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Abstract

Unsupervised lexical ambiguity resolution is an important challenge in Natural
Language Processing. While supervised approaches can achieve high performance,
they rely on sense inventories and annotated data that are scarce and incomplete,
limiting their ability to capture the full complexity of word meaning in real-world
language use. Unsupervised approaches have the potential to overcome these lim-
itations by enabling systems that automatically adapt to new domains, languages,
and emerging senses.

Unsupervised approaches rely on the distributional hypothesis, grouping word
instances into senses based on contextual similarity. For this reason, contextual-
ized word embeddings of pre-trained transformer language models are particularly
promising representations. Despite their success in supervised settings, however, un-
supervised performance with these embeddings remains limited. Since unsupervised
approaches rely primarily on the embeddings without using any external resources or
annotations, understanding the properties of these embeddings and overcoming their
limitations are essential for advancing unsupervised lexical ambiguity resolution.

In this thesis, we address this challenge from both theoretical and practical per-
spectives. We investigate how contextualized word embeddings encode and organize
sense information and, based on these theoretical insights, we develop methods to
improve their effectiveness for unsupervised lexical ambiguity resolution. We first in-
vestigate whether contextualized word embeddings encode sufficient information for
resolving complex lexical ambiguity phenomena in supervised settings. To this end,
we focus on detecting copredication with inherently polysemous nouns. We show
that these embeddings indeed encode sufficient information for this task and that
this information transfers cross-lingually in zero-shot settings. We further show that
this task is challenging even for human experts, contextualizing the performance of
computational models on this task.

Next, we diagnose a key source of limited unsupervised performance. We system-
atically identify which contextual features determine embedding similarity between
word instances. Our results show that sense-irrelevant features — such as mor-
phological and syntactic properties of words — have a greater effect on embedding
similarity than sense-relevant features, leading to poor unsupervised performance.
We address this problem by proposing an adversarial forgetting framework to re-
move morphological and syntactic features from contextualized word embeddings.
Our results show that the resulting feature-invariant embeddings achieve better un-
supervised performance than the original model embeddings.

Finally, we experiment with incorporating external sense knowledge into the em-
beddings through fine-tuning. We particularly focus on how topological properties
— such as isotropy, uniformity, and sense-alignment — relate to task performance.
Furthermore, we compare different fine-tuning methods to examine how they affect
embedding space topology. Our results show that isotropy is a critical property
alongside sense-alignment for creating successful sense-enhanced embeddings. We
further show that different fine-tuning methods achieve different balances among
topological properties, leading to differences in task performance.

Collectively, our findings reveal that what makes contextualized word embed-
dings effective for unsupervised lexical ambiguity resolution is more nuanced than



whether they encode sufficient information. Their effectiveness also depends on
whether irrelevant information introduces noise and on how information is organized
in the embedding space. Critically, the identified limitations of the embeddings can
be addressed post-pretraining through the methods we propose, without the com-
putational cost of training models from scratch. Overall, this thesis advances our
understanding of contextualized word embeddings, particularly regarding the prop-
erties that determine their effectiveness in unsupervised tasks. It further contributes
methods that address the identified limitations of these embeddings to improve un-
supervised performance.
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Zusammenfassung

Die uniiberwachte Auflosung lexikalischer Mehrdeutigkeit stellt in der Comput-
erlinguistik eine wichtige Herausforderung in der Computerlinguistik dar. Obwohl
iiberwachte Ansitze hohe Leistungen erzielen konnen, sind sie auf Bedeutungsin-
ventare und annotierte Daten angewiesen, die nur sparlich vorhanden und un-
vollstandig sind, was ihre Fahigkeit einschrankt, die volle Komplexitat von Wortbe-
deutungen im realen Sprachgebrauch zu erfassen. Uniiberwachte Ansétze haben das
Potenzial, diese Einschrankungen zu tiberwinden, indem sie Systeme ermoglichen,
die sich automatisch an neue Domanen, Sprachen und neu entstehende Bedeutungen
anpassen.

Uniiberwachte Ansatze stiitzen sich auf die Distributionshypothese und grup-
pieren Wortinstanzen anhand kontextueller Ahnlichkeit in Bedeutungsklassen. Aus
diesem Grund sind kontextualisierte Worteinbettungen vortrainierter Transformer-
Sprachmodelle besonders vielversprechende Reprasentationen. Trotz ihrer Erfolge
in tiberwachten Umgebungen bleibt die uniiberwachte Leistung mit diesen Einbet-
tungen jedoch begrenzt. Da uniiberwachte Ansétze primér auf den Einbettun-
gen beruhen, ohne externe Ressourcen oder Annotationen zu verwenden, sind das
Verstandnis der Eigenschaften dieser Einbettungen und die Uberwindung ihrer Ein-
schrankungen wesentlich fiir die Weiterentwicklung der uniiberwachten Auflosung
lexikalischer Mehrdeutigkeit.

In dieser Dissertation begegnen wir dieser Herausforderung sowohl aus theo-
retischer als auch aus praktischer Perspektive. Wir untersuchen, wie kontextual-
isierte Worteinbettungen Bedeutungsinformationen kodieren und organisieren, und
entwickeln auf Grundlage dieser theoretischen Erkenntnisse Methoden zur
Verbesserung ihrer Wirksamkeit fiir die uniiberwachte Auflésung lexikalischer
Mehrdeutigkeit. Zunachst untersuchen wir, ob kontextualisierte Worteinbettun-
gen ausreichend Informationen kodieren, um komplexe lexikalische Mehrdeutigkeit-
sphéanomene in iiberwachten Umgebungen aufzulosen. Zu diesem Zweck konzentri-
eren wir uns auf die Erkennung von Kopradikation mit inharent polysemen Nomen.
Wir zeigen, dass diese Einbettungen tatsidchlich ausreichend Informationen fiir diese
Aufgabe kodieren und dass diese Informationen in Zero-Shot-Szenarien von einer
Sprache zur anderen iibertragbar sind. Dariiber hinaus zeigen wir, dass diese Auf-
gabe selbst fiir menschliche Experten anspruchsvoll ist, was die Leistung comput-
ergestiitzter Modelle in einen geeigneten Kontext setzt.

Anschlieflend diagnostizieren wir eine wesentliche Ursache fiir die begrenzte Leis-
tungsfahigkeit untiberwachter Methoden. Wir identifizieren systematisch, welche
kontextuellen Merkmale die Einbettungsahnlichkeit zwischen Wortinstanzen bes-
timmen. Unsere Ergebnisse zeigen, dass bedeutungsirrelevante Merkmale — wie
morphologische und syntaktische Eigenschaften von Woértern — einen starkeren Ein-
fluss auf die Einbettungsdhnlichkeit haben als bedeutungsrelevante Merkmale, was
zu einer schlechten uniiberwachten Leistung fiihrt. Wir begegnen diesem Problem
durch die Entwicklung eines adversarialen Vergessensframeworks, um morphologis-
che und syntaktische Merkmale aus kontextualisierten Worteinbettungen zu entfer-
nen. Unsere Ergebnisse zeigen, dass die resultierenden merkmalsinvarianten Ein-
bettungen eine bessere uniiberwachte Leistung erzielen als die urspriinglichen Mod-
elleinbettungen.
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Abschlielend untersuchen wir die Integration externen Bedeutungswissens in die
Einbettungen durch Feinabstimmung. Wir konzentrieren uns dabei insbesondere
darauf, wie topologische Eigenschaften — wie Isotropie, Uniformitdt und Bedeu-
tungsalignierung — mit der Aufgabenleistung zusammenhéangen. Dariiber hinaus
vergleichen wir verschiedene Feinabstimmungsmethoden, um zu untersuchen, wie sie
die Topologie des Einbettungsraums beeinflussen. Unsere Ergebnisse zeigen, dass
Isotropie neben der Bedeutungsalignierung eine entscheidende Eigenschaft fiir die er-
folgreiche Verbesserung von Einbettungen hinsichtlich lexikalischer Bedeutungen ist.
Wir zeigen ferner, dass verschiedene Feinabstimmungsmethoden unterschiedliche
Gleichgewichte zwischen topologischen FEigenschaften erreichen, was zu Leistung-
sunterschieden fiihrt.

Insgesamt zeigen unsere Befunde, dass das, was kontextualisierte Worteinbettun-
gen fiir die untiberwachte Auflosung lexikalischer Mehrdeutigkeit wirksam macht,
vielschichtiger ist als die Frage, ob sie ausreichend Informationen kodieren. Thre
Wirksamkeit hangt auch davon ab, ob irrelevante Informationen Rauschen einfiihren
und wie die Informationen im Einbettungsraum organisiert sind. Entscheidend ist,
dass die identifizierten Einschrankungen der Einbettungen nach dem Vortraining
durch die von uns vorgeschlagenen Methoden behoben werden konnen, ohne den
Rechenaufwand des Trainings von Grund auf. Insgesamt erweitert diese Dissertation
unser Verstandnis kontextualisierter Worteinbettungen, insbesondere hinsichtlich
der Eigenschaften, die ihre Wirksamkeit fiir uniiberwachte Aufgaben bestimmen.
Dariiber hinaus leistet sie einen methodischen Beitrag zur Behebung der identi-
fizierten Einschrankungen dieser Einbettungen, um die uniiberwachte Leistung zu
verbessern.
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Chapter 1

Introduction

1.1 Motivation

Lexical ambiguity occurs when a single word form has multiple possible senses
(Cruse, 1986). This phenomenon is widespread in natural language: most words
have more than one sense, and the number of senses tends to increase with word fre-
quency (Zipf, 1945). For instance, the noun ‘bank’ can denote a financial institution
(1-a) or riverbank (1-b); the noun ‘head’ can denote a body part (2-a), leadership
position (2-b), or top part of an object (2-c).

(1) bank:
a. | deposited money at the bank. SENSE: financial institution
b. I fished from the bank. SENSE: riwerbank
(2)  head:
a. I hit my head on the doorframe. SENSE: body part
b. I was appointed as head of the department. SENSE: leadership
c¢. The head of the hammer hit the floor. SENSE: top part

Linguistic context, the surrounding words or sentences, provides the primary signal
for resolving such ambiguities. This is closely linked to the distributional hypothesis
(Harris, 1954): words appearing in similar contexts tend to have similar meanings.
Consequently, a specific sense tends to co-occur with similar neighboring words
(Navigli, 2012). As a result, to distinguish different senses of the word ‘bank’ in
(1), we can use the surrounding words as cues. In (1-a), words like ‘deposited’ and
‘money’ signal the financial institution sense of ‘bank’, whereas in (1-b), the verb
‘fished’ signals the riverbank sense.

Accurately capturing sense distinctions is essential for successful Natural Lan-
guage Processing (NLP) systems for both language understanding and generation
tasks. Machine translation systems must determine whether ‘bank’ refers to a fi-
nancial institution or riverbank to select the appropriate translation. Similarly,
information extraction systems must distinguish whether ‘cell’ denotes a biological
cell, a prison cell, or a mobile phone to correctly classify entities. Given that context
provides the primary signal for distinguishing senses, successful NLP systems must
effectively leverage contextual information.

Indeed, in recent years, Pre-trained Transformer Language Models (PLMs) like
BERT (Devlin et al., 2019) and GPT (Radford et al., 2018) have become highly

1



Introduction — Motivation

successful and popular due to their ability to capture context efficiently and over
long ranges. These models produce contezrtualized word embeddings that vary with
surrounding text, capturing rich contextual information specific to each instance.
This makes them well-suited for capturing sense distinctions and resolving lexical
ambiguity. For instance, contextualized word embeddings for ‘bank’ differ between
the contexts in (1-a) and (1-b) because the word co-occurs with different words in
each context. In principle, this should enable these embeddings to represent different
senses distinctly.

However, in practice, these embeddings show inconsistent performance across
different settings for lexical ambiguity resolution. While supervised methods can
successfully leverage them (Vial et al., 2019; Blevins and Zettlemoyer, 2020; Nair
et al., 2020), unsupervised methods show limited performance (Mosolova et al.,
2025). In supervised methods, contextualized word embeddings serve as input fea-
tures to classifiers that are trained on sense-annotated data. These methods suc-
cessfully learn decision boundaries that separate different senses of words in the
embedding space. In contrast, unsupervised methods must discover sense distinc-
tions without annotated examples, typically by analyzing patterns of embedding
similarity — measuring how close embeddings are in the embedding space. These
methods typically assume that the embeddings of the same sense instances are closer
together in the embedding space than other sense instances, leading them to exhibit
higher embedding similarity.

The success of supervised methods demonstrates that contextualized word em-
beddings contain the necessary information for distinguishing senses. Yet the poor
performance with unsupervised methods reveals an interesting puzzle: if these em-
beddings successfully encode meaning in context, why do similarity-based methods
fail to exploit this information for ambiguity resolution? This gap challenges a
widespread assumption in NLP, which underlies many applications: that contex-
tualized word embeddings approximate word meaning in context, with embedding
similarity reflecting semantic similarity.

Several factors may explain this gap. First, contextualized word embeddings
encode not only sense-relevant information, such as surrounding content words,
but also sense-irrelevant linguistic and surface-level information, such as certain
morphological properties, casing, or position of the words (Dalvi et al., 2022; Sajjad
et al., 2022). As a result, higher embedding similarity might reflect shared sense-
irrelevant features rather than shared sense. Second, beyond what information is
encoded, how this information is organized in the embedding space can also affect
task performance. In previous studies, two topological properties — isotropy (Mu
and Viswanath, 2018) and uniformity (Wang and Isola, 2020) — have been linked to
the expressiveness of contextualized word embeddings (Gao et al., 2021; Rajaee and
Pilehvar, 2021; Zhang et al., 2022) and to performance on semantics-related tasks
(Bis et al., 2021; Gao et al., 2021; Liu et al., 2021a,b; Rajaee and Pilehvar, 2021;
Yan et al., 2021). Topological properties of the embeddings may also determine how
effectively sense-relevant information in the embeddings can be exploited.

These complexities raise several critical questions about the role of embedding
properties in unsupervised lexical ambiguity resolution: How well do these embed-
dings align with senses? Which contextual features determine embedding similarity
between word instances, and are they sense-relevant? Does the topology of the
embedding space limit how effectively sense-relevant information can be exploited?
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Addressing these questions has both theoretical and practical implications. The-
oretically, understanding how contextualized word embeddings represent and orga-
nize sense information can help us understand what determines their effectiveness
in lexical ambiguity resolution tasks. Practically, these insights are essential for
developing methods to overcome their limitations and better leverage their poten-
tial. This has direct implications for building robust NLP applications. Supervised
methods, despite their success, cannot scale to the full complexity of human lan-
guage. Extensive sense inventories exist for only a small number of languages and
specialized domains. Furthermore, sense inventories have inherent limitations: they
cover only a limited set of words, fail to capture all possible senses, and become
easily outdated as language evolves.! Successful unsupervised ambiguity resolution,
in contrast, could resolve ambiguity without relying on these resources, enabling sys-
tems to automatically adapt to new domains, languages, and senses as they emerge
in real-world language use.

Building on these motivations, this thesis explores these questions through five
published research papers. Together, they investigate how contextualized word em-
beddings encode and organize sense information, and, based on these insights, de-
velop methods to improve their effectiveness for unsupervised lexical ambiguity res-
olution. The rest of the Introduction chapter is organized as follows. Section 1.2
provides the theoretical background and related work. Section 1.3 formulates the
problem statement. Section 1.4 presents the research goals, questions and hypothe-
ses. Section 1.5 presents the summary of the research papers that comprise this
thesis. Section 1.6 defines the scope of the investigation. Finally, Section 1.7 pro-
vides a structural overview of this thesis.

1.2 Theoretical Background and Related Work

This section provides the theoretical background and related work relevant to this
thesis. It is organized into four parts. Section 1.2.1 provides an overview of lexical
ambiguity types relevant to this thesis and the linguistic properties that distinguish
them. Section 1.2.2 examines Pre-trained Transformer Language Models (PLMs)
in detail, covering their architecture, applications, and the properties of the con-
textualized word embeddings they produce. Section 1.2.3 provides an overview of
the computational approaches and resources relevant to lexical ambiguity resolu-
tion, including tasks, sense inventories, input representations, and supervised and
unsupervised approaches. Finally, Section 1.2.4 reviews how contextualized word
embeddings of PLMs represent senses and how they are used and improved for
lexical ambiguity resolution.

1.2.1 Lexical Ambiguity

Lexical ambiguity arises when a single word form is associated with more than one
meaning (Cruse, 1986). In this section, we provide an overview of lexical ambiguity
types relevant to this thesis and the linguistic properties that distinguish them.

!'New senses emerge frequently in language, e.g., ‘cloud’ in computing, ‘viral’ as social media
success.
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1.2.1.1 Homonymy and Polysemy

Lexical ambiguity can occur differently in language, with the clearest distinction
being between homonymy and polysemy. This distinction is motivated by the de-
gree of semantic relatedness between senses (Klepousniotou, 2002; Klepousniotou
and Baum, 2007; Klepousniotou et al., 2008, 2012). Homonymy occurs when the
senses of a word are semantically unrelated, while polysemy occurs when senses
share semantic connections. The examples with ‘bank’ and ‘head’ in (1) and (2)
illustrate this contrast. The financial institution and riverbank senses of ‘bank’ are
not semantically related to each other; in contrast, different senses of ‘head’ can be
seen as extensions from a single core meaning.

However, a single word form can exhibit both homonymous and polysemous
relations across different sense pairs. For instance, while the two senses of ‘bank’
shown in (3) are homonymous (financial institution vs. riverbank), the financial
institution sense itself can exhibit polysemous relations to other senses, as shown
in (4). The location and organization senses in (4) are semantically related to the
financial institution sense of ‘bank’.

(3)  bank (homonymy):

a. I deposited money at the bank. SENSE: financial institution

b. I fished from the bank. SENSE: riwverbank
(4) bankﬁnancial institution (pOIysemY):

a. The bank in the center is closed for renovation. SENSE: location

b. The bank approved my loan application. SENSE: organization

Homonymy and polysemy can be further divided into subtypes. Homonymy can
also occur across part-of-speech categories, as illustrated in (5).

(5)  duck:
a. The duck swam across the pond. PART-OF-SPEECH: noun
SENSE: waterfowl
b. Please duck your head. PART-OF-SPEECH: werb

SENSE: to lower

This thesis does not investigate this type of homonymy, as these cases can be readily
resolved using syntactic and morphological cues rather than semantic ones. For in-
stance, the syntactic context in (5-a) and (5-b) directly determines the part-of-speech
of ‘duck’ and in turn its sense, making semantic cues unnecessary for ambiguity res-
olution.

1.2.1.2 Subtypes of Polysemy

Polysemy can be further divided into subtypes that exhibit more complex patterns.
The primary distinction among polysemy subtypes is between regular (or systematic)
and irreqular (or non-systematic) polysemy (Apresjan, 1974). Regular polysemy
follows systematic patterns of meaning shift that apply to multiple lexical items in
a language (Apresjan, 1974) and often extends cross-lingually (Do6lling, 2020).

For instance, the ANIMAL-MEAT pattern is one such pattern and has many in-
stances in English: ‘chicken’, ‘lamb’, ‘turkey’, and ‘fish’ can all refer to both the

4
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living animal and the meat derived from it. Furthermore, this pattern appears in
many languages (Ddlling, 2020). In contrast, irregular polysemy involves meaning
shifts specific to individual words, with no systematic relation between senses. For
instance, ‘wire’ can refer to both a metal strand and a listening device. These
two senses share meaning similarities, which makes them polysemous rather than
homonymous (Brocher et al., 2016). However, this meaning relation is specific to
this word and does not extend systematically to other lexical items.

The literature identifies numerous underlying patterns of regular polysemy (see
Dolling, 2020, for an overview), including:

e CONTAINER-FOR-CONTENTS (container vs. content): bottle, glass, pot
e ANIMAL-MEAT (animal vs. food): chicken, lamb, turkey

e PLANT-FRUIT (tree vs. fruit): apple, cherry, orange

1.2.1.3 Inherent Polysemy and Copredication

A particularly important subtype of regular polysemy is inherent (or logical) poly-
semy (Pustejovsky, 1998; Asher, 2011; Pustejovsky and Jezek, 2012), where nouns
systematically have multiple, complementary senses as part of their core mean-
ing (Délling, 2020). Senses of inherently polysemous nouns are also referred to as
meaning facets (Chen et al., 2022, 2025a). The defining characteristic distinguishing
inherent polysemy from other types of regular polysemy is that no single sense (or
meaning facet) can be identified as prior or derivative and all senses are equally
fundamental to the meaning of the word (Délling, 2020).

For instance, ‘book’ has two meaning facets simultaneously: an INFORMATION
facet, referring to the information content (as in “I understood the book.”), and a
PHYSICAL_OBJECT facet, referring to the artifact that contains the information (as
in “I lifted the book.”), with neither facet being more fundamental than the other
for the word’s meaning. Moreover, both facets together constitute the meaning of
the word. This is in contrast to other types of regular polysemy, where one sense
historically derives from another. For instance, the antmal sense of ‘chicken’ can be
considered prior to the meat sense (Dolling, 2020).

Since inherent polysemy is a subtype of regular polysemy, it also exhibits sys-
tematic cross-lingual patterns. Each pattern includes multiple nouns, and these
patterns often extend cross-lingually (Pustejovsky and Jezek, 2012). The following
examples illustrate some of these patterns:

e PHYSICAL_OBJECT®INFORMATION: book, newspaper, journal, report
e EVENTeFOOD: lunch, dinner, breakfast, brunch

e ORGANIZATION®LOCATION: university, school, hospital, bank

Predicate Relations and Copredication. Each facet of an inherently polyse-
mous noun corresponds to a distinct semantic type (e.g., INFORMATION, PHYSI-
CAL_OBJECT, EVENT, LOCATION). It is widely adopted in the literature to refer to
these nouns using dot notation, combining both semantic types. Therefore, they are
also referred to as dot objects, dot types or complex type nouns (Pustejovsky, 1995,

5
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1998; Pustejovsky and Jezek, 2012). For instance, ‘book’ has two semantic types
corresponding to each of its facets: PHYSICAL_OBJECT and INFORMATION, and it
is a PHYSICAL_OBJECT®INFORMATION complex type noun. In contrast, nouns that
do not exhibit such polysemy are referred to as simple type nouns, possessing only
one meaning facet that corresponds to one semantic type. For instance, ‘rumor’ is
only INFORMATION type, while ‘rock’ is only PHYSICAL_OBJECT type.

Predicates require arguments with certain semantic types, as defined by their
argument structure (Pustejovsky, 1995). Because inherently polysemous nouns have
more than one semantic type, they interact with predicates differently than simple
type nouns. Predications involving simple type nouns primarily involve direct type
matching (Pustejovsky and Jezek, 2012).? The predicates in (6) and (7) require
arguments with specific semantic types: ‘understand’ requires an INFORMATION,
while ‘lift’ requires a PHYSICAL_OBJECT type argument. When these predicates
are combined with different semantic type arguments, the result is a semantically
anomalous sentence.

(6)  rumor (INFORMATION):

a. I wunderstood the rumor.
b. #I lifted the rumor.

(7)  rock (PHYSICAL_OBJECT):

a. #1 understood the rock.
b. I lifted the rock.

In contrast, inherently polysemous nouns like ‘book’, which has multiple semantic
types simultaneously, can satisfy the selectional requirements of predicates requiring
either facet. For instance, ‘book’ can be combined with a predicate that requires an
INFORMATION type argument, as in (8-a), or that requires a PHYSICAL_OBJECT type
argument, as in (8-b), without causing semantic anomaly. Furthermore, these nouns
can also combine with predicates that simultaneously select both of their facets,
and this can happen with a single predicate that requires the complex type itself
as an argument (Pustejovsky, 1998). For instance, predicates like ‘read’ require the
complex type PHYSICAL_OBJECT®INFORMATION as an argument because reading
involves both the physical object and processing its informational content, as in
(8-¢).

(8)  book (PHYSICAL_OBJECT®INFORMATION):

a. I understood the book. FACET: INFORMATION
b. I lifted the book. FACET: PHYSICAL_OBJECT
c. I read the book on marine biology.

FACET: PHYSICAL_OBJECT®INFORMATION

More interestingly, this simultaneous selection can occur through multiple predi-
cates that require different semantic type arguments. This phenomenon is known as
copredication (Pustejovsky, 1995, 1998; Asher, 2011; Pustejovsky and Jezek, 2012).
For instance, in (9-a), both facets of the inherently polysemous noun (‘book’) are

20ne exception to this is coercion (Pustejovsky and Jezek, 2012), where a predicate forces a
type shift in its argument. For instance, in “finish the soup”, the verb ‘finish’ (which requires
an EVENT argument) coerces ‘soup’ from PHYSICAL_OBJECT type to an EVENT interpretation (the
event of eating or cooking the soup is finished).
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selected by different predicates in the same context: ‘understand’ selects INFORMA-
TION, while ‘lift’ selects PHYSICAL_OBJECT. Applying similar coordination to simple
type nouns results in semantic anomaly, as shown in (9-b). Similarly, with other
types of regular polysemy, the same coordination typically produces a zeugmatic
reading (Cruse, 1986; Doélling, 2020), as shown in (9-c).

(9) a. Inherent Polysemy:
I understood and lifted the book.
b. Simple Type Noun:
#1 understood and lifted the rock.
c. Regular Polysemy:
#John lifted and drank the cup.

Example (9-b) is semantically anomalous because ‘rock’ lacks an INFORMATION
facet. Example (9-c) is zeugmatic because the CONTAINER and CONTENT senses of
‘cup’ cannot be simultaneously active. This ability to license copredication is what
distinguishes inherent polysemy from other subtypes of polysemy (Délling, 2020).

1.2.2 Pre-Trained Transformer Language Models

PLMs have achieved remarkable success across diverse Natural Language Process-
ing (NLP) tasks, leading to widespread adoption in both research and applications.
This section explores these models in detail, covering their architecture, applica-
tions, and the properties of the contextualized word embeddings they produce. Sec-
tion 1.2.2.1 covers their underlying architecture. Section 1.2.2.2 details encoder-
based models. Section 1.2.2.3 discusses how pre-trained encoder language models
are used for specific tasks, and Section 1.2.2.4 discusses approaches for improving
these models. Finally, Section 1.2.2.5 takes a closer look at the contextualized word
embeddings they produce, reviewing the literature that focuses on what information
they encode and how the information is organized in the embedding space.

1.2.2.1 Transformer Architecture

The transformer architecture (Vaswani et al., 2017) became the foundation for mod-
ern contextualized language models. The key innovation of this architecture is the
self-attention mechanism. Self-attention allows the model to attend to other tokens
in the sequence during the prediction of a token. This allows the model to encode
rich contextual information both locally and globally and enables more effective par-
allel processing and modeling of long-range dependencies. These advantages have
contributed to the superior performance of transformer language models over earlier
contextualized models such as ELMo (Peters et al., 2018), which relied on the LSTM
architecture (Hochreiter and Schmidhuber, 1997).

