

6.4.3 Cluster Filtering Results

The impact of the filtering on the obtained cluster is displayed in Table As
we can see, this selection drastically reduces the number of considered clusters,
e.g. from 18.2k to 2,950 for nouns. It demonstrates that the method, whether

4The TLFi is not an historical dictionary as such, but it provides an historical section for each
entry.
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Part-of-speech  # of targets # of occurrences # of concept-clusters

BEFORE FILTERING

Nouns 4,195 2.1M 18.2k
Verbs 1,382 903k 6.6k
Adjectives 1,408 603k 1.9k
AFTER FILTERING

Nouns 3,819 1.4M 2,950
Verbs 1,306 605k 1,274
Adjectives 1,334 424k 794
Total 6,459 2.4M 5,018

Table 6.2: Summary statistics of the filtering made on the PRESTO corpus from
clustering results.

due to noise in the data, the representations or to the clustering, has produced
a lot of small, irregular clusters that would have negatively impacted the quality
of the analyses. As a result, we obtain a total of 5018 concept clusters, for 6,459
words.

6.4.4 Synchronic Onomasiological Results

Let us now have a first look at our resulting 5, 018 clusters. To guide our analysis,
we will divide the corpus span in three time periods, corresponding to different
stages of the development of French (Marchello-Nizia et al., 2020):

* 1500-1649, Middle & Preclassical French (PFr);
* 1650-1799, Classical French (CFr);
* 1800-1949, Modern French (MFr).

Observations. The distribution of the number of words in cluster namings with
respect to temporal periods is shown in Figure Clusters with ‘0’ lexeme
correspond to concept clusters that do not contain any occurrence in a given
time period but that regroup occurrences from other periods.

As we can see, there is a majority of concept clusters containing occurrences
of only a single lexeme, and a majority of the lexemes have only one sense.
Among clusters appearing in Modern French, the average number of synonyms
contained in clusters is 1.78, with 3,102 (62% of the total number of concepts)
of them containing a single lexeme. This shows that synonymy is a relatively
rare phenomenon, and that for most concepts a single lexeme is used in the
considered corpus.
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Figure 6.2: Distribution of obtained cluster naming sizes per period.

Evaluation. To assess the quality of obtained clusters, we randomly sample 100
concept clusters among nouns, verbs and adjectives combined. This sample con-
tains 46 noun concepts, 30 verb concepts and 24 adjective concepts. We evaluate
these clusters based on the lexemes they contain in Modern French. For a given
cluster, we assess whether the grouped words are all synonymes, if they are near-
synonyms, if they are more weakly related (antonyms, hypernyms, cohyponyms,
or members of the same lexical field) or if they are unrelated. The results are
presented in Table We observe a majority (65%) of the sampled clusters
indeed correspond to (near-)synonyms, showing that the approach, though not
perfect, is reliable. Nonetheless, we argue that the appearance, stability or dis-
appearance of weaker relations like antonymy or joint membership of a lexical
field may still be indicating of semantic change.

Judgement # of concepts Category # of concepts
Synonyms 37

Near-synonyms o8 (Near-)synonyms 65
Antonyms 7

Co-hyponyms 4 Weakly related 32
Lexical field 21

Unrelated 3 Unrelated 3

Table 6.3: Qualitative evaluation of concept-clusters in the 1800-1949 period.
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6.4.5 Onomasiological Changes

Now that we have assessed the synchronic quality of the clustering, let us now
turn to the primary object of this study: onomasiological changes. For the sake of
simplicity, in the remainder of this chapter, we will focus on the changes between
Middle & Preclassical French (1500-1649, PFr) and Modern French (1800-1949,
MFr). We leave the investigation of intermediate steps of changes in Classical
French for future investigation. It will be shown that observed changes appear
to reflect attested changes in most cases.

We first recall the different types of onomasiological changes to observe previ-
ously described in Section and how they should appear in concept cluster’s
namings, we then discuss the observed distribution of these types of change on
our data. Finally we evaluate our approach’s ability to identify the different type
of onomasiological changes, following the evaluation method outlined in Section
6.3]

Types of onomasiological changes for a concept cluster 1;:

* Unchanged naming: the concept’s naming contains the same lexemes in
Middle/Preclassical French and in Modern French, i.e. N7 = NV,

* Emerging or new concept: the concept was not instantiated in Middle &
Preclassical French, but is observed in Modern French ; thus V. ,EPF“ = () and
INMEI| > 1,

* Disappearing concept: the concept was instantiated in Middle & Preclas-
sical French, but it cannot be observed in Modern French, thus |V, ,ipFr)| > 1

and N = .

* Expanded naming: the naming in Modern French contains new lexemes
compared to Middle & Preclassical French, i.e. |V, ,EPFr)] < |N, ,EMFr)|.

e Shrinked naming: some lexemes that were in the naming in Middle &
Preclassical French are missing in the concept’s naming in Modern French,
. (PFr) (MFr)
ie. [N, | >Ny

* Both: in Modern French, the concept’s naming contains new lexemes and

misses some lexemes compared to Middle & Preclassical French, i.e. 2V, ,EPFr) ¢
NIEMFr) and N}gMFr) ,«(Z N/EPFr)-

Quantifications of onomasiological changes. In Table[6.4]we display the evo-
lution paths observed by the 5,018 found concepts. We observe that a vast 49%
of the concepts are unchanged between the Middle & Preclassical French and
Modern French. Indeed, it is expected that the mapping between words and



136 6. Diachronic Concept Induction: Learning Concepts in Historical Data

Naming Evol. # of clusters %
Unchanged 2459 49.0
New concept 1189 23.7
Disappear. 97 1.9
Expanded nam. 782 15.6
Shrinked nam. 269 5.4
Both 222 4.4

Table 6.4: Evolution of the concept-clusters between Middle and Modern French.

meanings remain mostly stable across this period of time, as modern day speak-
ers of French are able to understand the majority of a 16th century text without
too much ambiguity.

We observe 1, 189 emerging concepts (23.7% of the total). This impressive num-
ber of new concepts may be explained by the progresses of science, philosophy;,
medical sciences and technology after the 16th century, as well as the societal
and social changes that occurred in France due to the abolition of monarchy
and the many changes of political regimes in the 19th century, the industrial
revolution, etc. All of these changes bring many new concepts to the language.
Conversely, these changes, combined with the overall loss of importance of the
Christianity in the daily life of people, can render some concepts obsolete. Our
results indicate that only 97 concepts disappeared (1.9%) Examples from our
data will be provided later, when evaluating the observed new concepts.

Another major tendency is that there are more expansions of concept namings
than shrinkages (782 expansions for 269 shrinkages). Historical dictionaries in-
deed reveal that the French vocabulary underwent considerable expansion be-
tween the 17th and the 19th centuries, introducing loanwords and neo-classical
formations from Greek and Latin. For instance, the word incendie (meaning
‘large destructive fire’) was imported from the latin word incendium in the early
years of the 17th century. The word tribu (meaning ‘people’ or ‘social and polit-
ical group of people sharing ethnic traits’) was also borrowed from Latin tribus
(denoting an administrative division of the Roman people) during the 18th cen-
tury. Expansions and shrinkages can either be caused by appearing/disappearing
associations between existing words and concepts, or can be caused by the
emergence of new words or conversely obsolescence of words (i.e. vocabu-
lary changes). In line with this tendency to expansion rather than shrinkage,
we observe that among nouns, verbs and adjectives, 1,980 of the 6,088 lexemes
found in Modern French (32%) are absent from Middle & Preclassical French.
Only a qualitative analysis of the observed expansions and shrinkages will reveal
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whether they reflect vocabulary changes or rather changes in the word-meanings
associations.

Evaluating our method for detecting onomasiological change. Let us now
assess the accuracy of the observed changes by comparing them to their sema-
siological counterpart attested in the TLFi. When providing examples, we may
use small capital letters to label our interpretation of a cluster’s meaning, based
on the sense definition from the TLFi, words in the cluster’s naming and most
frequent context words. We may also use double quotation marks to provide
a sense definition, as provided in the TLFi. For each kind of onomasiological
change, our objective is to assess whether the observed changes correspond to
attested changes, are mistakes due to the clustering or are due to artifacts in the
data rather than actual linguistic changes.

Evaluating new concepts. We now manually classify cases of new concepts.
We sample 50 concept clusters that were not instantiated in Middle & Preclassi-
cal French but are observed in Modern French. The classification of these clusters
is presented in Table This analysis shows that our Diachronic Concept In-
duction method indeed reflects the emergence of new concepts in the majority
of cases, with 36 clusters corresponding to actual emerging concepts whereas
only 13 of these clusters correspond to concept that already existed in the data
in Middle & Preclassical French.

Classification Explanation # of clusters

Societal changes New concepts emerging from 16
societal changes (in domains of
politics, morals, law, etc.)

Science/Tech/Health New concepts emerging from 20
progresses in abstract or natural
sciences, technology or health
sciences.

Not a new concept Concepts that already existed 13
before and for which we can
find occurrences for the clus-
tered lexemes

Corpus errors Pos-tag, word segmentation or 1
lemmatization errors, etc.

Table 6.5: Evolution of a sample of 50 new concept-clusters between the Middle
& Preclassical French and Modern French.
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Evaluating Disappearing concepts. Let us now examine the 97 concept clus-
ters that were instantiated in Middle & Preclassical French but not in Modern
French. Our manual classification of the observed disappearing concepts is pre-
sented in Table The 37 corpus-induced errors and sampling artifacts are not
relevant for assessing the quality of the method, they are more relevant to the
quality and diversity of the data themselves.

Classification Explanation # of clusters

Histo./Relig. changes Concept disappearance caused 20
by historical events/changes or
because of the loss of impor-
tance of religion in the daily life.

Obsolete concepts Old-fashioned  concept for 14
which there is no modern-day
equivalent, or a cluster corre-
sponding to a specific context
that is no longer relevant

Missed concepts Still-active concept that can 23
even be found in other clusters
with the same words

Unrelated words Words that should not have 3
been clustered together

Sampling artifacts Still-active ~ concept  absent 23
from the corpus in the Modern
French period

Corpus errors Pos-tag, word segmentation or 14
lemmatization errors, etc.

Table 6.6: Evolution of the 97 disappearing concept-clusters between the Middle
& Preclassical French and Modern French.

With this classification, we see that 34 of the observed concept disappearance
correspond to actual changes in the language and/or in society (the histori-
cal/religious changes and the obsolete concepts), while 26 cases of disappear-
ance actually correspond to cases where the Diachronic Concept Induction sys-
tem failed to recognize that these concepts were still realized in other clusters,
or that the words had no similarity in meaning in Middle & Preclassical French.
While the ratio is positive in favor of accurate disappearances, there is still room
for improvement, in the clustering method or in the representation technique, to
lower the number of cases that do not correspond to actual disappearances.

Noteworthily, the emergence or disappearance of concepts, though reflected in
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language change, rather pertains to societal and historical changes than to purely
linguistic mechanisms. Diachronic Concept Induction, while focused on lexical
semantics, can also be used to identify these extra-linguistic changes as they are
reflected in the language; as such, we believe that the proposed method may
also be useful to computational social sciences and digital humanities. Such
applications are however beyond the scope of this thesis.

Evaluating expanding namings. Onomasiological changes of a more ‘purely
linguistic’ nature are the extension or reduction of a concept’s naming. They
reflect new conventionalized associations between words and a given concept.
We sample 50 cases of expansions of concept namings and we classify them
according to whether they correspond to attested semasiological changes in the
TLFi. This classification is provided in Table

Classification Explanation # of clusters

Attested new sense ~ The observed expansion of the 11
naming corresponds to the at-
testation of an existing word’s
new sense.

Attested new word ~ The observed expansion of 13
the naming corresponds to the
emergence of a new word.

False expansion The observed expansion of the 5
naming is contradictory with an
already attested word sense.

Not synonyms in PFr The cluster contains words cor- 11
responding to different con-
cepts.

Sampling artifacts The appearing word already 10

had this sense in Middle & Pre-
classical French but did not ap-
pear in the corpus with this
sense.

Table 6.7: Evolution of a sample of 50 expanding concept-clusters between the
Middle & Preclassical French and Modern French.

We find that 11 of the 50 sampled expansions take place in clusters that conflate,
in Middle & Preclassical French, words instantiating different concepts. These
rates are in line with the proportions found in our synchronic evaluations in the
‘weakly related’ and ‘unrelated’ categories. Such non-synonymous word clusters
decrease the precision of observed results, and future work should improve rep-
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resentations and clustering methods to mitigate the formation of such clusters.
There are 10 cases of expansions that are caused by the lack of occurrences for
an already-existing word sense. Among the remaining clusters that are actual
near-synonyms, we can find for 24 of the observed expansions a corresponding
attested semasiological development, while we cannot verify such change in only
S5 cases.

Interestingly, we find slightly more cases of attested new words (13 cases) than
of attested new senses (11 cases), suggesting that the large amount of expanding
concepts described previously could indeed be explained by the introduction of
many new words to the vocabulary.

Evaluating shrinking namings. Shrinking namings on the contrary represent
the loss of conventionalized word-meaning associations. Following the same
process of qualitative evaluation using the reference historical dictionary, we
sample 50 cases of observed shrinkages and classify them using the TLFi, as
shown in Table [6.8]

Classification Explanation # of clusters

Attested sense loss The observed shrink in naming 6
corresponds to a wordsense that
became obsolote.

Attested word obsolescense The observed shrink in naming 11
corresponds to a word that be-
came archaic.

False shrink The observed shrink in naming 16
does not correspond to any at-
testation of an obsolete sense or
a disused word.

Not synonyms in PFr The cluster contains words cor- 12
responding to different con-
cepts.

Corpus errors Pos-tag, word segmentation or S

lemmatization errors, etc.

Table 6.8: Evolution of a sample of 50 shrinking concept-clusters between the
Middle & Preclassical French and Modern French.

First, 12 of the 50 sampled shrinkages correspond to ‘weakly related’ and ‘unre-
lated’ concept clusters, encompassing words that are not synonyms. This propor-
tion is comparable to that of naming expansions. There are also 5 of the sampled
shrinkages that are artifacts of corpus-induced errors. Among the remaining
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clusters that are actual (near-)synonyms, we find that 17 observed shrinkages
correspond to attested phenomenons (loss of sense of a word, or obsolescense of
a word) while 16 observed shrinkages are found to be mistakes induced by the
method.

Proportionally, there are more mistakes in naming shrinkages than in naming
expansions. It appears the proposed Diachronic Concept Induction method may
be too sensitive to disparities in data, resulting in an over-estimation of cases
of ‘losses’, while it is more reliable in detecting positive developments, gains of
meanings and lexemes in the naming. We hypothesize that concept-clusters may
be over-fragmented (i.e. divided in smaller clusters will they should be reunited
in large clusters), as the loss of a lexeme’s occurrences in a cluster is more likely
to happen in small clusters than in large ones. Another argument in favor of the
over-fragmentation hypothesis is the large amount of small concept-clusters that
were discarded by our filtering procedure.