PLMs can be broadly categorized into two main architectural variants. Encoder
models are typically designed to build rich contextual representations of language.
The most widely used encoder models belong to the BERT family, including BERT
(Devlin et al., 2019), RoBERTa (Liu et al., 2019b), and ALBERT (Lan et al., 2019).
They employ bidirectional self-attention that allows the model to attend to both
preceding and following context. These models are pre-trained with a masked lan-
guage modeling objective, as illustrated in (10-a), where they predict masked tokens

7
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using context from both directions. This pre-training creates powerful contextual
representations that support a wide range of downstream language understanding
tasks such as sentiment analysis, named entity recognition, and Word Sense Disam-
biguation (WSD).

Decoder models are typically designed for language generation. The most widely
used decoder models belong to the GPT family, including GPT-1 (Radford et al.,
2018), GPT-2 (Radford et al., 2019) and GPT-3 (Brown et al., 2020). They employ
unidirectional (causal) self-attention that allows each token to attend only to pre-
ceding tokens in the sequence, preventing access to future context. These models
are pre-trained with a causal language modeling objective, as illustrated in (10-b),
where the model predicts the next token based solely on the preceding context. This
architecture makes decoders particularly effective for language generation tasks such
as paraphrasing, story generation, and text summarization.

(10) a. Masked Language Modeling (Bidirectional):
I ate an [MASK] after lunch.
b. Causal Language Modeling (Unidirectional):
I ate an

1.2.2.2 Pre-Trained Encoder Language Models: BERT and Its Variants

Architecture. BERT consists of multiple transformer layers, each containing a
multi-head self-attention mechanism and a feed-forward network. BERT is available
in two configurations: BERT-base (12 layers, 768 hidden size, 12 attention heads,
110M parameters) and BERT-large (24 layers, 1024 hidden size, 16 attention heads,
340M parameters).

Training. BERT is pre-trained on two objectives. The first objective is masked
language modeling, where 15% of tokens are masked and predicted from bidirectional
context. The second objective is next sentence prediction, where the model predicts
whether two sentences are consecutive in the data. This helps the model learn

sentence-level relations. The model is pre-trained on large text corpora: BookCorpus
(800M words) (Zhu et al., 2015) and English Wikipedia (2500M words).

Variants. BERT’s success led to numerous variants and extensions. Monolingual
variants include RoBERTa and ALBERT for English, which improve on the original
BERT model, and language-specific models such as those for Italian (Staatsbiblio-
thek and Schweter, 2025) and German (Chan et al., 2020, GBERT). Finally, multi-
lingual variants are trained on multilingual corpora, creating shared representations
across multiple languages, such as mBERT (Devlin et al., 2019) and XLM-RoBERTa
(Conneau et al., 2020).

1.2.2.3 Use of Pre-trained Encoder Language Models

Pre-trained encoder models can be used for specific tasks through several approaches,
including fine-tuning, feature extraction, and cross-lingual transfer:

Fine-tuning. The most widely used approach with encoder models is fine-tuning,
where the PLM undergoes additional training on a specific task. Task-specific output

8
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layers are added on top of the model and the model parameters are updated to adapt
to the target task. Fine-tuning allows leveraging the knowledge gained during pre-
training and adapts it to the target task. The most common fine-tuning strategy is
Supervised Predictive Learning (SPL), where the model is fine-tuned by minimizing
the Cross-Entropy loss to predict class labels.

Feature Extraction. PLMs can serve as feature extractors, generating contex-
tualized word embeddings to be used by downstream models. In this approach,
embeddings can be extracted from different layers of the PLM, e.g., the final layer,
a specific intermediate layer, or averaged across multiple layers. These embeddings
then serve as input to task-specific models or algorithms, such as classifiers or clus-
tering algorithms. The key difference from fine-tuning is that model parameters
remain frozen during feature extraction, rather than being updated to adapt to the
task.

Cross-Lingual Transfer with Multilingual Models. Multilingual PLMs en-
able cross-lingual transfer, where a model trained on one language (source language)
can be applied to other languages (target language) with minimal or no additional
training. This is typically achieved either by fine-tuning the multilingual model on
a downstream task, or by training task-specific models using the multilingual em-
beddings as input (using the multilingual PLM as a feature extractor). This can be
done in a few-shot setting, where a small amount of target language data is used for
training, or a zero-shot setting, where no target language data is used at all. Pre-
vious studies have shown that multilingual models successfully perform zero-shot
cross-lingual transfer across tasks such as named entity recognition, part-of-speech
tagging, and question answering (Pires et al., 2019; Conneau et al., 2020; Wu and
Dredze, 2020; Aghazadeh et al., 2022), performing well on multilingual benchmarks
such as XTREME (Hu et al., 2020) and XGLUE (Liang et al., 2020). While mono-
lingual models can achieve high single-language performance, cross-lingual transfer
with multilingual PLMs is useful in low-resource settings.

1.2.2.4 Improving Pre-trained Encoder Language Models

PLMs can be improved through various approaches to adapt them to specific do-
mains or tasks, or to improve their overall performance. Key approaches adopted
in this thesis include:

Knowledge Enhancement. Knowledge enhancement methods incorporate struc-
tured knowledge into model representations to improve performance on tasks that
can benefit from external knowledge that may not be gained from standard language
modeling objectives alone, such as sense knowledge. This can be achieved during the
pre-training phase of the model or also by fine-tuning (for a comprehensive overview,
see Hu et al., 2023).

Invariant Representation Learning. Invariant representation learning aims to
create representations that are invariant to certain features learned from the data
— such as nuisances, biases, or task-irrelevant properties — while preserving task-
relevant information. Creating representations invariant to such information aims
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Figure 1.1: Adversarial forgetting approach. The forget-gate (F'G) is trained as
part of an adversarial model alongside a discriminator (D) and predictor (P). The
forget-gate masks the encoder’s embeddings to remove the unwanted features and
is trained by minimizing the predictor’s loss while maximizing the discriminator’s
loss.

to increase model performance and robustness. Examples include creating repre-
sentations invariant to facial expressions in face recognition (Bronstein et al., 2003)
or creating domain-invariant representations in NLP (Louizos et al., 2017; Jaiswal
et al., 2018; Peng and Zhang, 2020; Xin et al., 2022).

One method used for this purpose is adversarial forgetting (Jaiswal et al., 2020).
A forget-gate is trained to mask the embeddings of an encoder to remove unwanted
features. The forget-gate is trained as part of an adversarial model with two ad-
ditional components, a discriminator and a predictor, as illustrated in Figure 1.1.
The encoder’s embeddings are passed to the forget-gate to be masked. Then, these
masked embeddings are passed to the discriminator and predictor. The discrim-
inator is trained to predict the unwanted features from the masked embeddings,
while the predictor is trained to perform the main task, ensuring that task-relevant
information is retained in the masked embeddings. The forget-gate is trained by
minimizing the predictor’s loss while maximizing the discriminator’s loss. As a re-
sult, the output of the trained forget-gate is masked embeddings that are invariant
to unwanted features.

Contrastive Learning. Contrastive Learning (CL) is a representation learning
approach that aims to structure the embedding space to position related instances
(positives) closer together and unrelated instances (negatives) further apart. CL
has been used with PLMs for improving their embeddings (Gao et al., 2021; Liu
et al., 2021a,b; Yan et al., 2021), task adaptation (Gunel et al., 2020) and knowledge
enhancement (Mosolova et al., 2024). Both supervised and unsupervised approaches
can be adopted for CL.

Unsupervised Contrastive Learning (UCL) requires no labeled data, and positive
and negative pairs are determined without annotation. One example approach is
random span masking (Liu et al., 2021a,b). In this approach, multiple augmented
versions of each sentence are created by randomly masking its tokens. These aug-
mented versions are treated as positives for the original sentence, referred to as the
anchor, while all other instances in the dataset are treated as negatives. An exam-
ple is shown in (11). The goal is to structure the embedding space such that each
anchor is closer to its augmented versions (positives) than to any other instance
(negatives).

(11)  Unsupervised Contrastive Learning:

eAnchor: “The bank approved my loan.”

10
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ePositives (with data augmentation via random span masking):
“IMASK] bank approved my loan.”, “The bank approved [MASK]
loan.”, ...

eNegatives: All other instances

Supervised Contrastive Learning (SCL) uses label information to define positives
and negatives of an anchor, where instances sharing the same class label are treated
as positives and instances with different labels as negatives (Khosla et al., 2020).
For instance, in a lexical ambiguity task, positives could be instances of the same
sense and negatives could be instances of different senses, as shown in (12). The
goal is to structure the embedding space such that instances of the same class are
closer together and instances of different class are further apart.

(12) Supervised Contrastive Learning:
eAnchor (Sense: bank;): “The bank approved my loan.”

ePositives (same sense instances (bank,)):
“I deposited money at the bank.”, “My bank account is blocked.”

eNegatives (different sense instances (banks)):
“The bank was muddy.”, “We fished at the river bank.”, ...

1.2.2.5 Understanding Contextualized Word Embeddings

Understanding contextualized word embeddings produced by PLMs requires exam-
ining both what information they encode and how that information is organized in
the embedding space, as both aspects are central to their effectiveness in downstream
tasks.

What Information Do Contextualized Word Embeddings Encode? In-
terpretability studies aim to understand the inner workings of models. This area
has become increasingly important with the emergence of PLMs, as these models
function as black boxes whose internal computations are neither transparent nor in-
terpretable. One central focus of interpretability studies is understanding what types
of linguistic information PLM embeddings capture as a result of their pre-training.

Most studies approach this question by focusing on specific linguistic proper-
ties, such as syntactic, semantic, or morphological information (Tenney et al., 2019;
Yaghoobzadeh et al., 2019; Zhao et al., 2020; Chersoni et al., 2021). A common
method for these investigations is probing, which involves training (mostly linear)
classifiers on frozen model embeddings to predict specific linguistic properties (Be-
linkov et al., 2017; Conneau et al., 2018). The performance of these classifier sug-
gests whether the targeted information is encoded in the embeddings. For instance,
to investigate whether embeddings encode part-of-speech information, a probing
classifier is trained to predict part-of-speech categories of the words from their em-
beddings. High classification accuracy indicates that this information is encoded in
the embeddings.

Beyond probing for specific linguistic properties, other studies have adopted
more general approaches to uncover the information encoded in these embeddings.
Clustering-based methods, for instance, analyze the overall structure of the em-
bedding space without targeting predefined linguistic categories (Dalvi et al., 2022;
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Figure 1.2: Examples of BERT embedding clusters: a cluster of superlative adjec-
tives (left) and an uninterpretable cluster (right). Figures from Dalvi et al. (2022)
(left: Figure 2b, p. 5; right: Figure 5d, p. 8).

Sajjad et al., 2022). These studies apply clustering algorithms to contextualized
word embeddings and examine what concepts the resulting clusters correspond to,
revealing what information is encoded in the embeddings. Previous studies have
shown that contextualized word embeddings simultaneously encode multiple types
of information, including syntactic, semantic, and morphological information (Dalvi
et al., 2022; Sajjad et al., 2022). However, these approaches also reveal that em-
bedding clusters do not always correspond to traditional linguistic categories (Dalvi
et al., 2022). For instance, Dalvi et al. (2022) have shown that while some clusters
of BERT embeddings align with traditional linguistic categories such as morpho-
logical properties (superlative adjectives), others are uninterpretable, as shown in
Figure 1.2.

Furthermore, the information encoded in contextualized word embeddings varies
across model layers. Tokens are first represented as static, uncontextualized input
embeddings, which do not yet incorporate any contextual information. As tokens
pass through transformer layers contextualization occurs: the embeddings become
more context-specific (Ethayarajh, 2019; Sevastjanova et al., 2021) and information
from surrounding context is progressively incorporated into the input embeddings.
This effect has been measured using embedding similarity in previous studies (Etha-
varajh, 2019; Sevastjanova et al., 2021), showing that the embeddings of the same
word instances become more dissimilar across layers as contextualization increases.
Furthermore, previous studies have shown that different types of information dom-
inate different layers of the PLMs. There is a gradual linguistic progression from
morphological and syntactic information in earlier layers, to more high-level seman-
tic information in later layers (Tenney et al., 2019). Overall, higher layers are more
specialized in semantics-related tasks (Liu et al., 2019a; Tenney et al., 2019; Zhao
et al., 2020).

How is the Information Organized in the Embedding Space? Beyond the
type of linguistic information encoded in the embeddings, the topology of the em-
bedding space can also affect the performance on semantics-related tasks (Bi$ et al.,
2021; Gao et al., 2021; Liu et al., 2021a,b; Rajaee and Pilehvar, 2021; Yan et al.,
2021). In particular, isotropy (Mu and Viswanath, 2018) and uniformity (Wang and
Isola, 2020) have been identified as key properties that affect embedding expressive-
ness: their ability to capture and distinguish nuanced relations from the data (Gao
et al., 2021; Rajaee and Pilehvar, 2021; Zhang et al., 2022).

Isotropy refers to the distribution of the embeddings across the directions of the
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Figure 1.3: BERT embeddings before (left) and after (right) post-processing for
isotropy improvement. After post-processing, embeddings are more evenly dis-
tributed across directions. Figure from Rajaece and Pilehvar (2021) (Figures 5d
and be, p. 584.)

embedding space. More isotropic embeddings are more evenly distributed across all
directions, whereas less isotropic embeddings are concentrated in certain directions,
with some directions dominating over others. Uniformity refers to the density of
the distribution of the embeddings in the embedding space, capturing whether they
are concentrated in certain areas or spread evenly.

Contextualized word embeddings have inherently limited expressiveness, as they
are not evenly distributed across all directions but instead concentrated within a
narrow cone in the embedding space (Gao et al., 2019), a phenomenon correspond-
ing to low isotropy. As a result, even the embeddings of random words often exhibit
high similarity (Ethayarajh, 2019). Importantly, improving the isotropy and uni-
formity of the embeddings of PLMs has been shown to result in better semantic
task performance (Bi$ et al., 2021; Gao et al., 2021; Liu et al., 2021a,b; Rajace and
Pilehvar, 2021; Yan et al., 2021).

Multiple approaches have been shown to improve isotropy, including post-processing
methods (Bihani and Rayz, 2021; Bi$ et al., 2021; Rajaee and Pilehvar, 2021) and
fine-tuning with CL (Gao et al., 2021; Liu et al., 2021a,b; Yan et al., 2021). Similarly,
CL has also been shown to improve uniformity (Wang and Isola, 2020; Gao et al.,
2021), leading to improved semantic task performance (Gao et al., 2021). The effect
of post-processing the BERT embeddings for isotropy improvement is illustrated in
Figure 1.3. The resulting embeddings become more evenly distributed in terms of
directions. The choice of the fine-tuning method also critically affects the embed-
ding space topology. It has been shown that fine-tuning with SPL reduces isotropy,
degrading embedding expressiveness (Zhang et al., 2022). In contrast, fine-tuning
with SCL improves both isotropy and uniformity (Gao et al., 2021).

1.2.3 Computational Approaches to Lexical Ambiguity Res-
olution

The ambiguous nature of language poses challenges for NLP, as systems must de-
termine the intended sense of a word in context. This section provides an overview
of the computational approaches, tasks, and resources relevant to lexical ambiguity
resolution. Section 1.2.3.1 introduces the most widely used tasks for resolving lex-
ical ambiguity computationally. Section 1.2.3.2 discusses the sense inventories and
resources widely used for these tasks. Section 1.2.3.3 covers the word and context
representations used as input features for ambiguity resolution systems. Finally,
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Section 1.2.3.4 outlines the supervised and unsupervised approaches used to address
these tasks.

1.2.3.1 Lexical Ambiguity Resolution Tasks

WSD and Word Sense Induction (WSI) are two prominent tasks for resolving lexical
ambiguity computationally (Navigli, 2009, 2012). These tasks approach the problem
from different perspectives. WSD involves selecting the correct sense label for a word
instance in context from a predefined set of senses (Navigli, 2009), as illustrated in
(13). In contrast, WSI aims to automatically induce the senses of word instances
from context without relying on a pre-existing sense inventory by grouping same
sense instances (Navigli, 2012), as illustrated in (14).

(13)  Word Sense Disambiguation:
elnput:

—Sentence: “The bank approved my loan.”
—Sense List: {bank,, bank,, banks, ...}

eOQutput: bank;
(14)  Word Sense Induction:
elnput:

—Sentence;: “I deposited money at the bank.”
—Sentence,: “I sat by the river bank.”

—Sentences: “The bank offers savings accounts.”

eOutput: {sentence;, sentences}, {sentences}

Standard WSD benchmarks include SENSEVAL and SemEval evaluation datasets
(Edmonds and Cotton, 2001; Snyder and Palmer, 2004; Pradhan et al., 2007; Navigli
et al., 2013; Moro and Navigli, 2015; Raganato et al., 2017), which are combined to
form a unified benchmark in Raganato et al. (2017). For WSI, evaluation datasets
include dedicated SemEval shared tasks (Agirre and Soroa, 2007; Manandhar et al.,
2010; Jurgens and Klapaftis, 2013; Navigli and Vannella, 2013) and datasets derived
from SemCor (Miller et al., 1993), a corpus annotated with WordNet (Fellbaum,
1998) senses, as in Mosolova et al. (2025).

With the development of PLMs, new tasks and benchmarks have emerged to eval-
uate these models’ capabilities. One such benchmark is SuperGLUE (Wang et al.,
2019), which includes the Word-in-Context (WiC) task (Pilehvar and Camacho-
Collados, 2019) relevant to lexical ambiguity resolution. This task has become
widely adopted for evaluating systems that utilize PLMs. The task is formulated as
a binary classification problem. Given two instances of the same word, the task is to

determine whether the word has the same meaning in both contexts, as illustrated
in (15).

(15)  Word-in-Context (example from Pilehvar and Camacho-Collados, 2019):
elnput:

—Sentence;: “There’s a lot of trash on the bed of the river.”

—Sentence,: “I keep a glass of water next to my bed when I sleep.”
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Adjective | Adverb Noun Verb

adj.all adv.all noun.Tops noun.person verb.body

adj.pert noun.act noun.phenomenon | verb.change

adj.ppl noun.animal noun.plant verb.cognition
noun.artifact noun.possession verb.communication
noun.attribute noun.process verb.competition
noun.body noun.quantity verb.consumption
noun.cognition noun.relation verb.contact
noun.communication noun.shape verb.creation
noun.event noun.state verb.emotion
noun.feeling noun.substance verb.motion
noun.food noun.time verb.perception
noun.group verb.possession
noun.location verb.social
noun.motive verb.stative
noun.object verb.weather

Table 1.1: WordNet Supersenses.

eOutput: Fulse

In recent years, different variations of these tasks have been introduced through
the SemEval workshop series, such as multilingual and cross-lingual WiC (Martelli
et al., 2021) and visual WSD (Raganato et al., 2023).

1.2.3.2 Sense Inventories and Resources

WordNet (Fellbaum, 1998) has been the most widely used sense inventory for lexical
ambiguity research. WordNet is a large lexical database of English that organizes
nouns, verbs, adjectives, and adverbs into sets of cognitive synonyms (synsets),
each expressing a distinct concept. Different senses of words correspond to different
synsets. For instance, ‘bank’ has multiple synsets corresponding to its different
senses, and some of its synsets and their definitions are shown in (16).

(16)  WordNet synsets for ‘bank’:
ebank.n.01: sloping land (especially the slope beside a body of water)

edepository_financial_institution.n.01: a financial institution that ac-
cepts deposits and channels the money into lending activities

ebank.n.03: a long ridge or pile

ebank.n.09: an arrangement of similar objects in a row or in tiers

Synsets are linked to each other through lexical relations, forming a network. One
such relation is hypernymy/hyponymy, which organizes synsets into hierarchies based
on is-a relations. As (17) illustrates, the synset depository_financial_institution.n.01
(financial institution sense of ‘bank’) is a hyponym of financial_institution.n.01,
which is in turn a hyponym of institution.n.01, continuing up the hierarchy.

(17) WordNet hierarchy for depository_financial_institution.n.01:

eHierarchy: — financial_institution.n.01 — institution.n.01 — orga-
nization.n.01 — social_group.n.01 — group.n.01 — abstraction.n.06

15



Introduction — Theoretical Background and Related Work

— entity.n.01

eSupersense: noun.group

This hierarchy continues to more general concepts at the top level, where Word-
Net organizes synsets into broad semantic categories called supersenses. In the case
of financial institution sense of ‘bank’, the connected supersense is noun.group, as
shown in (17). The list of supersenses found in WordNet, with their definitions and
examples, can be seen in Table 1.1.

A resource related to WordNet is SemCor (Miller et al., 1993). SemCor is a
corpus of English text in which words have been annotated with their WordNet
senses and supersenses. SemCor consists of over 200,000 annotated word tokens
from the Brown Corpus. An example sentence from SemCor can be seen in (18).

(18) A bright sun and brisk wind had the track...
bright.a.01 sun.n.01 bracing.s.01 wind.n.01 get.v.03 path.n.04

Most WSD datasets use WordNet as their sense inventory (Edmonds and Cotton,
2001; Snyder and Palmer, 2004; Pradhan et al., 2007; Navigli et al., 2013; Moro and
Navigli, 2015; Raganato et al., 2017). Similarly, the WiC task uses WordNet as its
core resource. Finally, gold standards for some WSI tasks rely on WordNet sense
distinctions (Jurgens and Klapaftis, 2013; Mosolova et al., 2025). SemCor is widely
used as the primary training resource for supervised WSD systems (Agirre et al.,
2010; Zhong and Ng, 2010; Raganato et al., 2017; Vial et al., 2019; Blevins and
Zettlemoyer, 2020).

Resources for Inherent Polysemy and Copredication. There is a significant
lack of datasets focusing on inherent polysemy. While WordNet is a comprehensive
resource, it does not systematically provide sense distinctions for inherent polysemy.
For instance, WordNet treats the INFORMATION and PHYSICAL_OBJECT facets of
book as a single sense, as shown in (19).

(19)  book:
book.n.01: a written work or composition that has been published (printed
on pages bound together). E.g., “I am reading a good book on economics.”

Similarly, although copredication has received considerable attention in theoret-
ical linguistics, there is a significant lack of empirical studies and computational
resources for investigating this phenomenon.

Since inherent polysemy and copredication involve semantic argument types,
one approach is to utilize resources that provide this information. One extensive
resource for this purpose is Typed Predicate Argument Structures (T-PAS) (Jezek
et al., 2014), a resource of argument structures for Italian verbs. T-PAS provides
patterns of argument structures for verbs based on semantic types, along with corpus
examples for each pattern. For instance, (20) shows two T-PAS patterns for ‘finire’
(‘finish’), both requiring a HUMAN type subject and an EVENT type argument, with
the latter realized either as a direct object in (20-a) or as a ‘di’ infinitive clause in
(20-b).

(20)  finire (‘finish’):
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a. [[human]-subj] finire [[event]-obj]:
“Finisce 'allenamento.” (‘He finishes the training session.”)

b. [[human]-subj] finire [[event]-di INF [V]]:
“Non faccio in tempo a finire di bere la mia birra.” (‘I don’t have time
to finish drinking my beer.”)

Although T-PAS was not designed specifically for copredication, it can serve as a
valuable resource for this purpose, as it provides information about the semantic
types that each predicate selects in a given context.

1.2.3.3 Word and Context Representations for Lexical Ambiguity Res-
olution

The choice of input features for NLP systems is critical and has evolved significantly
over time. In the context of lexical ambiguity resolution, these features correspond
to representations of words and their surrounding context. This is motivated by the
distributional hypothesis (Harris, 1954). Instances of the same sense tend to co-
occur with similar words (Navigli, 2012), and contextual similarity reflects semantic
similarity (Miller and Charles, 1991). Therefore, successfully representing contextual
information is crucial for lexical ambiguity resolution.

Early computational approaches mostly relied on manually selected features to
capture the context of word instances, such as neighboring words, part-of-speech
tags of the neighboring words, syntactic relations in the sentence, and co-occurrence
statistics (Navigli, 2009). For instance, the meaning facets or senses of the PHYSI-
CAL_OBJECTeINFORMATION noun ‘book’ can be easily identified using the informa-
tion about the predicates in sentences: ‘understand’ in (21-a) signals the INFORMA-
TION facet, while ‘lift’ in (21-b) signals the PHYSICAL_OBJECT facet.

(21)  book (PHYSICAL_OBJECT®INFORMATION):

a. [ understood the book. FACET: INFORMATION
FEATURE: ‘understood’
b. I lifted the book. FACET: PHYSICAL_OBJECT

FEATURE: ‘lifted’

Similarly, for ‘bank’ (senses: financial institution or riverbank), the information
about the surrounding content words can easily resolve the ambiguity. Specifically,
the words ‘deposited’” and ‘money’ in (22-a) signal the financial institution sense,
whereas ‘fished’ in (22-b) signals the riverbank sense.

(22)  bank:
a. I deposited money at the bank. SENSE: financial institution
FEATURES: ‘deposited’, ‘money’
b. I fished from the bank. SENSE: riwerbank

FEATURES: ‘fished’

With the development of word embedding models such as Word2Vec (Mikolov
et al., 2013) and GloVe (Pennington et al., 2014), word meaning and semantic
relations between words could be learned automatically from large corpora and
words could be represented with distributional representations. This eliminated the
need for manually selected features for representing words in many applications.
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Figure 1.4: Comparison of static and contextualized word embeddings for the in-
stances of ‘bank’.

Even though the embeddings produced by these models are powerful features for
many NLP systems, they are not suitable for lexical ambiguity resolution because
these models assign a single fixed representation to each word type regardless of
context. They are therefore referred to as static word embeddings.

Contextualized word embeddings from PLMs address this limitation by generat-
ing distinct representations for each word instance based on its surrounding context.
As they encode rich contextual information, these embeddings are particularly well-
suited for lexical ambiguity resolution. For instance, ‘bank’ receives the same static
word embedding whether it appears in the financial institution sense, as in (22-a),
or the riverbank sense, as in (22-b). However, a PLM like BERT produces distinct
embeddings for each instance, potentially reflecting the different senses signaled by
their respective contexts. This comparison is illustrated in Figure 1.4.

In recent years, PLMs and their contextualized word embeddings have become
the dominant input features for lexical ambiguity resolution. How these models are
used for this purpose is discussed in detail in Section 1.2.4.

1.2.3.4 Supervised and Unsupervised Approaches

Computational approaches to lexical ambiguity resolution can be broadly catego-
rized into supervised and unsupervised methods, which differ fundamentally in their
reliance on labeled data for training. Supervised approaches utilize annotated data
with predefined sets of senses to train models, whereas unsupervised approaches dis-
cover sense distinctions in raw data without relying on annotation. A key limitation
of supervised approaches is their reliance on large amounts of sense-annotated data,
which is expensive and time-consuming to produce and not always readily avail-
able for all words, domains, or languages. This motivates the use of unsupervised
methods that can be applied to raw data alone.