Summary of our findings. We start by examining emerging and disappear-
ing concepts and we find that the errors are mainly due to clusters that should
have been merged because they apparently refer to the same meaning but ap-
pear as different clusters. We then evaluate expansions and shrinkages of nam-
ings, showing that the main source of errors for both is the presence of non-
synonymous words within the same cluster. Among clusters grouping genuine
synonyms, a part of the observed shrinkages do not correspond to attested changes,
while nearly all expansions do, indicating that the proposed approach may not
treat these two types of changes equally. Overall, excluding corpus errors and
sampling artifacts, the proportion of well-attested changes among observed changes
is 56% for disappearing concepts, 61% for new ones, 37% for shrinking namings
and 60% for expanding namings.

6.4.6 Semasiological Changes

We have described how Diachronic Concept Induction allows us to investigate
onomasiological changes, and shown that the observed changes reflect attested
changes in most cases. However, the proposed model of lexical semantic change
also allows to explore semasiological changes like most of the existing Natural
Language Processing approaches to the field.

For a given lexeme, Diachronic Concept Induction provides a sense distribution
for each period, through the distribution of clusters to which its occurrences
belong at each time period. Because the concept-clusters are learned in all time
periods at once, cluster labels are the same between periods and so comparing
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the sense distributions over time is straightforward.

Let us focus on the 4,108 target lexemes that are found in both the Middle &
Preclassical French and Modern French (i.e. excluding new lexemes or lexemes
that disappeared from the corpus). Among them we find 2, 385 nouns, 988 verbs
and 735 adjectives.

Measuring semasiological change. Many computational studies of lexical se-
mantic change provide a measure of semasiological semantic change in order
to distinguish words that underwent strong changes in meaning and those that
remained semantically stable over time. Diachronic Concept Induction too allow
to compute such measure: we compute the Jensen-Shannon Divergence (JSD) be-
tween the sense distribution of Middle & Preclassical French and the distribution
of Modern French. The Average Pairwise Distance (APD) is the most widely used
measures of lexical semantic change in the semasiological setting. Between two
time periods 7} and T, it’s the average distance in every pairs of an occurrence
from 7} with an occurrence from 7p. Comparing the JSD-based measure to the
Average Pairwise Distance between occurrences of Middle & Preclassical French
and of Modern French, we find a .46 Spearman correlation between JSD and
APD change measures, suggesting that the two measures likely emphasize on
different aspects of semasiological change.

Characterizing semasiological change. We have shown that Diachronic Con-
cept Induction allows us to characterize onomasiological changes, distinguish-
ing several types of such changes. Similarly, it can characterize semasiological
changes, going beyond the mere quantification of lexical semantic change. Be-
tween Middle & Preclassical French and Modern French, each of these lexemes
either gains a new meaning, loses one of its early meaning, both gains and loses
a meaning, or neither, in which case it is said to be stable in meaning. The
distribution of these evolutions is displayed in Table

Evolution # of lexemes %
Stable meaning 3165 77
Sense gain 567 14
Sense loss 222 5
Both 154 4

Table 6.9: Evolution of lexemes between the Middle & Preclassical French and
Modern French.

We observe that the vast majority of lexemes are stable in meaning (reminiscent
of the finding that most cluster namings too are stable over time), and that there
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Classification Explanation # of lexemes

True gain The presumably gained sense is 31
indeed first attested later than
Middle & Preclassical French.

False gain The presumably gained sense is 14
first attested even before Mid-
dle & Preclassical French and
we have found occurrences with
this meaning in Middle & Pre-
classical French.

Sampling artifacts The presumably gained sense is 3
first attested even before Middle
& Preclassical French but we did
not find occurrences with this
meaning in Middle & Preclassi-
cal French.

Corpus errors Pos-tag, word segmentation or 2
lemmatization errors, etc.

Table 6.10: Evolution of a sample of 50 lexemes gaining meanings between the
Middle & Preclassical French and Modern French.

are more lexemes gaining senses than loosing them (in line with the observation
of a growing number of instantiated concepts between the Middle & Preclassical
French and Modern French).

In Tables and we display the qualitative evaluations conducted on
samples of 50 cases of sense gains and 50 cases of sense losses respectively,
between the Middle & Preclassical French and Modern French. As for onomasi-
ological changes, we are interested in assessing whether the observed changes
correspond to attested changes, are mistakes due to our clustering or are the
results of sampling artifacts and errors in the corpus.

Sense gains appear to be accurately identified: 34 of the 50 sampled gains cor-
respond to attested semasiological developments. For instance, the noun aspect
developped the figurative meaning of SEEMING APPEARANCE, whose first attesta-
tion according to the TLFi is in 1684. Only 14 of the 50 reviewed gains could
be identified in Middle & Preclassical French part of the corpus and are attested
in the TLFi at an earlier date (e.g. peser in the figurative meaning of CAUSING A
MORAL BURDEN is attested since 1342).

We see that half of the detected sense losses can be matched to senses labeled
as old-fashioned, obsolete or rare in our reference dictionary. For instance, the
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Classification Explanation # of lexemes

True loss The corresponding word sense 24
is attested as ‘old-fashioned’,
‘obsolete’ or ‘rare’.

False loss The corresponding word sense 18
is attested as still being active.

Not a proper sense We could not infer a cor- 6
responding sense from the
clusters’ lexemes and context
words.

Corpus errors Pos-tag, word segmentation or 2
lemmatization errors, etc.

Table 6.11: Evolution of a sample of 50 lexemes loosing meanings between the
Middle & Preclassical French and Modern French.

adjective prochain has, according to our clustering, lost its meaning of NEAR,
CLOSE (IN SPACE); this sense is indeed identified as ‘old-fashioned or literary’
in the TLFi. A smaller proportion of the observed losses are not attested in the
TLFi (e.g. troupe which still has its meaning of CATTLE HERD). We also observe
that among these cases of sense loss, some of the identified senses could not be
matched to an actual word senses defined in the TLFi.

In the semasiological setting, we can make a similar observation than in the
onomasiological setting: gains are more accurately reflected than losses.

Polysemy and semasiological change. Hamilton et al.| (2016b) proposed a
law of innovation, stating that the degree of polysemy correlates positively with
semantic change or, in other words, that highly polysemous words are subject
to stronger changes than monosemous ones. Let us examine whether we find
such an effect in our results. To do so, we compute the Spearman correlation
between the number of senses in Middle & Preclassical French and the semantic
change measure obtained with Jensen-Shannon Divergence. We find a .72 Spear-
man correlation between the early number of senses and the Jensen-Shannon
Divergence, suggesting that higher degrees of polysemy may indeed be related
to stronger semantic shifts and that the Law of Innovation, observed by |[Hamil-
ton et al.| (2016b) and more recently in Romance languages by Kawasaki et al.
(2022), may indeed be in effect. The significance of the law of innovation is
still under discussion in the NLP community (Dubossarsky et al., 2017; Uban
et al., [2019; Kawasaki et al.,|2022) and it would require a longer study to verify
whether our data can indeed provide evidence in favor of the Law of Innovation.
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We leave this perspective to future work, as we simply want to demonstrate that
Diachronic Concept Induction opens the way for complete semasiological studies
and discussions about laws of semantic change.

Summary of our findings. We have shown that Diachronic Concept Induction,
in addition to enabling the characterization of onomasiological changes, also
allows comparable investigation than other existing approaches to Lexical Se-
mantic Change in NLP: we can derive a real-valued measure of semantic change
from our clustering results, and can also use them to study other statistical laws
of semasiological change proposed in the literature. However, our clustering
approach allows for a more fine-grained characterization of this semasiological
changes. We have evaluated the observed sense losses by comparing them to
senses labeled as old or obsolete in the reference dictionary, and sense gains by
comparing them to first atttestation dates in the dictionary. Excluding corpus
errors and sampling artifacts, our evaluation has shown that the proportion of
actually attested changes among observed changes is of 50% for sense losses and
69% for sense gains.

6.5 Summary and Limitations

In this chapter, we have revisited the Concept Induction method proposed in
Chapter [4| and adapted it to the diachronic setting, to deal with the multiple
time periods and the absence of concept-annotated data. With this renewed
framework, Diachronic Concept Induction, we aim to automatically uncover
onomasiological changes from historical textual data, alongside semasiological
changes. To learn concepts across multiple time periods, we have proposed to
perform Diachronic Concept Induction on occurrences from all periods at once,
thus learning a fixed set of concepts. To select the best set of clustering hyperpa-
rameters without concept-annotations, we proposed to maximize the number of
retrieved synonym sets.

We have discussed the challenges of evaluating a Diachronic Concept Induction
system on its capacity to detect onomasiological and semasiological changes,
given that there are no concept-annotated historical data nor reference onoma-
siological historical resources from which we could extract complete synonym
sets over time. Thus, after describing the various scenarios for lexical semantic
change in the lexeme-concept mapping under both the semasiological and the
onomasiological perspectives, we have proposed to use a semasiological histori-
cal dictionary to evaluate both sides of lexical semantic change.
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With these adjustments, we have applied this methodology to the PRESTO cor-
pus, an historical collection of French texts spanning from 1500 to 1949, and
evaluated changes using the TLFi dictionary of French. Although the TFLi’s over-
all perspective is synchronic, it contains diachronic annotations — such as ‘obso-
lete’ — as well as the dates of the first attestations of the word and its various
meanings. We have shown how this resource, though exclusively semasiological,
may be used to evaluate onomasiological changes. We represented occurrences
using one of the CALE models presented in Chapter |5/ and clustering was per-
formed using the hierarchical bilevel method proposed in Chapter [4

Our results highlight the significant expansion of the French lexicon and of the
set of instantiated concepts between the 17th and the 19th centuries. Our quali-
tative evaluation reveals that onomasiological and semasiological changes most
often correspond to actual changes as attested in the expert resource, and shows
that the proposed method allows us to characterize lexical semantic changes
and identify concepts whose associated sets of lexemes have expanded, shrunk
or remained stable over time, as well as identify lexemes whose sense inven-
tories gained new meanings or lost obsolete ones. Our method is even able to
capture newly emergent concepts and disappearing concepts, often reflective of
societal changes and historical events, which may be valuable for studies in dig-
ital humanities and computational social sciences. We also used our clustering
results to compute a measure of lexical semantic change, and we found that this
measure of semantic change was correlated with the initial number of senses
of a word, echoing the Law of Innovation proposed in previous computational
studies of lexical semantic changes.

Overall, the present study accomplishes a first step towards more systematic
modeling of Lexical Semantic Change, offering a brand new perspective among
computational approaches of semantic change. Diachronic Concept Induction
opens the path for studies revisiting laws of lexical semantic change, uncovering
new patterns and regularities of semantic change and more generally describing
the evolution of the mapping between words and meanings in a more systematic
fashion, accounting for both semasiology and onomasiology.

Limitations. One of the main limitations of this study is the lack of a system-
atic evaluation of the proposed approach, caused by the absence of concept-
annotated historical data. Ideally, we would like to compare the choice of learn-
ing all concepts at once in the full diachronic data to the alternative of learning
clusters in each time period individually and aligning clusters a posteriori, or
using an evolutionary clustering algorithm over time. We would also like to
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compare our hyperparameter selection criterion to other criteria, such as the
widely-used Silhouette score. However, in the absence of semantic annotations
on the data, we must rely on a manual qualitative evaluation of the observed
changes, and conducting such evaluation on an large number of alternative sys-
tems would be prohibitively time-consuming.

The significant number of clusters/occurrences we have excluded when filtering
clustering results as well as some of the findings in our qualitative evaluation
(false sense loss/gain, missed concepts, ...) underscore that the proposed clus-
tering model tend to overfragment clusters into small clusters even when they
correspond to the same meaning and should be merged. Future studies should
explore different clustering techniques (algorithms and hyperparameter choices)
to mitigate this issue and recover more of the larger yet meaningful clusters. We
hypothesize that this overfragmentation is the source of the difference in accu-
racy between the observed ‘positive changes’ (new concepts, expanded concept
namings and word sense gains) and the observed ‘negative’ changes (disappear-
ing concepts, shrinking namings and word sense losses) which contain more
mistakes.

The PRESTO corpus covers a large time span of 4.5 centuries. It is uncertain
whether the proposed Diachronic Concept Induction method would provide the
same results and accuracies for a different time span, whether it may be longer
or shorter.

Using the PRESTO corpus provided two significant advantages over many other
historical corpora: (i) its extended version is very large for a diachronic corpus,
allowing us to filter out many occurrences when deemed beneficial for our analy-
ses, and (ii) it provides access to modern lemmatized forms for each word of the
corpus, which is essential for comparing occurrences in old periods with occur-
rences in recent periods when the two periods are separated by several centuries.
The proposed method could raise challenges in smaller corpora where filtering
many occurrences is not possible or if modern lemmas are not provided.

A use-case for Diachronic Concept Induction. We have seen that Diachronic
Concept Induction opens the way for computational studies on the semasiologi-
cal and onomasiological aspects of lexical semantic change. The present chapter
was indeed dedicated to the presentation of the methodology, the discussion of
necessary adaptations to the diachronic setting and the general evaluation of
the method in an experimental setting. To provide a concrete example of the
usefulness of this method in examining complex cases of semantic change, the
next chapter investigates two seemingly contradictory laws of semantic change
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regarding the evolution of synonymy over time.



Case Study: Lexical Semantic
Change in Synonyms

In this chapter, we delve into the study of the relation between synonymy and
semantic change, and offer this case study to underscore the importance of con-
sidering both the semasiological aspect and the onomasiological aspect to better
describe lexical semantic change. Our goal is to showcase how computational
approaches, and particularly embedding-based models, can be used to tackle
complex linguistic questions on the nature and characteristics of lexical seman-
tic change, particularly with respect to its onomasiological aspects.

Synonymy, the fact that different words may be used to describe the same con-
cept, inspired discussion in historical linguistics about its impact on lexical se-
mantic changes. Specifically, some authors like Bréal (1897) posit that synony-
mous words tend to be reallocated to different semantic functions over time
while authors like Stern (1921) argue that associative relations like synonymy
are strong between words and tend to be preserved over time, such that if one of
the synonyms changes in meaning, the associated words will undergo a parallel
change and they will remain synonyms. The first phenomenon is referred to as
the ‘Law of Reallocation’ (in French, loi de répartition in Bréal |1897, chapter 2)
and the second one is called ‘Law of Parallel Change’ (Xu and Kemp), 2015).

These two laws are interesting in several aspects. Firstly, they go beyond the
problem of detecting semantic change in individual words, as they concern the
question of whether a lexical relationship between words — in this case synonymy
— is preserved or not through time. Secondly, these laws make very strong, seem-
ingly opposite, predictions about how synonyms evolve: either their meanings
diverge (under the law of reallocation) or they remain close (under the law
of parallel change). It is likely that both of these laws might be at work, but
they possibly apply to different word classes, correspond to different linguis-
tic or extra-linguistic factors, or operate at different time scales. A large-scale

149
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study, fueled by computational methods over large quantities of texts, would be
amenable to statistical analyses addressing these questions.

In this chapter, we discuss in depth the two phenomena and their consequences
in the semasiological and the onomasiological perspectives. We review a pre-
vious computational study conducted by Xu and Kemp| (2015), and then we
build upon this first attempt at measuring the two laws by proposing an eval-
uation framework for computational models of semantic change in synonyms,
and assess the ability of several static embeddings-based approaches to detect
and explain these laws, showcasing their limitations. Finally, acknowledging the
restrictions imposed by the previous study, we demonstrate how the Diachronic
Concept Induction method developped in Chapter [f] can be used to shed a new
light on the computational investigation of semantic change in synonyms. We
leverage the onomasiological observations brought by this model and based on
our experimental results, we are able to test some hypotheses about these two
laws, suggesting that they may not be contradictory and may operate simultane-
ously on the same synonym groups.