In the context of lexical ambiguity resolution, supervised approaches typically
train classifiers to determine the correct sense label of a given word instance from a
predefined set of senses (Navigli, 2012). This can be accomplished through several
methods: fine-tuning PLMs, or training classifiers such as support vector machines
or neural networks. The performance of supervised systems is evaluated by compar-
ing classification results to gold standard annotations using metrics such as F-score
(e.g., Raganato et al., 2017).

Unsupervised approaches rely on the distributional hypothesis, grouping word
instances into sense groups based on their contextual similarity (Navigli, 2012).
Clustering is a widely used method for this purpose. The resulting clusters are then
evaluated against a gold standard using metrics such as adjusted rand index (e.g.,
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Figure 1.5: Different computational approaches for lexical ambiguity resolution:
supervised classification (left), unsupervised clustering (center), and KNN classifi-
cation (right).

Periti et al., 2024), purity (e.g., Periti et al., 2024), F-B? (e.g., Liétard et al., 2024),
and V-measure (e.g., Komninos and Manandhar, 2016). Alternatively, embedding
similarity can be used to determine whether two word instances share the same sense

by measuring the similarity between their embeddings (e.g., Pilehvar and Camacho-
Collados, 2019).

Some supervised methods, such as K-Nearest Neighbors (KNN), depend on the
same similarity assumption as unsupervised methods. Rather than learning ex-
plicit decision boundaries, KNN classifies instances based on embedding similarity
(Loureiro et al., 2021). The instances are classified based on the labels of their
k-closest neighbors. Figure 1.5 provides a comparative visualization of these three
approaches.

For WSD, both supervised and unsupervised methods can be used. WSI is
inherently unsupervised, as it aims to automatically induce sense distinctions di-
rectly from raw data. In practice, unsupervised WSD and WSI employ similar
methods, both primarily relying on contextual similarity to group word instances
into sense groups. For WiC, both unsupervised and supervised approaches can be
adopted: using similarity-based methods for unsupervised settings, or using classi-
fication methods for supervised settings (Pilehvar and Camacho-Collados, 2019).

1.2.4 Lexical Ambiguity Resolution with Contextualized Word
Embeddings

PLMs have become the foundation for lexical ambiguity resolution in recent years.
Systems that utilize these models show strong performance across different tasks
and surpass previous state-of-the-art approaches. This section reviews how contex-
tualized word embeddings of PLMs represent senses and how they are used and
improved for lexical ambiguity resolution. Section 1.2.4.1 examines how well these
embeddings naturally align with senses and how they represent different types of
lexical ambiguity. Section 1.2.4.2 covers task performance across different task and
approaches. Finally, Section 1.2.4.3 discusses related work focusing on improving
these embeddings for lexical ambiguity resolution with sense knowledge enhance-
ment.
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1.2.4.1 Alignment of Contextualized Word Embeddings with Senses

Studies have shown that contextualized word embeddings do not naturally align
with senses (Yenicelik et al., 2020). Yenicelik et al. (2020) have examined the align-
ment between BERT embedding space and WordNet supersenses through clustering,
revealing low alignment reflected in poor clustering results. Ethayarajh (2019) has
further shown that embeddings vary more due to contextual variation than due to
meaning variation. For instance, function words, despite not being polysemous,
exhibit great variation in their embeddings because they occur in a wider variety
of contexts. Garcia (2021) has demonstrated that contextual similarity can domi-
nate semantic similarity with contextualized word embeddings. When a word, its
synonym, and an unrelated word occur in the same sentential context, the word’s
embedding exhibits no greater similarity to the synonym than to the unrelated word.
Interestingly, Garcia (2021) has shown that static word embeddings are better at
capturing this type of semantic relation, as they are not influenced by sentential
context. Furthermore, previous studies have observed that embedding similarity is
influenced by other factors beyond semantics-relevant information, such as syntac-
tic properties (Yenicelik et al., 2020; Gessler and Schneider, 2021) and orthographic
form (Laicher et al., 2021).

Representation of Different Lexical Ambiguity Types. Several studies have
focused on how homonymy and polysemy are represented by PLMs. Studies have
shown that homonymy and polysemy exhibit different distributions of embedding
similarity (Nair et al., 2020; Haber and Poesio, 2021). Several studies have com-
pared human sense similarity judgements to BERT embedding similarity scores, with
contradictory results: some have found a degree of correlation (Haber and Poesio,
2020b,a; Nair et al., 2020; Haber and Poesio, 2021) while others have found none
(Haber and Poesio, 2020b,a).

Finally, Sevastjanova et al. (2021) have shown that the degree of contextual-
ization in BERT varies with lexical ambiguity type. As previously discussed, con-
textualization refers to the degree to which embeddings of the same word become
dissimilar across layers (see Section 1.2.2.5 for more details). Homonymous words
have less semantically related senses and therefore occur in more diverse contexts.
This diversity is reflected in their embeddings, making them more strongly affected
by contextualization. In contrast, polysemous words show varying degrees of contex-
tualization depending on their degree of polysemy. Highly polysemous words exhibit
stronger contextualization, whereas less polysemous words show lower contextual-
ization due to the high semantic relatedness between senses and their occurrence in
more similar contexts.

1.2.4.2 Task Performance

There are several ways to leverage PLMs for lexical ambiguity resolution tasks.
One approach is to fine-tune the model directly on the downstream task, which
has shown strong performance on WSD (Huang et al., 2019; Peters et al., 2019;
Blevins and Zettlemoyer, 2020) and WiC (Peters et al., 2019; Wang et al., 2019).
Alternatively, the models can be used as feature extractors, where contextualized
word embeddings serve as input features for task-specific models and algorithms.
As this thesis focuses on the properties of contextualized word embeddings, the
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remainder of this section reviews studies that use them as feature extractors without
any task-specific adaptation.

The feature extraction approach has been effective for supervised WSD (Vial
et al., 2019; Blevins and Zettlemoyer, 2020; Nair et al., 2020). For instance, even
training a linear classifier using BERT embeddings as input features already achieves
good results (Blevins and Zettlemoyer, 2020; Nair et al., 2020). KNN is another ex-
ample of the feature extraction approach for supervised WSD. Loureiro and Jorge
(2019) have shown that the performance of KNN with BERT embeddings surpasses
previous WSD systems. Similarly, Wiedemann et al. (2019) have shown that KNN
with BERT embeddings achieves strong performance; however, the method’s success
degrades with sparse data, as sense-irrelevant features may begin to determine em-
bedding similarity between instances. In unsupervised settings, performance drops
considerably; clustering BERT embeddings for WSI fails to surpass basic heuristic
baselines (Mosolova et al., 2025). However, more structured clustering approaches,
such as two-step methods that combine WSI with Concept Induction through local
and global clustering, have shown more promising results (Liétard et al., 2024). Fi-
nally, for WiC, both supervised and unsupervised approaches remain significantly
below human performance (Pilehvar and Camacho-Collados, 2019).

Performance Based on Lexical Ambiguity Type. Lexical ambiguity resolu-
tion performance with PLMs and their embeddings varies across different lexical
ambiguity types. Studies have shown that performance with homonymous senses
is higher than polysemous senses in both supervised (Nair et al., 2020) and unsu-
pervised settings (Haber and Poesio, 2021). Haber and Poesio (2021) have further
shown that within polysemy, task performance varies across polysemy pattern types,
with patterns such as FOOD®EVENT and CONTAINER-FOR-CONTENTS yielding dif-
ferent levels of performance.

1.2.4.3 Improving Contextualized Word Embeddings with Sense Knowl-
edge Enhancement

Several approaches have been proposed to improve PLMs embeddings for lexical
ambiguity resolution. This section focuses on sense knowledge enhancement, i.e.,
incorporating external sense knowledge into contextualized word embeddings, as
this is the most relevant line of work for this thesis. Some studies have incorporated
external sense knowledge during pre-training of the PLMs by modifying the pre-
training objectives to explicitly encode sense distinctions (Peters et al., 2019; Levine
et al., 2020). These approaches have shown improvements on WSD and WiC tasks
(Peters et al., 2019; Levine et al., 2020). Another approach that has been used
is to incorporate sense knowledge after pre-training through fine-tuning (Mosolova
et al., 2024) or post-processing methods (Bihani and Rayz, 2021). Mosolova et al.
(2024) have fine-tuned BERT with SCL for this purpose and reported improved
WiC performance. In addition, UCL has been shown to improve the embeddings
of PLMs for lexical ambiguity resolution tasks. Liu et al. (2021b) have fine-tuned
BERT and RoBERTa with UCL to create better word-in-context representations
and reported improved performance on WiC and WSD.
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1.3 Problem Statement

The previous section provided theoretical background and related work on lexical
ambiguity, Pre-trained Transformer Language Models (PLMs) and their embed-
dings, computational approaches to lexical ambiguity resolution, and lexical ambi-
guity resolution with contextualized word embeddings. Building on this foundation,
this section presents the problem statement, identifying three interconnected re-
search gaps that motivate this thesis. Section 1.3.1 discusses the relation between
context and lexical ambiguity resolution, specifically how certain contextual infor-
mation can harm unsupervised performance, and how performance with different
ambiguity types can vary depending on their relation to context. Section 1.3.2
builds on this discussion and motivates the development of a method for creating
contextualized word embeddings invariant to harmful contextual information, i.e.,
sense-irrelevant features. Finally, Section 1.3.3 discusses whether sense-enhanced
embeddings can be created through fine-tuning and the potential trade-offs involved
in terms of topological properties of the embeddings.

1.3.1 Effects of Context

Linguistic context is one of the primary signals for resolving lexical ambiguity, mak-
ing contextual representations essential for this task. Contextualized word embed-
dings of PLMs have become the dominant approach for lexical ambiguity resolution
tasks (Huang et al., 2019; Peters et al., 2019; Blevins and Zettlemoyer, 2020; Loureiro
et al., 2021). Unlike static word embeddings that assign a single representation per
word type, these embeddings generate distinct representations for each word instance
based on surrounding context, making them well-suited for capturing the contex-
tual differences required for ambiguity resolution. However, their performance in
unsupervised settings reveals limitations that require systematic investigation.

In supervised approaches, contextualized word embeddings serve as input fea-
tures to classifiers that learn to identify sense boundaries using contextual informa-
tion, guided by sense annotations. This approach has proven effective for lexical
ambiguity resolution (Vial et al., 2019; Blevins and Zettlemoyer, 2020; Nair et al.,
2020). Unsupervised approaches, by contrast, rely on a different assumption: that
embedding similarity reflects sense distinctions. These methods assume that in-
stances with the same sense will have similar embeddings while those with different
senses will have dissimilar embeddings, and that clustering or similarity metrics can
uncover these sense distinctions. However, this assumption is problematic: previous
studies have shown that embeddings do not naturally align with senses (Yenicelik
et al., 2020) and, indeed, unsupervised methods show limited performance (Mosolova
et al., 2025).

One potential explanation for this problem is that contextualized word embed-
dings encode not only sense-relevant information but also sense-irrelevant informa-
tion, and the latter may determine embedding similarity. This can be illustrated
with the following examples. In both (23-a) and (23-b), ‘bank’ denotes different
senses but has the same syntactic role (object). Even though the surrounding words
(‘withdraw’,‘money’ vs. ‘picnic’, ‘river’) clearly signal different senses, the similar-
ity between ‘bank’ embeddings might be determined by their shared syntactic role
(sense-irrelevant features) rather than the sense-signaling surrounding words (sense-
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a) Dominance of Sense-Relevant Features b) Dominance of Sense-Irrelevant Features
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Figure 1.6: Hypothetical illustration of how sense-relevant (a) and sense-irrelevant
features (b) can determine embedding similarity between instances, causing embed-
dings of different sense instances to cluster together.

relevant features). This can cause (23-a) and (23-b) to be grouped together despite
their sense difference, as illustrated in Figure 1.6.

(23) a. I went to the bank to withdraw some money.
SYNTACTIC ROLE: object
SENSE: financial institution
b. I went to the bank for a picnic by the river.
SYNTACTIC ROLE: object
SENSE: riwerbank

Previous studies have observed that sense-irrelevant features can determine embed-
ding similarity (Wiedemann et al., 2019; Yenicelik et al., 2020; Gessler and Schneider,
2021; Laicher et al., 2021), but this problem has not been systematically investigated.
Furthermore, although interpretability studies often focus on what information is
encoded in contextualized word embeddings, which contextual features determine
embedding similarity between same-word instances independently of their relevance
to any task remains underexplored. We address these gaps by systematically exam-
ining which contextual features determine embedding similarity between same-word
instances and whether these features are sense-relevant. In addition, we investigate
how these features affect unsupervised lexical ambiguity resolution performance and
develop a method to remove sense-irrelevant information from the embeddings while
preserving sense-relevant information. The motivation for this method is discussed
further in Section 1.3.2.

Homonymy and Polysemy. Beyond these general questions about feature rele-
vance and influence, we can expect sense-irrelevant features to affect different types
of lexical ambiguity to varying degrees. Section 1.2.4.2 has shown that the per-
formance of lexical ambiguity resolution differs for homonymous and polysemous
sense pairs (Nair et al., 2020; Haber and Poesio, 2021). Furthermore, the degree of
contextualization varies across ambiguity types (Sevastjanova et al., 2021). More
specifically, the performance is higher with homonymous senses, which also show
stronger contextualization.

The differences in contextualization between both types stem from their relation
to context. Homonymous senses are semantically unrelated and tend to occur in
diverse contexts, while polysemous senses share semantic connections and tend to
occur in more similar contexts. We refer to the degree to which senses share con-
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textual similarities as contextual overlap. Homonymous senses have low contextual
overlap due to their diverse contexts, and polysemous senses have high contextual
overlap due to their semantically similar contexts.

To illustrate this difference, we can return to the examples (24) and (25) from ear-
lier. We can expect different senses of ‘bank’ to occur in more diverse contexts than
different senses of ‘head’. The senses of ‘bank’ (financial institution vs. riverbank)
are unrelated (homonymy), while the senses of ‘head’ share meaning similarities
(polysemy). This higher semantic relatedness leads to greater contextual overlap for
‘head’, whereas ‘bank’ exhibits lower contextual overlap.

(24)  bank:
a. I deposited money at the bank. SENSE: financial institution
b. I fished from the bank. SENSE: riverbank
(25) head:
a. | hit my head on the doorframe. SENSE: body part
b. 1 was appointed as head of the department. SENSE: leadership
c. The head of the hammer hit the floor. SENSE: top part

Contextual overlap alone can explain the observed performance differences between
lexical ambiguity types in previous studies. Low contextual overlap suggests that
context provides clearer cues for different senses, whereas high contextual overlap
suggests that contextual information is less informative for ambiguity resolution.
This gives polysemous senses an inherent disadvantage.

However, more importantly, sense-irrelevant features may affect embedding sim-
ilarity differently across ambiguity types. Polysemous senses may be more affected
because their contexts are not diverse enough to make sense-relevant features de-
termine embedding similarity. Alternatively, sense-irrelevant features may deter-
mine embedding similarity even when contexts provide clear cues, as in the case
of homonymy, causing difficulties for both ambiguity types. This would indicate
that sense-irrelevant features pose a fundamental challenge for ambiguity resolution
regardless of ambiguity type. Investigating this question is therefore essential for un-
derstanding the limitations of contextualized word embeddings for lexical ambiguity
resolution.

Inherent Polysemy. Inherent polysemy, however, presents a more distinct chal-
lenge. As discussed in Section 1.2.1, inherently polysemous nouns like ‘book’ have
multiple meaning facets (INFORMATION and PHYSICAL _OBJECT) that can be simul-
taneously active in copredication contexts, where different predicates select different
facets. For instance, in (26-a), both facets of the noun are selected by different
predicates: ‘lift’ selects the PHYSICAL_OBJECT facet, while ‘understand’ selects the
INFORMATION facet. By contrast, the predicates in (26-b) and (26-c) select only one
facet.

(26) a. Both facets (copredication):
I understood and lifted the book.
b. information only:
I understood the informative book.
c. physical object only:
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I lifted the heavy book.

It remains unclear whether contextualized word embeddings encode sufficient
information for distinguishing copredication contexts, as in (26-a), from single-facet
contexts, as in (26-b) and (26-c). Context can provide clear signals for detecting
copredication, as copredication happens when different predicates select different
facets of the same noun. However, the challenge lies in detecting the absence of
copredication — determining when only one facet is selected. Here, the challenge is
fundamentally linguistic. With inherently polysemous nouns, both facets are part
of the word’s meaning regardless of context and are always potentially available
even in single-facet contexts — the other facet is not absent but merely unselected.
This means that the distinction between single-facet and copredication contexts is
inherently subtle. This distinction may be equally challenging for humans. There-
fore, understanding whether embeddings can capture these fine-grained semantic
distinctions is an important question.

1.3.2 Creating Invariant Embeddings

In the previous section, we argued that certain contextual features can harm unsu-
pervised lexical ambiguity resolution due to how they affect embedding similarity.
Two critical questions arise from this. First, how can we create embeddings that
do not encode sense-irrelevant features? Second, would removing these features im-
prove performance? Invariant representation learning specifically addresses this type
of problem. It aims to create representations that do not encode certain unwanted
features of data that can harm task performance. It is widely adopted in Computer
Vision (Khotanzad and Hong, 1990; Bronstein et al., 2003; Louizos et al., 2015;
Jaiswal et al.; 2019) and has applications in Natural Language Processing (NLP)
(Louizos et al., 2017; Jaiswal et al., 2018; Peng and Zhang, 2020; Xin et al., 2022),
however, mostly focusing on creating domain-invariant representations.

The unwanted features of the data can be nuisances, biases, or domain-specific
features. Nuisances are features that have little or no relevance to the task but in-
fluence performance, such as facial expressions in face recognition (Bronstein et al.,
2003) or orientation in image recognition (Khotanzad and Hong, 1990). Contextu-
alized word embeddings encode various types of features as a result of their pre-
training with language modeling objective. This objective optimizes for word pre-
diction and this does not guarantee that all encoded features of the data are relevant
or beneficial to downstream tasks. In this thesis, we define sense-irrelevant features
as nuisances for lexical ambiguity resolution: features that affect embedding sim-
ilarity and task performance despite having little or no relevance to senses. For
instance, as illustrated in the previous section with (23), the syntactic role of the
words can negatively affect lexical ambiguity resolution performance if embedding
similarity is determined by this feature. Therefore, creating embeddings that do
not encode sense-irrelevant features could improve unsupervised lexical ambiguity
resolution performance.

However, it is important to note that some features may be sense-relevant for cer-
tain words but still sense-irrelevant for the majority of the words. In such cases, they
can still negatively impact overall performance. Grammatical number is one such
example. For instance, the singular and plural forms of ‘glass’ (‘glass’ vs. ‘glasses’)
correspond to different senses. The eyewear sense of ‘glass’ is only expressed in the
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a) Low Uniformity b) High Uniformity

Figure 1.7: Two hypothetical embedding spaces with low (a) and high (b) unifor-
mity.

plural form (‘glasses’), whereas the singular form (‘glass’) refers to the material or
the drinking vessel. In this case, grammatical number aids ambiguity resolution;
however, such cases are rare. Therefore, removing these features can be expected to
improve overall task performance.

Although invariant representation learning is well-studied, its application to lin-
guistic features in NLP remains unexplored. Moreover, it has been mainly used
to pre-train encoder models (Louizos et al., 2017; Jaiswal et al., 2018, 2020). It is
a promising but unexplored approach for removing sense-irrelevant features from
contextualized word embeddings of PLMs while preserving their word prediction
capabilities. Developing a method to remove sense-irrelevant features from the em-
beddings can enable us to improve contextualized word embeddings for unsupervised
lexical ambiguity resolution and to investigate the relation between these features
and task performance.

1.3.3 Creating Sense-Enhanced Embeddings

Given that contextualized word embeddings do not naturally align with senses
(Yenicelik et al., 2020), an important question arises: how can we enhance these
embeddings to improve their sense-alignment? We define sense-alignment as the de-
gree to which instances sharing the same sense are closer together in the embedding
space. One potential approach is sense knowledge enhancement through fine-tuning:
incorporating external sense knowledge into pre-trained embeddings. Fine-tuning al-
lows leveraging the rich linguistic knowledge already captured by PLMs without the
need to train a language model for the purpose from scratch. However, fine-tuning
introduces potential trade-offs in expressiveness of the embeddings.

The Trade-off Between Sense-Alignment and Expressiveness. Fine-tuning
a PLM to improve sense-alignment may come at the cost of embedding expressive-
ness, as associated with topological properties such as isotropy and uniformity (Gao
et al., 2021; Rajaee and Pilehvar, 2021; Zhang et al., 2022). Fine-tuning has been
shown to reduce expressiveness by decreasing isotropy (Zhang et al., 2022).

For unsupervised lexical ambiguity resolution, isotropy and uniformity may be
particularly important as unsupervised methods rely on the similarity between the
embeddings, and these properties have a direct effect on embedding similarity. Both
anisotropy and low uniformity can cause artificially high similarity even when there
is no meaningful relation between the instances. For instance, the anisotropic na-
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ture of the PLM embedding space results in high similarity between the embeddings
of random words (Ethayarajh, 2019). Similarly, a less uniform distribution of em-
beddings may cause similar effects, because if the embeddings are concentrated in
certain regions of the space, they can have artificially high similarity. An illustration
of two hypothetical embedding spaces with low and high uniformity is provided in
Figure 1.7.

However, this effect has not been directly measured in the context of lexical am-
biguity resolution. It remains unclear which topological properties are most critical
for lexical ambiguity resolution performance, and whether isotropy and uniformity
play an important role in the success of sense-enhanced embeddings. Furthermore,
the relation between fine-tuning for sense knowledge enhancement and its effect on
topology remains unexplored. With sense knowledge enhancement, our goal is to
improve the sense-alignment of the embedding space so that embedding similar-
ity better reflects sense distinctions. However, in order to create successful sense-
enhanced embeddings, improving sense-alignment alone may not be sufficient if it
comes at the cost of other properties such as isotropy and uniformity.

Fine-Tuning Methods for Sense Knowledge Enhancement. Two fine-tuning
methods are widely used with PLMs: Contrastive Learning (CL) and Supervised
Predictive Learning (SPL). Studies comparing SPL and Supervised Contrastive
Learning (SCL) have primarily focused on performance differences, showing better
performance with SCL in various contexts, but without investigating the quality
of the resulting embeddings in terms of their topological properties (Gunel et al.,
2020; Khosla et al., 2020). Moreover, studies reporting improvements with fine-
tuning for sense knowledge enhancement typically employ methods beyond SPL
alone (Gari Soler and Apidianaki, 2020; Mosolova et al., 2024), leaving open the
questions of whether SPL can achieve comparable results and how it differs from
SCL in terms of its effect on the topology of the embedding space of PLMs. While
CL has been shown to improve isotropy and uniformity of the PLMs (Gao et al.,
2021; Liu et al., 2021a,b; Yan et al., 2021), these studies have mostly focused on
Unsupervised Contrastive Learning (UCL) and do not involve sense knowledge en-
hancement.

These gaps in the literature leave several critical questions underexplored. It
remains unclear whether fine-tuning can successfully create sense-enhanced embed-
dings with SPL alone, given that previous studies have relied on methods beyond
SPL. Furthermore, it remains unclear how different fine-tuning methods differ in
their effect on the topology of the PLM embedding space. Overall, understanding the
relation between fine-tuning methods, topological properties, and task performance
is crucial for developing successful approaches to sense knowledge enhancement.

1.4 Research Goals, Questions, and Hypotheses

This thesis adopts both theoretical and practical perspectives, which are complemen-
tary. From a theoretical perspective, the goal is to understand how contextualized
word embeddings of Pre-trained Transformer Language Models (PLMs) encode and
organize sense information. From a practical perspective, based on these theoretical
insights and identified limitations, the goal is to develop methods to improve their
effectiveness for unsupervised lexical ambiguity resolution.
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To this end, we first assess whether these embeddings encode sufficient informa-
tion to detect complex lexical ambiguity phenomena in supervised settings, specifi-
cally copredication with inherently polysemous nouns. Next, due to the importance
of embedding similarity in unsupervised settings, we examine which contextual fea-
tures determine embedding similarity between word instances and whether they are
sense-relevant. Furthermore, we investigate how sense-irrelevant features affect em-
bedding similarity across ambiguity types with different levels of contextual overlap.
As a final theoretical goal, we investigate how topological properties of the embed-
dings, more specifically sense-alignment, isotropy, and uniformity, relate to task per-
formance and how different fine-tuning methods for sense knowledge enhancement
affect embedding space topology differently.

These theoretical insights reveal the properties of the embeddings that limit
unsupervised performance. In terms of practical goals, we address these limita-
tions in two ways. First, we develop a method to remove sense-irrelevant features
from contextualized word embeddings. Second, we propose and evaluate different
fine-tuning methods for sense knowledge enhancement using Supervised Predictive
Learning (SPL) and Supervised Contrastive Learning (SCL). We particularly fo-
cus on optimizing embedding space topology to improve task performance. These
research questions and hypotheses guide both the theoretical and practical investi-
gations of this thesis:

e RQ1: Do contextualized word embeddings encode sufficient information for
detecting copredication? How difficult is copredication identification for expert
human annotators?

— H1la: Contextualized word embeddings encode sufficient information for
copredication detection and can serve as effective input features to clas-
sifiers.

— H1b: If contextualized word embeddings encode sufficient information
for copredication detection (Hla), the embeddings of multilingual PLMs
should enable zero-shot transfer across languages.

— Hlc: Because both meaning facets are always available with inherently
polysemous nouns, distinguishing contexts where only one facet is ac-
tive from contexts where both are simultaneously active (copredication)
is challenging even for expert human annotators, as reflected in inter-
annotator agreement scores.

e RQ2: Which contextual features determine embedding similarity between
word instances, and are they sense-relevant? Do sense-irrelevant features affect
embedding similarity differently across homonymous and polysemous senses?

— H2a: The features determining embedding similarity between word in-
stances are not consistently sense-relevant.

— H2b: Sense-irrelevant features primarily determine embedding similar-
ity in the case of polysemy due to high contextual overlap. In contrast,
sense-relevant features determine embedding similarity in the case of
homonymy due to low contextual overlap.
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e RQ3: How can we successfully remove sense-irrelevant features from contex-
tualized word embeddings of PLMs? What impact does this removal have on
unsupervised lexical ambiguity resolution performance?

— H3a: Sense-irrelevant features can be successfully removed from con-
textualized word embeddings, while preserving their overall embedding
quality.

— H3b: Although some sense-irrelevant features may correlate with senses
for some words, overall they introduce noise. Therefore, removing these
features will improve performance despite exceptions at the individual
word level.

e RQ4: Can successful sense-enhanced embeddings be created through fine-
tuning? How do topological properties of the embeddings (sense-alignment,
isotropy, uniformity) relate to task performance? How do SCL and SPL differ
in their effects on the topology of the PLM embedding space?

— H4a: Successful sense-enhanced embeddings can be created through fine-
tuning PLMs with both SPL and SCL.

— H4b: Improving isotropy and uniformity alongside sense-alignment leads
to better performance in lexical ambiguity resolution.

— H4c: SCL and SPL differ in their effect on the topology of the embedding
space of PLMs, with SCL expected to achieve a better balance among
sense-alignment, isotropy, and uniformity for performance.

1.5 Summary of the Research Papers

The previous section identified the research goals and questions investigated in this
thesis. To address these research questions, we present five research papers. For
convenience, each paper is referred to by its short title throughout this thesis. The
papers are presented in Chapters 2-6 and the following subsections summarize each
paper and provide its reference and author contributions:

e Section 1.5.1: Cross-Lingual Copredication Detection (Yavas et al., 2023)
(Chapter 2)

Section 1.5.2: Copredication Corpus Annotation (Chen et al., 2025b)
(Chapter 3)

Section 1.5.3: Feature Relevance for WSD (Yavas, 2024) (Chapter 4)

Section 1.5.4: Feature Removal with Adversarial Forgetting (Yavas
et al., 2024) (Chapter 5)

Section 1.5.5: Sense Knowledge Enhancement through Fine-Tuning
(Yavas et al., 2025) (Chapter 6)
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Figure 1.8: Predication classification method. The classifiers are trained to classify
the relation between a predicate and its argument in a sentence using their contex-
tualized word embeddings from a PLM as input.

1.5.1 Cross-lingual Copredication Detection (Chapter 2)

Cross-lingual Copredication Detection (Yavas et al., 2023) addresses the first part
of RQ1. The paper aims to assess whether contextualized word embeddings encode
sufficient information for detecting copredication with inherently polysemous nouns.
For instance, (27) is a copredication example with FOOD®EVENT noun ‘dinner’,
where the noun is targeted by both a predicate selecting its FOOD facet (‘vegetarian’)
and a predicate selecting its EVENT facet (‘organize’).

(27)  We organized a vegetarian dinner.

This paper develops and evaluates an automatic copredication detection method
that uses contextualized word embeddings of Pre-trained Transformer Language
Models (PLMs). This method utilizes classifiers that decide whether a predicate se-
lects a specific semantic type in a given context. The paper trains individual binary
classifiers for both wverbal predications and adjectival predications for five semantic
types: INFORMATION, EVENT, ARTIFACT, HUMAN, and LOCATION. These classifiers
are implemented as support vector machines and use contextualized word embed-
dings of both the predicate and its argument in a sentence as input, as illustrated
in Figure 1.8.

The classifiers are trained for Italian using the embeddings of Italian BERT?,
due to the availability of Italian training data through Typed Predicate Argument
Structures (T-PAS). For verbal predications, T-PAS is used as the resource for
both training and test data. T-PAS provides corpus-derived argument structure
patterns for Italian verbs with manually annotated semantic argument types, e.g.,
[Human] mangiare [Food] (Eng.: [Human] eat [Food]). Each verb pattern has
matching corpus instances extracted from the itWac corpus (Baroni et al., 2009).
For each semantic type, those instances in which the verb takes a direct object with
the target semantic type or its subtype are treated as positive samples, and the
remaining instances as negative samples.

Training data for adjectival predications is created through data augmentation
using the verbal predication data as a foundation due to the unavailability of anno-
tated data. For this purpose, masked word prediction with BERT is used. A mask is
inserted after the target noun in verbal predication sentences, and BERT is used to
predict an adjective instead of the mask as illustrated in (28). These generated sen-
tences are automatically assigned the same semantic type label as their source verbal
predication sentences, on the assumption that inserting an adjective preserves the
selected semantic type in the sentence. Since this data is automatically generated, it
is used for training only. The test data for adjectival predications is constructed by

3Model: dbmdz/bert-base-italian-base-cased
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We organized a vegetarian dinner.

Event Verb: 1  Event Adj: 0
Food Verb: 0 Food Adj: 1

[Copredication: True]

Figure 1.9: Copredication detection method. Given a sentence where both a verb
and an adjective target the same noun, the method uses classifiers to detect whether
these predicates select different semantic types.

extracting corpus instances from the itWac corpus, identified through a concordance
search.

(28)  Bollire la pasta [MASK]. — Bollire la pasta fresca.
‘Boil the pasta.’ ‘Boil the fresh pasta.’

The paper further investigates whether semantic type information encoded in con-
textualized word embeddings transfers across languages without additional training.
For this purpose, multilingual classifiers are trained using the embeddings of multi-
lingual models mBERT and XLM-RoBERTa. These classifiers are trained on Italian
data, then applied in a zero-shot setting to English, German, Turkish, and Chinese.
The classifiers are tested on a multilingual dataset containing five languages, where
the test data for English, German, Turkish, and Chinese is derived from the Italian
test data through automatic translation and subsequent manual correction.

For copredication detection, the paper proposes a method using the individual
semantic type classifiers. The copredication detection method works as follows: in-
dividual classifiers are applied to the predicates that target the same noun in a
sentence, and copredication is detected when predicates are classified as selecting
different semantic types. The paper focuses specifically on verb+adjective copred-
ication constructions with FOOD®EVENT nouns (e.g., ‘dinner’, ‘lunch’, ‘meal’), as
in (27). For instance, if a verb is classified as selecting EVENT and an adjective as
selecting FOOD on the same noun, copredication is detected. This process is illus-
trated in Figure 1.9. Since the original training data of the classifiers lacks examples
with inherently polysemous nouns, it is extended with additional copredication and
single-facet predication examples of FOOD®EVENT nouns, and the classifiers are re-
trained on the extended data to be used for copredication detection.

For the evaluation of the method, the paper constructs a multilingual copred-
ication test set including five languages: Italian, English, German, Turkish and
Chinese. The test data for Italian is manually created and the test data for the
other languages is derived from the Italian test data through automatic transla-
tion and subsequent manual correction. Copredication detection performance on all
languages is tested using the multilingual classifiers, more specifically EVENT and
ARTIFACT verbal and adjectival classifiers.

The results demonstrate strong performance across all semantic type classifiers
for both predicate types in both monolingual and cross-lingual settings. Further-
more, copredication detection results are promising across all languages. Together,
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these findings suggest that contextualized word embeddings encode sufficient infor-
mation for detecting this complex phenomenon and that this information transfers
successfully across languages in zero-shot settings. However, the results reveal a
challenge in detecting the absence of copredication. This challenge occurs only with
inherently polysemous nouns, confirming that both facets remain potentially active
regardless of context and highlighting the difficulty of the task.

Reference: Yavas, D. E., Kallmeyer, L., Osswald, R., Jezek, E., Ricchiardi, M.,
& Chen, L. (2023, September). Identifying Semantic Argument Types in Predication
and Copredication Contexts: A Zero-Shot Cross-Lingual Approach. In Proceedings

of the 14th International Conference on Recent Advances in Natural Language Pro-
cessing (pp. 310-320).

Contribution: [ was responsible for implementation, conducting experiments,
and writing, with contributions to methodology. Conceptualization and method-
ology were led by Laura Kallmeyer, who also provided supervision alongside Rainer
Osswald and Elisabetta Jezek. Marta Ricchiardi contributed data annotation and
preprocessing. Long Chen contributed data annotation.

1.5.2 Copredication Corpus Annotation (Chapter 3)

Copredication Corpus Annotation (Chen et al., 2025b) addresses the human perfor-
mance component of RQ1. The paper details the construction and annotation of
CoCoCorpus, a copredication corpus for English. The paper focuses on five nouns for
each of three types of inherent polysemy: FOOD®EVENT, INFORMATION®EVENT, and
PHYSICAL_OBJECT®INFORMATION and on wverb+adjective copredication construc-
tion.

Corpus annotation follows four steps. First, target constructions containing the
selected nouns are automatically extracted from BookCorpus, specifically construc-
tions where the target nouns are predicated by both a verb and an adjective. These
candidates are then preliminarily annotated using the classifiers from the previous
research paper Cross-Lingual Copredication Detection (Yavas et al., 2023). Then,
two expert annotators manually annotate the pre-annotated examples. Finally, an-
notation disagreements are resolved through discussion to produce gold standard
labels. Example (29) illustrates this process.

(29) a. Sentence Extraction:

eSentence: We organized a vegetarian dinner.
eTarget noun: ‘dinner’
eVerb: ‘organized’
eAdjective: ‘vegetarian’

b. Classifier Annotation:
e‘vegetarian’—FOOD
e‘organized’ ->EVENT
eCopredication: True

c. Human Annotation:

e‘vegetarian’—FOOD
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Figure 1.10: Cluster explainability method: i) Perform clustering with BERT em-
beddings, ii) Represent each sentence with sentence context features, iii) Assign each
sentence a label based on the cluster it belongs to, iv) Train a classifier to predict
the clusters that sentences belong to based on their sentence context features, v)
Apply feature selection to determine the sentence context features responsible for
the performance of the classifier.

e‘organized’ —>EVENT
eCopredication: True
d. Gold Label: Copredication

The resulting corpus contains 1,500 gold-standard annotations, including approx-
imately 200 copredication instances. The paper further provides a detailed analysis
of the annotation, including the reasons behind the annotator disagreements. The
results show moderate inter-annotator agreement, with some of the disagreements
stemming from unclear distinctions between the facets of inherently polysemous
nouns. This demonstrates that copredication identification is challenging not only
for computational models but also for human experts, contextualizing the perfor-
mance of computational models on this task.

Reference: Chen, L., Yavas, D. E., Kallmeyer, L., & Osswald, R. (2025, Septem-
ber). Cococorpus: a corpus of copredication. In Proceedings of the 21st Joint ACL-
ISO Workshop on Interoperable Semantic Annotation (ISA-21) (pp. 31-40).

Contribution: [ was responsible for the automatic data processing, designing the
annotation pipeline, manual annotation, and writing of the corresponding sections
of the paper. The first author equally contributed to the design of the annotation
pipeline and manual annotation, and led the remaining aspects of the paper. Con-
ceptualization was led by Laura Kallmeyer and Rainer Osswald, who also provided
supervision.

1.5.3 Feature Relevance for WSD (Chapter 4)

Feature Relevance for WSD (Yavas, 2024) addresses RQ2 by conducting a cluster
explainability experiment to identify the sentence context features that drive clus-
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ter formation in unsupervised Word Sense Disambiguation (WSD) and assess their
relevance to distinguishing senses.

The cluster explainability method, illustrated in Figure 1.10, works as follows.
The target word instances are first clustered using their contextualized word embed-
dings from BERT. SemCor is used as the data source, with the sense labels serving
as the gold standard for clustering. The method then aims to reverse the clustering
process by recreating the clusters through a classification task. Each word instance
is represented by its sentence context features and assigned a label based on its clus-
ter. Sentence context features are the bag-of-words representation of the sentence,
morphological properties, syntactic role, and position of the target word, and part-
of-speech tags of the target word’s neighbors. Next, a classifier is trained to predict
the cluster labels from the sentence context features. Then, recursive feature elimi-
nation is applied to the classifier to identify which features are most important for
the classifier’s performance, revealing which sentence context features drive cluster
formation. Finally, the relevance of the identified features to sense distinctions is
assessed through qualitative evaluation. This process is carried out for each target
word.

Additionally, the paper evaluates the usefulness of sentence context features for
lexical ambiguity resolution in general. For this purpose, the paper trains another
type of classifier for each target word: classifiers for WSD. Unlike the classifiers
for cluster assignment, which aim to recreate embedding clusters, these classifiers
predict sense labels directly using the same sentence context features as input.

The paper further qualitatively assesses whether sense-irrelevant features affect
embedding similarity differently across homonymy and polysemy, given their differ-
ent levels of contextual overlap. To distinguish homonymy from polysemy, semantic
relatedness judgment scores from (Nair et al., 2020) are mapped to SemCor exam-
ples, and sense pairs are classified as homonymous or polysemous based on these
scores. Additionally, the performance of the WSD classifiers is compared across
homonymous and polysemous senses in order to assess the effects of contextual
overlap on lexical ambiguity resolution performance.

The results show that the features driving cluster formation are mostly sense-
irrelevant for both homonymy and polysemy. Unsupervised WSD performance is
higher for homonymous senses than polysemous senses, and homonymous senses are
more distinguishable by sentence context features. However, sense-irrelevant fea-
tures determine embedding similarity for both ambiguity types, even when senses
occur in highly diverse contexts with clear cues. These findings suggest that sense-
irrelevant features pose a fundamental challenge for unsupervised ambiguity resolu-
tion regardless of ambiguity type.

Reference: Yavas, D. E. (2024). Assessing the significance of encoded informa-
tion in contextualized representations to word sense disambiguation. In Proceedings
of the Third Workshop on Understanding Implicit and Underspecified Language (pp.
42-53).

Contribution: Sole author
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Figure 1.11: Framework for training a forget-gate (F'G) to create feature-invariant
embeddings from contextualized word embeddings of a PLM. The forget-gate is
trained as a part of an adversarial model with a discriminator (D) and a predictor
(P).

1.5.4 Feature Removal with Adversarial Forgetting (Chap-
ter 5)

Feature Removal with Adversarial Forgetting (Yavas et al., 2024) addresses RQ3
by proposing an adversarial forgetting framework to remove sense-irrelevant fea-
tures from PLM embeddings. Based on the findings of Feature Relevance for WSD
(Yavas, 2024), the paper targets two types of information: morphological and syn-
tactic information. With the proposed framework, two types of feature-invariant
embeddings from BERT embeddings are created: morphology- and syntaz-invariant
embeddings. The paper evaluates the impact of feature removal on clustering-based
Word Sense Induction (WSI), comparing the performance with feature-invariant and
original BERT embeddings. A word-level analysis further investigates whether fea-
ture removal is uniformly beneficial or whether the performance with certain words
is harmed by the removal.

The proposed framework is an adaptation of the adversarial training framework
of Jaiswal et al. (2020). It works by training a forget-gate that learns to transform
the embeddings of a PLM to remove the targeted information, while preserving
their word prediction capabilities. The forget-gate is trained as part of an adversar-
ial model alongside a discriminator and a predictor. The training of the adversarial
model follows these steps. The embeddings of the PLM are passed through the
forget-gate to be transformed, and the transformed embeddings are then given as
input to the discriminator and the predictor. The discriminator is trained to predict
the unwanted information from these embeddings, and the predictor is trained for
word prediction. The forget-gate’s weights are updated to maximize the discrimi-
nator’s loss while minimizing the predictor’s loss in order to remove the unwanted
information from the embeddings while preserving their word prediction capabilities.
The framework is illustrated in Figure 1.11.

The paper trains two forget-gates using the proposed framework: one targeting
morphological features (for morphology-invariant embeddings) and one targeting
syntactic features (for syntax-invariant embeddings). Both are trained and eval-
uated on the Brown corpus (Kucera et al., 1967). For each forget-gate, the dis-
criminator is trained to probe for the specific unwanted information — predicting
either morphological or syntactic features of tokens from their contextualized word
embeddings. These features are annotated automatically using spaCy*. For both

‘https://spacy.io/
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forget-gates, the predictor is trained to predict token identity from the embeddings.

To evaluate the forget-gates, feature-invariant embeddings are created using the
trained forget-gates and two models are trained using feature-invariant embeddings
as input: a word predictor and a probing model for unwanted information. The
performance of these two models on the test data indicates whether the creation of
feature-invariant embeddings is successful.

To evaluate the impact of feature removal on WSI performance, clustering is per-
formed on SemCor with both types of feature-invariant embeddings and the original
BERT embeddings, and their performance is compared. Furthermore, the paper
analyzes the relation between the morphological and syntactic features of words
and WSI performance, and how the removal of this information affects clustering
performance at individual word level. For this purpose, the association between the
features of word instances and their sense or cluster assignments is measured using
Mutual Information. Based on Mutual Information scores, words are grouped into
three cases: (1) cases where senses are associated with the targeted features, (2)
cases where only BERT clusters are associated with the targeted features, and (3)
cases where neither senses nor clusters are associated with the targeted features.
Clustering performance is then compared between the original BERT embeddings
and the feature-invariant embeddings for each case, revealing whether and for which
cases feature removal improves or harms clustering performance.

The results show that the proposed framework successfully creates feature
-invariant embeddings. Both types of feature-invariant embeddings yield low prob-
ing performance for the targeted unwanted information and word prediction per-
formance close to that of the BERT embeddings. Regarding lexical ambiguity res-
olution performance, both morphology- and syntax-invariant embeddings improve
clustering-based WSI performance over the original BERT embeddings. Further-
more, the analysis of the relation between morphological and syntactic features and
WSI performance shows that morphological information mostly introduces noise,
while syntactic features show stronger association with senses. However, even for
words where syntactic features are associated with senses, the removal of these fea-
tures causes only marginal performance drops.

Reference: Yavas, D. E., Bernard, T., Kallmeyer, L., & Crabbé, B. (2024).
Improving word sense induction through adversarial forgetting of morphosyntactic

information. In Proceedings of the 13th Joint Conference on Lexical and Computa-
tional Semantics (*SEM 2024) (pp. 238-251).

Contribution: 1 was responsible for conceptualization, implementation, experi-
ments, and writing. Methodological direction was suggested by Timothée Bernard.
All co-authors provided supervision.

1.5.5 Sense Knowledge Enhancement through Fine-Tuning
(Chapter 6)

Sense Knowledge Enhancement through Fine-Tuning (Yavas et al., 2025) addresses

RQ4 by conducting experiments with Supervised Contrastive Learning (SCL) and

Supervised Predictive Learning (SPL) fine-tuning methods for sense knowledge en-
hancement with both BERT and RoBERTa. It evaluates both methods in terms of
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a) Supervised Predictive Learning

b) Supervised Contrastive Learning
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Figure 1.12: Two fine-tuning methods for sense knowledge enhancement using Word-
Net supersenses. For SPL (a), a supersense classification head is added to the en-
coder. For SCL (b), for each anchor (all noun and verbs instances in a batch of
sentences are anchors), the encoder is fine-tuned to push closer to the anchor the
word instances with the same supersense while pushing away from it those with a
different supersense.

how they affect embedding space topology focusing on three topological properties:
sense-alignment, uniformity, and isotropy. Furthermore, it investigates the relation
between these topological properties and task performance, aiming to identify which
properties are critical for creating successful sense-enhanced embeddings.

The paper enhances the embeddings of the PLMs with WordNet supersense
information using different fine-tuning methods and uses the SemCor corpus as the
training data. For SPL, a classification head is added to the PLM and the model
is fine-tuned by minimization of the Cross-Entropy loss to predict the supersense
label of each word instance (verbs and nouns). For SCL, the PLM is fine-tuned by
minimization of the SCL loss (Khosla et al., 2020) to push together the embeddings
of the word instances that have the same supersense label while pushing away the
embeddings of the word instances with different supersense labels. See Figure 1.12
for an illustration of both methods.

The downstream task performance is evaluated on the Word-in-Context (WiC)
task using both supervised and unsupervised setups. For the supervised setup, a
binary classifier is trained to predict whether two instances of a word have the
same meaning. The classifier takes the concatenation of their embeddings as input.
For the unsupervised setup, cosine similarity between the embeddings of two word
instances is calculated, and the instances are classified as having the same meaning
if the cosine similarity exceeds the a certain threshold. This threshold is tuned on
the development set.

To provide a more complete picture of the relation between fine-tuning meth-
ods, topology, and task performance, the paper additionally experiments with the
temperature parameter of both loss functions, which influences class separation and
has been shown to impact the topological properties of the embeddings with Un-
supervised Contrastive Learning (UCL) (Wang and Liu, 2021). The relation be-
tween topological properties and task performance is analyzed by examining pat-
terns across results with different embeddings. The comparison between BERT and
RoBERTa further investigates whether the findings generalize across different PLMs.
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In addition to these fine-tuning methods, the paper conducts further experiments
to investigate the effects of two factors on task performance: task similarity and
improving isotropy in isolation. For task similarity, the PLM is fine-tuned with an
objective similar to the downstream task (WiC). For improving isotropy in isolation,
the isotropization post-processing method proposed by Mu and Viswanath (2018)
is applied to the original PLM embeddings, allowing the investigation of the effects
of isotropy without incorporating external knowledge into the embeddings. The
embeddings obtained by these methods are also evaluated on the WiC task to assess
the effects of these factors on downstream task performance independently of sense
knowledge enhancement.

The results show that isotropy is an important topological property for task
performance. Increasing isotropy alone through post-processing improves the per-
formance. While the embeddings with only increased sense-alignment perform worse
than the original embeddings, the highest performance is achieved with embeddings
that exhibit a significant increase in both isotropy and sense-alignment. In terms of
the effects of uniformity, the embeddings that achieve the best performance overall
balance uniformity and sense-alignment.

Furthermore, the results show that SPL and SCL produce embeddings that differ
in terms of topological properties. More specifically, SCL generates embeddings
that are more isotropic and more sense-aligned compared to SPL. Regarding task
performance, SCL: demonstrates more consistent improvements across both models,
while SPL fails to create successful embeddings with BERT. Finally, the results
show that fine-tuning a PLM on a task similar to the downstream task does not
necessarily produce embeddings that improve downstream task performance.

Reference: Yavas, D. E., Bernard, T., Crabbé, B., & Kallmeyer, L. (2025). On
the Relation Between Fine-Tuning, Topological Properties, and Task Performance
in Sense-Enhanced Embeddings. In Proceedings of the 63rd Annual Meeting of the

Association for Computational Linguistics (Volume 1: Long Papers) (pp. 23610-
23625).

Contribution: [ was primarily responsible for conceptualization, methodology,
implementation, conducting experiments, and writing. All co-authors provided su-
pervision.

1.6 Scope

This section defines the scope of this thesis, clarifying what is included and excluded
from the investigation. p1-p5 refer to the five research papers introduced in the
previous section:

e pl: Cross-lingual Copredication Detection (Yavas et al., 2023) (Chap-
ter 2)

e p2: Copredication Corpus Annotation (Chen et al., 2025b) (Chap-
ter 3)

e p3: Feature Relevance for WSD (Yavas, 2024) (Chapter 4)
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e p4: Feature Removal with Adversarial Forgetting (Yavas et al., 2024)
(Chapter 5)

e p5: Sense Knowledge Enhancement through Fine-Tuning (Yavas
et al., 2025) (Chapter 6)

Pre-Trained Transformer Language Models. We focus on BERT-based en-
coder models (BERT (all papers), RoBERTa (p1, p5)) and their multilingual vari-
ants (nBERT, XLM-RoBERTa) (p1). Decoder-only models such as GPT are outside
our scope. We focus on encoder models because: (1) their bidirectional attention
mechanism incorporates context from both directions, which is useful for lexical am-
biguity resolution, and (2) they are specifically designed for language understanding
rather than generation tasks.

Pre-Trained Transformer Language Models as Feature Extractors. We
use PLMs only as feature extractors and do not fine-tune them for downstream task
adaptation. Where fine-tuning is employed (p5), it serves as a tool to manipulate
specific embedding properties in order to investigate their role in task performance,
rather than to adapt the models to a specific task.

Languages. FEnglish is the primary language of investigation for most papers (p2-
p5). This is due to the availability of well-established datasets and tasks for English.
An exception is pl, where Italian is the primary investigation language due to the
availability of resource, T-PAS. Furthermore, cross-lingual experiments in p1 inves-
tigate zero-shot transfer from Italian to English, German, Chinese, and Turkish.

Ambiguity Types. We examine the homonymy-polysemy distinction (p3), in-
herent polysemy (p1, p2), and lexical ambiguity more broadly as represented in
standard datasets and tasks (p4, p5). Standard datasets do not systematically dis-
tinguish between ambiguity types. For this reason, we rely on different datasets for
type-specific investigation.

Datasets and Sense Inventories. We use WordNet as our primary sense in-
ventory and SemCor as our source of sense-annotated data (p3-p5), as these are
the most widely used and well-established resources for English. We experiment
with both fine-grained (word-specific senses) (p3, p4) and coarse-grained sense dis-
tinctions (supersenses) (p5) in WordNet. For inherent polysemy, we rely on T-PAS
for semantic type annotated examples (p1), as resources for inherent polysemy and
copredication are largely absent. Therefore, we construct a novel copredication de-
tection dataset and corpus for the investigation of this phenomenon, addressing this

gap (p1, p2).

Semantic Types and Inherent Polysemy Types. In the papers focusing on in-
herent polysemy and copredication (p1, p2), we focus on five semantic types: INFOR-
MATION, EVENT, ARTIFACT, HUMAN, and LOCATION. This selection is intended to
capture the diversity of the semantic type hierarchy. For inherent polysemy types, we
focus on FOODeEVENT, INFORMATION®EVENT, and PHYSICAL_OBJECTeINFORMATION,
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which are widely studied types of inherent polysemy (Pustejovsky, 1998; Jezek and
Melloni, 2009; Chen et al., 2022, 2025a).

Copredication Construction. We focus on one copredication construction (p1,
p2): verb+adjective construction, as in “I lifted the informative book.”.

Improving Pre-Trained Transformer Language Models. We focus on im-
proving PLMs rather than pre-training new models for our purpose (p4, p5). This
approach offers: (1) computational efficiency by eliminating costly pre-training, (2)
reduced environmental impact, and (3) reusability of the resources through leveraging
well-established PLMs as foundations.

Evaluation Tasks. We evaluate the task performance on different lexical ambi-
guity resolution tasks: copredication detection (p1), unsupervised WSD (p3), WSI
(p4), WiC (p5). WSD, WSI, and WiC are widely used for evaluating lexical ambi-
guity resolution performance, and copredication detection addresses a more complex
and underexplored phenomenon.

Topological Properties. We focus on three topological properties: sense-alignment,
isotropy, uniformity (p5). Isotropy and uniformity are well-established topological
properties and we complement these properties with sense-alignment to investigate
how well the embedding space aligns with senses.

1.7 Thesis Overview

The remainder of this thesis is organized as follows. Chapters 2 through 6 present
the five research papers that constitute this thesis: Cross-Lingual Copredication De-
tection (Yavas et al., 2023) (Chapter 2), Copredication Corpus Annotation (Chen
et al., 2025b) (Chapter 3), Feature Relevance for WSD (Yavas, 2024) (Chapter 4),
Feature Removal with Adversarial Forgetting (Yavas et al., 2024) (Chapter 5), and
Sense Knowledge Enhancement through Fine-Tuning (Yavas et al., 2025) (Chap-
ter 6). Each paper is presented in its published form, providing full methodological
details, experimental results, and individual discussions. Chapter 7 synthesizes the
findings, discusses the contributions and limitations, and identifies directions for
future research.
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Identifying Semantic Argument
Types in Predication and
Copredication Contexts: A
Zero-Shot Cross-Lingual Approach
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Abstract

Identifying semantic argument types in pred-
ication contexts is not a straightforward task
for several reasons, such as inherent polysemy,
coercion, and copredication phenomena. In
this paper, we train monolingual and multilin-
gual classifiers with a zero-shot cross-lingual
approach to identify semantic argument types
in predications using pre-trained language mod-
els as feature extractors. We train classifiers
for different semantic argument types and for
both verbal and adjectival predications. Further-
more, we propose a method to detect copredica-
tion using these classifiers through identifying
the argument semantic type targeted in different
predications over the same noun in a sentence.
We evaluate the performance of the method on
copredication test data with FoodeEvent nouns
for 5 languages.