7.1 Laws of Semantic Change in Synonymy

In Section of Chapter [2 we have mentionned that various scholars in his-
torical linguistics have identified different paths that synonyms may follow as
their meanings evolve over time. Bréal (1897, chapter 2) formulates a ‘law of re-
allocation’ (in the original French text, loi de répartition), which postulates that
different lexemes must instantiate distinct meanings. Consequently, either two
synonymous terms must differentiate in meaning, or one of them will fall out of
use. Bréal’s hypothesis is in line with the later observations of |Clark| (1993)), that
language users naturally create contrast in meaning between different forms,
and expect a conventionally established word for a given meaning.

From an onomasiological point of view, reallocation implies that concept nam-
ings, when they contain multiple words, tend to be reduced to singletons over
time. From a semasiological point of view, this means that two synonymous w
and v words will compete for a given meaning ¢, so that either one of them
will eventually change to refer to another meaning ¢, such that they no longer
compete (in which case we refer to differentiation), or one of them will cease
to be used by language users (in which case we refer to disappearance). Both
perspectives are illustrated in Figure For instance, occupy and expend used
to be synonyms for the meaning of MAKE USE OF, but the former now only refers
to a use of time or space (as opposed to material things); disperse and disgre-
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gate were synonyms for the meaning of SCATTER but the latter word is obsolete,
illustrating reallocation by disappearance.
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Figure 7.1: Illustration of the Law of Reallocation in the semasiological perspec-
tive (left side) and the onomasiological perspective (right side) between two
time periods 77 and Tp, Tp later than 7;. Blue and orange rectangles correspond
to the sense inventories of two lexemes w and v respectively. Purple and green
ellipses correspond to the namings of two concepts ¢, and ¢, respectively. MP
is the sense inventory of lexeme w at time 7}, while NV ,§P ) is the naming of concept
ci, at time T),.

Other authors have observed different semantic change effects among synonyms,
and described parallel semantic changes in sets of associated words. |Stern
(1921) describes how swiftly changed in meaning, from RAPIDLY to IMMEDI-
ATELY, and that the same change happened for all of its synonyms (like quickly)
or their morphologically-related words (like swift and quick respectively). Lehrer
(1985)) also observed that words tend to share their meanings to associated lex-
emes, providing the example of several animal terms metaphorically associated
to human qualities (e.g. snake developed its secondary sense of TREACHEROUS
PERSON after the word viper is introduced in English with both the animal and
the human meanings). Observations of Stern and Lehrer indicate that while
they develop new meanings, (near-)synonyms tend to remain associated and
that they do not necessarily compete for meanings. From an onomasiological
perspective, it means that if a word enters the naming of a given concept, its
synonyms for other concepts are likely to enter this naming as well. From a se-
masiological perspective, parallel change implies that if two words share a first
meaning and one of them has or develops a second meaning, the other word will
gain the same meaning over time.

This is illustrated in Figure[7.2] As we can see, there are two possible initial states
at time 77 given two synonyms w and v both refering to a concept ¢;: either one
of them also refer to ¢;, (in which case only the other word will develop this new
meaning), or none of them refer to ¢, (in which case both words will develop
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this meaning). Regardless of the initial state, there are also two possible outputs
at time Tp: either these synonyms develop the meaning of ¢;, alongside the
meaning of ¢, and they end up referring to both concepts, or they completely
lose the meaning og ¢;, in favor of ¢;..

For instance, when viper was introduced to English in a translation of the Bible
from French around 1526, it already had both the meaning of venomous snake
and of TREACHEROUS PERSON, as it is employed metaphorically in the Bible;
while snake only had the animal meaning. Because of their near-synonymy, snake
gained the meaning of TREACHEROUS PERSON and they both kept the two mean-
ings. In Figure the example of snake and viper is represented in the upper
half of each side, whereas the change of quickly and swiftly from RAPIDLY to
IMMEDIATELY would be illustrated in the bottom half of each side in the figure
(both words only had the meaning of RAPIDLY at first, and kept only the meaning
of IMMEDIATELY in the end).
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Figure 7.2: Illustration of Parallel Change in the semasiological perspective (left
side) and the onomasiological perspective (right side) between two time periods
T, and Tp, Tp later than 7;. Blue and orange rectangles correspond to the sense
inventories of two lexemes w and v respectively. Purple and green ellipses cor-
respond to the namings of two concepts ¢, and ¢, respectively. MP is the sense

inventory of lexeme w at time 7}, while N, k(f’ ) is the naming of concept ¢;, at time
T,.
p

These two laws make seemingly opposite predictions: reallocation states that
synonyms are in competition for a given meaning, while parallel change argues
that synonyms may develop new shared meanings. Yet we believe that they
are not necessarily mutually exclusive. Stern (1921) remarks that the seman-
tic change of swiftly, from the meaning of RAPIDLY to that of IMMEDIATELY, oc-
curred after fast — originally meaning FIRMLY — developped its new meaning of
RAPIDLY. Thus, for a time, fast and swiftly were synonyms but the latter differ-
entiated in meaning from the former, and this in turn caused the parallel change
of other lexemes of similar meaning to swiftly.
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In this chapter, we are interested in the use of computational methods to identify
cases of reallocation and cases of parallel change. The larger (onomasiological)
question is whether synonymy endures over time and facilitates parallel evolu-
tions of meaning, or if it is a purely accidental phenomenon that is prompt to
disappear. This question is related to the larger on-going debate in linguistics
on isomorphism of language systems and the ‘No-synonymy Hypothesis’ (Blythe
and Croft, 2012} |Uhrig, 2015} [Levshina and Lorenz, 2022; Leclercq and Morin,
2023), and on the potential advantages of synonymy and optionality for the
language system (Van de Velde, 2014; Fonteyn and Maekelberghe, 2018).

7.2 Computational Studies

Xu and Kemp) (2015) proposes a computational study of both phenomena and
examines the semantic change occurring in pairs of synonyms, framing the two
phenomena into two laws: the Law of Differentiation (LD), where synonyms
diverge in meaning over time; and the Law of Parallel Change (LPC), where
synonyms undergo identical changes of meaning, thus remaining synonyms over
time. As a pioneering step toward a computational analysis of the phenomena
described earlier in Section Xu and Kemp make several simplifications in
their problem statement. For instance, for Reallocation, they focus solely on
Differentiation and have set aside Disappearance.

The main motivation behind the study of Xu and Kemp| (2015) was to automat-
ically measure, using Distributional Semantic Models (DSM), which of the two
laws was predominant in English between 1890 and 1999. To study which of
the two laws actually operates, they focus on word pairs that (i) are synonyms in
the 1890s and (ii) where both words changed significantly in meaning between
1890 and the 1990s. It is important to emphasize that the second criterion im-
pacts the coverage of the study regarding the two laws. Excluding pairs in which
one of the words did not change in meaning excludes cases of Parallel Change
where one of the two words already encoded both the common meaning and the
‘target’ meaning (as with viper and snake). It also excludes cases of Differentia-
tion, since only one of the two synonymous lexemes had to shift in meaning for
the pair to diverge. It is unclear on whether this restriction filters out more cases
of Differentation or more cases of Parallel Changes.

As for their methodology, each word is represented as a probability distribu-
tion over context words, computed via a co-occurrence matrix (see Section [3.2)).
Then, they measure the (synchronic) semantic proximity of words by computing
the Jensen-Shannon Divergence (JSD) between the corresponding distributions.
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Semantic change for a given word is quantified by comparing the neighborhoods
within the semantic spaces in the 1890s and in the 1990s. To obtain pairs of
synonyms, Xu and Kemp rely on English dictionaries of synonyms from around
1890, like Fernald| (1896)). For every extracted synonymous pair where both
words have an above-average semantic change measure value, they pick a con-
trol pair in order to compare the evolution of semantic proximity between syn-
onyms to semantic proximity between the control pair’s elements. Doing so, they
avoid comparing JSD in the 1890s to JSD in the 1990s, taking into account that
the overall range of values for JSD might not be the same in the 1890’s than in
the 1990’s due to artifacts in the representational space construction.

For each pair of synonyms, they pick a control word pair that has a smaller
JSD in the 1890s than the associated synonyms and that has a total degree of
semantic change smaller than that of the controlled synonym pair. At a later time
in the 1990s, if the JSD between the synonyms is larger than that in the control
pair, they decide these synonyms have undergone the Law of Differentiation
(LD). Conversely, if the synonym pair ends up closer than its control pair — even
though the control pair was initially more semantically similar — they infer that
the synonyms underwent the Law of Parallel Change (LPC). The control pairs are
to represent an ‘average behavior’ in the representational space in pairs of non-
synonym words. If the synonyms end up farther apart than words of the control
pairs, it means that they are less semantically close than non-synonyms, so the
synonyms should have differentiated. On the contrary, if they end up closer than
the non-synonyms, despite the fact that words in the control pairs were closer at
the beginning, it should mean that their meanings have converged and that they
underwent parallel change.

Conducting their study among Adjectives, Nouns and Verbs, they ultimately
found that most pairs (around 60%) have undergone the Law of Parallel Change,
which would be the dominant law compared to the Law of Differentiation. In-
terestingly, they observe a similar effect in antonym pairs.

Xu and Kemp (2015)’s study faces several shortcomings. First, the restriction
on pairs that both words in a pair must have changed may affect the actual
proportions of Differentiation and Parallel Change. It removes cases where only
one lexeme shifts, which are typical of Differentiation, as well as cases where
one lexeme already possesses both the original and the target meanings, which
are typical of Parallel Change, and we have no indication as to which of the
two cases is more impacted by this exclusion. Second, the proposed criterion
to select control pairs may select near-synonyms as controls (e.g. instructive and
interesting), because control pairs are constrained to be closer in JSD in the 1890s
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than the associated synonym pairs. Controlling the change of synonyms with
other synonyms should be avoided, as the semantic change path taken by the
control synonyms may completely reverse the semantic change path observed in
controlled synonyms. Indeed, if both the controlled synonyms and the control
synonyms undergo the Law of Differentiation, but the semantic differentiation is
stronger in the control pair than in the controlled pairs, then the control JSD will
be larger in the 1990s than the synonym JSD, and the synonyms will be wrongly
labelled as ‘Parallel Change’.

Crucially, Xu and Kemp| (2015) did not compare their predictions to any ground-
truth in the 1990s, so there is no evaluation of the reliability of their method.
These limitations cast doubt on the obtained proportion of LD and LPC and on
the claim that Parallel Change is the dominant tendency..

7.3 Evaluation and Predictions from Static Repre-
sentations

The goal of this section is to revisit the study of Xu and Kemp, and to provide an
evaluation framework to assess a model’s ability to accurately describe seman-
tic changes in synonym pairs. Building upon Xu and Kemp| (2015)’s study, our
methodology will be limited to static representations, with a single vector per
lexeme and per time period.

We revisit the problem statement in a more suitable fashion to provide an evalu-
ation framework, crossing two reference lexical resources to obtain a dataset of
pairs of synonyms that diverged in meaning or not over time. Then, in an attempt
to explain change with computational models, we propose several approaches to
predict whether a pair underwent LD or LPC using static embeddings. Our exper-
iments show that these models are partially predictive of the change observed in
synonym pairs, and further analyses suggests that static models struggle to deal
with polysemy, and that crossing two lexical resources from different origins and
different periods has significant drawbacks, pointing to the need for a different
kind of approach.

7.3.1 The task of tracking change in synonymy

Our overarching goal is to develop new computational approaches that are able
to automatically predict which pairs of synonymous words underwent LD or LPC.
These predictions could be used as a first step towards providing a more refined
and statistically robust analysis of the two laws. A crucial step towards develop-
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ing such an approach is to compare it to some ground truth. Otherwise, there is
no way to assess whether statistics obtained for LD or LPC are indeed reliable, a
problem faced by Xu and Kemp| (2015).

Unfortunately, there is no existing large-scale resource that records instances of
LD/LPC, beyond a handful of examples found in research papers and textbooks
in historical linguistics. What does exist, however, are historical lists of syn-
onyms, which we can compare to obtain some form of ground truth. This forces
us to consider a slightly different methodological framework, focusing on a more
limited prediction task, namely detecting pairs of synonyms at time 7} that have
remained synonymous or that are no longer synonymous at time 7p(> T7).

Formalization Let us consider two words, w and v in the lexicon 1. Let MP
(respectively M) be the sense inventory of w (resp. v) at time 7, i.e. the set
of concepts it can refer to. The words w and v are synonyms at time 7, if they
have at least one meaning in common, that is if MP A MP # (). In theory, the
Law of Differentiation occurs if M) N MY £ 0 but M N M) = 0 (they lost
their common meanings). The Law of Parallel change happens if MY N MY #
M A v (the set of their common meanings changed between 77 and Tp)
and |M N M51)| < M n Mép)] (the set of their common meanings is not
smaller in 7p than in 7}), assuming that MP N # 0.

Unfortunately, available resources do not provide access to MP and M over
time. From lists of synonyms, we can simply know whether MP NP was non-
empty for p = 1 (i.e. whether they were synonyms at 77) and whether it was non-
empty for p = 2 (i.e. whether they are synonyms at 75). We denote &, the set of

synonym pairs at time 7),, i.e. all pairs §,) = {(w, v) €W x W MP N P + (Z)}.

Task Formulation. Given that we do not have access to the M and M ),
developing a computational system that attempts to directly predict LD and LPC,
and even the construction of an evaluation benchmark for evaluating such a
system, are very challenging tasks. The main difficulty is on the discrimination
of cases of Parallel Change. With historical lists of synonyms only, considering a
pair of synonyms at 7 that are also found synonyms at 7, we cannot determine
whether it is because the set of their common meanings has not changed or
whether it is because of parallel change, or even because they had more than
one common meaning at 77 and lost only some of them but not all.

We suggest to narrow down our target problem to the task of predicting, for
a given pair of synonymous words (w,v) at 7}, whether (w,v) are still synony-
mous or not at 7p. More formally, we are concerned with the following binary
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classification problem:

f: Say - {"Syn","Diff"}

(w,0) = f((w,v)) = "Syn" if (w,v) € S(p)

"Diff" otherwise

where "Syn" indicates that words (w, v) that were synonymous at 7 remain syn-
onymous at 7T, while "Diff" signals that they are no longer synonymous at 7'p.
This simpler problem leads to a more operational evaluation procedure, which
does not require access to sets of meanings, but only to lists of synonyms &)
and §(p). It should be clear that predicting which synonym pairs remain ("Syn")
or cease to be synymoms ("Diff"), will provide some information about LPC and
LD, although the mapping between the two problems is not one-to-one. Even if
“Dift” covers fairly well LD, a pair that is still synonymous at 7 could either be
a case of LPC (their shared meaning changed the same way for both words) or a
pair of words that simply have not changed in meaning at all (or at least whose
shared meaning is unchanged).