1 Introduction

This paper is concerned with the question of how
to automatically decide which semantic type is tar-
geted in predications over nouns. In our case, the
predicate can be a verb or an adjective. This ques-
tion is particularly interesting in cases where com-
plex type nouns' are arguments of predications.
But even with nouns that, lexically, have only a
single type, the predication can target a different
type and thereby trigger a coercion in the noun
(Pustejovsky, 1991). Examples are given in (1).
In both (1-a) as well as (1-b), the respective predi-
cates target one of the two types of a complex type
noun (a dinner is inherently both an Event and a
Food item). In (1-c), the noun is a simple type
noun (soup is only of type Food), and its type is
targeted in the predication. The predication in (1-d)
involves a coercion since it targets a type that is

! Also “dot object” nouns (Pustejovsky, 1995), “nouns with
facets” (Cruse, 1995), “dual aspect nouns” (Asher, 2011) in
the literature.

different from the lexical type of the noun. Finally,
for complex type nouns, we can have cases where
different component types of the same noun are
targeted, either by different predicates as in (1-¢)
or by a single predicate as in (1-f) where book is a
physical object and an informational content at the
same time and the predicate targets both. The first
case is an instance of copredication (see below).

They chose the vegetarian dinner.
— (target: Food)
b. 1organized a dinner for them.
— (target: Event)
c. Tate my soup.
— (target: Food)
d. 1 finished my soup.
— (target: Event, coercion)
e. They organized a vegetarian dinner.
— (target: Event and Food)
f.  He wrote alot of books.
— (target: Phys_Objelnformation)

(D) a.

Our main goal is to develop classifiers that, given
a predicate and an argument noun in their sentential
context, decide whether a specific type has been
targeted. Furthermore, we exploit the cross-lingual
transfer potential of multilingual pre-trained lan-
guage models (LMs) in order to apply this task to
different languages without the need of labelled
data for all of them.

One interesting application of such classifiers
is the detection of instances of copredication with
complex type nouns. Copredication is a general
term defining a “grammatical construction in which
two predicates jointly apply to the same argument”
(Asher, 2011, p. 11). We are interested in a specific
type of copredication where two predicates that
require different semantic types apply to the same
noun (Pustejovsky, 1995; Pustejovsky and Jezek,
2008; Asher, 2011). For example, given the occur-
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rence of a complex type noun such as dinner in a
sentence where we have two (or more) predications
over that noun, we want to decide whether these
predications target different types, as for instance
in (1-e). We will apply the classifiers developed
in this paper to this task, using the complex type
FoodeEvent as a test case.

We start by investigating whether it is possible
to train classifiers for both verbal and adjectival
predications for this purpose using LMs (BERT
(Devlin et al., 2019), mBERT (Devlin et al., 2019),
XLM-RoBERTa (Conneau et al., 2020a)) as feature
extractors. In addition, we investigate whether it
is possible to train multilingual classifiers with a
zero-shot cross-lingual approach by training the
classifiers on one language with the extracted em-
beddings of multilingual language models and ap-
plying them to other languages.

We train monolingual classifiers for Italian using
the extracted embeddings of a monolingual BERT
model® and the multilingual ones using the em-
beddings of the multilingual models mBERT and
XLM-RoBERTa. We start with Italian as our source
language due to the availability of annotated data in
the T-PAS (Typed Predicate Argument Structures)
resource (Jezek et al., 2014). We train classifiers
for verbal predications for the semantic types Hu-
man, Information, Event, Artifact, and Location
and adjectival predications for the semantic types
Event, Artifact, and Information. The selection of
these types is intended to capture the diversity of
the semantic type hierarchy.

Finally, we apply the verbal and adjectival clas-
sifiers for Artifact’ and Event semantic types to the
sentences containing FoodeEvent nouns in order
to detect certain copredication patterns, as in (1-e),
in which a verb and an adjective predicate over the
same noun. We evaluate the proposed model on test
data for a set of typologically diverse languages;
Chinese, English, German, Italian, and Turkish.*

2 Related Work

2.1 Selectional Preference and Semantic Type
Knowledge of LMs

There is no study to our knowledge that aims at ex-
ploiting LMs for a selectional preference task, nor

2See Appendix A for information about the models, pa-
rameters and libraries used for the experiments.

3 Artifact is the supertype of Food in the T-PAS semantic
type hierarchy.

“Datasets and code are available at: https://github
.com/yavasde/predication-classification

311

that investigates the transferability of selectional
preference knowledge to other languages using
multilingual LMs. However, there are studies that
investigate the LMs’ knowledge about selectional
preferences of verbs and semantic types. Their
findings suggest that contextual language models
encode information about the selectional prefer-
ences of verbs (Metheniti et al., 2020; Chersoni
et al., 2021; Li et al., 2021; Pedinotti et al., 2021)
and the semantic type of the nouns in general (Zhao
etal., 2020). Similar to our study, Zhao et al. (2020)
and Chersoni et al. (2021) trained classifiers using
the extracted representations of the BERT model
for their tasks and these classifiers achieved high
accuracy scores.

2.2 Zero-Shot Cross-Lingual Transfer using
multilingual LMs

Several studies have investigated the performance
of multilingual LMs for zero-shot cross-lingual
transfer on a variety of tasks, e.g. NER, POS,
NLI, QA. They show that these models are effec-
tive for this purpose (Pires et al., 2019; Conneau
et al., 2020a; Wu and Dredze, 2020; Aghazadeh
et al., 2022). It is also shown that these models
perform well on multilingual benchmarks such as
XTREME (Hu et al., 2020) and XGLUE (Liang
et al.,, 2020). Additionally, these papers show
that XLM-RoBERTa performs better than mBERT
(Conneau et al., 2020a; Hu et al., 2020; Liang et al.,
2020; Lauscher et al., 2020).

Recent research has also investigated the effects
of language differences in cross-lingual transfer.
It has been shown that structural similarity, such
as word order or typological similarity affects the
transfer (Pires et al., 2019; Conneau et al., 2020b; K
et al., 2020; Lauscher et al., 2020; Deshpande et al.,
2022). The difference in the language script is also
shown to be important, but only when the word
order differs as well (Pires et al., 2019; Deshpande
et al., 2022).

2.3 Copredication Detection

Jezek and Vieu (2014) adopt a semi-automatic
approach for extracting copredications of Physi-
cal_ObjecteInformation nouns with a verb and an
adjective in Italian. First, they manually select a
list of predicates for both semantic types: Physical
Object and Information. Then, they construct co-
predication contexts with different predicate com-
binations and extract examples by searching the
corpus for these contexts. As an extension to the



previous study, Vieu et al. (2015) use a latent se-
mantic distributional model in order to select the
predicates to avoid the manual process of predicate
selection. Compared to these studies, our method
is automatic and does not rely on the classifica-
tion of each predicate, which can be problematic
due to their polysemous nature, but relies on the
classification of each predication instance. This
also allows using this method cross-linguistically
without knowledge specific to each language.

3 Method

3.1 Predication Classifiers

We first show that it is possible to train a classifier
for the identification of the semantic argument type
targeted by a predicate in a specific predication
context using the extracted representations of LMs.
Furthermore, we aim to investigate whether this
knowledge is transferable from one language to
another with a zero-shot cross-lingual approach by
training classifiers on the source language using
the multilingual representations of the multilingual
LMs and applying the trained models to the target
languages.

For all semantic types and predication types, we
use LMs as feature extractors and train monolin-
gual and multilingual classifiers with the SVM al-
gorithm using the extracted embeddings of the mod-
els.> For monolingual Italian classifiers, we use a
BERT model for Italian and for multilingual clas-
sifiers, we use the multilingual LMs mBERT and
XLM-RoBERTa. We train binary classifiers for
each of the semantic types Artifact, Event, Human,
Information and Location for verbal predications
and Artifact, Event, and Information for adjectival
predications.®

We use the contextualized embeddings of the
predicate and the argument in a specific sentence
as input for the classifiers. First, we tokenize each
sentence with the model tokenizer and give the
tokenized sentence as input to the model. Then, we
extract the embeddings of the predicate (verb/adj)
and the argument (direct object/noun) from the last
4 layers of the model output and average them to
create one representation for each item.” We use

SEven though we tested several classification algorithms,
we used SVM for the final experiments because it performed
best. See Appendix B for the detailed comparison.

SWe use binary classifiers instead of a multiclass one be-
cause there are predicates that can target both semantic types
as in example (1-f).

"In the cases in which the target words are tokenized into

only the last 4 layers because higher layers are
more specialized in semantics-related tasks (Liu
et al., 2019; Tenney et al., 2019; Zhao et al., 2020).
We formalize the task as a relation classification
problem where we classify the relation between the
predicate and its argument. For this purpose, we
concatenate the embeddings of the predicate and
the argument and use the final embedding as the
input for the classifiers.®

3.2 Copredication Detection

In order to detect copredication, the classifiers are
applied to the sentences with complex type nouns,
where both syntactic types of predications are avail-
able for the same noun. First, sentences are parsed
using the Stanza library (Qi et al., 2020) in order
to identify the predications in sentences. Then, the
embeddings of the predicate-argument pairs are
extracted from the LM, concatenated and given to
the relevant classifiers (verb/adj). Copredication is
considered detected if both verbal and adjectival
predication classifiers of different semantic types
classify the predications as positive.

4 Training Classifiers

4.1 Data
4.1.1 Verbal Predication Classifiers

Training data. We use T-PAS (Typed Predicate
Argument Structures; Jezek et al., 2014) as our
primary resource. T-PAS provides corpus-derived
argument structure patterns for Italian verbs with
manually annotated semantic argument types; e.g
[Human] mangiare [Food] (Eng.: [Human] eat
[Food]). Each verb pattern has matching corpus
instances extracted from the itWac corpus (Baroni
et al., 2009).

In T-PAS, semantic types are organized in a hi-
erarchy. For each semantic type (Human, Event,
Information, Artifact, Location), we extract sen-
tences whose verbs take direct objects with the
target semantic type or a subtype of it.

The training negatives are also selected from
T-PAS from the semantic types other than the tar-
get semantic type’s supertypes, subtypes, or the
semantic type itself. The negatives are downsized
to make their size equal to the positive samples.

subwords by the model tokenizer, only the first subword is
taken into account.

8Fine-tuning is the most standard way to use LMs for token
or sentence classification but it is not that straightforward to
fine-tune the models for relation classification.
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Types Data Size Model Languages
Training Test
it de en tr zh it de en tr zh Avg.
Verbal Predication
B 0.95 (0.94) - - - - -
Arti. 522 258 248 236 220 182 | mB 0.92(0.90) 0.84(0.75) 0.92(0.91) 0.75(0.74) 0.83(0.87) | 0.85(0.83)
XR 0.90(0.92) 0.86(0.83) 0.93(0.92) 0.88(0.84) 0.92(0.91) | 0.89 (0.88)
B 0.95 (0.95) - - - - -
Event 643 317 258 268 276 256 | mB 0.94(0.93) 0.88(0.90) 0.94(0.93) 0.86(0.88) 0.90(0.89) | 0.90 (0.90)
XR 0.94(0.95) 0.89(0.88) 0.94(0.93) 0.91(0.88) 0.91(0.92) | 0.91(0.91)
B 0.92 - - - - -
Hum. 292 144 130 128 126 74 | mB 0.92 0.93 0.98 0.84 0.89 0.91
XR 0.94 0.98 0.98 0.96 0.94 0.96
B 0.98 - - - - -
Info. 176 88 82 86 86 70 | mB 0.98 0.80 0.98 0.84 0.90 0.90
XR 0.97 0.98 0.95 0.95 0.97 0.96
B 0.95 - - - - -
Loc. 321 159 148 148 142 132 | mB 0.92 091 0.94 0.71 0.93 0.88
XR 0.95 0.97 0.97 0.89 0.93 0.94
Adjectival Predication
B 0.84 (0.84) - - -
Arti. 252 3680 148 mB 0.90 (0.91) - 0.93 (0.93) 0.91 (0.92)
XR 0.87 (0.85) - 0.93 (0.92) 0.90 (0.88)
B 0.88 (0.89) - - -
Event 564 1676 148 mB 0.86 (0.88) - 0.76 (0.77) 0.81 (0.82)
XR 0.81 (0.82) - 0.84 (0.83) 0.82 (0.82)
B 0.91 - - -
Info. 132 2536 78 mB 0.90 - 0.94 0.92
XR 091 - 0.89 0.90

Table 1: The data size and the test results of each classifier. F1 scores are given. The results of the cross-linguistically
best-performing classifiers are given in bold. 7-PAS+CT results are given in parentheses.

To this end, the sentences are clustered with K-
Means algorithm using the Scikit-learn library and
an equal number of sentences are selected from
each cluster. This undersampling method is chosen
to have a balanced representation of the negatives.

The selected sentences for both positives and
negatives are parsed with the spacy-udpipe Python
library® in order to identify and annotate the verb
and the direct object in each sentence. '’

Cross-lingual test data. The test data is selected
by splitting the data (test size %33) extracted from
T-PAS. The data are then machine translated using
DeepL API'! to the other languages.

It is required that the verbs and objects are
correctly identified in the translations. For this
purpose, they are translated out-of-context and
searched for in the sentences. Additionally, the
translations are parsed using the Stanza library and
all the verb-object pairs in the sentences are ex-
tracted through their dependency labels in order
to find the correct pairs. However, sometimes, the
pairs are not found automatically, in which case
they are manually annotated.

In a final step, all translated sentences are manu-
ally checked and corrected by (near-)native speak-

°Available at: https://spacy.io/universe/pr
oject/spacy-udpipe

10Sentence-level annotations are not provided in T-PAS.

" Available at: https://www.deepl.com/
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ers of the respective languages following the guide-
line presented in Appendix C. Sentences that can
not be corrected are eliminated. Equal numbers of
negatives and positives are selected for each dataset.
The resulting data numbers for each language are
given in Table 1.

4.1.2 Adjectival Predication Classifiers

Training data. The training data for the adjectival
predication classifiers are generated using Masked
Language Modeling (MLM) with BERT due to the
unavailability of annotated data. We generate data
for 3 semantic types Artifact, Event and Informa-
tion using the verbal predication datasets for these
types as the basis. We insert an adjective that is
predicted by the model into the sentences in order
to modify the direct object. The assumption is that
in sentences where the verbal predication over the
objects targets a certain type, the adjectives pre-
dicted by the model with a high probability score
will do so as well.

First, a mask is inserted after the noun, and then
the Italian BERT is made to predict a word instead
of the mask. Only word predictions over a certain
confidence score (0.15) are selected from the model
predictions. For the final step, the predicted word
is inserted in place of the mask and the resulting
sentence is parsed with the spaCy library'? to check

12 Available at: https://spacy.io/



if the relation between the noun and the predicted
word is the desired one (adjectival modification).
The sentences that meet these conditions are used
for the training of the classifiers.!?

Cross-lingual test data. Since the adjective data
is generated, we do not test the performance of the
classifiers on this data but on manually constructed
data for Italian and English.

The test data for Italian are created by extracting
corpus instances from the itWac corpus, identified
through a concordance search for the most typical
5-10 lexical items that express each type in corpus
instances and their respective most frequent adjec-
tive modifiers. The sentences are extracted for 3
semantic types (Artifact, Event and Information)
and the negatives of the test data are selected from
the sentences of the other 2 semantic types.

The test data for English are also constructed
by extracting corpus examples. First, good repre-
sentatives of each semantic type noun are selected
based on their occurrence in the T-PAS data; these
are the nouns that only occur in the target semantic
type data and occur more than once. As the next
step, we translate the selected nouns to English
and extract sentences with these nouns from the
ukWac corpus (Baroni et al., 2009) but only con-
sider the ones where the noun is the direct object
of a verb and also have a token size between 3 and
20. We parse the sentences using the Stanza library
and select the ones where there is an adjective that
modifies the noun. Finally, we manually select the
sentences with good examples of adjectives. The
semantic types are the same as for Italian and the
negatives are constructed similarly.

Both the test and training data are balanced in
terms of the number of positives and negatives. The
data size for adjectival predication classifiers can
be seen in Table 1.

4.2 Experiments and Results

We test the monolingual classifiers on Italian test
data (‘B’ for monolingual Italian BERT based clas-
sifiers) and the multilingual classifiers on the cross-
lingual test data (‘XR’ for XLM-RoBERTa and
‘mB’ for mBERT based classifiers). F1 score is
used as the metric and cross-lingual performance
is evaluated by comparing the average fl score
on cross-lingual test data, see Table 1 for the re-

3The original adjectives in the sentences are replaced by
model-predicted ones, in order to avoid copredication in-
stances in the training data.

sults. The detailed results with precision and recall
scores can be found in the Appendix D. A language-
specific evaluation is given in Appendix E.

Overall results. The monolingual classifiers per-
form very well on the task. Each monolingual
verbal predication classifier achieves over 0.92 f1
score and each monolingual adjectival predication
classifier achieves over 0.84 f1 score. Similarly, all
multilingual verbal predication classifiers achieve
over 0.85 average f1 scores for all languages and
all multilingual adjectival predication classifiers
achieve over 0.81 average f1 scores for English and
Italian. Overall, XR-classifiers perform better than
mB-classifiers (See Table 1).

Monolingual vs. multilingual. The comparison of
the monolingual and multilingual classifiers’ per-
formances on Italian test data shows that on aver-
age, the monolingual classifiers perform better than
the multilingual ones on the source language test
data. However, for some semantic types, such as
Human (verb) and Artifact (adj), XR-classifiers per-
form better than the monolingual classifiers. (See
Table 1 for the individual results and Figure 1 for
the average for verbs.)

Verbal vs. adjectival predications. Overall, the
performance of the verbal predication classifiers
is better than the adjectival predication classifiers.
Contrary to verbal predication classifiers, mB-
classifiers perform better than XR-classifiers for
adjectives overall. However, the performance dif-
ference is smaller.

5 Copredication Detection

5.1 Classifiers for Complex Type Nouns

Even though T-PAS is not necessarily a resource
with simple type nouns, the number of sentences
with FoodeEvent nouns is low in our datasets.'*
Since our task is to detect copredication with com-
plex type nouns, we require classifiers that can
disambiguate the meanings of these nouns.

In order to address this, we add, to each classi-
fier’s training data, additional data with complex
type nouns, in which only one type of the noun
is targeted; Food or Event as in (1-a) and (1-b).
We add the additional data to the training data of
Artifact and Event classifiers for both verbs and
adjectives. The original classifiers will be referred
to as “T-PAS’ and the latter as “T-PAS+CT".

YThere are 2 sentences in the Artifact and 3 in the Event
dataset.
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Training data with complex type nouns. Addi-
tional training is obtained by extracting the sen-
tences of FoodeEvent nouns with Food or Event
predications from corpus. First, we determine the
best predicates for each type of predication; best
food verbs, event adjectives, etc. For this, we use
our datasets. We extract the predicates from each
semantic type dataset (Artifact and Event) and se-
lect the predicates that occur more than once and
that only occur in the target semantic type dataset.
In the second step, we select 9 FoodeEvent nouns
(see Appendix F for the selected nouns) and we ex-
tract the sentences of these nouns with the selected
predicates from the itWac corpus. Finally, we add
the complex type sentences both to the positives
and negatives of Artifact and Event training data
for verbs and adjectives with the amount of 20%.

Training results. The performance of the T-
PAS+CT classifiers on the test data can be seen
in Table 1. Their performance is close to the T-PAS
classifiers overall, with some slight differences for
some semantic types and languages.

5.2 Evaluation

We apply both semantic type classifiers (Artifact
and Event) to classify the verbal and adjectival pred-
ications in the sentences of the test data. We investi-
gate how often copredication is detected both in the
positives and negatives of the test data. However,
we do not consider the correct classification of indi-
vidual predications in this evaluation method. We
use an additional evaluation method to investigate
how often the predications are identified correctly.

We test both T-PAS and T-PAS+CT classifiers on
the cross-lingual copredication test data compris-
ing 5 languages; Chinese, English, German, Italian,
and Turkish. We use monolingual classifiers for
Italian and XR-classifiers for other languages since
they performed better on single predication classi-
fication overall.

Additionally, we investigate the effects of the
complex type nouns on copredication detection.
We do that by comparing the performance of the
method on two types of negatives: negatives with
simple type nouns and complex type nouns.

5.2.1 Evaluation Data

The test data is manually created for Italian and
machine translated into Chinese, English, German,
and Turkish. The translations are manually cor-
rected by (near-)native speakers of the respective

Lang. Classifier Scores
Sens. Spec. g
it T-PAS 0.66 0.35(0.79) 0.48
T-PAS+CT 046 0.62(0.87) 0.53
de T-PAS 0.66  0.25(0.83) 0.40
T-PAS+CT  0.53 0.58(0.91) 0.55
en T-PAS 0.83  0.29(0.79) 0.49
T-PAS+CT 0.70  0.66 (0.83) 0.67
tr T-PAS 0.76  0.25(0.75) 043
T-PAS+CT 0.53 0.45(0.87) 0.48
zh T-PAS 0.82  0.59(0.83) 0.69
T-PAS+CT 0.68 0.65(0.83) 0.66
Random Baseline 0.25 0.25 0.25

Table 2: Performance on the cross-lingual copredication
test data. g stands for the geometric mean of specificity
and sensitivity. The results of the classifiers with the best
overall performance are given in bold. The specificity
scores in the parenthesis refer to the specificity over
simple type nouns.

languages. A similar correction procedure is ap-
plied to the test data, following the data correction
guidelines in Appendix C.

The test data contains 30 positive and 24 neg-
ative examples of copredication with different se-
mantic types (for more details, see Appendix G).
In the positives, verbs and adjectives target differ-
ent types of FoodeEvent nouns, whereas in the
negatives, both predicates target the same type of
FoodeEvent nouns (either Event or Food). An ex-
ample of positives is given in (1-e), where the verb
‘organize’ targets the Event type and the adjective
‘vegetarian’ targets the Food type. As an example
of the negatives, in (2-a), both the verb ‘eat’ and
the adjective ‘cold’ target the Food type.

We prepare additional data for negatives with
simple type nouns. We do this by substituting the
FoodeEvent nouns in the negatives with a Food or
Event simple type noun as in (2-b) (see Appendix
G for more details).

?) a. It’s depressing to eat a cold lunch.
b. It’s depressing to eat a cold soup.

5.2.2 Results

We evaluate the results using three metrics; sen-
sitivity (recall), to measure the ability to detect
the positives and specificity, to measure the ability
to detect the negatives, and finally, the geometric
mean of sensitivity and specificity, for the overall
performance. The results can be seen in Table 2.

Overall. T-PAS classifiers achieve higher sensitiv-
ity scores compared to specificity scores for all lan-
guages. Even though the sensitivity scores achieve
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0.80, specificity scores are around the random base-
line for most of the languages. The difference be-
tween both scores is lower for Chinese and the
specificity score is also good. With T-PAS+CT clas-
sifiers, there is an increase in specificity scores but
also a drop in sensitivity scores for all languages.
The scores for sensitivity and specificity are closer
to each other. Overall, TPAS+CT classifiers per-
form better in terms of their overall performance
for all languages except for Chinese.

Simple type nouns. The results of specificity
scores on different types of negatives show that
the low specificity score is much higher in the neg-
atives with complex type nouns compared to the
negatives with simple type nouns. The specificity
scores increase with T-PAS+CT classifiers also for
the second type of negatives however the difference
between the two types of classifiers is much lower.
For example, the increase for Italian is from 0.79
to 0.87 compared to 0.35 to 0.62.

6 Discussion

The findings of the previous studies suggest that
LMs encode information about the selectional pref-
erences of verbs (Metheniti et al., 2020; Chersoni
et al., 2021; Li et al., 2021; Pedinotti et al., 2021)
and semantic types of nouns (Zhao et al., 2020).
Our study shows that it is possible to exploit this
knowledge of LMs to train classifiers for the iden-
tification of the semantic types targeted by both
verbs and adjectives.

From a cross-lingual point of view, our results
show that it is possible to use the embeddings of
the multilingual LMs to train classifiers in order to
transfer knowledge from one language to another.
Our results are in line with the previous studies
in terms of the performance of individual models.
XLM-RoBERTza yields better performance com-
pared to other multilingual LMs (Conneau et al.,
2020a; Hu et al., 2020; Liang et al., 2020; Lauscher
et al., 2020) and its performance is comparable to
monolingual models (Conneau et al., 2020a). Even
though we have limited test data for adjectival pred-
ication classifiers, we expect the transfer to work
similarly for both types of predications (verbal and
adjectival) and the results for English show this is
the case.

In the copredication detection task, our results
show that classifiers that are trained only with data
with simple type nouns are not able to disambiguate
the meanings of complex type nouns. This is evi-

dent in the tendency of false positives (low speci-
ficity) with T-PAS classifiers. Even when both
predications target the same semantic type in a sen-
tence, i.e. in negatives, copredication is detected.
This is because both semantic type classifiers tend
to classify the predications as positive when a com-
plex type noun is involved. However, this tendency
is absent with simple type nouns, which is also
evident in the specificity scores. We think that this
tendency is due to the nature of complex type nouns
and how they are represented by LMs, which is a
topic we intend to investigate in the future. The
false positive tendency is overcome by adding more
data with complex type nouns and this improves the
overall performance which shows that copredica-
tion detection is possible with the proposed model.

Cross-linguistically, the performance on copred-
ication detection shows a similar pattern for all
languages and for both monolingual and multilin-
gual classifiers. In the future, we plan to use this
method for building a cross-lingual collection of
corpus-based copredication instances that includes
also other complex types and copredication con-
structions.

7 Conclusion

In this study, we focused on training classifiers for
the identification of the semantic argument types
targeted by the predicates in a specific predication
context using the extracted embeddings of LMs.
We trained both monolingual and multilingual clas-
sifiers for different semantic types and for both
verbal and adjectival predications. The training
results for individual classifiers show that it is pos-
sible to train classifiers for this purpose using LMs
and to train multilingual classifiers with zero-shot
cross-lingual transfer using multilingual LMs . Fur-
thermore, we proposed a method to detect copred-
ications using these classifiers and evaluated the
method’s performance on cross-lingual copredica-
tion test data. Our results show that copredication
detection is a more complicated task. However,
the method achieves reasonable scores for all lan-
guages and good scores for English.
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A Models, Parameters and Libraries
Used for the Experiments

The embeddings are extracted using the Transform-
ers library (Wolf et al., 2020). The classifiers are
trained using the Scikit-learn library (Pedregosa
et al., 2011). The Scikit-learn library is also used
for the clustering of the negative dataset.

For the SVM algorithm, the radial basis function
kernel is used with a C value of 100 and a gamma
value of 0.001. K-Means is used as the clustering
algorithm for the negative dataset, and the number
of clusters (k) is determined as 10.

We use the BERT model dbmdz/bert-base-
italian-base-cased as feature extractor for mono-
lingual Italian classifiers and multilingual LMs
mBERT bert-base-multilingual-cased and X1LM-
RoBERTa xIm-roberta-base for multilingual classi-
fiers. All models are available at https://huggin

gface.co/.

B Comparison of Classification
Algorithms

The performance of several classification algo-
rithms (Logistic Regression, Naive Bayes, Random
Forest, Support Vector Machine) is compared for
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Model I

Verbal Predication

Adjectival Predication

it de en tr zh it en
p r P r )4 r 14 r P r p r P r
B 094  0.95 - - - - - - - - 094  0.76 - -
Arti. mB 093 092 | 090 079 | 092 093 | 091 0.64 | 092 0.76 0.91 0.88 | 092 094

XR 090 091 | 088 0.83 | 094 093

093 084 | 092 092 093 082 | 091 095

B 094  0.97 - - - -
Event mB 094 091 090 0.86 | 097 091
XR 094 088 | 082 097 | 092 0.95

- - - - 0.88  0.88 - -
0.91 0.81 092 0.88 086 0.86 | 085 0.68
088 094 | 084 0.99 078 0.84 | 090 0.79

B 093 | 0.92 - - -
Hum. mB 092 092 | 096 090 | 098 098
XR 093 096 | 098 098 | 098 098

097 074 | 096 0.83 - - -
096 095 | 097 091

B 1 0.97 - - -
Info. mB 1 097 | 093 0.70 1 0.97
XR 097 097 | 097 1 097 093

0.86  0.96

B 095 0.95 - - - -
Loc. mB 0.91 0.92 1 085 | 092 097
XR 097 094 1 094 | 098 095

097 093 | 097 097 || 090 092 0.80

097 056 | 093 092
0.96  0.83

096  0.74 1 0.82 086 095 | 097 091
1

0.96  0.90

Table 3: The test results of each classifier. Precision, Recall scores are given.

Artifact Event Human Info. Loc.
Log. Reg. 0.94 0.95 0.92 098 0.95
Naive Bayes 0.87 0.92 0.92 097 092
Rand. Forest 0.88 0.91 0.90 097 094
SVM 0.95 0.95 0.92 098 0.95

Table 4: Performance of different classification algo-
rithms on Italian verbal predication test data. Best per-
forming classifiers for each semantic type are given in
bold.

the monolingual verbal predication classification
task. See Table 4 for the f1 scores of the classifiers
trained with different algorithms. Overall, SVM is
the best performing one.

C Data Correction Guideline

Please, follow these points for the manual correc-
tion of the translated test data:

* If the verb and the object are not identified
correctly, they should be annotated manually.

* The sentences should be corrected if they
sound unnatural or the predicate does not tar-
get the desired semantic type.

e For the correction, the sentences can be
changed or the verb and the noun can be
changed.

* The noun should be the object of the verb. If
the verb takes a prepositional phrase instead,
it should be changed with another verb.

* If any of the target words is a multi-word ex-
pression, the headword should be considered
as the target word.

« If the sentence is passivized in translation, it
should be turned into an active one.
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Figure 1: The average f1 score of different model-based
classifiers on each language for verbal predication.

D Detailed Test Results

See Table 3 for the precision and recall scores of
each classifier.

E Language-Specific Evaluation

The performance of the multilingual classifiers for
verbal predication changes depending on the tar-
get language (See Figure 1). Similar to the stud-
ies that investigate the effects of structural differ-
ences of languages on cross-lingual transfer (Pires
et al., 2019; K et al., 2020; Conneau et al., 2020b;
Lauscher et al., 2020; Deshpande et al., 2022),
our results show that the performance of the XR-
classifiers on the typologically more distant lan-
guages Turkish and Chinese is worse. Similarly,
the mB-classifiers perform worse on Turkish. We
don’t think the quality of the translations is the
reason since native speakers manually checked the
translations of these languages. However, even the
worst performance is still good with over 0.8 f1
score.



The classifiers perform best on English test data,
which is not the source language. One possible
reason is that the Italian test data was not manually
corrected, in contrast to the target languages. For
this reason, the test data for the source language
may contain more noise due to, e.g. parsing errors.

Even though XLLM-RoBERTa improves the re-
sults for all languages, we see that the improvement
changes depending on the language. One possible
explanation is the larger size of training data for the
XLM-RoBERTa model for these languages com-
pared to mBERT.

F FoodeEvent Nouns

pranzo (‘lunch’), cena (‘dinner’), colazione
(‘breakfast’), merenda (‘snack’), aperitivo (‘aper-
itif*), buffet (‘buffet’), picnic (‘picnic’), pasto
(‘meal’), spuntino (‘snack’)

G Data Information for Copredication
Test Data

The test data contains 30 positive and 24 negative
examples of copredication with different semantic
types targeting a FoodeEvent noun. There are both
Food verb-Event adj and Event verb-Food adj com-
binations in the positives. Similarly, there are both
Food verb-Food adj and Event verb-Event adj com-
binations in the negatives. The distributions of the
types can be seen in Table 4. The cross-lingual co-
predication test data contains the same number of
sentences and distribution for all languages, except
for Chinese, which lacks one sentence for Food
verb-Event adj and one sentence for Event verb-
Event adj.

Positives
Total: 30
food-event: 15
event-food: 15

Negatives
Total: 24
food-food: 15
event-event: 9

Table 5: Data size and type distribution of copredication
test data. The first semantic type refers to the verbal
predication and the second one to the adjectival predica-
tion, e.g. food-event: Food verb-Event adj.

In addition to these data, another type of negative
instances is created in order to test the effects of
the complex type nouns in copredication detection.
This data contains negative instances of copredica-
tion with simple type nouns, in which both a verb
and an adjective targeting the same semantic type
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(also the same as the noun’s semantic type) predi-
cate over the noun. This type of negative instances
are produced by substituting the FoodeEvent nouns
in the negatives with a Food or Event simple type
noun. However, in some cases, the sentences are
also changed in order to make them more natural.
In 24 sentences, 9 sentences are exactly the same
except for the noun. However, 10 sentences are
changed to some extent, leaving the predicates the
same, and 5 sentences are changed completely.



Chapter 3

Cococorpus: a corpus of
copredication
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Abstract

While copredication has been widely investi-
gated as a linguistic phenomenon, there is a
notable lack of systematically annotated data
to support empirical and quantitative research.
This paper gives an overview of the ongoing
construction of Cococorpus, a corpus of copred-
ication, describes the annotation methodology
and guidelines, and presents preliminary find-
ings from the annotated data. Currently, the
corpus contains 1500 gold-standard manual an-
notations including about 200 sentences with
copredications. The annotated data not only
supports the empirical validation for existing
theories of copredication, but also reveals reg-
ularities that may inform theoretical develop-
ment.

1 Introduction

Inherently polysemous nouns have multiple mean-
ing facets. For example, the noun ‘breakfast’ has
an object facet referring to its food reading, and
an event facet referring to its dining reading. It is
common to analyze its semantic type as a “dot-type’
food ¢ event (Pustejovsky, 1995; Cruse, 1995). Dif-
ferent meaning facets of a dot-type noun can be
predicated by multiple predicates at the same time.
This phenomenon is referred to as copredication
(Pustejovsky, 1995; Asher, 2011). In (1), the verb
‘bring’ targets the object facet while ‘late’ targets
the event facet.!

i

(1) Go bring your new sister some late breakfast.

Coercion, by contrast, refers to the phenomenon
where the predicate targets a facet which is not
available in the noun. (2) is an example of coercion.

'The example sentences in the paper are all taken from
our annotated data, which come from BookCorpus (Zhu
etal., 2015), accessed via https://huggingface.co/
datasets/bookcorpus/.
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The verb ‘resist’ targets an event facet, but ‘novel’
is an object * info noun without event facets.

(2) 1 resisted a second novel for 14 years until
Jack became a way out of a trap I got myself
into with a multi-book contract.

Copredication has been studied extensively in
linguistics. For example, a number of studies fo-
cus on the restrictions and the orders of copredi-
cation. Asher (2011) observed an asymmetry in
the copredication of the polysemous noun ‘city’.
Retoré (2014) noticed that football team reading
of the polysemous noun ‘Liverpool’ cannot copred-
icate with other readings. Chatzikyriakidis and
Luo (2015) concluded that the copredication of
‘newspaper’ related to the organization reading is
relatively restricted compared to its other facets.
Ortega-Andrés and Vicente (2019) proposed the
concept of ‘activation package’ to explain the pos-
sibility of the copredication over ‘school’. Sutton
(2022) discovered that the physical entity and even-
tuality reading of ‘statement’ cannot cooccur in a
copredication construction, but either reading can
copredicate with the informational content reading.
Murphy (2024) claimed that complexity and coher-
ence are the decisive factors for the predicate order
within a copredication. Michel and Lohr (2024)
further suggested that context is a more fundamen-
tal factor and explained the order of copredication
with the notion of “expectation”. Chen et al. (2025)
proposed a distinction between ‘primary facets’
and ‘secondary facets’ to explain the asymmetry in
the copredication of food ¢ event nouns. However,
most of these previous work is based on a small
number of introspectively constructed sentences
or cherry-picked typical cases, and there is little
quantitative research on copredication to prove or
disprove the proposed theories. Also, previous
work mainly focused on prototypical copredication

Proceedings of the 21st Joint ACL - ISO Workshop on Interoperable Semantic Annotation (I1SA-21), pages 31-40
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instances, while a lot of borderline cases are not
well-represented.

These limitations show the need of an anno-
tated corpus of sentences with copredication. Cur-
rently there are few corpora related to copredica-
tion. Hanks and Pustejovsky (2005) created a lex-
icon with corpus usage patterns of words with se-
mantic types information. However, the focus is
on verbs instead of polysemous nouns and copredi-
cation constructions are not specifically addressed.
Alonso et al. (2013) annotated in total 4500 sen-
tences from three languages containing regular pol-
ysemous nouns, but most of the sentences contain
single predications instead of copredications, and
copredication is only treated as a kind of under-
specification. Another valuable resource focusing
on semantic types targeted by predicates is T-PAS
(Typed Predicate Argument Structures; Jezek et al.
2014). T-PAS offers argument structure patterns
for Italian verbs, annotated with semantic types. It
also provides corpus instances for each verb pat-
tern. However, although T-PAS includes a range
of semantic types and is not limited to simple type
nouns, instances involving dot-types are relatively
infrequent, and the focus is on single-type predica-
tions. To our knowledge, no corpus to date has a
specific focus on copredication.

In this paper we describe the construction of Co-
cocorpus, an ongoing project that aims at a corpus
with copredication and coercion annotations. The
current version is restricted to English. Up to now,
we have mainly been targeting the annotation of
copredication, covering three kinds of dot-types,
and we have manually annotated about 1500 gold-
standard sentences from BookCorpus (Zhu et al.,
2015) where a polysemous noun is predicated by
multiple predicates, including around 200 copredi-
cation sentences. Cococorpus also contains around
18000 silver-standard sentences acquired through
automatic annotation.

2 Annotation overview

For our copredication annotation, we focused on
three common dot-types in language: food * event,
info * event, and object * info, which are related to
the three major ontological categories phys(ical)-
obj(ect), information, and event.” These dot-types
are selected because they are relatively better-
studied and their facets are rather easy to distin-
guish from each other.

2food is a subtype of phys-obj
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For each dot-type, five nouns with relatively high
frequency and little ambiguity are selected. The
selected nouns are listed in Table 1. At the mo-
ment, we focus on the copredication construction
V+Adj+N for annotation. The source of our data is
BookCorpus (Zhu et al., 2015), not only because
it is free and easily accessible with a considerable
number of sentences, but also because of the diver-
sity of the genres of the texts and the contemporary,
naturalistic language of the texts.

The annotation pipeline includes the following
stages:

1. Automatic extraction of target constructions
containing the selected nouns

Preliminary annotation using the classifier
from Yavas et al. (2023)

3. Manual annotation by two trained annotators

4. Disagreement resolution through discussion

More specifically, the annotation focuses on the
relationship between each selected noun and the
adjective or verb in the sentence that predicates the
noun. For example, in (3), the relation between ‘ate’
and ‘breakfast’ would be annotated as ARTIFACT,>
and the relation between ‘quick’ and ‘breakfast’
would be annotated as EVENT.

(3) They packed their bags, ate a quick breakfast
of dry cereal and headed south.

Our labeling scheme primarily follows the original
labels of the classifier. The basic facet selection
labels consists of ARTIFACT for the predication
over the object facet, INFORMATION for the predi-
cation over the info(rmation) facet, and EVENT for
the predication over the event facet. To account for
cases where a predicate simultaneously targets mul-
tiple facets,* we added four composite labels: ARTI-
FACT_INFO, ARTIFACT_EVENT, EVENT_INFO, and
ARTIFACT_EVENT_INFO. Furthermore, coercion is
distinguished from facet selection during human
annotation, so four additional labels are employed:
COERCION_ARTIFACT, COERCION_EVENT, COER-
CION_INFO and COERCION_OTHER, which indicate

3This label stands for the object facet. It comes from the
T-PAS taxonomy, from which our classifier has been trained
on. In this paper the annotation labels are presented in small
capitals, and semantic types are presented in italics.

“e.g. in ‘read a book’, ‘read’ targets both the object facet
and the info facet of ‘book’.



Dot types

Selected nouns

food * event
info ¢ event
object * info

breakfast, buffet, dinner, feast, meal
conversation, lecture, response, speech, submission
brochure, diary, novel, summary, textbook

Table 1: The selected nouns of each dot-type

coercion to the object facet, event facet, info facet,
and other facets, respectively. Although theoreti-
cally, facet selection and coercion can both happen
in one single predication, and coercion can involve
multiple facets, our current annotated corpus does
not contain such instances, and therefore the cor-
responding combined labels are not implemented
yet. Additionally, it is usually unclear which facets
light verbs target in copredication constructions, so
we specifically annotate light verbs with the label
LVB and exclude them in our current research, such
as the relation between ‘have’ and ‘dinner’ in the
light verb construction ‘have an early dinner’. And
for technical reasons, deleting sentences directly
during annotation is not possible, so we also em-
ploy a label called DELETE to mark the exclusion
of a sentence.

3 The construction of the corpus

3.1 Automatic extraction and preliminary
classification

We extract sentences containing the candidate
nouns from the BookCorpus and parse them using
spaCy’s transformer-based pipeline for English.’
Our goal is to identify sentences where candidate
nouns are the direct object of a verb (dobj) and
modified by an adjective (amod) simultaneously.
Sentences meeting both criteria are classified in the
next step using the classifiers developed by Yavas
et al. (2023) for copredication detection.

In their study, Yavas et al. (2023) develop mul-
tilingual classifiers to identify semantic argument
types in both verbal and adjectival predications.
They train separate binary support vector machine
classifiers for several semantic types. These clas-
sifiers employ contextualized word embeddings
generated by pre-trained language models, specifi-
cally the multilingual RoBERTa model (Conneau
et al., 2020). Given their contextualized word em-
beddings in the sentences as input, the classifiers
classify the relation between the predicate and its ar-
gument based on the targeted semantic type. Fig. 1

5spacy.io/models/en#en,core,web,trf
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illustrates the classification process. Yavas et al.

N | -

|
-

Figure 1: The figure illustrates the working principles
of the classifiers developed by Yavas et al. (2023). The
classifiers are trained to classify the relation between
a predicate and its argument in a sentence using their
contextualized word embeddings from a pre-trained lan-
guage model as input.

The cat ate

LM
the food.

(2023) demonstrate that these classifiers effectively
detect verb-adjective copredications across multi-
ple languages, making them well-suited for our
study. Specifically, we employ six classifiers cor-
responding to three semantic types for both verbal
and adjectival predications: information, event, and
artifact. An example of copredication detection us-
ing the classifiers is illustrated in Fig. 2.

3.2 Manual annotation

3.2.1 Annotation platform and format

The manual annotation and adjudication were con-
ducted using the INCEpTION annotation platform
(Klie et al., 2018).° As illustrated in Fig. 3, the
annotation interface displays the automatic anno-
tation, with each relation between a predicate and
a noun represented by a labeled directional arrow.
Annotators could modify the relations by select-
ing the corresponding arrows and adjusting the as-
signed labels through a drop-down menu on the
right side of the page.

The adjudication interface (Fig. 4) employs a
color-coded system to indicate the annotation status
of the sentences. On the left side, the green cells
and the white cells mark sentences that require
no further modification: Green indicates that the
annotators did not change the automatic annotation,
and white indicates that they changed it in the same
way. Red cells indicate unresolved disagreements.

6inception—project.github.io



TN

We organized a vegetarian dinner.
eventVerb: 1 eventAdj: 0
artifactVerb: 0 artifactAdj: 1
infoVerb: 0 infoAd;j: 0

[Copredication: True]

Figure 2: Classification of verbal and adjectival predi-
cations in a sentence. Copredication is detected when
different types of classifiers assign positive labels to
different predications.

The adjudication panel presents a comparative view
of both annotators’ decisions in the central display
area. The adjudicator could either select one of the
existing annotations or create a new annotation in
the upper panel to establish the final decision.

3.2.2 Annotation guidelines

Our annotation distinguishes facet selection from
argument coercion. For example, in (4-a), the pred-
icate ‘finish’ targets the type event, which is not
a meaning facet of the noun ‘novel’, so the rela-
tion between ‘finish’ and ‘novel’ is annotated as
COERCION_EVENT; in (4-b), although the noun
‘novel’ does have an info facet, coercion still occurs
because according to the context, the content the
person ‘posted’ is the metadata of the novel (e.g.
description or advertisement) instead of the actual
content, so the relation should be annotated as CO-
ERCION_INFORMATION instead of INFORMATION.

(4) a.lreally have to finish this current novel be-
fore researching another one.
b. I have posted the new novel Rome’s Evolu-
tion on Amazon, B & N, Kobo and Smash-
words.

Regarding facet selection, the nouns in the current
annotation task are preselected, so it is clear which
facets these nouns have. The major annotation
task thus reduces to identifying which facets are
targeted by given predicates. Operationally, we
distinguish selected facets by substitution. Taking
the object facet as an example, replace the dot-type
noun with physical objects such as ‘stone’. The

"While events such as reading and writing are often ana-
lyzed as being part of the qualia structure of ‘novel’, they do
not count as formal quale but as telic quale (cf. Pustejovsky
1995, Sect. 6.2); that is, they do not qualify as event facets of
the noun.
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phrase ‘throw the stone’ is felicitous but ‘#memo-
rize the stone’ is semantically anomalous, which
proves that ‘throw’ targets object facets but ‘mem-
orize’ cannot.

The facet selection of certain predicates is
context-dependent, requiring annotators to deter-
mine the most possible targeted facets based on the
context from the sentence. As a representative case,
the verb ‘remember’ can target only the object facet
of ‘breakfast’ (as in (5-a)) or target both the event
and the object facets of ‘meal’ simultaneously (as
in (5-b)).

(5) a. Her pleased expression tells me she likes
that I remember her favorite breakfast.

b. Once passed the initial security checkpoint
it occurred to Jane that she could not re-
member her last meal, but there were lines
outside all the food stalls.

Some predicates exhibit a high flexibility in mean-
ing facet selection or their predication involve other
mechanisms instead of standard facet selection. For
example, in ‘love the book’, any part of the book
can be targeted by ‘love’; in ‘his own book’, the
adjective ‘own’ is more focused on the possession
relation instead of the facets of ‘book’. In such
cases, determining the targeted facets becomes both
methodologically challenging and theoretically un-
informative. Therefore, these predicates were sys-
tematically excluded from our annotation. These
predicates include:

‘like’ verbs: like, love, hate, prefer
‘equal’ verbs: be, equal, mean
quoting verbs: say, mention

adjectives describing type/token: certain, par-
ticular, single, same, such

adjectives describing number: many, much,
more, enough, some, few, extra

adjectives describing entirety/identity: own,
whole, entire, complete, actual, real, other,
another

adjectives describing quality: good, nice, fine,
best, great, fantastic, wonderful, amazing, bad,
awful
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Figure 4: Adjudication interface

4 The analysis of the annotation

4.1 Statistics of the annotated data

The extraction process yielded varying numbers of
candidate sentences across different dot-types. For
the selected food * event nouns, we extracted 6838
sentences with multiple predication from BookCor-
pus. From this subcorpus, we randomly selected
300 ‘positive candidates’ where the classifier de-
tected copredication (the verb-noun relation and
the adjective-noun relation are different) and 300
‘negative candidates’ (both predicates target the
same facet). For info * event nouns, we got 9129
sentences with multiple predication, from which
we similarly selected 300 positive and 300 negative
cases for annotation. object ¢ info nouns provided
only 832 sentences in total due to the relatively low
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Table 2:
nouns

Statistics of the annotation of food ® event

frequency of the five chosen nouns. Consequently,
we selected only 150 ‘positive” and 150 ‘negative’
candidates for annotation.

4.1.1 food * event

Among the 600 chosen sentences of the five
food ¢ event nouns, 507 valid annotations were
obtained. Around 100 sentences were excluded,



mainly because they involve light verb construc-
tions or parsing errors. Table 2 reveals the fre-
quency of the predicate tokens that target different
facets of the nouns.® The majority of verbs (413
out of 507) target the object facet, and approxi-
mately two-thirds of adjectives (332 out of 507)
target the object facet. Additionally, around 30
sentences contain predicates that simultaneously
target both facets. Furthermore, three sentences
were identified as involving a coercion.

(6) a.“I promised you guys a hot meal”, said
Ellen, sighing.
b. Her expression changes to that of a lioness
stalking her next meal.

(6) presents two annotated instances of coercion.
In (6-a), the verb ‘promise’ typically targets an
event facet and the sentence means ‘I promised
to get you guys a hot meal’. Although the noun
‘meal’ has an event facet, the type of the event facet
is eating, which is not the giving event ‘promise’
targets. Thus, the relation between ‘promise’ and
‘meal’ is annotated as COERCION_EVENT. In (6-b),
the object of the verb ‘stalk’ usually needs to be an
animate object rather than food, so the predication
is annotated as COERCION_OTHER.

While our annotation can provide empirical evi-
dence for some theoretical analyses on copredica-
tion, we are not yet able, due to the limited number
of dot types and copredication instances, to fully
validate or falsify theories related to dot objects
with multiple facets (as in Asher, 2011, Ortega-
Andrés and Vicente, 2019, Sutton, 2022, etc.) or
specific to word items and context (as in Michel and
Lohr, 2024). Murphy (2024) proposed a principle
called Incremental Semantic Complexity (ISC) and
concluded that in copredication, the concrete read-
ings would come earlier than abstract readings (in
linear order). It is assumed that physical objects are
more concrete than information, and information
is more concrete than events. This assumption is
supported to a large extent by our annotation statis-
tics on copredication over food ® event nouns. As
shown in Table 2, in most copredication instances,
the verb, which precedes the adjective, is target-
ing the object facet. However, there are still 16
cases where the verb targets the event facet, indi-

8V/,1; stands for the cases where the verb targets the object
facet; Vo, means that the verb targets both facets; Vioercion
means the verb is annotated as having coercion. Similar inter-
pretations apply to the other symbols of the table.
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cating that the ISC is rather a tendency than a strict
principle.

As observed in Chen et al. (2025), for
food * event nouns in the copredication pattern
V+Adj+N, the verb targeting the event facet and
the adjective targeting the object facet is a pre-
ferred order. When the adjective instead targets the
event facet, copredication is only possible when
the adjective is facet-addressing. Facet-addressing
adjectives, contrary to facet-picking adjectives, are
adjectives that do not affect the availability of a
facet of a dot-type noun. For example, ‘quick’ is a
facet-addressing adjective, because ‘quick lunch’ is
still a dot-type and can be copredicated by object-
targeting verbs like ‘cook’ and ‘order’. By contrast,
‘slow’ is a facet-picking adjective since the object
facet is not available anymore in ‘slow lunch’, and
‘#cook a slow lunch’ or ‘#order a slow lunch’ are
not acceptable. However, according to Table 2,
only 16 cases align with the assumption that object
facet is targeted first, whereas there are 108 cases
where the copredication works in the less preferred
direction. This discrepancy can be partially ex-
plained by the dominance of object-targeting verbs
in the corpus.

Further analysis of the 108 copredication cases
with the event-targeting adjectives reveals that there
are only 23 adjective types in the 108 cases. These
adjectives fall into the following four semantic cat-
egories:

order related: first, last, next, fourth, new

time related: quick, slow, early, late, occa-
sional

specialness related: special, customary, regu-
lar, unexpected, obligatory, worthy, easy

other: romantic, solitary, civilized, corporate

Notably, all of them except ‘slow’ are facet-
addressing adjectives. In all the copredication in-
stances involving ‘slow’, the verb was always ‘eat’
in our dataset. We discovered in previous studies
that ‘eat’ can also take food * event nouns modified
by any adjectives as objects, probably due to its
relatively light meaning in the context of meals.
Moreover, the phrase ‘eat a slow meal’ could be
understood as eating a meal slowly, which makes
the phrase felicitous.



Vinf Veu Vboth V coercion % Vob] Vz'nf Vboth V coercion %
App 53 28 1 1 83 Aop; 56 2 12 70
A, 14 189 2 205 Ay 30 31 96 23 180
S 67 117 3 1 288 Acoercion 1 1 1 3
by 87 34 109 23 253

Table 3: Statistics of the annotation of info * event nouns

4.1.2

From the initial set of 600 chosen sentences con-
taining info * event nouns, only 288 yielded valid
annotations. The low proportion of valid annota-
tions is due to two factors: (1) the selected nouns
are deverbal nouns and frequently occur in light-
verb constructions, and (2) ‘response’, ‘submission’
and ‘speech’ also have other meanings unrelated to
info facets. The distribution of facet selection for
these info * event nouns is presented in Table 3.

In the 288 instances of multiple predication,
there are only 42 instances (14.6%) of copredi-
cation. In 14 of the instances, the verb targets the
info facet and the adjective targets the event facet;
in the other 28 instances copredication works in
the other order. This implies either the ISC from
Murphy (2024) might be too strict or information
and event are actually close to each other in terms
of complexity.

The proportion of copredication over info ® event
nouns is significantly lower than that observed with
food * event nouns. This is consistent with the ob-
servation in Chen et al. (2025) that for info * event
nouns, both facets tend to be secondary facets, that
might be inaccessible if the other facets are tar-
geted first, and copredication in the construction
V+Adj+N can only happen when the adjective is
facet-addressing.