Now turning to designing a computational system that detects "Syn" vs. "Diff"
and building upon the approach of Xu and Kemp (2015), a natural question
that emerges is whether Distributional Semantic Models and, more particularly
static vector representations, commonly used for detecting LSC in individual
words and strong competitors on Lexical Semantic Change Detection bench-
marks (Schlechtweg et al., 2020), are able to capture synonym changes. More
specifically, the main hypothesis we will be testing in this work is that the evolu-
tion of synonymous pairs can be tracked through their word vector representa-
tions at 7} and T'p.

This will be instantiated into different unsupervised and supervised models in

Section

7.3.2 Evaluation Dataset

This section presents a dataset designed to track the evolution of English syn-
onymous word pairs between two time periods 77 and Tp, with Tp > T}. Specifi-
cally, the two time periods considered are the 1890’s decade (7}) and the 1990’s
decade (7p). For extracting synonymous pairs in the 1890’s (noted &), we
use Fernald’s English Synonyms and Antonyms (Fernald, 1896), as Xu and Kemp
(2015) did. Pairs were selected based on a set of specific target words (see ap-
pendix [A.4.1). As shown in Table we obtain 1,507 adjective pairs, 2,689
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noun pairs and 1, 489 verb pairs. To assess whether these word pairs are still syn-
onyms in the 1990’s, we use WordNet (Fellbaum, |1998)), which we have already
presented in previous chapters. WordNet provides us with &p): specifically, we
considered that a pair of words/lemmas (w,v) € 8 are still synonymous if they
point to at least one common synset in WordNet.

Synonyms pairs ADJ NOUN VERB Al

Synonyms at 7} 1507 2689 1489 5685
& synonyms at Tp 202 347 311 860
& synonyms at 7»(%) 13.4 129 209 15.1
& hypernyms at Tp 0 858 398 1256

& hypernyms at Tp(%) 0.0 31.9 26.7 22.1
& hyp. at Tp (1) (%) 0.0 23.2 22.5 16.9
& hyp. at Tr (2) (%) 0.0 6.9 3.5 4.1
& hyp. at T» (3) (%) 0.0 1.4 0.5 0.8

Table 7.1: Numbers of synonymous pairs extracted from Fernald| (1896) (7})
displayed by Part-of-Speech, and numbers of those that are also considered as
synonyms or hypernyms/hyponyms in WordNet (7). For hypernyms, we detail
the proportions of hypernym/hyponym pairs that are separated by 1, 2 or 3
nodes in the WordNet graph.

The construction of this dataset relies on two crucial hypotheses. First, both
lexical resources rely on the same definition of synonymy. Second, &) meets
some exhaustivity criterion, in the sense that (w,v) € 8) not appearing in §p)
should indicate that w and v are no longer synonymous at 7p, and not be due to
a lack of coverage of the resource (i.e., a false negative). WordNet is assumed
to be exhaustive enough, as we checked that every word involved in at least one
synonymous pair has its own entry in WordNet’s database.

Table provides some detailed statistics on the evolution of synynomous pairs
between 1890s and 1990s decades, overall and for different parts of speech. A
first observation on these datasets is that the proportion of pairs that are still
synonyms at Tp (“Syn”) is globally 15.1%. This implies that most synonymous
pairs underwent differentiation. While this does not provide information about
how change occurred between 7} and 7 for the remaining 84.9%, it’s a clue that
the Law of Differentiation may be a dominant phenomenon among synonyms,
which contradicts the findings of Xu and Kemp| (2015).

We exploit the structure of the WordNet database to analyze the different cases of
“Diff”. WordNet includes lexical relations of hyper-/hypo-nymy (e.g., seat/bench)
as well as holo-/mero-nymy (e.g., bike/wheel) and antonymy (e.g., small/large)
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Figure 7.3: Distribution of shortest distances in WordNet’s hypernymy graphs
between pairs of words that were synonymous at 77 = 1890s. This represents
the minimum number of nodes (synsets) between the senses of the two words.
An infinite distance means that there is no path in WordNet’s hypernymy graph
between them.

defined over synsetﬂ Note that the hyper-/hypo-nymy relation does not exist
in WordNet among adjectives. Among nouns and verbs, we observe that around
30% of pairs that were synonyms at 7} are in an hyper-/hypo-nymy relation at 7p
and two thirds of them are direct hypernyms in WordNet (their synsets are direct
parent/child) indicating the preservation of a very close semantic link. Figure
illustrate the distribution of distances in WordNet’s hypernymy graphs for all
pairs of words that were synonyms in 77. We considered only shortest distances,
i.e. the distance between the closest synsets associated to paired words. An infi-
nite distance means that there is no path in the graph between them (which is,
for instance, the case of all adjectives, as hypernymy is not defined in WordNet
for this part-of-speech). A distance of 0 means that the paired words are actually
synonyms in WordNet, while a distance of 1 implies there is direct hypernymy
between them.

One cannot entirely exclude that §(,) is based on a loose’ notion of synonymy and
includes some hyper-/hypo-nyms as synonyms. But even if we extend the notion
of synonymy at 7T to include these cases, we would have only around 45% of all
pairs still considered synonyms among nouns and verbs. This indicates that "Diff"
largely remains the most common phenomenon, with an estimated proportion
between 55% and 80%.

In the absence of additional indication that some of these hyper-/hypo-nym cases
at Tp are indeed synonyms, or that they may also have been hyper-/hypo-nym
at T, we decided to still consider them as instances of “Diff”. Another argument
for this decision is precisely that there are well-known reported cases of lexical

! As we did for synonyms, we assume that two words w; and w, are instances of one of these
relations R if R holds for one of their corresponding synset pair.
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semantic changes in which the meaning of a particular word in effect "widens"
to denote a larger subset (i.e., becomes its own hypernym): this is the case of
dog in English that used to denote a specific breed of dogs and now refer to all
domesticated canines (Traugott and Dasher, 2002).

7.3.3 Models

Now that we have curated a dataset for the task of predicting whether synonyms
keep their association or not, we can evaluate computational models on their
ability to represent such changes. This section presents two classes of compu-
tational approaches, unsupervised and supervised, for predicting whether pairs
of synonyms at 7 remain synonyms ("'Syn") or cease to be so ("Diff") at a later
time 7p. Common to all of these approaches is that they are based on two vector
spaces of static representations, one for each time periods.

Temporal Vector Spaces For time periods 77 and 7» we have two vector spaces
V) and V(") encoding the (possibly changing) word meanings at 7} and 7.
Each word is represented by a single vector in V") and V"), Thus, for each
synonym pair (w,v), we have two pairs of vectors : (w'), vil)) € V(1) x V(1) and
(WP, v(P)) € VP x P,

Specifically, we use pre-computed SGNS trained by Hamilton et al. (2016b)) for
each decade between 1800 and 2000 on the English part of the GoogleBooks
Ngrams dataset’] and we keep only that of the 1890s for V(») and that of the
1990s for VP), For any word w € W and any time period 7,,, w® € V) is a sin-
gle 300-dimensional vector. In both periods we observe that the distribution of
cosine distances among synonyms from our reference lists is significantly smaller
than the distribution of cosine distance of arbitrary word pairs (see Figure [7.4),
showing that synonymy is accurately reflected in our representational spaces.

As we have seen in Chapter (3] traditional computational approaches for Lexical
Semantic Change Detection using static embeddings rely on self-similarities over
time for a given word, e.g. a cosine distance between two representations of
the word from two different periods. We refer to this as the Diachronic Distance,
noted here DD?)(w) for a word w between time periods Ty and Tp,.

There is no canonical distance for comparing pairs of word vectors across time,
but one can instead rely on comparing the pairwise word vector distance at each
time stamp 7),; we call this Synchronic Distance, denoted SD®) (w,v) at a time
T, between words w and v. By construction of V®), SD® (w, v) is smaller for

2https://storage.googleapis.com/books/ngrams/books/datasetsv3. html
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Figure 7.4: Distribution of cosine distances among synonyms (blue) and among
other word pairs (black), for the early period (top) and the later period (bottom).

words (w,v) that appear in similar contexts than for unrelated words, which
corresponds to words with higher similarity in meaning according to the Dis-
tributional Hypothesis (Harris, [1954). The two types of distances for two time
stamps 7T} and Tp are described in Figure 7.5

Figure 7.5: Pairs of word embeddings for words w and v at two time periods 7}
and T'» and associated diachronic and synchronic distances.

Unsupervised Methods. Following Xu and Kemp, we first propose an unsu-
pervised model to predict semantic divergence in synonyms. The central idea is
that if the set of shared meanings between words w and v changes from 77 to
T'p, this should be reflected in a changes of their usage contexts, and thus in the
synchronic distances (SD) between w and v,

As we have seen earlier, synonyms should be close in the representational space.
We assume that there exists a threshold §, for each time period 7}, such that

V(w,v) € P SDW (w,v) < 6,
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This entails that for a given pair (w, v):

SDW) (w,v) > 6, = (w,v) are not synonyms.

In this setting, one can compare the synchronic distances in V(") and in V") and
decide if the pair has differentiated or remained synonymous. Let (w, v) be a pair
of synonyms at 71, so that we have that SD)(w, v) < 6,. If (w, v) are no longer
synonyms at time Tp then SD")(w,v) > §p. Combining these two inequalities,
we would say that a pair of synonyms at 77 has differentiated at 7’ if:

N J/

-~

SDP) (w,v) — SDW (w,v) > §p — 8.

A(w,v)

Ideally one could imagine that the distance threshold ¢, under which words are
considered to be synonyms should be independent of the time period 7,. Em-
pirically however, because word embeddings are not necessarily build with scale
constrains, there might be a dilation or shrinking in the overall synchronic dis-
tances between 7T and Tp. Thus, we will assume that p = §;+7 where7 € Risa
dilation indicator. We can then estimate the dilation between the representations
in the two time periods by the average shift between the synchronic distances in
all word pairs.

1
(

wi,w2)EW XW
Our decision rule could then be rewritten as:

“Diff” if A(w,v) > 1
flw,v) = (7.1)

“Syns” otherwise.

This approach is shortly denoted “A” in our experiments. It diverges from the
approach of Xu and Kemp, (2015) who rely on control pairs instead of a distance
threshold. For the sake of comparison, we implemented their method of selecting
control pairs and comparing synonym pairs to them (called “XK controls” in the
experimental results). For synonym pair (w,v), the corresponding control pair
(c1,c0) € W x W is obtained by selecting a pair of words such that SDM(c¢;, ¢;) <
SDW (w,v) and DDYP)(¢;) + DD (¢y) < DDUP) (w) + DDWP) (v) (they start
closer than the synonyms and their total amount of semantic change is lower
than that of the synonyms).
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POS Control pairs

brownish/red, kindly/mild, teeming/agricultural, likeliest/meaningless,
ADJ  various/heterogeneous, barbarous/cruel, abandoned/unsuccessful, trojan/escaping,
subjective/relative, reliable/readable.

diphtheria/typhus, muskets/pistol, surgery/appendicitis, beech/apples,
NN accountants/prints, commodity/substances, cups/pots, wife/grandmother,
fool/fisherman, obstacles/multiplication.

moan/groan, divide/span, needed/secured, flowed/flooded,
VERB stall/owned, told/asked, mentioned/described, cooperate/accord,
copy/filed, increased/diminished.

Table 7.2: Random samples of 10 selected control pairs following the criterion of
Xu and Kemp (2015). In italic are control pairs which can be considered (near-
)synonyms.

Unlike Xu and Kemp, we did not use co-occurrence counts for representation and
Jensen-Shannon Divergence as synchronic distance, we use SGNS word repre-
sentations and cosine distance to measure synchronic semantic proximity. In Ta-
ble[7.2|we display randomly chosen samples of 10 control pairs obtained through
Xu and Kemp’s method, showing that the presence of near-synonyms is not rare.

Supervised Methods Approaches described so far use the labels in the dataset
("Syn" and "Diff") only for evaluation purposes. Alternatively, we can also use
part of the labeled data to learn a supervised classifier to predicts semantic diver-
gences. This allows us to assess how well the proposed semantic space models
as well as distances computed in them can be predictive of synonymy preserva-
tion or loss. Concretely, we trained several Logistic Regression (LR) modelﬂ An
advantage of Logistic Regression is its interpretability: if the model indeed man-
ages to accurately predict semantic change in synonyms, it could be interesting
to take a look at the features’ weights to see which quantities contributed the
most to the prediction. As input features, we use Synchronic Distances in both
periods, Diachronic Distances for both words, as well as the corpus frequen-
cies for both words at both time periods®} Previous studies have indeed found
that frequency changes can be correlated with semantic changes (Kulkarni et al.,
2015;; |Schlechtweg et al., 2019).

Synchronic Distance definitions. In practice, we experiment with two differ-
ent types of Synchronic Distances SD between words. The first is the cosine

3 Implemented with the scikit-learn library for Pytho
> Word frequencies were estimated from the Corpus of Historical American English (COHA) listE]
which has the advantage to be genre-balanced.
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distance:
SDW (w,v) = cos-dist(w®, v{¥)).

Another measure of semantic proximity is based on the shared word neighbor-
hood between the two vectors « and v:

g, nng)

SD®) (w,v) = jacc—dist(n(p) n(p})) =1-——=
§ i, U

kyaw?

with n}j’ Q)U being the set of the k-nearest neighbors of the point representing w
in the vector space at time 7),, and jacc-dist being the Jaccard distance. This
measure is ranged between 0 and 1. In experiments,

Diachronic Distance definitions. We also try two different definitions of Di-
achronic Distance DD. First we test neighborhood-based DD, comparing sets
of neighbors at 77 and T'p:

DDMP) () = jacc—dist(n,gq)ﬂ, nfﬁj).
Alternatively, we also compute a cosine distance-based DD, defined as the co-
sine distance between w") and w") after aligning the vector space V(") to V(1)
using Orthogonal Procrustes (Hamilton et al., 2016b; Schlechtweg et al., 2019,
2020). Denoting WC(LZ)W the vector w”) after alignement with Orthogonal Pro-
crustes, we have:

DDYP) (1) = cos-dist(w) w'b) ).

» Walign

7.3.4 Experiments

Target words selection. We use a unique vocabulary W composed of 6,453 ad-
jectives, 16, 135 nouns and 10, 073 verbs. The process to select words is described

in Appendix

Dataset splits. For every POS tag, we have a set of word pairs that are syn-
onymous at 7;. We call ALL the dataset that comprises all pairs indistinctly of
their POS. These datasets (ADJ,NN,VERB or ALL) are individually shuffled and
33% of their samples (pairs) are set aside for testing. For each dataset, a model
is trained on the 66% remaining pairs and evaluated on the test part. Presented
results are averaged over 20 random train/test splits.

Hyperparameters. For Synchronic Distances, cosine-based SD does not induce
any additional hyperparameter. For neighborhood-based SD we use values of k
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in {5, 10, 15, 20, 40, 100}. For neighborhood-based Diachronic Distances, we used
a fixed neighborhood size of 100 as in Xu and Kemp| (2015); the cosine-based
DD using Orthogonal Procrustes does not require any additional parameter. For
frequency, we decided to use raw counts or binned frequencies. Frequency bins
are computed following the procedure described in Appendix[A.4.2] In Appendix
[A.4.4] we discuss which choices of distances and sets of hyperaparameters were
optimal for each part-of-speech tags.