The 42 copredication instances only include 10
different adjective types. These adjectives can be
classified into the following four semantic cate-
gories and they are all facet-addressing predicates:

info * event

order related: last

time related: rapid, earlier; lengthy, little
atmosphere related: bickering, heated
speaker related: private, unwilling, hasty

4.1.3 object  info

The distribution of predications over object ® info
nouns is presented in Table 4, derived from 253
valid annotations out of 300 candidate sentences.
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Table 4: Statistics of the annotation of object * info
nouns

Vovi  Vinf/Viotn  Veoercion 2
Aob; 56 14 70
A 30 127 23 180
Acoercion 1 2 3
b 87 143 23 253

Table 5: Updated statistics of the annotation of ob-
ject « info nouns

This dot-type exhibits a notably higher frequency
of coercion, with the coercion to the event facet
being particularly predominant. In 22 of the 23
coercion instances, the verb targets an event facet,
suggesting a possible tendency of the direction of
coercion.

Regarding copredication, the 32 instances re-
vealed a significant asymmetry, which is consis-
tent with the ISC suggested by Murphy (2024) but
seems contradictory to the observation in Chen et al.
(2025). According to Chen et al. (2025), there is lit-
tle restriction on the copredication of object * info
nouns and copredication can happen in both orders.
However, in only two cases in our annotated data,
the verb targets the event facet and the adjective tar-
gets the object facet. This may be attributed to two
factors. First, the frequency of info-targeting adjec-
tives is relatively high (180 out of 253 instances).
Secondly, high-frequency verbs like ‘read’, ‘write’,
and ‘publish’ are annotated as targeting both facets,
resulting in a high number in the third column of
the table. Interestingly, in 96 of the 109 instances,
the adjective targets the info facet, suggesting that
verbs like ‘read’ probably “mainly” targets the info
facet. If we take this into account and combine the
cases where the verb targets the info facet and the
verb targets both facets, the updated statistics (as
in Table 5) reveals a more balanced distribution of
copredications.

4.2 Disagreement analysis

The inter-annotator agreement is listed in Table 6.
The primary reasons of inter-annotator disagree-



Dot types  Agreement
food e event 0.64
info * event 0.43

obj ¢ info 0.67

Table 6: The inter-annotator agreement in Cohen’s
Kappa

ment can be summarized as follows.

4.2.1 The exclusion of the sentences

As is in (7), the adjective ‘complete’ refers to part-
whole relations and can target any facets; so one
of the annotator followed the guideline and labeled
DELETE while the other annotator decided by con-
text, which suggests that ‘complete’ targets the info
facet, and annotated INFORMATION.

(7) To buy the complete novel, Trail of Storms,
click here.

4.2.2 Difficult contexts

In some sentences, the predicate can target both
facets of the noun, but the context provided by the
sentence is insufficient or complicated, which also
results in the disagreement between annotators.

(8) a.Do you remember that first dinner?

b. He was cooking a special dinner for her
and he had finally found the perfect ring to
put on her finger, a heart shaped diamond
surrounded by smaller stones and set in plat-
inum.

The annotation of (8-a) presented a challenge due
to lack of context. The annotators labeled ARTI-
FACT and EVENT respectively. The adjudication
process selected EVENT as the final decision, be-
cause conceptually, it is more plausible to recall
a dining event while forgetting specific culinary
details than remembering only the food while for-
getting the associating eating event. Thus, the event
facet is established as the default selection for such
contextually underspecified cases in terms of re-
membering a meal.

In (8-b), the context provides competing clues.
The verb ‘cook’ implies a special food preparation,
while the sentential context subsequently indicates
the dining experience being ‘special’, resulting in
the divergent annotation of the relation between
‘special’ and ‘dinner’. The final decision is that
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‘special’ targets the event facet, as the contextual
evidence provided no substantive indication of un-
usual food characteristics that warrants an object
facet selection. This annotation example reflects
the difficulty in the identification of copredication
regarding predicates with a wider choice of facets.

4.2.3 Borderline light verbs

There is little consensus regarding the definition of
light verb constructions, which is reflected in our
annotation of high-frequency info ¢ event noun pat-
terns including ‘give a speech/lecture’, ‘make a re-
sponse/speech/conversation’ and ‘deliver a speech’.
One annotator label them as LVB and the other
treat them as regular verb phrases, contributing
substantially to the relatively low agreement in the
annotation of info * event nouns.

To resolve the disagreement, we implemented
the diagnostics proposed by Fleischhauer and
Neisani (2020), such as replacing the verb with its
synonyms and examining the acceptability and the
meaning of the new phrase. Application of these
diagnostics reveal that the verbs ‘deliver’, ‘give’
and ‘make’ cannot be easily substituted (‘#send a
speech/lecture’, ‘#produce a conversation’ are un-
grammatical). Consequently, the verbs mentioned
above are regarded as light verbs during the final
adjudication.

4.2.4 Unclear distinctions between facets

Some of the disagreement arises from the unclear
distinctions between facets, especially the object
facet and the info facet of object * info nouns.

(9) a. He tried to talk a lot about theories and make
funny stories at times to let students feel
like they were not drones downloading the
latest textbook that the publishing company
decided could be revised for the twelfth time
in a row for twelve years straight.

b. During this time, she published a short
novel.

The ontological status of digital texts presents a sig-
nificant challenge to our annotation, as illustrated
in example (9-a), which involves the predication
over electronic versions of textbooks rather than tra-
ditional physical books. It is arguable whether the
PDF file and the strings in the computers are a kind
of physical object or more about the information.
A similar puzzle also exists with traditional pa-
per books, as demonstrated in example (9-b). The



adjective ‘short’ unambiguously targets the info
facet of the ‘novel’, but at the same time, the length
of the printed characters in the physical book is
also short. The printed symbols are ontologically
different from the object facet of the ‘novel’, which
is usually made of paper and consists of covers,
and also different from the info facet of the ‘novel’,
which does not have a physical form. Frequent
verbs including ‘read’ and ‘write’ also have the
same problem. The entity a person ‘read’ in a novel
is not the paper material but rather the printed mat-
ter on the paper, which is not exactly the object
facet of ‘novel’. The statistics shown in Fig. 4 also
suggests that the facet these verbs target is proba-
bly closer to info facet than object facet. Currently,
the label INFORMATION is decided for both con-
troversial cases, but these disagreements highlight
a need for a comprehensive revisit of the analysis
of object * info nouns and an investigation of the
possible existence of a third meaning facet.

4.2.5 Borderline coercions

The unclear distinction between coercion and facet
selection is also a reason for the disagreement be-
tween annotators.

(10) a. Anticipating an angry conversation he
would not want to overhear, Mark hurried
to the shower.

b. It will handle all your daily chores, pro-
vide intelligent conversation and need ab-
solutely no maintenance.

The examples (10-a) and (10-b) exemplify a sys-
tematic pattern of human-targeting adjectives mod-
ifying info * event nouns, relating to the behavioral
manner of the participant during the event. On
the one hand, the constructions display typical fea-
tures of coercion. For example, the syntactic trans-
formation of these phrases are restricted. Trans-
formations such as ‘?The conversation is angry’,
“#It provides a conversation that is intelligent’ are
marginally acceptable or unacceptable. Further-
more, these adjectives cannot easily modify the
event facet or info facet of the nouns of other types,
e.g. ‘7an angry book’ requires some context to be
acceptable, and ‘#an intelligent meeting’ is infelic-
itous.

On the other hand, the treatment of these cases
as facet selection can also be justified. First, the
interpretation of the phrase is specific, unlike the
typical coercion examples such as ‘finish the book’,
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where the event that is ‘finished’ is implicit and
needs to be specified by context. Second, the us-
age of human-targeting adjectives for info * event
nouns is productive. Other adjectives of this kind
including ‘cheerful’, ‘friendly’, ‘polite’, and ‘hon-
est’ modifying info * event nouns also exist in our
annotated data.

Currently, these instances are annotated as facet
selection. A more comprehensive analysis and an-
notation on coercion will be left for future research.

5 Conclusion and future work

The construction of Cococorpus is an ongoing
project. Currently, we achieved an annotation of
more than 1000 sentences with multiple predica-
tions over inherently polysemous nouns, among
which 198 sentences exhibit copredication. The
annotated data can serve as an empirical evi-
dence for some linguistic analyses on copredica-
tion, such as a tendency of ISC from Murphy
(2024) and the distinction between primary and
secondary facets of polysemous nouns from Chen
et al. (2025). The annotated data and annotation
guideline are published at the project Github page
(https://github.com/CoCoCo-Project).

Many aspects of copredication remain to be ad-
dressed in future annotation efforts. The current
annotation framework is limited to the construc-
tion V+Adj+N, while other typical copredication
constructions, such as (reduced) relative clauses
and multiple adjectives, are yet to be incorporated.
Furthermore, the existing coverage of dot-types
and nouns is also relatively limited. We plan to
expand our annotation scope to include: (1) ad-
ditional dot-types and lexical items, particularly
nouns exhibiting multiple facets (e.g., school, city)
and those with debatable facet classifications (e.g.,
annotation); (2) a broader range of predicate types;
(3) cross-linguistic investigations to examine poten-
tial variations in copredication phenomena across
different languages.
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Abstract

The similarity of representations is crucial for
WSD. However, a lot of information is encoded
in the contextualized representations, and it is
not clear which sentence context features drive
this similarity and whether these features are
significant to WSD. In this study, we address
these questions. First, we identify the sentence
context features that are responsible for the sim-
ilarity of the contextualized representations of
different occurrences of words. For this pur-
pose, we conduct an explainability experiment
and identify the sentence context features that
lead to the formation of the clusters in word
sense clustering with CWEs. Then, we pro-
vide a qualitative evaluation for assessing the
significance of these features to WSD. Our re-
sults show that features that lack significance
to WSD determine the similarity of the rep-
resentations even when different senses of a
word occur in highly diverse contexts and sen-
tence context provides clear clues for different
senses.

1 Introduction

Contextualization is a powerful tool as it enables
us to capture sentence context. This is crucial es-
pecially in word sense disambiguation (WSD) be-
cause sentence context provides valuable informa-
tion for resolving lexical ambiguity in both NLP
and human language processing.

The similarity of representations is crucial for
WSD. With contextualization, we expect the rep-
resentations of different occurrences of the same
sense to be similar to each other. This is based on
the assumption that different senses of a word occur
in different contexts and sentence context contains
explicit clues that signal one of the senses of the
word. Consider the sentences in (1) that demon-
strate two senses of ‘bank’. In both sentences, some
words successfully signal each sense of the word;
in (1-a), the words ‘money’ and ‘withdraw’ and in
(1-b), the words ‘picnic’ and ‘river’.
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(D) ‘bank’ (homonymy):
a. financial institution:
I went to the bank to withdraw money.
b.  geographical feature:
They had a picnic by the river bank.
2) ‘pass’ (polysemy):
a.  go across or through:
She passed through towns.
b.  move past:

She passed the bakery on her way.

However, in practice, we lack clarity on which
specific sentence context features are responsible
for the similarity of the contextualized represen-
tations. It has been shown that a wide variety of
information is encoded in the contextualized rep-
resentations (Sajjad et al., 2022) and using contex-
tualized word embeddings (CWEs) of pre-trained
language models alone does not achieve good per-
formance in unsupervised settings (Yenicelik et al.,
2020).

The purpose of this study is to investigate which
sentence context features determine the similarity
of the representations of different occurrences of
words and whether these features are significant
to WSD. By doing so, we aim to provide a clearer
understanding of contextualized representations in
terms of their ability to capture different meanings
of words. For this purpose, we conduct an explain-
ability experiment. We focus on word sense clus-
tering with CWEs of BERT (Devlin et al., 2019)
and identify sentence context features that lead to
the formation of the clusters. This way, we de-
termine which features drive the similarity of the
representations.

Our cluster explainability method follows sev-
eral steps and is depicted in Figure 1. We start by
performing word sense clustering with CWEs and
cluster the sentences of a word. Our aim is essen-
tially to reverse the word sense clustering process

Proceedings of the Third Workshop on Understanding Implicit and Underspecified Language, pages 42-53
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Figure 1: Cluster Explainability Method: i) Perform Word Sense Clustering with CWEs, ii) Represent each sentence
with sentence context features, iii) Assign each sentence a label based on the cluster it belongs to, iv) Train a
classifier to predict the clusters that sentences belong to based on their sentence context features, v) Apply feature
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and recreate the clusters with a classification task.
For this purpose, we represent each sentence with
its sentence context features and assign it a label
based on the cluster that it belongs to. Then, we
train a classifier to predict the cluster labels of the
sentences based on their sentence context features.
As the final step, we apply a feature selection algo-
rithm to the classifier to determine which features
are the most relevant for the performance of the
classifier. This tells us which sentence context fea-
tures lead to the formation of the clusters. We use
this method to identify the features that lead to the
clusters for each word in our dataset. Finally, we
assess the significance of these features to WSD
for each word through qualitative evaluation.

In this study, we distinguish two types of lex-
ical ambiguity; homonymy and polysemy. The
most distinctive feature that distinguishes these
two types is the semantic relatedness of their
senses (Klepousniotou, 2002; Klepousniotou and
Baum, 2007; Klepousniotou et al., 2008, 2012).
Homonyms have less semantically related senses
compared to polysemes. As a result, homonyms
occur in more diverse contexts. Consider the exam-
ples in (1) and (2). The provided senses of ‘bank’
are homonymous, whereas those of ‘pass’ are poly-
semous. The senses of ‘bank’ are not related seman-
tically and the noun co-occurs with semantically
different words in its different senses (‘money’,
‘withdraw’ vs. ‘river’, ‘picnic’). However, this is
not true for ‘pass’. The meaning difference be-
tween the senses of ‘pass’ is less clear and the verb
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co-occurs with words that are similar in meaning
in its different senses, specifically words that are
related to a location.

Their inherent differences also result in differ-
ences in NLP performance. For example, WSD
performance is better with homonyms (Nair et al.,
2020; Haber and Poesio, 2021) and contextualiza-
tion affects homonyms more (Sevastjanova et al.,
2021) compared to polysemes. Therefore, it’s im-
portant to consider that not all words present an
equal challenge for WSD. In addition to that, it’s
important to consider that different lexical ambigu-
ity types have different relations to context, and as
a result, the information that is required for their
disambiguation might not always be the same. In
this study, we expect different results for each type.
Considering that homonyms occur in more diverse
contexts, we expect sentence context to provide
clearer clues for their different senses and the simi-
larity of the representations to be affected by these
clues.

Our results show that the sentence context fea-
tures that are responsible for the similarity of the
representations and lead to the formation of clus-
ters lack significance to WSD in most cases. This
is true for both lexical ambiguity types. Even with
homonyms—where different senses of a word oc-
cur in highly diverse contexts and sentence context
provides clear clues for different senses—the simi-
larity of the representations does not arise from the
significant features.



2 Related Work

Studies have shown that the similarity of the em-
beddings is primarily influenced by the sentence
context rather than the meaning of words. Etha-
yarajh (2019) have shown that words have different
representations based on their contextual variation,
rather than their meaning variation. Similarly, Gar-
cia (2021) have shown that the similarity between
a word and its synonym is lost when the sentence
context is identical for different words; the simi-
larity between a word and a random word is not
different from the similarity between a word and its
synonym when their sentence contexts are similar.

One reason for this is that a lot of information is
encoded in the contextualized representations and
they affect the similarity of the representations. Saj-
jad et al. (2022) have shown that the information
encoded in the contextualized representations can
be explained to some extent by semantic, morpho-
logical, syntactic, and lexical concepts. These con-
cepts include the words’ POS tags, CCG super-tags,
ngrams, casings, WordNet concepts, and so on. Ad-
ditionally, Mickus et al. (2020) have shown that the
similarity of the representations is affected by the
segment embeddings that the model assigns to to-
kens to indicate their sentences. In this study, this
is not an issue because we only use one sentence as
an input. However, we aim to investigate whether a
similar effect can be found for the positional encod-
ing, resulting words in the same position having
similar representations.

Clustering reveals these similarities within the
representations. Sajjad et al. (2022) have shown
that the clusters of contextualized representations
overlap with the concepts that are found to be en-
coded in the representations. Furthermore, it has
been shown that word sense clustering with CWEs
of the BERT model doesn’t achieve good perfor-
mance and sentence context similarities have been
observed within the clusters (Yenicelik et al., 2020).
The effects of the sentence context have been also
observed in similarity ranking for WSD with CWEs
of BERT (Gessler and Schneider, 2021). However,
there hasn’t been any effort to systematically ex-
plain the relation between sentence context and
contextualized representations of different occur-
rences of the same word and with a focus on WSD.
This study aims to fill this gap.

Finally, the studies that distinguish different
types of lexical ambiguity have shown that WSD
performance with CWEs changes depending on the
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type and it is easier to disambiguate homonymy
than polysemy (Nair et al., 2020; Haber and Poe-
sio, 2021). Similarly, contextualization of BERT
affects different types differently and homonyms
are affected more by contextualization due to the
fact that they occur in more diverse contexts (Sev-
astjanova et al., 2021). In this study, we also expect
the results to be different for each type. In the
case of homonymy, we expect sentence context to
provide clearer clues for different senses and the
similarity of the representations to be affected by
these clues.

3 Data

We use SemCor (Miller et al., 1993) which pro-
vides sentences that are annotated with WordNet
senses for a wide variety of words (Fellbaum, 2010)
for English. We restrict our focus to nouns and
verbs. A word can be both homonymous and poly-
semous at the same time because different senses
of a word can have different relations, e.g. two
senses can be homonymous while another two can
be polysemous. Because of this, we don’t focus
on homonymous or polysemous words but sense
groups of words. These sense groups are formed
by grouping the senses of a word according to their
relations, so we end up with sense groups in which
all pairs are homonymous or polysemous to each
other.

In order to decide if a sense pair is homony-
mous or polysemous, we use the data provided
in Nair et al. (2020). This data contains seman-
tic relatedness judgment scores for a subpart of
WordNet. Semantic relatedness determines where
on the homonymy-polysemy continuum a word is
(Klepousniotou, 2002; Klepousniotou and Baum,
2007; Klepousniotou et al., 2008, 2012) and se-
mantic relatedness judgments of speakers overlap
with different types of lexical ambiguity (Klepous-
niotou et al., 2008; Nair et al., 2020). In Nair et al.
(2020), semantic relatedness judgement scores are
collected for each sense pair from several speakers.
We use the average of the scores for each sense pair
to decide if the word is homonymous or polyse-
mous in those senses. We consider the sense pairs
that have a distance over 0.8 as homonymy pairs
and a distance below 0.5 as polysemy pairs.

'Psycholinguistics studies have shown that some polysemy
types show homonymy-like behaviors and have less semantic
relatedness (Klepousniotou and Baum, 2007; Klepousniotou
et al., 2008). Due to this, we leave a certain range out to avoid
these mixed types.



Lexical Clustering Sentence-Feature Classifiers
Ambiguity  Sense Sense WSD Cluster 10-Cluster 10-Rand.
Group Group
# ARI # F1 P R Fl1 P R F1 P R F1
Homo. 19 0.68 5 0.80 0.80 0.80 | 0.87 087 087 | 0.85 0.86 0.85 0.42
Poly. 39 0.36 5 072 076 0.72 | 0.78 080 0.78 | 0.86 0.86 0.87 0.37
Overall 58 0.52 10 076 078 0.76 | 0.82 0.83 0.82 | 0.85 0.86 0.86 0.39

Table 1: Data size and experimental results summary. WSD refers to the classifiers that are trained for WSD, Cluster
for cluster assignment. /0-Cluster classifiers refer to the classifiers that are trained for cluster assignment with only
the top 10 features. /0-Rand. refers to the classifiers that are trained for cluster assignment with random 10 features.
F1, Precision and Recall scores are given. The best F1 score overall and for each type is given in bold.

As our data, we use the sentences of the selected
senses from SemCor. We do not include the senses
that have less than 10 sentences in SemCor. We
balance the number of sentences for each group
by random under-sampling. We exclude the words
that show inherent and metonymical polysemy be-
cause different types of polysemy have different
characteristics (Klepousniotou and Baum, 2007;
Klepousniotou et al., 2008) and we focus only on
irregular polysemy.?

4 Method

The goal of this study is to first, identify the sen-
tence context features that determine the similar-
ity of the contextualized representations. For this
purpose, we identify the sentence context features
that lead to the formation of clusters in word sense
clustering with CWEs. Then, we evaluate these
features’ significance to WSD.

In order to identify these features, we conduct
a cluster explainability experiment. First, we per-
form word sense clustering and cluster the sen-
tences of a word (Section 4.1). As the next step,
we aim to determine the sentence context features
that are responsible for the formation of the clus-
ters. For this, we try to recreate the clusters using
the sentence context information of the sentences
alone. We formulate this task as a classification
task. We represent each sentence with a set of sen-
tence context features and we assign the sentences
to the clusters based on these features using clas-
sifiers. These classifiers are trained to predict the
cluster labels from the sentence context features
of the sentences (referred to as sentence-feature
classifiers) (Section 4.2).

This gives us the advantage of representing sen-
tences with discrete features, as opposed to con-
textualized representations which are continuous.

2See Appendix B for the list of words and the number of
their senses used in this study.

45

This enables us to identify the specific sentence
context features that contribute to the classifier per-
formance. For this purpose, we use recursive fea-
ture elimination and we determine the top 10 fea-
tures that are most important for the performance
of the classifiers. Finally, we qualitatively evaluate
the significance of the selected features to WSD
(Section 4.3).

4.1 Clustering

As explained in Section 3, we focus on sense
groups and each sense group contains several
senses of a word. We perform word sense cluster-
ing with each sense group, clustering the sentences
of senses within each group.

We cluster the sentences using the word’s CWEs
in these sentences. We extract the CWEs from
the English BERT model (base, cased)® from each
layer.* In cases where the words are tokenized into
subwords, only the first subword’s embedding is
used.

We use the K-means clustering algorithm, select-
ing k as the number of senses in each group.> We
evaluate the performance by comparing cluster la-
bels to the sense labels using Adjusted Rand Index
(ARI). To be able to compare the performance of
each lexical ambiguity type, first, we determine the
performance for each sense group within a type,
then calculate their average and this average rep-
resents the performance of each lexical ambiguity
type. We compare the performance change across
layers and also the performances based on the best-
performing layer. We expect homonymy to per-
form better in word sense clustering based on the

*We choose the BERT cased model because it encodes
more concepts relevant to WSD, such as words’ WordNet
concepts, compared to the uncased model, which encodes
more linguistic concepts (Sajjad et al., 2022).

*We use the Transformers library (Wolf et al., 2020) for
extracting the embeddings.

3Sci-kit learn library is used for the implementation (Pe-
dregosa et al., 2011).



findings of the previous studies (Nair et al., 2020;
Haber and Poesio, 2021).

4.2 Sentence-Feature Classifiers

We use the resulting clusters from the previous
experiments for training and testing the classifiers.
We use the last layer’s results because this layer
performs best in the clustering experiment. For
each sense group, we train a classifier for cluster
assignment: to predict which cluster a sentence
belongs to. We only select the sense groups that
have more than 25 sentences in each cluster since
this experiment requires data for training. This
reduces the number of sense groups we focus on
in this experiment. Additionally, even though we
do not limit the number of senses in each group,
we end up with only two senses per group. See
Table 1 for the number of sense groups for each
experiment.

Our aim is to predict the cluster that each sen-
tence belongs to based on its sentence context fea-
tures. First, we represent each sentence with a
manually selected sentence context features; bag-
of-words, morphological properties of the target
word (tense, number, etc.), POS tag of the word’s
neighbors, the syntactic role of the target word, and
the position of the target word in the sentence. We
create a sentence feature matrix by binarizing and
combining features, resulting in a one-hot represen-
tation for each sentence. We select these features
to be able to represent the sentences with their con-
text as much as possible. Additionally, we aim
to investigate whether the position of the word in
the sentence affects the similarity of the representa-
tions, considering that positional embeddings are
added to the word’s representations with the BERT
model .®

We process the sentences with the spaCy library’
to automatically extract this information from the
sentences. For the morphological properties of the
target word, we use the fine-grained POS tag of the
word. Similarly, we use the dependency label of
the words as their syntactic role.® Bag-of-words
representations of the sentences are created by first
lemmatizing the sentences, also with spaCy.

For each sense group, we use the sentences in all
clusters as our training and test data (split by 3:1).
We give each cluster a label (0, 1). For each sen-

®For detailed information about the size of the data and the
feature matrices for each word, see Appendix D.

7 Available at: https: //spacy.io/

8See Appendix A for the tags used and their desciptions.
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tence, the input is its sentence feature matrix and
the output is the label of its cluster. We use the lin-
ear SVM algorithm to train the classifiers because
it is ideal in cases where the number of features
is larger than the number of samples. Since each
sense group contains two senses in this experiment,
our task is to do binary classification to assign the
correct cluster label.

We evaluate the performance of the classifiers
based on lexical ambiguity type. We calculate the
average F1 score (as well as precision and recall
scores) for all sense groups within a type and con-
sider it as each type’s performance. The high per-
formance of the classifiers will be an indication that
clusters can be recreated with these features and
therefore these features can explain the clusters.

Additionally, we train another type of classifiers:
classifiers for WSD. These classifiers are trained
similarly to the classifiers for cluster assignment;
for each sense group and using sentence features
as the input. But this time instead of predicting the
cluster labels, the classifiers are tasked to predict
the sense labels. We compare the performances of
the classifiers trained for cluster assignment and
WSD. This way, we aim to understand how help-
ful these features are for WSD to begin with. If
the classifiers for cluster assignment perform bet-
ter than the classifiers for WSD, this can suggest
that the clusters are more distinguishable by the
sentence context features than the senses and this
is already an indication that clusters are formed by
the sentence context features that are insignificant
to WSD. Additionally, we expect these classifiers
to perform better with homonymy compared to pol-
ysemy because sentence context is more helpful for
the disambiguation of homonymy.

4.3 Feature Importance

In order to identify the sentence context features
that are responsible for the clusters, we need to
identify the features that are important for the per-
formance of the classifiers for cluster assignment.
For this purpose, we apply recursive feature elimi-
nation (RFE) on top of the classifiers.” RFE func-
tions as a wrapper feature selection algorithm. It
assesses the importance of each feature and itera-
tively removes the least important ones. The model
is then re-fitted with the reduced feature set, and
this process continues until the desired number of
features is achieved.

°Sci-kit learn library is used both for the implementation
of RFE and the training of the classifiers.
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homonymy and polysemy.

We apply RFE to reduce the sentence feature
matrix to 10 features. We train the classifiers with
RFE using the same training and test datasets as
the classifiers trained with the full-sentence feature
matrices. By selecting the top 10 features from
the sentence feature matrix, we determine which
features are important for the correct classification.
Then, we evaluate the performance of the classi-
fiers that are trained only with the top 10 features
on cluster assignment. Additionally, we train classi-
fiers for cluster assignment with randomly selected
10 features for each sense group in order to es-
tablish a baseline. The baseline is determined by
averaging the performance of the classifiers across
5 runs for all sense groups. The high performance
of the classifiers that are trained with the top 10
features will indicate that these features are respon-
sible for the formation of the clusters.