Evaluation Metrics. We use two standard evaluation metrics: F; score and
Balanced Accuracy (BA). F, scores are computed for both classes, denoted as
“F1(Syn)” for Syns and “F;(Diff)” for Diff. BA is defined as the average of recalls
for both classes, and provides an accuracy measure robust to class imbalance.
We also display the percentage of instances predicted as Diff (“%D”).

Baselines. We compare against three baselines. The first two baselines are
constant output classifiers, only predicting “Syn” or “Diff”, respectively. They are
expected to have a balanced accuracy of 50%, as they would be fully accurate for
one class and always wrong for the other. The third baseline (LR Frequency) is a
Logistic Regression model trained only with frequency-related features, without
any knowledge on the semantic aspects of the pair (neither SD or DD).

ADJ NN VERB ALL

Balanced Accuracy BA F,(Syn) F((Diff) %(D)
All (Syn) .50 .50 .50 .50 .48 0 0
All (Diff) .50 .50 .50 .50 0 .81 100
LR Frequency .51 .56 .59 .55 .35 .74 75
XK controls .52 .49 .51 .50 .33 .67 65
A .50 .49 .51 .50 .27 .73 75
LR multi .62 .64 .65 .62 51 71 57
LR multi (without DD) .61 .64 .63 .62 .51 .71 57
Non-linear multi .60 .64 .65 .62 .50 .74 63

Table 7.3: Performances of the different approaches. Results are averaged over
20 random splits.

Classification results. Performances on the test parts of the different datasets
are displayed in Table The results presented here are a subset of those
in Liétard et al.| (2023), and the more complete table of results investigating the
benefit of each feature to the logistic regression models can be found in Appendix
‘LR multi’ refers to the Logistic Regression models with all features (SDs,
DDs, Frequencies).
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In line with the dataset’s proportions, all models predict a majority of “Diff”,
even unsupervised ones (the XK controls and the A methods) that are not aware
of the proportion of each class in the dataset. While our task does not directly
address the opposition between the Law of Differentiation and the Law of Par-
allel Change but rather distinguishes differentiating synonyms from remaining
synonyms, this provides empirical clue in favor of LD, contradicting Xu and Kemp
(2015). In our setting, their control-based decision rule also predicts a majority
of Diff, contrarily to their experiments. However, this discrepancy may simply
reflect the differences of representations and synchronic distances. We observe
substantial differences in F} scores between the two classes, F; (Syn) being lower
than F;(Diff) across all models. Because the dataset is imbalanced, with more
instances of Diff than of Syn, we observe that improvements to F(Syn) have
more impact on the overall Balanced Accuracy than improvements of F; (Diff).
Overall, the obtained balanced accuracies range between 0.49 and 0.65, leaving
room for improvement.

Unsupervised methods fail to improve over baselines and are outperformed by
the frequency-based baseline models which performs surprisingly well given that
it has not access to semantic information. In contrast, the Logistic Regression
model substantially improves over the baselines, Xu & Kemp’s control pairs and
the A-based method. For comparison, we included a non-linear classifier (SVM
with Gaussian kernel) using the same input features, but there is little to no
improvement compared to the linear model. While supervised classifiers perform
better than unsupervised models, they do not reach Balanced Accuracy above
0.65. Particularly, they struggle more with capturing the Syn class than the Diff
class, showing that the proposed features, based on static representations, do
not fully capture lexical semantic change in synonymes.

The gap between baselines and models is larger for nouns and smaller for verbs.
Interestingly, removing Diachronic Distances brings little to no degradation to
the model’s performance. Our explanation of this behavior is that individual
changes of words are of lesser importance to the problem of Syn/Diff than syn-
chronic semantic proximity between words. This observation underscores the
importance of an onomasiological perspective: measuring whether words in-

stantiate the same meaning is more informative than measuring whether they
individually changed in meaning or not. In future work, diachronic distances
could still be used to distinguish pairs of remaining synonyms among the Syn
class that did not change in meaning and pairs that went under change, which
would be cases of LPC.

Using WordNet, we discuss two potential sources of error in detecting a change
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Figure 7.6: Proportions of predictions of the models w.r.t. the actual distance d
in WordNet of noun pairs. Pairs with d = 0 are synonymous pairs in WordNet.

in synonymy: polysemy and hypernymy. We study predictions of our Logistic
Regression model on the noun dataset.

Polysemy. WordNet provides different sets of synonyms for each entry, cor-
responding to different senses or usages, and therefore we can measure the
polysemy of a word w at Tp by counting the number of synsets associated to w.
We found that Diff pairs wrongly classified as Syn tend to be those whose second
term has fewer sensed’| (6 senses on average, while well-classified Diff which
have 8 senses on average). As we use static embeddings and no sense disam-
biguation method, our model is subject to the complexity brought by polysemy.
In|Zamora-Reina et al.| (2022)), a shared task of Lexical Semantic Change detec-
tion in Spanish, the best performing models are those using sense-disambiguation
methods. This finding highlights the importance of addressing polysemy as a po-
tential confounding factor.

Distances in WordNet. Figure displays the percentage of prediction with
respect to shortest distance between the two words of noun pairs in WordNet’s
graph. The distance d is the minimum number of nodes separating the synsets
associated to the two words. As expected, the model predicts Diff with increasing
frequency as d increases. Interestingly, for d = 1 (direct hypernymy), there is
still an important proportions of predicted Syn. This highlights that our model

71t happens mostly on the second term rather than the first because in Fernald’s dictionary, the
first term is a head-word that is generally unambiguous (like kill) while candidate synonyms,
mapped as second terms in pairs, may be more polysemous (like butcher).
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of semantic change in synonyms has difficulties to distinguish hypernymy from
synonymy and may conflate the two relationships.

7.3.5 Interim Conclusion

Summary and discussion. Building on the prior work of Xu and Kemp| (2015),
we have proposed an evaluation framework to assess a computational model’s
ability to accurately predict lexical semantic change in pairs of synonyms. Deal-
ing with constraints imposed by the non-availability of rich diachronic lexical
resources, we shifted to focus from the opposition between LD and LPC to the
simpler opposition between pairs of synonyms that differentiated and those that
did not, and remained synonyms. Crossing lists of synonyms from two periods,
we have elaborated a dataset of synonym pairs that did or did not differentiated
between the 1890s and the 1990s in English, finding that a majority of them did
undergo the Law of Differentiation studied by Xu and Kemp. Evaluating a series
of unsupervised and supservised computational models of semantic change that
rely on static representations, we found that these representations only partially
reflect semantic change in synonyms, and that they are crucially sensitive to
polysemy and potentially influenced by hypernymy between words in a pair. We
have also seen that synchronic similarities between words play a more important
role than individual measures of change, advocating for more onomasiological
considerations of the problem. Overall, our study provides empirical evidences
that differentiating synonyms are more common than persisting synonymes.

Limitations. Yet, our study has its own limitations in its description of the lin-
guistic phenomena. First, the Syn/Diff problem does not reflect the initial ques-
tion of LD/LPC. In particular, the Syn class of pairs that remained synonyms con-
tains pairs that underwent LPC and pairs whose shared meaning remained un-
changed. The latter does not play a role in the LD/LPC dichotomy. In turn, both
LD and LPC are themselves reductions of two larger phenomena. The original loi
de repartition of Breal (1897) argues that synonyms may undergo differentiation
or disappearance of one of the two terms, a case that has been excluded from
both Xu and Kemp’s and our computational studies. The Parallel Change studied
in Xu and Kemp’s study only accounts for cases where the two words changed
in meaning, letting aside cases like snake and viper where one of the two words
already had a secondary meaning to share to its synonym. These restrictions are
imposed by the semasiological-first approach on this linguistic problem. Both
computational studies indeed took only the perspective of words as central en-
tities, without considerations to individual meanings. This is another limitation



7.3. Evaluation and Predictions from Static Representations 169

of static representations, as they do not readily allow to precisely study of mean-
ings in isolation. We believe that a more onomasiological study of Reallocation
and Parallel Change would provide better understanding of the extent of both
phenomena.

Second, in both the dataset presentation and experimental results, we discussed
how hyper/hypo-nymy could be confused with synonymy. We made the assump-
tion that Fernald| (1896)) and Wordnet (Fellbaum, |1998) used sufficiently similar
notions of synonymy such that our labels Syn/Diff are relevant. However, the-
sauri like Fernald (1896) are created as a tool for writers and authors to avoid
repetition and redundancy, thus including broad synonym lists that include hy-
pernyms (e.g. instead of repeating the bench, you could say the seat). Conversely,
WordNet adopts a strict policy in distinguishing synonyms and hypernyms. This
creates a potentially unfairness between the two conceptions of synonymy, one
that is more loose and one that is more strict. We still miss guidelines or insights
about whether to include some cases of hypernymy among synonyms at 7p; al-
ternatively, automatically detecting pairs of hypernyms to remove them from the
source material at 77 is still an open research question (Camacho-Collados et al.,
2018}, Bai et al., [2022; [Liu et al., [2023). Thus, aligning lists of synonyms from
different periods on a common notion of synonymy is challenging.

Towards a new approach. Theses limitations motivate using the Diachronic
Concept Induction method presented in Chapter [6] With this approach, we are
able to find groups of synonyms across multiple time periods directly from the
data. A first advantage is that we can retrieve groups of synonymous words and
not only pairs, allowing us to extend the scope of the study. Secondly, thanks to
contextualized representations, words can belong to multiple concept clusters,
thus this method natively handles sense differentiation for polysemous lexemes.
Moreover, concept clusters are learned in all time periods at once using the same
representation process, ensuring that the notion of synonymy captured by these
clusters is common to all time periods. Finally, because we have access to both
a word’s sense distribution over time and a concept’s naming in multiple time
periods, we are able to represent both the semasiological and the onomasiologi-
cal aspects of the problem. This is particularly interesting, as we believe that an
onomasiological description of the problem could lead to account for Realloca-
tion and Parallel Change in all the scenarios depicted in Figures and of
Section
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7.4 Changes in Synonymy with Diachronic Concept
Induction

In this section, we elaborate on the use of Diachronic Concept Induction to ad-
dress the question of semantic change in synonyms, and in particular the ques-
tion of Reallocation and Parallel Change. This section consists of two parts.

We will first discuss how Reallocation and Parallel Change can be identified with
Diachronic Concept Induction systems, and the extent to which the proposed em-
pirical definitions cover both phenomena. Then, we will investigate the cases of
Reallocation and Parallel Change found in the PRESTO corpus using the results
obtained in the previous chapter. We decide not to use the previous evaluation
framework, as we have seen that crossing lists of synonyms from different time
periods with potentially two different purposes could create confusion in the
analysis. We can’t use the same training data neither, because the GoogleBooks
Ngrams data does not provide full text data and only n-grams frequency counts.
Because our bi-level clustering method is based on a Contextualized Language
Model, it is essential to have the complete left and right contexts for each oc-
currence. Besides, another advantage of the PRESTO corpus is that it allows
to explore a different language than English, and French has not yet received
a lot of attention in the NLP research community working on Lexical Seman-
tic Change. Investigating laws of semantic change in various languages ensures
more robust validations of these laws.

Diachronic Concept Induction allows us to go farther than the mere quantifica-
tion of both phenomena, thus we will test two hypotheses. First, we believe that
Reallocation and Parallel Change can apply simultaenously to the same concept
naming, as it appears to have been the case for RAPIDLY with fast, swiftly and
quickly. Second, if Reallocation is the outcome of a competition between words
for a given meaning, as suggested by Bréal’s law, Clark’s principle of Conven-
tionality and other advocates of the ‘No-synonymy’ hypothesis, then it might be
more frequent in larger synonym sets than in smaller one.

7.4.1 Reallocation and Parallel Change in Concept Clusters

Methodology In this new experiment, instead of starting from a set of identi-
fied synonymous words provided by an expert in lexical resource, we will begin
with a set of concepts that we have empirically identified from a set of associated
lexemes. Let ¥ be the set of concept clusters found by a Diachronic Concept In-
duction system. We denote as \Ifg,)n the subset of clusters containing occurrences
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of at least 2 distinct words at time period 7} and that are still instantiated in

later time periods. \I/S)n is the set of latent concepts that exhibit synonymy in the
earliest time period, and is formally defined as follows (reusing notations from
Chapter [6]):

syn

o) _ {¢,§*> e v [ |NY| > 2and NP 2 @} (7.2)

We exclude concepts that disappeared over time as they are not directly relevant
to the study of semantic change in synonymy. Our goal is to quantify the amount
of Reallocation and of Parallel Change observed in these clusters.

Identifying Reallocation. Reallocation simply corresponds to concept clusters
whose namings (i.e. the set of words whose occurrences can be found in the clus-
ter) have shrunk in the more recent time periods compared to the earlier ones.
In comparison to Reallocation as illustrated in Figure both Differentation
and Disappearance are captured by this definition: using an onomasiological ap-
proach, we simply have to detect whether words that were in the naming at 7}
are now missing at 7. Distinguishing between Differentation and Disappear-
ance amounts to checking whether a word missing from the original concept’s
naming is still found in other clusters or has completely disappeared.

Identifying Parallel Change. Parallel Change is less straightforward to iden-
tify. As a rule, we say that we detect a case of Parallel Change for a concept
cluster w,(f) with naming N,gl) = {wy, ws, ...} at the first period 77 if we find any
two words w;, w; € N, ,51) such that they both appear in another concept cluster
1/11(*), | # k at time Tp and that at least one of the two words is new in the naming
of this concept cluster. Formally, we have the following decision rule:

( “w; has developped a new meaning’’
T 1
Parallel Change if Jw; € N,El), I € U, 1 #k,w; ¢ Nl(l),wi € Nl(P),
EI'UJJ' S ngl),l 7£ j, o € NZ(P) (73)

“that one of its synonyms also has at Tp”

| No parallel change otherwise.

Because we are working with concept clusters rather than a simple binary indica-
tor of synonymy, we are able to distinguish between two cases: (i) words have re-
mained synonym simply because the set of their shared meanings hasn’t changed
and (ii) words that have remained synonymous because they have undergone
Parallel Change. This represents an improvement over the study presented in
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Section Moreover, our definition covers all cases of Parallel Change illus-
trated in Figure including cases where only one term gains a new meaning,
as in the pair viper/snake.

Thanks to the amount of information provided by Diachronic Concept Induction
and thanks to a more onomasiological, cluster-centric approach to the definitions
of these two phenomena, we are able to overcome the limitation of scope faced
in Section

Moreover, we are now able to quantify Differentiation and Parallel Change within
larger groups of synonyms and not only pairs. For simplicity, we adopt the less
restrictive definitions. We say that Reallocation has occurred in a cluster v if at
least one word in v, has been removed from the concept’s naming; and we say
that Parallel Change has occurred if at least of one word in v, has developped a
new meaning shared with at least one of its initial synonyms.

7.4.2 Experiments

To conduct our experiments, we reuse the same diachronic corpus (PRESTO, a
collection of French texts from 1500 to 1949) and Diachronic Concept Induc-
tion system as in Chapter[6] We consider the two stages compared in the same
chapter, namely Middle & Preclassical French and Modern French, respectively
corresponding to 1500-1649 and to 1800-1949. We now explore the obtained
results to identify and characterize semantic changes in groups of synonyms fol-
lowing the definitions discussed in the previous section.

Hypotheses about changes in synonyms. Beyond quantifying Reallocation
and Parallel Change, our goal is to verify two additional hypotheses. First, we
want to test that both phenomena can be simultaneously observed for the same
cluster, showing that they are not mutually exclusive. Second, we want to test
whether Reallocation applies more systematically when there is a higher number
of synonyms in competition.

Applying Diachronic Concept Induction to the PRESTO data, we find 1, 099 con-
cept clusters containing occurrences of multiple words in Middle & Preclassical
French T} = [1500; 1649] (after cluster filtering as described in Chapter 6). These

1,099 concept clusters constitute our initial set \Il%%

Identified Reallocations. Table displays the counts (in number of clus-
ters) per POS tag for each of the three possible evolutions: Reallocation, Parallel
Change and Both. Among the 1,099 concept clusters found in W'}, 269 (24%)
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All \Ifg,)n Reallocation Parallel Change Both

(incl. ‘Both”) (incl. ‘Both’)
Total 1099 269 (24%) 77 (7.1%) 20 (1.8%)
Nouns 548 130 (24%) 19 (3.5%) 3 (0.5%)
Verbs 355 105 (30%) 47 (13%) 14 (3.9%)
Adjectives 196 34 (17%) 11 (0.6%) 3(1.5%)

Table 7.4: Cluster counts of synonym changes from the PRESTO data. Percent-
ages per row in parentheses.

have shrunk in naming between 7 and 7T'p, indicating Reallocation. As an exam-
ple from our concept clusters, we find that the cluster containing { déclarer, dénoncer}
(‘declare’ and ‘denounce’ respectively) is later reduced {déclarer}. The entry for
dénoncer in the TLFi contains the meaning of DECLARE PUBLICLY with the label
‘archaic’, whereas it is the main sense of déclarer and could be the meaning cor-
responding to this cluster (most frequent context words include guerre ‘war’, roi
‘king’, paix ‘peace’, loi ‘law’). Another example is the cluster whose naming con-
tains {faveur, grace, merci} (respectively ‘favor’, ‘grace’ and ‘mercy’). Inspecting
the most frequent context words, the cluster appears to correspond to the mean-
ing FAVOR GRANTED TO SOMEONE, and the cluster’s naming has shrunk down to
{faveur, grace}. According to the TLFi, merci is no longer used in this meaning,
labeled as ‘archaic’, and the word now either means CONDITION OF COMPLETE
SUBMISSION as in a la merci de (‘at the mercy of’), or corresponds to the inter-
jection ‘thank you’. However, as we have seen in the previous chapter, errors in
the identified shrinkages may occur. For instance, the cluster whose naming first
contains the verbs {avertir, aviser} and then only {avertir} is labeled as a case of
Reallocation, but the inferred common meaning (WARN, MAKE AWARE OF) is still
an active sense for both words.

Identified Parallel Changes. 77 (7.1% of the 1,099) concept clusters are sources
of Parallel Change. Interestingly, there is a larger proportion of Parallel Change
in verbs than in other parts of speech. Let us for instance take the example
of the noun concept cluster with naming {aqueduc, canal, étang} in Middle &
Preclassical French, and with most frequent context words being water-related
terms (e.g. eau ‘water’, riviere ‘river’, poisson ‘fish’, ...). We understand that the
synonymy between the words aqueduc ‘aqueduc’ and canal ‘canal’ concerns the
concept of ARTIFICIAL STRUCTURE TO CONVEY WATER. In Modern French, both
words are found in another cluster related to anatomy, alongside tube ‘tube’,
tuyau ‘tuyau’ and vaisseau ‘vessel’. As the most frequent contexts include lym-
phatique ‘lymphatic’, sang ‘blood’, nerf ‘nerve’, intestinal ‘intestinal’, we under-
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stand that this cluster correspond to the meaning of PIPE OR CANAL IN WHICH
A BODY FLUID IS CONTAINED. The words aqueduc and canal indeed simultae-
nously gained this sense with the progresses of health sciences and anatomical
descriptions between Middle & Preclassical French and Modern French.

Looking more closely at the apparent mistakes produced by the system, we iden-
tify two types of errors: (i) cases where the destination cluster correspond to a
meaning that the synonyms already had in common before (e.g. réveiller ‘wake
up’ and éveiller ‘awaken’ for which the identified parallel change would be RE-
VIVE A FEELING OR A THOUGHT > CEASE SLEEPING, despite these two meanings
being attested in the TLFi for the two words even before 1500 ); and (ii) cases
where we cannot distinguish the semantic difference between the source and
destination concept clusters (e.g. a parallel change has been identified between
cause ‘cause’ and motif ‘motive’ but we could not found a semantic difference
between the source and destination clusters).

In our previous computational study, we found both in the dataset and in model
predictions more cases of ‘Diff’ than of ‘Syn’, indicating that Differentiation was
a privilieged path of evolution for synonyms. Similarly, we find in this new
framework that Reallocation is more frequent than Parallel Change. However,
we find that most synonyms groups (773 out of 1,099, i.e. 70.3%) underwent
neither of the two phenomena. This is an empirical evidence contradictory to
the idea that synonyms should differentiate or disappear, as Bréal initially stated.
In the on-going debate about whether language systems lean towards a nearly-
isomorphic structure (with a one-to-one word-concept mapping) or if they tend
to exhibit and preserve advantageous cases of semantic optionality, our results
appear to be in line with the latter hypothesis rather than the former. However,
this could be an artifact of the considered time periods: examples of Reallocation
given by Bréal sometimes involve changes spanning between a language and one
of its descendants, and maybe a time frame of 4.5 centuries is not large enough
to see Reallocation apply systematically.

Regarding our first research question, on whether Reallocation and Parallel Change
can apply simultaneously, we find that in 20 concept clusters (1.8%) we can iden-
tify that a Parallel Change has happened among synonyms while the concept’s
naming has shrunk simultaneously, indicating that Reallocation also took place.
This is obviously a very marginal phenomenon and we would not be able to draw

a strong conclusion about it, but given this result we must not reject the idea that
the two semantic evolutions could indeed happen in the same synonym group
and that the two processes are not necessarily contradictory.

Table displays the average size of concept cluster namings (in number of
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All \Ilgly)n Reallocation Parallel Change

Total 2.90 2.61 3.47
Nouns 2.83 2.47 3.05
Verbs 2.77 2.74 3.79
Adjectives  3.33 2.74 2.8

Table 7.5: Average number of lexemes per concept-cluster at time 77 w.r.t. the
type of synonym change from the PRESTO data.

lexemes) at time 7 per POS tag with respect to the evolution path. We find that
the average number of lexemes at 77 in clusters in which Reallocation takes place
is of 2.61 on average, which is below the overall average of 2.90 and even below
the average for Parallel Change of 3.47. The difference between Reallocation
and all synonym groups is weaker in Verbs but the contrast with Parallel Change
is stronger; in adjectives, the average size of cluster naming that underwent
Parallel Change is below the overall average but still higher than that of cluster
that underwent Reallocation. Moreover, looking more closely at the proportion
of Reallocation with respect to the initial number of lexemes in the naming, we
find 25.4% of Reallocation among the 928 clusters with 2 or 3 lexemes only at
Ty; this proportion decreases to 22.7% for the 110 clusters of 4 or 5 lexemes,
and drops to 13.1% for the 61 clusters of 6 lexemes or more. It appears that
we cannot conclude that Reallocation would be more likely in larger synonym
groups, thus we must reject this hypothesis based on our numerical results. Our
results even suggest the contrary, i.e. that more Reallocation happens in small
synonym groups than in large ones.

Summary of the findings. Our results show a larger proportion of Realloca-
tion than of Parallel Change, but that these two phenomena appear marginal
compared to the majority of concept clusters whose namings remain unchanged.
We have identified cases of concept cluster where both Reallocation and Parallel
Change happen, but were unable to conclude that Reallocation was more likely
to take place in larger synonym groups. Overall, through our experiments us-
ing Diachronic Concept Induction on the PRESTO data and comparing concept
clusters at time period 77 = [1500; 1649] and time Tp = [1800;1949], we have
shown that the proposed method was able to (i) quantify the number of cases
of Reallocation and Parallel Change in order to assess which of the two was
more common in a more comprehensive way than previous studies; (ii) assess
whether synonym groups tend to undergo one of these phenomena or if they
rather remain stable over time; (iii) test two hypotheses that we made regarding
Reallocation and Parallel Change, and gaining insights for future studies.
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Limitations. In this section, we have not conducted an evaluation of the pro-
posed method’s accuracy in detecting Reallocation and Parallel Change. We must
indeed face the same challenge as in Section in that no available resource
can directly provide a ground truth for Reallocation and Parallel Change. We did
not want to cross synonym lists from different periods either, as we have seen
in the previous section that this could induce bias in the analyses. In Chapter
6, however, we have conducted a thorough qualitative evaluation of the clusters
obtained by our method in the PRESTO data, showing that observed changes
often correspond to attested changes. This evaluation has shed the light on
two limitations that are at play in the investigation of Reallocation and Parallel
Change.

We have observed in Chapters [4 and [6] that the partition into concept clusters
drawn by (Diachronic) Concept Induction might be different than the partition-
ing in concepts from an expert resource, and that the found concept clusters may
include near-synonyms or in some cases semantically related words that are not

synonyms.

Furthermore, diachronic evaluation results have shown that on the PRESTO
data, the proposed bilevel clustering model struggled to accurately identify ac-
tual naming shrinkages, especially compared to other kinds of changes like se-
masiological gains. As a result, our comparison between Reallocation (which
we have defined as naming shrinkages) and Parallel Changes (which is based on
naming expansion and/or semasiological gains) may be biased.

Given these limitations, our findings cannot be taken as strong evidences about
which kind of change is the dominant one among synonyms. The goal of this sec-
tion was rather to showcase how a Diachronic Concept Induction model could be
employed to address such questions, and make a proof-of-concept of a research
methodology that we believe opens more doors than previous ones. Future re-
search should focus on improving the clustering method to obtain better concept
clusters and better identification of changes (and in particular cluster naming
shrinkages) to allow for a better and more robust investigation of these two laws
of lexical semantic change in synonymes.

7.5 Summary

In this chapter, we have explored the case study of synonyms and how the change
in meaning over time. Building upon Xu and Kemp| (2015)’s study, we have dis-
cussed the law of Reallocation, postulating that synonyms cannot stay synonyms
for long and that the mapping between words and concepts tend toward a more
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isomorphic structure (with only one lexeme for each concept); and the law of
Parallel Change, that posits that synonyms tend to share their meanings and
develop other similar meanings.

To measure a computational model’s ability to represent these changes, we have
proposed an evaluation framework based on the conjunction of two lexical re-
sources from two different time periods, to obtain a ground-truth on whether
considered pairs of synonyms remain synonymous or not. Inspired by the prior
study, we have proposed several computational models using static representa-
tions to predict the observed changes. Experimental results underline the impor-
tance of evaluating approaches and have shown the limitations of the proposed
models. Supervised approaches are only partially predictive of the observed
changes, suggesting that static representations may not be powerful enough to
be represent semantic changes in the studied setting. Notably, further examina-
tion has hightlighted that polysemy was a key factor, as words can have multiple
meanings and synonyms may share only a portion of their meanings; and the
used static representations do not account for such variety of usages. Moreover,
it proved challenging to combine the use of two different lexical resources, com-
piled at different times and with different objectives, where the very concept
of synonymy varies according to the resource. The establishment of a rigorous
evaluation framework appears to be all the more challenging in the absence of
an historical onomasiological reference to obtain lists of synonyms across time
periods.

In a second part of the chapter, we have discussed the advantages of using Di-
achronic Concept Induction to tackle this research question. First, it provides
groups of synonyms over time, with a comparable notion of synonymy across
all periods. Second, it naturally provides a different perspective, that of con-
cepts, and allows to approach the problem under a new, onomasiological angle.
It allows to redefine the targeted phenomena in a more comprehensive way, and
we were able to test several hypotheses about the condition in which realloca-
tion and parallel change happen and their alleged oppositeness. Experimental
results in a different language than English (namely French) suggest that both
phenomena may not be mutually exclusive and can take place simultaneously on
a given concept’s naming. We could not find evidences in the data that a higher
number of competing synonyms in the cluster would facilitate Reallocation, thus
invalidating our second hypothesis. Interestingly, both experimental studies have
concluded in favor of Reallocation/Differentiation over Parallel Change, in con-
trast with the results of Xu and Kemp| (2015) in two different languages, but our
second study on PRESTO has shown that a vast majority of synonym sets are
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neither source of Parallel Change nor subject to Reallocation.

Each of the proposed approaches allows to tackle different aspects of the rela-
tion between Reallocation and Parallel Change, making different assumptions
and having their own limitations. The method proposed by Xu and Kemp| (2015
addresses the opposition between Differentiation (a subcase of Reallocation) and
Parallel Change, and relies on the assumptions that none of the two words has
ceased to be used and that the two words of the studied pairs have undergone
change in meaning. The study we conducted in Section investigates the
opposition between Differentiation and the persistence of synonymy (conflating
cases of Parallel Change with cases where there is no change at all in their syn-
onymy relation) and also focuses on synonym pairs where none of the two words
has ceased to be used. In contrast, with the approach presented in Section [7.4
using Diachronic Concept Differentiation, we were able to work with more com-
prehensive definitions of these phenomena, distinguishing between Reallocation
(by Differentiation or by Disappearance), Parallel Change (regardless of how
many words have changed in meaning) and unchanged synonymy. This method
allows to work with synonym groups instead of simple pairs, and by isolating
the different meanings of a word, this method is able to treat its different groups
of synonyms independently. However, as we have seen in the previous chapter,
Diachronic Concept Induction makes the hypothesis that semantic concepts (the
common meanings within synonym groups) are stable over time and that change
only affects the set of words referring to them. The other two approaches did
not require such assumption and could theoretically handle potential concept
drifts, as they only focus on relative distances between two synonyms. Nonethe-
less, this concept-oriented clustering approach using contextualized embeddings
widens the scope of computational studies of semantic change in synonyms, and
allows for a deeper analysis of the different phenomena.

Overall, through this case study on synonymy, we have demonstrated that com-
putational approaches based on embeddings can indeed be used to address a
complex onomasiological question, that of the change among members of a same
concept naming. We have also seen that the use of contextualized embeddings
and (diachronic) concept induction offers a new, broader perspective on these
studies and provides new insights on the data that can inform the scientific dis-
cussion on the nature and regularities of semantic change.
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Conclusions and Perspectives

8.1 Summary of the Thesis

In this thesis, we have addressed a crucial limitation of current computational
models of lexical semantic change: they rely exclusively the semasiological per-
spective and neglect the onomasiological dimension of semantic change. But
the mapping between words and meanings is two-sided, and historical linguis-
tics has relied on both the apparatus of semasiology and that of onomasiology
to describe classifications, patterns and regularities of lexical semantic change.
Our approach is structured in two steps. First, we explore ways of represent-
ing and extracting semantic concepts from data in the synchronic setting with
Natural Language Processing (NLP) models. In particular, we use Contextualized
Language Models, leveraging their ability to compute representations for each oc-
currence of a word in a corpus to better account for potential polysemy. We then
extend the proposed methodology to the diachronic setting as to study, with the
tools provided by this method, the semasiological and onomasiological changes
over time.

In Chapter 4, we introduced Concept Induction, a task that directly models the
mapping between words and semantic concepts in data. We proposed a bi-level
clustering method, and compared it through a series of experiment to other,
more traditional approaches e.g. Word Sense Induction methods. Our results
indicated that hierarchical clustering and the proposed bi-level approach outper-
form alternative techniques, highlighting the multi-level nature of both the prob-
lem itself and the spatial organization of semantic information in Contextualized
Language Models. Additional results suggested that the global, cross-lexicon as-
pect of Concept-Induction is also directly beneficial at the local, word-centric
level; a concept-inducing system can be a valuable tool for sense-related tasks
such as Word Sense Induction or Word-in-Context, especially in settings where
there are only few occurrences per target word.

181
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The question of how concepts emerge from data can be approached not only
through clustering, but also through the lens of representations. In Chapter |5|
we explored the fine-tuning of contextualized language models in order to obtain
representations that better encode lexical meaning and similarities/differences
in semantic concepts between occurrences. We proposed a method to fine-tune a
Contextualized Language Model for a new objective, obtaining models we refer
to as CALE. Empirical evaluations on several lexical semantic tasks showed that
the obtained representations better reflect similarities and differences in lexical
meaning, both with occurrences of the same word and among occurrences of
different lexemes.

Building upon these two contributions at the synchronic level, Chapter [6] aimed
at extending the bi-level methodology to the diachronic setting. We adapted the
method to account for temporal variation in historical data, and described how
the results produced by Diachronic Concept Induction can be used to jointly iden-
tify semasiological and onomasiological changes. A manual evaluation on histor-
ical data of our proof-of-concept method showed that the results were promising,
although we noted that semasiological sense losses and onomasiological naming
shrinkages were less accurately identified than other types of changes. We hy-
pothesize that this limitation is related to the high number of very small clusters
produced by the method.

Finally, Chapter 7| provided a case study showing the full potential of the Di-
achronic Concept Induction approach. This study concerned two apparently
contradicting phenomena of lexical semantic change regarding the temporal evo-
lution of synonymy, namely the Law of Reallocation and Parallel Change. We
employed two approaches, one based on crossing lists of synonyms from dif-
ferent periods and using static representations, and another based on synonym
groups identified by Diachronic Concept Induction using contextualized repre-
sentations from a CALE model. We discussed the limitations of the two ap-
proaches, and showed that the tools provided by Diachronic Concept Induction
allow for a more comprehensive description of the two phenomena than other
existing frameworks.

Overall, with Diachronic Concept Induction, we have proposed a large-scale
method that can assist research in historical linguistics, by extracting seman-
tic concepts from historical data without supervision or external knowledge.
The method can simultaneously uncover cases of semasiological changes and
of onomasiological ones. Our approach goes beyond the mere detection of se-
mantic change and provide a first characterization, distinguishing between sense
gains/sense losses and naming expansions/naming shrinkages. For each uncov-



8.2. Future Work and Perspectives 183

ered change, it identifies the clusters of occurrences responsible that contributed
to the change detection, enabling a manual investigation of said occurrence clus-
ters and qualitative analyses by expert historical linguists. This characterization
allows to challenge hypotheses about lexical semantic change in complex scenar-
ios, and opens the path to formulate new hypotheses in the future and uncover
new patterns of semantic change.

8.2 Future Work and Perspectives

8.2.1 Clustering Improvements

Hierarchical clustering algorithms and constraints integration. Our results
in Chapter 4 suggest that hierarchical algorithms are better suited for the task of
Concept Induction than flat clustering approaches. On the one hand, Agglomer-
ative Clustering performed better than KMeans; on the other hand, the bi-level
method reached higher precision than direct clusterings. This particular finding
underscores the multi-level nature of the problem, as well as its multi-resolution
aspect (i.e. clusters may not be evenly distributed across the lexemes, and may
vary in number of occurrences and density). Other hierarchical clustering algo-
rithms could thus be explored to improve our approach to Concept Induction. In
Chapter 6, we made partial use of HDBSCAN’s process (Campello et al., 2013
to select proto-sense clusters; but we could make a complete use of this density-
based hierarchical clustering algorithm, which seems particularly fitting for our
problem. Another promising direction for Concept Induction is constrained hi-
erarchical clustering, as in Bair| (2013)); |Chatziafratis et al. (2018); Mauduit and
Simonetto| (2023) and Zeng et al. (2025), which integrates constraints (often in
the form of ‘must-link’ and ‘cannot-link’ associations between instances) in the
clustering process. This type of approaches aligns closely with the structured
constraints at work between occurrences, lexemes, senses and concepts that we
have established in Chapter 4; and future work could attempt to jointly optimize
both the local and the global clustering objectives.

Cost functions and priors in hyperparameter selection. In Chapter 6, we
selected hyperparameters by choosing the parameter set that maximized the re-
sulting number of concept clusters containing between 2 and n lexemes (with
n = 5 in the experiments). This pragmatic choice ensured a sufficient recovery
of synonymy and therefore of shared concepts, though possibly at the expense
of a more accurate recovery of polysemy. Recent research on hierarchical clus-
tering has proposed several objective functions designed to quantify the cost of
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a given hierarchical clustering tree, verifying that a tree that minimizes such
cost functions fulfills certain desired properties (Dasgupta, 2016} |Cohen-Addad
et al., [2019; Wang and Wang, |2020}; Roch) 2023)). Given the hierarchical tree
produced by a concept-inducing system (in the bilevel setting, such tree could
be obtained by merging the local trees of proto-senses clustering with the global
tree learned at the cross-lexicon step) with a given set of hyperparameters, a
cost function could be used to determine the most suitable set of parameters
for a given dataset. We could even integrate some prior knowledge to these cost
functions to ensure that the selected tree fulfills some desired properties (e.g.
the distribution of sense inventory sizes might be required to approximate |Zipf,
(1949)’s law).

Diachronic Concept Induction without fixed concepts. In Chapter 6, when
introducing Diachronic Concept Induction, we have decided to learn concept
clusters for all periods at once, thus assuming that there was a set of stable con-
cepts shared across all time periods. Different alternatives could be explored.
In the context of semasiological-only approaches to Lexical Semantic Change,
Periti and Tahmasebi| (2024b)) in particular proposed several methods, including
learning clusters independently in each period, or using a sliding window of pe-
riods. The former implies to link clusters across time periods a posteriori, while
the latter approaches facilitates the tracking of clusters over time because two
consecutive time windows share a part of the occurrences. [Periti et al.| (2022
adapted the usual sense clustering pipeline to account for multiple time periods
using an evolutionary approach, such that recent clusters are derived from older
ones. Adapting these approaches to the onomasiological approach of Diachronic
Concept Induction would allow us to dispense with the ‘fixed concepts assump-
tion’, thereby accommodating concept drifts. It could improve the detection of
lexical semantic change, particularly naming shrinkages and sense losses.

8.2.2 Evaluation and Interpretability

Systematic evaluation for onomasiological change with synthetic data. In
Chapter 6, our evaluation of the Diachronic Concept Induction approach was in-
herently limited by the absence of concept-annotated historical data preventing
us to conduct an systematic quantitative evaluation of the method as in Chapter
4. Building a large-scale dataset with annotations from human experts to sys-
tematically evaluate the recovery of semasiological and onomasiological changes
is appealing, but it would be a long and expensive endeavour. Recently, |Cassotti
and Tahmasebi (2025) have proposed a generative model that produces time-
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specific and sense-specific synthetic occurrences of target words (generating for
instance an occurrence of plane in the sense of AIRCRAFT as it would be produced
in 2010). Combining such a model with a historical dictionary like the TLFi
or the Oxford English Dictionary would allow the creation a synthetic bench-
mark for both semasiological and onomasiological change. For onomasiological
changes in particular, if the historical resource does not specify whether a given
word has synonyms for a given sense in a given period, we could simulate ono-
masiological changes by generating occurrences of several target lexemes using
the same sense definition.

Interpreting Clusters with Feature Embeddings. To interpret the semantic
content of concept clusters in Chapter 6 and 7, we have relied on the lexemes
contained in each cluster and their most frequent context words. This leaves
room for subjective appreciation, especially since these descriptors may be insuf-
ficiently informative. In the context of semasiological studies of Lexical Semantic
Change, several recent studies employ definition-generation systems to charac-
terize cluster meanings (Giulianelli et al., 2023; Kutuzov et al., 2024; Fedorova
et al., |2024a). Generating a definition for each cluster and comparing it to the
senses in the reference dictionary would allow for a more systematic and robust
evaluation. Adopting a different approach (conceived in the synchronic setting),
Chronis et al. (2023) project contextualized embeddings onto psycholinguisti-
cally interpretable semantic spaces where each dimension corresponds to a pre-
defined feature (e.g. fine-grained features like ‘have legs’ or ‘found in the kitchen’
or coarse-grained features like ‘bright’, ‘taste’ or ‘benefit’), resulting in a spatial
organization that is easily interpretable for human users. Projecting our concept
clusters onto these interpretable spaces would yield more complete descriptions
of lexical semantic changes and would allow to test other hypotheses, for in-
stance investigating whether Reallocation and Parallel Change in synonyms tend
to originate in different semantic fields (e.g. maybe one of them is more frequent
among words related to abstract things or sensory perception ?).

Diachronic Sense Prototypes. In Chapter 6 we briefly discussed a statistical
law of semantic change, the Law of Innovation proposed by Hamilton et al.
(2016b)). In Chapter 7, we have only tested two laws about semantic change
in synonyms, Reallocation and Parallel Change. Other laws and theories about
Lexical Semantic Change could be empirically tested with the methods proposed
in this thesis. Diachronic Concept Induction could for instance be used to in-
vestigate (Geeraerts| (1997)’s Diachronic Prototype Theory. Assuming that the
sense inventory of a word forms a radial set of very prototypical and more pe-
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ripheral meanings, this theory states (i) that semasiological changes are more
likely to occur in the peripheries than at the core of the set; (ii) that new senses
appear as gradual modulations of the existing core senses; and (iii) and that
senses may overlap and combine, giving rise to new meanings through interac-
tion between existing meanings. Using Diachronic Concept Induction, we could
identify concept clusters and the set of senses for a given word, and then use the
distances between them to reveal the structure of the radial set, and its evolution
over time. Combined with generated definitions and/or interpretable features,
Diachronic Concept Induction could not only test predictions of the Diachronic
Prototype Theory, but also examine whether analogous effects can be observed
on the onomasiological side, thus potentially broadening the scope of the theory.
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Appendix

A.1 Appendices for Chapter 4

A.1.1 Splits and dataset statistics

In Table we display statistics over the different splits we used. Dev is a
subset containing a sample of 10% of concepts and their occurrences. Synon. is
a subset containing only concepts instantiated with 2 lemmas or more, and their
occurrences.

#0ccs  #Lemmas #Concepts | #0ccs/Concept  #Occs/Lemmas | diex  dpolysemy

Full data 52’997 1’560 3’855 13.75 33.97 | 1.14 2.83
Dev 4795 389 386 12.42 12.33 | 1.14 1.13
Synon 13’158 630 447 29.44 20.89 | 2.24 1.59

Table A.1: Statistics on the different data splits in annotated SemCor. The split
“Synon” only contains occurrences of concepts instantiated with multiple lem-
mas (cases of synonymy). die is the average number of unique lemmas per
concept, dpolysemy 1S the average number of distinct concepts per lemma.

A.1.2 Used hyperparameters and layers

Systems Best hyperparameters

Local-only Kmeans k=3

Local-only Agglo linkage = average, v = 1.0

Global-only Kmeans T = 120%

Global-only Agglo linkage = average,v = 3.5

Bi-level Kmeans k=8 m=120%

Bi-level Agglo linkage = average (both), vjocar = 0.0, Vgiopar = 4.5

Bi-level Kmeans (local Agglo) linkage = average v, = 0.0, 7 = 120%
Bi-level Agglo (local Kmeans) £ = 10, linkage = average, vgopq = 4.5

Table A.2: Best hyperparameters on the Dev split.
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CLM layers Prior work like Ethayarajh| (2019) showed that later layers usually
correlates with deeper levels of contextualization and more semantic informa-
tion, |Chronis and Erkl (2020) showed that moderately-late were preferred for
lexical similarity while very last layers were preferred for semantic relatedness.
To get embeddings, we try 4 sets of layers corresponding to different depths:
first layers (1 to 4), moderately early layers (8 to 11), moderately late (14 to
17), and last layers (21 to 24). To get the representation of a word’s occurrence,
we simply average its embeddings from the four chosen layers into one single
1024-dimensional embedding. For Concept Induction, we find that best results
were obtained using layers 14 to 17, that are the reported results.

Hyperparameters For Eyal et al. (2022), we tried different resolution, varying
it from le-3 to 10, for the Louvain clustering but found very little to no effect.

For Kmeans at the local level, we varied the number of clusters & between 2 and
10. For Agglomerative clustering at both levels, we tried single, average and
complete linkage.

The distance threshold in Agglo = was indexed on the distribution of distances.
We fixed an hyperparameter v and derived 7 = avg(d) — v.std(d) with d the
distribution of distances between clustered instances. We made v vary between
-4 and +8. For global Kmeans, the number of clusters was indexed using a
proportion 7 on the number of lemmas (e.g. 120% x W), = varying from 40%
to 400%. This may help transfering hyperaparameters to other dataset in future
research.

Best hyperaparameters choices are in Table

A.1.3 Concept Clusters Size Distribution

The distribution of the concept cluster size (in number of lemmas) obtained with
Bi-level Agglo system can be found in Figure

Number of clusters (log scale)

Cluster size (in lemmas)

Figure A.1: Distribution of cluster size (in number of lemmas) obtained by the
Bi-level Agglo system.
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A.2 Appendices for Chapter 5

A.2.1 SPCD Dataset

To extract occurrences from the SemCor corpus Fellbaum! (1998), we proceeded
as follows:

* We used SemCor as distributed through the NLTK]| library.

* We only used SemCor sentences that had semantic annotations (of Word-
Net’s synsets) and contained minimum 10 words and no more than 100.

* For each sentence, we extract an occurrence for each tagged word in the
sentence (retrieved occurrences are delimited by the sentence).

* We focus on Adjective, Nouns and Verbs, using the Part-of-Speech tag in-
dicated by the WordNet’s synsets. We merge PoS-tags “a” and “s” as they
both cover Adjectives.

* For each PoS independently (to filter-out potential noisy PoS annotations),
we keep only lemmas that meet the following conditions:

— has minimum 3 letters.
— occurs at least 10 times with the PoS.

- is a single word (no compound) and contain only letters (no sym-
bol/number).

— is not a proper noun.

* We discard all occurrences of non-selected lemmas for each PoS tag, and
then join the 3 remaining sets of lemmas and their occurrences. Now that
extraction and filtering are done, we no longer differentiate on PoS tags
(we allow pairs of occurrences from different PoS tags).

Table provides the number of pairs in each split and category.

A.2.2 Fine-Tuning Hyperparameters

We conducted hyperparameter optimization using Optuna’s?] Tree-structured Parzen
Estimator (TPE) Bergstra et al.| (2011) algorithm to identify the best-performing
configuration for our model. The optimal hyperparameters found through this
search are presented in Table

!https://www.nltk.org/install.html
2https://optuna.org/
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Hyper-parameter  Value

Margin 0.7
Learning Rate 6.02e-06
Warmup Ratio 0.24
Weight Decay 0.05
Adam [, 0.9
Adam f; 0.999
Adam e le-08
Epochs 1
Seed 42

Embedding Size 1024

Table A.3: CALE models hyper-parameters.

A.2.3 Test Metrics in SPCD

Table presents more detailed evaluation results on the SPCD dataset, distin-
guishing between the different pair categories (Same concept/Different concepts
and Same lemma/Different lemma).

Table [A.4] shows the F1 score in the test split of SPCD.

All SL DL
1L1C (baseline) 62.8 69.5 0.0

XLM-R (first) 50.2 57.8 0.0
XLM-R (mid) 67.1 69.7 53.3
XLM-R (last) 64.2 68.2 428
XL-LEXEME 73.5 725 78.2

CALE (XLM-R) 76.2 74.5 83.6
CALE (MBERT) 754 74.4 79.9
CALE (XL-LEX) 76.0 74.8 81.2

Table A.4: F1 scores on test pairs from SemCor. “SL” (resp. “DL”) refers to pairs
of occurrences of the same lemma (resp. of different lemmas) and “SC” (resp.
“DC”) to pairs of occurrences referring to the same concept (resp. to different
concepts).

A.2.4 APD and PRT results on DWUGSs

In addition to APD, we also tried another measure from Kutuzov and Giulianelli
(2020)), the Prototype Distance (PRT), defined as follows:
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PRT(w) = d(~
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with d the cosine distance operator, e}, ; the embedding of the i-th occurrence of
word w at time T}, for a target word w with n occurrences at 77 and m occur-
rences at 7.

Side-by-side results of APD and PRT can be found in Table

Total Concept Lemma Cross-categories
Split Same Different Same Different SC&SL SC&DL DC&SL DC&DL

Train 156,387 63,752 (41%) 92,635 (59%) 91,551 64,836 48,517 15235 43,034 49,601
Val 20,346 8,114 (40%) 12,232 (60%) 12,115 8,231 6,387 1,727 5728 6,504
Test 44,891 18,317 (41%) 26,574 (59%) 26,318 18,573 14,018 4,299 12,300 14,274

Table A.5: SPCD dataset description in number of pairs. The train split used
49,601 unique occurrences, 6,504 for validation and 14,274 for test.“SL” (resp.
“DL”) refers to pairs of occurrences of the same lemma (resp. of different lem-
mas) and “SC” (resp. “DC”) to pairs of occurrences referring to the same concept
(resp. to different concepts).

All' SLT DL' SC&SL DC&SL DC&DL SC&DL
1L1C (baseline) 65.1 50.0 50.0 100 0.0 100 0.0

XLM-R (first) 60.8 54.2 50.0 54.1 51.5 100 0.0
XLM-R (mid) 70.9 59.1 68.4 84.6 30.4 95.5 39.5
XLM-R (last) 69.1 59.6 63.5 779 38.4 95.8 28.8
XL-LEXEME 76.7 62.4 82.7 89.7 35.0 98.2 67.4

CALE XLM-R) 79.3 659 864 89.1 38.0 98.5 73.1
CALE (MBERT) 78.7 66.6 83.5 87.2 41.9 98.9 67.0
CALE (XL-LEX) 79.2 67.2 84.4 87.2 43.8 98.9 69.4

Table A.6: Accuracies on test pairs from SemCor (Balanced Accuracies are indi-
cated with ). The higher the better. “All” refers to all pairs, “SL” (resp. “DL”)
to pairs of occurrences of the same lemma (resp. of different lemmas) and “SC”
(resp. “DC”) to pairs of occurrences referring to the same concept (resp. to dif-
ferent concepts).

A.3 Appendices for Chapter 6

A.3.1 HDBSCAN cluster selection

HDBSCAN (Campello et al., [2013) is a density-based hierarchical clustering al-
gorithm. By computing a mutual reachability distance between data points, it is
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EN DE ES IT LA SV
APD PRT APD PRT APD PRT APD PRT APD PRT APD PRT

XLM-R (first) 221 .313 .143 .307 .078 .308 .180 .327 .004 .196 .098 .031
XLM-R (mid) .568 .500 .543 .756 .495 .510 .316 .538 .237 .481 .575 .466
XLM-R (last) 564 .527 .342 404 .526 .562 .270 .605 .001 .521 .518 .307
XL-LEXEME .786 .671 .798 .803 .633 .610 .512 .637 .142 .549 .854 .739

CALE (XLM-R) .705 .533 .777 .823 .655 .543 .755 .753 .108 .461 .833 .720
CALE (MBERT) .655 .527 - - - - - - - - - -

CALE (XL-LEX) .730 .570 .826 .799 .685 .639 .543 .676 .195 .485 .859 .766

Table A.7: Spearman correlations between gold change scores and predicted
change scores for LSCD on the DWUG datasets, for APD and PRT measures.

able to construct a hierarchy in a provided dataset. While the definition of dis-
tance in HDBSCAN is original, the obtained hierarchy is comparable to that ob-
tained with Agglomerative Clustering with minimum (or single) linkage. For the
sake of our research, we are interested in HDBSCAN’s cluster selection method.
This method does not impose conditions on the hierarchy, and can be applied
even if the hierarchy has been produced by a different algorithm.

32
04

24
03
02 1.6
0.1 0.8
0.0 0.0

Figure A.2: Example of an HDBSCAN hierarchy (from https://hdbscan.
readthedocs.io/en/latest/how_hdbscan_works.html)

distance
log(Number of points)

Let us consider the hierarchy in Figure The hierarchy is a binary tree, where
each leaf is a data point from the dataset. At the lowest level of the hierarchy,
each datapoint is its own cluster. Going through the hierarchy from bottom to
top, nodes correspond to merge operations between two clusters. Each merge
operation is associated to a distance on the y-axis (from which the hierarchy is
constructed; in Agglomerative Clustering, it is defined by the choice of linkage).
Conversely, if we explore the hierarchy from top to bottom, node are division
operations: at a certain distance level, a large cluster is divised into two smaller
cluster, until each datapoint is its own cluster.


https://hdbscan.readthedocs.io/en/latest/how_hdbscan_works.html
https://hdbscan.readthedocs.io/en/latest/how_hdbscan_works.html
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Condensing the hierarchy. The method relies on a single parameter m, the
minimum cluster size. Going through the hierarchy, m enables a condensing of
the hierarchy: if a cluster division results in two clusters of more than m data
points each, it is a valid split. If one of the resulting cluster has less than m
instances, then the larger cluster keeps the identity of the parent cluster, and the
smaller cluster is ignored (these are datapoints that have simply “fallen out” of
the cluster). If both children of the division operation have less than m instances,
then the split is ignored. This process results in a condensed tree, as show in
Figure The y-axis of the condensed tree is relabeled, such that it no longer
indicates the distance d at which split happens. Instead, the y-axis shows the
value of \ = é. Deeper splits are associated to larger value of \.
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Figure A.3: Example of an HDBSCAN condensed tree (from https://hdbscan.
readthedocs.io/en/latest/how_hdbscan_works.html)

Stability of a cluster. Two values A, and \_ are defined for each cluster keept
in the condensed tree. A, is the value on the y-axis at which the cluster splits
from its parent and becomes its one cluster. \_ is the value on the y-axis at which
the cluster splits into two clusters, if any. To each datapoint x; in the cluster is
associated a value \;, the value on the y-axis at which ‘fell out’ of the cluster
(\; = A_ if the point x; remained in the cluster until it split into two clusters).
For each cluster K, a stability value is defined as Sk = >, (A — A4).
Selecting clusters. All clusters receive the label ‘1’. Going from bottom to top,
the stability of a cluster is replaced by sum of the stabilities of its children if
the latter quantity is former than the latter. Otherwise, if a cluster has a higher
stability than the sum of its children, then this cluster is still labeled ‘1’ but all of
its descendants receive the label ‘0’. Once the top of the tree is reached, clusters
that are still labeled ‘1’ are the selected clusters. This stability-based and iterative
bottom-up method allow to select clusters at different levels of the hierarchy (see
Figure[A.4]), unlike a simple horizontal cut with a distance threshold.


https://hdbscan.readthedocs.io/en/latest/how_hdbscan_works.html
https://hdbscan.readthedocs.io/en/latest/how_hdbscan_works.html
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After that, any point that is not in a selected cluster is identified as a noise point.
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Figure A.4: Example of an HDBSCAN condensed tree with selected clusters
in circles (from https://hdbscan.readthedocs.io/en/latest/how_hdbscan_
works.html)

A.4 Appendices for Chapter 7

A.4.1 Target words selection

Among words represented in the embeddings provided by Hamilton et al.| (2016b),
we keep only words following these three requirements. The first is to be POS-
tagged as an adjective, a noun and/or as a verb in the COHA. For a given POS-tag
among these three, the second requirement is to appear at least 3 times in every
decade between 1890 and 1999. Lastly, we require words to be composed of
3 letters or more. If a word appears with multiple POS-tags in the COHA and
fulfills the minimum frequency requirement with each of these tags, the same
embedding is used as its representation, as Hamilton et al. (2016b)’s training
data aggregated POS-tags.

A.4.2 Frequency groups

The procedure to create a fixed number M of frequency group is the following.
At a time 7, the list of target words is sorted by frequency in ascending order,
we label as group ‘0’ the first 50% of the list. In the remaining 50%, The first

’

half is labeled as group ‘1’, and so on until group M — 2 is created. The still
unlabeled words are labeled group M — 1, for a total of M groups. Group labels
are therefore positively correlated with occurrences counts. This method creates
frequency groups that reflect that the way word frequencies are distributed ac-
cording to Zipf’s law: the largest group is that of unfrequent words (group 0),

and groups of higher frequencies contain fewer and fewer words.


https://hdbscan.readthedocs.io/en/latest/how_hdbscan_works.html
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A.4.3 Unsupervised models

In Figure we observe that the quantity A does not reflect a clear separation
between Syn pairs and Diff pairs. This explains why the unsupervised methods
proposed in Sec. ?? fail to significantly outperform baselines.

Still synonyms
Differentiated
—— Computed T

£)0.6 —0.4 -0.2 0.0 0.2 0.4 0.6

A=SD(2) —gp(T1)

Figure A.5: Histograms of the value of divergence A of synonymous pairs, de-
pending whether they differentiated (orange) or stayed synonyms (blue).

A.4.4 Components of selected models

Depending on the POS tag, the implementation strategies of SD, DD and fre-
quency variables were different. Recall that these strategies were chosen given
the average performances over 20 random train/test splits. In the following sec-
tion, ‘SD(cd)’ refers to synchronic distance with cosine distance, while ‘SD(nk)’
refers to synchronic distance with k-nearest neighbors.

On adjectives, neighborhood based DD as well as raw frequency counts was
found to be better than alternatives. For SD, cosine distance provides slightly
higher performances than neighborhood-based measures. Among every method
using a neighbordhood-based SD, a small/mid ranged k was preferable (between
10 and 20).

For nouns, SD(cosine distance) was also the best choice. Overall, the best range
for the value of k for neighbors-based SD was smaller than for adjectives (5 to
15). Frequency groups worked better than raw frequency counts, while there
was no difference in performance between the two definitions of DD.

For verbs, SD(nk) with & = 40 actually outperforms cosine distance, except for
the unsupervised A method for which SD(cd) was preferred across all POS tags.
Diachronic Distances using Orthogonal Procrustes alignment and cosine distance
(Hamilton et al., [2016b) lead to better results than the definition relying on
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comparisons local neighborhoods. Both types of frequency variables (raw counts
and groups) worked equally well.

Finally, on the ALL dataset reuniting pairs accross POS tags, raw frequencies
provide better results than groups. Cosine distance is better than neighborhoods
for synchronic distances, and both techniques of diachronic distances performed
similarly. For Logitistic Regression models using both implementations of SD
(cd and nk), the choice of k did not really change the results as the weights of
SD(nk) was often negligible compared to the weight on SD(cd).

A.4.5 Full classification results

ADJ NN VERB ALL

Balanced Accuracy BA F,(Syn) F.(Diff) %(D)
s Al (Syn) 50 50 .50 .50 48 0 0
2 All (Diff) 50 .50 .50 .50 0 .81 100
A IRF 51 56 59 55 .35 74 75
% XK controls 52 .49 51 .50 .33 .67 65
2 A (cd) 50 .49 51 .50 .27 .73 75
D A (nk) 48 49 49 50 .32 .67 66
LR SD 60 62 .59 .60 48 .69 56

< LRSD + DD 61 62 .60 .60 48 .69 56
8 LRSD+F 61 64 63 .62 .51 71 57
& LRSD+DD +F 62 .64 63 .62 .50 .70 57
S LR multi .62 .64 .65 .62 .51 .71 57
“ LR multi. (polynomial) .56 .63 .62 .62 .50 .70 60
SVM (gaussian) .60 .64 .65 .62 .50 .74 63

Table A.8: Performances of the different approaches. Results are averaged over
20 random splits.

A.4.6 Predictive variables in our model

In this supplementary section, we conduct a study about the role of some pre-
dictive variables in our best-performing Logistic Regression model. The studied
model uses SD with cosine-distance, both implementations of DD and frequency
counts.

For a selected number of variables, we look for significant differences between
well-classified pairs and pairs with wrong prediction, in both classes separately.
For a given variable, we estimate if a difference is significant between the well-
classified and the misclassified samples of this class using a ¢-test for Gaussian
distributed variables, or a Mann-Whitney U test for other variables. A difference
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Pred. = Syn | y = Diff
Syn Diff | TS FD | TD FS
SDT™) || .64 .83 |.62 .84 | .83 .64

DD(w) || .46 .46 | .45 .47 | .46 .47
DD(v) || .50 .54 | .48 .54 |.54 .50
)
)

23 22|24 2122 22
19 14 21 1514 1.8

Table A.9: Average values of some variables for data subset based on the pre-
diction of our best-performing LR model. TS,FS,TD,FD stand for True/False
Syn/Diff. FG stands for Frequency Groups of word w at time 7. Signifi-
cant difference within a pair of columns are in bold.

is significant if the p-value of the test is below 5%. Results are reported in table
A9

We observe significant differences of SD in pairs that are predicted as Syn and
those predicted as Diff by our model, the first having a smaller SD at 7'1 than the
latter. Because our model relies mostly on these SD to separate both classes, we
wrongly classify Syn pairs whose SD("7") is close to that of Diff, and conversely
Diff pairs whose SD™) is close to that of Syn are misclassified. This indicates
that our model still misses some subtleties that are now reflected by SD.

A similar non-separability of the distribution of "Syns" and "Diff" appears on DD
and Frequency variable for the second word pair of the pair. While it seems
logical for our model to behave so regarding to the definition of LD, it is a clue
that our input variables reflect noisy information that is confusing to the model.
In the same idea, ? remarked that recent LSC detection models tend to raise
False Positive, drawing attention to the limit of current models for LSC.
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