Finally, we assess the significance of these fea-
tures to WSD for each word through qualitative
evaluation. There are two reasons why we opt for
qualitative evaluation. First, there might be coin-
cidental similarities in sentence context within the
sentences of one sense that help the clustering pro-
cess but that are insignificant to WSD. For example,
a verb’s most past tense occurrences might coinci-
dentally overlap with one sense, and generalizing
over this pattern can help the WSD process. How-
ever, relying on these patterns is less than ideal. In
such cases, performance-based evaluation cannot
effectively capture the significance of these features
because they might artificially boost performance.
Our primary aim is to uncover these features. The
second reason is the limited data size. Qualitative
evaluation allows for a deeper understanding, even
in situations where the data is limited.

47

S Results
5.1 Clustering

As shown in Figure 2, the clustering performance
improves across the layers, with the highest per-
formance observed in the final layer for both
types. Word sense clustering performs better with
homonymy than polysemy. In the last layer, ARI
score is 0.68 for homonymy and 0.36 for poly-
semy, as shown in Table 1. Regarding the layer-
wise performance of the clustering, the pattern for
homonymy and polysemy is different. There is a
significant performance improvement observed be-
tween the 3rd and 5th layers for homonymy. How-
ever, there isn’t that steep gain in performance for
polysemy overall. This suggests that homonymous
senses are mostly disambiguated early in the model
layers. Overall, these results are in line with our
expectations; the performance with homonymy is
higher than with polysemy.

5.2 Sentence-Feature Classifiers

The classifiers for WSD achieve an F1 score of
0.80 for homonymy and 0.72 for polysemy. This
difference supports our hypothesis; sentence con-
text features are more useful for the disambiguation
of homonymy than polysemy. Regarding the clas-
sifiers for cluster assignment, there are also perfor-
mance differences for each lexical ambiguity type.
The performance is better with homonymy (0.87)
than with polysemy (0.78). Overall, they achieve
an F1 score of 0.82.

The classifiers for cluster assignment show better
performance compared to the classifiers for WSD,
with an overall increase of 0.06 point. There is an
increase for both homonymy (0.07) and polysemy
(0.05). This increase suggests that the sentence
context features are more prominent in the clusters
than the original sense sentences and the clusters
are more easily distinguishable by their features
compared to the senses. Finally, the overall high
performance of the classifiers for cluster assign-
ment suggests that the selected sentence context
features are a good starting point for feature selec-
tion. The results of the classifier performances can
be seen in Table 1.

5.3 Feature Importance

Top 10-Feature Classifiers for Cluster Assign-
ment. The classifiers trained with the top 10 fea-
tures for cluster assignment achieve good perfor-
mance with an overall F1 score of 0.85, surpassing
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Figure 3: Count of each feature category. The cate-
gories are punctuation marks, function words (fw), con-
tent words (cw), neighboring words, the position of the
target words in the sentences, and morphological prop-
erties and syntactic roles of the target words.

the random baseline (F1: 0.39) by a large margin
(see Table 1). This indicates that: the selected top
10 features are able to recreate the clusters to a
great extent.

Evaluation of the Selected Features. We group
the top 10 features selected for all sense groups
by their similarities and 6 categories are formed.
These categories are punctuation marks, func-
tion words, content words, POS tags of neighbor-
ing words, morphological properties of the target
words, syntactic roles of the target words, and po-
sitions of the target words in the sentences. Their
counts can be seen in Figure 3.1

Punctuation marks (‘-°, “;’, etc.), function words
(‘if’, ‘not’, etc.), and content words (‘river’, ‘bed’,
etc.) are the items that are found in the bag-of-
words representations of the sentences and are se-
lected as important features. This means that the
fact that there are certain items in the sentence de-
termines the decision of the classifiers.

Furthermore, morphological properties of the
target word, e.g. whether the verb is in past tense
or not, and the syntactic role of the target word, e.g.
whether the noun is the direct object of the sentence
or not, determine the decision of the classifiers.
Similarly, the POS tags of neighboring words also
is a determining feature. For example, whether a
verb is followed by an adverb or not or whether a
verb is followed by a punctuation or not. Finally,
the position of the target word is also a determining

[

10A detailed list can be seen in Appendix C.
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feature. However, only the 6th, 7th, 8th, 9th and
10th positions are found to be important.

First, without looking at the details, it is apparent
that certain feature categories lack significance or
have little significance to WSD. These categories
include punctuation marks, the position of the tar-
get word in the sentence, the syntactic role and
the morphological properties of the target words.
On the other hand, features such as POS tags of
the neighboring words, and the existence of some
content words in the sentence can carry more sig-
nificance. For example, whether a verb is followed
by a preposition or not can be a good indicator of
a sense. Similarly, the presence of a word in the
sentence can signal one sense, as previously shown
in (1) for ‘bank’.

Yet, a closer examination reveals even more strik-
ing results. In most cases, the important features
are insignificant to WSD, except for a few words
and this explains the poor clustering performance.
The main issue is that most of the time, a partic-
ular insignificant feature is found in both sense
sentences and causes these sentences to cluster to-
gether. The features from all categories affect the
performance like this. For example, sentences of
different senses of a verb are clustered together be-
cause, in all of them, the verb is in the past tense,
as illustrated in example (3) with two senses of the
verb ‘indicate’.

3) a.  be a signal for or a symptom of:
“The statistics hardly indicated that...”
b.  to state or express briefly:

“He indicated that requests would...”

Other times, one feature that is not significant to
WSD is found only in the sentences of one sense co-
incidentally and causes these sentences to cluster
together. While this might affect the performance
positively, it does so for reasons that are not ideal.
This finding aligns with our expectations. For ex-
ample, the word ‘other’ is selected as an important
feature for the clusters of ‘time’. This feature is not
significant to the WSD of this word and it is even
not found in direct syntactic relation with the target
word in the sentences as in example (4).

4) The debris of his other careers was piled
everywhere; a pile of wire cages for mice
from his time as a geneticist and a micro-

scope lying on its side on the window sill...

Finally, we do not observe specific patterns for dif-
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Figure 4: PCA visualization of the embeddings of
“foot’ in different sense sentences and important features
found in each sentence cluster of the word. The em-
beddings are extracted from the last layer of the BERT
model. The features are ‘inch’, NUM-I (the left neighbor
is a numeral), PRON-I (the left neighbor is a pronoun)
and DET-I (the left neighbor is a determiner).

ferent lexical ambiguity types, however, in general,
we observe that for some words, there are more
clear clues in the sentence context that are helpful
for disambiguation.

An Example: ‘ask’ vs. ‘foot’. ‘ask’ in its first
sense means “to request something” as in (5-a)
and in its second sense means literally “to ask a
question” and in this sense, it is also frequently
used with direct speech as in (5-b). ‘foot’ in its first
sense is the body part and in its second sense, it is
the measuring unit, as illustrated in (6).

&)

‘ask’:
a. to request something: “He asked her

for recommendation.”

b.  to ask a question: “Don’t ask a ques-
tion.”, ““Who said that?’ he asked.”
(6) “foot’:
a. body part: “He hit his feet.”
b. measuring unit: “She is five feet tall.”

Even though both of these words are homony-
mous, there are performance differences between
them.!! Word sense clustering achieves perfect per-
formance with ‘foot’ (1.0) and bad performance
with ‘ask’ (0.16). However, the sentence-feature
classifiers for cluster assignment perform well with
both words (‘ask’: 0.77, ‘foot’: 1). Looking at the
classifier performance, we can conclude that the
clusters of both words are distinguishable based on
their sentence context features. However, looking

1See Appendix D for a performance comparison of all
words in the last experiment.
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Figure 5: PCA visualization of the embeddings of
‘ask’ in different sense sentences and important features
found in each sentence cluster of the word. The em-
beddings are extracted from the last layer of the BERT
model. The features are ‘go’, ‘and’, VB (the verb is in
base form), and pos6 (the word is the 6th token in the
sentence).

at the word sense clustering performance, we can
understand that these features are not equally sig-
nificant to WSD for both words; they are significant
in the case of ‘“foot’, but not ‘ask’.

The clusters of ‘foot’” represent each sense well
as shown in Figure 4, and features for each cluster
are also related to different senses of ‘foot’. For the
cluster related to the ‘measuring unit’ sense, the
features ‘inch’, and NUM-I (the left neighbor is a
numeral, as in ““5 feet”) are selected as important
features. Whereas, for the cluster related to the
‘body part’ sense, the features PRON-I (the left
neighbor is a pronoun, as in “his feet”), and the
feature DET-I (the left neighbor is a determiner,
as in “the feet”) are selected. These features are
indeed good indicators of these senses.

On the other hand, we do not see nicely formed
clusters for ‘ask’ (see Figure 5) and we see that
the similarity of the representations is driven by
the features that are not significant to WSD. For
example, all sentences in which the verb is in base
form (VB) or the word is the 6th token (pos6) or
the sentences that have the words ‘go’ or ‘and’ are
clustered together.

Two senses of ‘ask’ occur in different sentence
structures: the first sense occurs with prepositional
objects, as in (5-a), and the second sense with direct
speech as in (5-b). It is interesting to see that these
distinctions are not captured by the clusters and
these features do not determine the similarity of
the representations. We also see that the sentence-
feature classifier for WSD performs better (0.81)
than the sentence-feature classifier for cluster as-



signment (0.77) with ‘ask’. This contrasts with
the general pattern. This might indicate that the
senses are actually distinguishable by their sen-
tence context features, however, not these features
but insignificant features are responsible for the
formation of the clusters.

6 Discussion

In order to identify the sentence context features
that are responsible for the similarity of the con-
textualized representations, we conducted a clus-
ter explainability study and identified the sentence
context features that lead to the formation of the
clusters in word sense clustering with CWEs. Our
results have shown that features from different cat-
egories determine the similarity of the representa-
tions; function words, punctuation marks, content
words in the sentences, position of the target word
in the sentence, neighboring words, morphological
properties and the syntactic role of the target word.
Our results are in line with Sajjad et al. (2022) who
have shown that the CWEs encode both grammat-
ical and semantic properties of the words and the
clusters of CWEs reveal these similarities.

Furthermore, we qualitatively evaluated the iden-
tified features for each word and have shown that
they are mostly insignificant to WSD. We observed
that even when different senses of a word occur in
diverse contexts and the sentence context provides
clear clues for different senses (as in the case with
‘ask’), the significant features do not determine the
similarity of the representations in most cases. This
contradicts our expectations. When the sentence
context provides clear clues for different senses,
e.g. in the case of homonymy, we expected the
similarity of contextualized representations to be
determined by these clues. However, this is not
the case and there are other features in the sen-
tences that are insignificant to WSD, that affect the
similarity of the representations more.

Our analysis also has revealed that insignificant
features affect the clustering performance nega-
tively in several ways. Most commonly, some in-
significant features occur in the sentences of both
word senses and they lead these sentences to cluster
together. This explains the poor clustering perfor-
mance reported previously (Yenicelik et al., 2020)
and also in this study. Additionally, in some cases,
certain insignificant features occur only in the sen-
tences of one sense by chance and they lead to the
formation of clusters. Although these cases don’t
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affect the performance negatively, this shows how
the randomness in the data can affect the clustering
performance.

In relation to the performance with different lex-
ical ambiguity types, the findings of our study are
in line with previous studies (Nair et al., 2020;
Haber and Poesio, 2021; Sevastjanova et al., 2021).
Clustering performs better with homonymy than
polysemy. In addition to previous studies, our re-
sults have shown that homonyms are more distin-
guishable by sentence context features than pol-
ysemes and their disambiguation can be more eas-
ily achieved with a simple classifier trained with
these features. However, contextualized representa-
tions’ similarity is not consistently determined by
the sense-significant features even for homonyms.

7 Conclusion

The information encoded in contextualized repre-
sentations which determines their similarity is not
significant to WSD in most cases. This shows that
these representations do not capture the different
meanings of words as expected, explaining why
using CWEs of pre-trained language models alone
does not yield sufficient performance in unsuper-
vised WSD. In the future, we plan to explore pos-
sible strategies to create contextualized representa-
tions that are more suitable to WSD by limiting the
information that is insignificant to WSD encoded in
the representations. This way, we aim to enhance
unsupervised WSD performance.
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Tag Description

nsubj nominal subject

pobj object of a preposition

attr attribution

xcomp open clausal complement
npadvmod noun phrase as adverbial modifier

Table 2: Dependency labels used in this study, from
spaCy model en_core_web_trf.

Tag  Description

NN  Noun, singular or mass

NNS  Noun, plural

VBD Verb, past tense

VBP  Verb, non-3rd person singular present
VBZ  Verb, 3rd person singular present

VB Verb, base form

Table 3: Fine-grained POS tags used in this study, from
Penn Tree Bank (Marcus et al., 1993).

Tag Description

ADP adposition

PUNCT punctuation

PART particle

SCONJ  subordinating conjunction
PRON pronoun

DET determiner

ADV adverb

NUM numeral

Table 4: POS tags used in this study, from Universal
Dependencies (Nivre et al., 2016).

A Feature Tags

The feature tags for the morphological properties
of the words, the syntactic role of the words, and
the POS tags of neighboring words that are used
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ask: 1 heart: 2 life: 5
begin: 3 produce: 2 point: 5
degree: 3 put: 3 raise: 3
drive: 3 table: 2 time: 2
foot: 2 right: 2 way: 4
heart: 2 case: 3 world: 4
indicate: 2 consider: 4 plane: 2
light: 3 cover: 2 lead: 7
man: 3 door: 2

Table 5: The words that are found in our dataset with
their sense counts. All the words are used in the word
sense clustering and the bold words are used in the
cluster explainability experiment.

in this study can be found in Table 2, 3, 4. For the
morphological properties of the words, we use their
fine-grained POS tag (Table 3). For the syntactic
role of the words, we use their dependency label
(Table 2). All the labels are obtained by processing
the sentences with spaCly.

B Selected Words

A list of the words that are found in our dataset can
be seen in Table 5. All the words and senses are
used in the word sense clustering experiment. Only
10 words and 2 sense each are used in the cluster
explainability experiment.

C Selected Features List

A detailed list of selected features from each cate-
gory can be seen in Table 6.

D Performance with Individual Words

The individual performance of each word can be
seen in Table 7. Only the performances of the
words that are used in the last experiment are re-
ported. Both clustering performance and the per-
formance of the sentence-feature classifiers are re-
ported. The data size (number of sentences) of each
word can be also seen in Table 7.



Feature Category Features

Neighbouring Word (right)  ADP: 3, PUNCT: 2, PART: 2, SCONI: 1, PRON: 1, DET: 1, ADV: 1
Neighbouring Word (left) DET: 4, PART: 2, PRON: 2, NUM: 2, ADP: 2, ADJ: 2, PUNCT: 1
Punctuation 2,01,

Function Word ‘and’: 1, ‘after’: 1, ‘can’: 1, ‘she’: 1, ‘might’: 1, ‘the’: 3, ‘to’: 2, ‘when’: 1, ‘my’: 1, ‘on’: 1,
‘through’: 1, ‘no’: 1, ‘with’: 1, just’: 1, ‘a’: 1, ‘by’: 1, ‘however’: 1, ‘in’: 1, ‘or’: 1, ’s’: 1,
‘each’: 2, ‘which’: 1, ‘her’: 1 ‘other’: 1, ‘their’: 1, ‘once’: 1, ‘such’: 1

Content Word ‘mean’: 1, ‘nothing’: 1, ‘high’: 1, ‘outside’: 1, ‘see’: 1, ‘first’: 1, ‘route’: 1, ‘Spencer’: 1,
‘new’: 1, ‘plan’: 1, ‘event’: 1, ‘God’: 1, ‘three’: 1, ‘hand’: 1, ‘go’: 1, ‘take’: 1, ‘inch’: 1,
‘age’: 1, feel’: 1

Syntactic Role nsubj: 2, pobj: 1, xcomp: 1, attr: 1, npadvmod: 1

Morphological Properties NNS: 3, VBD: 2, NN: 2, VBP:1, VBZ: 1, VB: 1

‘Word Position 6th: 1, 7th: 1, 8th: 1, 9th: 1, 10th: 1

Table 6: Selected important features in each category and their counts. POS tags of the word’s neighbors are given
for neighboring words, the dependency label of the word is given for the syntactic role, and the fine-grained POS
tag is given for the word’s morphological properties. See Appendix A for the descriptions of the tags used.

Clustering Sentence-Feature Classifiers

Word Data# | Performance | Feature# WSD Cluster 10-Cluster

F1 P R | F1 P R | Fl P R
Homonymy
ask 278 0.16 1668 081 082 081077 077 077|077 077 0.77
begin 90 0.34 1007 0.87 0.87 087|091 093 092 | 080 0.80 0.80
foot 119 1 1008 1 1 1 1 1 1 1 1 1
indicate 70 0.12 809 0.62 062 062 |08 08 085|085 08 0.85
man 92 0.54 932 0.71 071 070 | 0.82 0.83 0.82 | 0.85 0.86 0.85
Polysemy
life 74 0.34 775 0.59 0.60 0.60 | 0.81 083 0.81 | 0.86 0.86 0.86
man 54 0.16 690 0.66 0.81 068 | 0.84 084 084|094 095 094
time 56 0.69 762 071 076 0.71 | 0.84 084 084 | 094 095 094
way 110 0.55 1179 0.81 081 081 |08 08 086|073 074 0.73
world 56 0.35 692 0.84 084 084|053 066 055|083 088 0.83

Table 7: Data size and performance details of individual words. Data# refers to the number of sentences. Clustering
performance is evaluated using ARI. Feature# is the size of the sentence feature matrix. WSD refers to the classifiers
trained for WSD, Cluster for cluster assignment. /0-Cluster classifiers refer to the classifiers trained for cluster
assignment with only the top 10 features. FI, Precision and Recall scores are given for each classifier. The best F1
score for each word is given in bold.
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Abstract

This paper addresses the problem of word sense
induction (WSI) via clustering of word embed-
dings. It starts from the hypothesis that con-
textualized word representations obtained from
pre-trained language models (LMs), while be-
ing a valuable source for WSI, encode more
information than what is necessary for the iden-
tification of word senses and some of this in-
formation affect the performance negatively in
unsupervised settings. We investigate whether
using contextualized representations that are in-
variant to these ‘nuisance features’ can increase
WSI performance. For this purpose, we pro-
pose an adaptation of the adversarial training
framework proposed by Jaiswal et al. (2020)
to erase specific information from the repre-
sentations of LMs, thereby creating feature-
invariant representations. We experiment with
erasing (i) morphological and (ii) syntactic fea-
tures. The results of subsequent clustering for
WSI show that these features indeed act like
noise: Using feature-invariant representations,
compared to using the original representations,
increases clustering-based WSI performance.
Furthermore, we provide an in-depth analysis
of how the information about the syntactic and
morphological features of words relate to and
affect WSI performance.

1 Introduction

Words in their different senses occur in different
contexts. Contextualized word representations ob-
tained from transformer based pre-trained language
models (LMs) such as BERT (Devlin et al., 2019)
are especially suitable for Word Sense Disambigua-
tion (WSD) because they capture the sentential
context of a word and thereby oftentimes allow
to distinguish different senses of a word. They
have indeed been successfully used for WSD in re-
cent work (Hadiwinoto et al., 2019; Loureiro et al.,
2021; Vandenbussche et al., 2021).

*This work was conducted during the author’s visit to
Université Paris Cité.

However, in both unsupervised WSD, where the
goal is to identify the instances of a specific sense,
and word sense induction (WSI), which allows the
discovery of novel senses, using the LM repre-
sentations alone does not yield satisfactory results
(Pilehvar and Camacho-Collados, 2019; Samih and
Kallmeyer, 2023). In both, similarity of the repre-
sentations plays a crucial role, and this similarity is
determined by many features. Indeed, the contex-
tualized representation of a word usually encodes a
wide range of linguistic information about the word
in its context, such as its syntactic function, its mor-
phological properties, its position, its casing, and
the identity of its neighbouring words (Sajjad et al.,
2022). However, most of the encoded information
that determines the similarity of the representations
is not relevant to word senses (Yavas, 2024). Note
that this is not a problem for supervised WSD, as a
supervised model can learn to ignore those features
that are not discriminative for word senses.

Building on these insights, we focus on WSI
and aim at investigating the relationship between
specific types of information encoded in contextual-
ized representations of LMs and WSI performance.
Concretely, we examine whether erasing certain
information from the representations of LMs can
lead to an increase in performance for a simple
clustering-based WSI system. Our investigation
examines two types of information that have been
observed to affect the word sense clustering perfor-
mance negatively. Yavas (2024) have shown that in
word sense clustering with BERT representations
on SemCor (Miller et al., 1993), word instances
are frequently clustered together based on the simi-
larities between their morphological and syntactic
features (more specifically, syntactic role of the
word) rather than their semantic similarities. For
example, past tense instances of a specific verb, or
all instances of a specific noun occurring as direct
objects, are clustered together.

We adapt the adversarial training framework of
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Jaiswal et al. (2020) in order to train a forget-gate
that erases information from the representations
of LMs, resulting in feature-invariant representa-
tions. We experiment with the BERT model and
create feature-invariant representations for both of
the above-mentioned types of features (morpholog-
ical and syntactic). Finally, we evaluate the perfor-
mance of WSI on SemCor with different feature-
invariant representations, comparing them to the
original word representations obtained from BERT.
Furthermore, we conduct an in-depth analysis of
how the information about the syntactic and mor-
phological features of words relate to and affect
WSI performance.!

Our results show that words’ morphological and
syntactic features indeed act like noise that nega-
tively affects clustering performance and syntax-
and morphology-invariant representations are bet-
ter suited to WSI than the original BERT represen-
tations. Furthermore, a more detailed analysis of
the relation between these information types and
WSI performance shows that even though syntactic
features are more correlated to word senses than
morphological features are, they still affect the WSI
performance negatively overall.

This paper makes several contributions. First,
we propose an adaptation of the framework pro-
posed by Jaiswal et al. (2020) to erase unwanted
information from the representations of LMs. Sec-
ondly, we use this method to generate syntax-
and morphology-invariant representations from
the word representations of the BERT model and
achieve better performance in clustering-based
WSI. Lastly, we provide an in-depth analysis of
how the morphological and syntactic features of
words affect WSI performance.

The paper is structured as follows: We review
related work in Section 2, then we introduce our
framework for creating feature-invariant represen-
tations in Section 3 and report the results of the
creation process. Finally in Section 4, we report
the experiments on WSI with an analysis of the
relation between the information types and WSI
performance.

"We also experimented with positional information. In our
experiments, we successfully removed the positional informa-
tion from the representations, however, these representations
exhibited unexpected behaviour in clustering experiments. As
a result, we decided to exclude this feature type. We intend to
investigate the underlying reasons in the future.

2 Related Work

Word Sense and Information Encoded in Con-
textualized Representations. Contextualized rep-
resentations of pre-trained LMs encode more con-
textual information than what is necessary for the
identification of word senses and this information
can affect the similarity of the representations in
an unwanted way. Sajjad et al. (2022) have shown
that semantic, morphological, and syntactic con-
cepts are encoded in contextualized representations.
These concepts include words’ POS tags, CCG
super-tags, ngrams, casings, WordNet concepts,
and so on. Furthermore, clustering of contextual-
ized word representations reveal these similarities
between the words.

In their detailed qualitative analysis, Yavas
(2024) have shown that word sense clustering with
BERT’s representations on SemCor is heavily and
negatively affected by information encoded in the
representations from the sentence context that is
insignificant to WSD, such as some morphologi-
cal features of the words, their syntactic role, the
presence of some punctuation marks and function
words in the sentence (e.g. ‘not’, ‘then’, etc.). In
the present study, we aim to investigate whether the
effects of some of these features can be controlled
and whether doing so can increase performance in
WSI on the same dataset.

Similar effects have been found in lexical seman-
tic change detection. Laicher et al. (2021) have
observed that BERT representations are influenced
by the orthographic form of words. Consequently,
this affects how the representations are clustered.
They have shown that removal of this bias increases
the clustering performance. In order to do so, they
preprocess the input data by lemmatizing the tar-
get word in each sentence before feeding it to the
model.

Adversarial Training for Invariant Represen-
tation Learning. Invariant representation learn-
ing aims to create representations that do not en-
code certain unwanted features of data, such as
nuisances, biases, or domain-specific features. Nui-
sances are features in the data that have no or little
relevance to the task but influence model perfor-
mance, like facial expressions in face recognition
(Bronstein et al., 2003) or orientation in image
recognition (Khotanzad and Hong, 1990). The cre-
ation of representations invariant to nuisances aims
to increase model performance and robustness.

In this study, we consider morphological and
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Figure 1: Framework for training a forget-gate (£'G) to
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create feature-invariant representations from the representa-

tions of a pre-trained model. The F'G is trained as a part of an adversarial model. The LM is only used as a feature

extractor and its parameters are frozen.

syntactic features of words as nuisance features for
WSI because they are not directly related to differ-
ent senses of words but affect performance. We
acknowledge that the syntactic features of words
are, to some extent, relevant to WSI, but while
these features may aid in identifying the senses
of some words, we hypothesize that it introduces
noise overall.

Invariant representation learning is widely used
to create representations that are invariant to nui-
sance features in Computer Vision (Louizos et al.,
2017; Xie et al., 2017; Jaiswal et al., 2018, 2020).
However, in NLP, most applications of this tech-
nique center around learning domain-invariant rep-
resentations (Louizos et al., 2017; Jaiswal et al.,
2018; Peng and Zhang, 2020; Xin et al., 2022) . As
for our knowledge, there has been no attempt to
create contextualized representations invariant to
any linguistic information.

Jaiswal et al. (2020) propose a framework for
learning invariant representations through adversar-
ial training in a Computer Vision context. They
train an encoder (and a decoder) to generate rep-
resentations for a set of inputs. At the same time,
a forget-gate is trained to generate masks meant
to be applied to the representations in order to cre-
ate invariant representations. The forget-gate is
trained as part of an adversarial model, in which a
discriminator predicts the unwanted information
from the masked representation while a predictor
predicts some task-related information. Our frame-
work for learning invariant representations is in-
spired by Jaiswal et al. (2020) while showing clear
differences. We do not train an encoder-decoder
model but, instead, we utilize LMs and create in-
variant representations from their representations.
Furthermore, forgetting is not done by masking but
by transforming the LM representations through a
feed-forward network.

3 Creating Feature-Invariant
Representations via Adversarial

Training

In order to obtain contextualized representations
that are invariant to certain features, we propose
to add a forget-gate on top of a pre-trained LM.
The forget-gate applies a nonlinear transformation
and thereby selectively removes the unwanted in-
formation from the original contextualized repre-
sentations. It is trained as a part of an adversarial
model inspired by Jaiswal et al. (2020). Concretely,
we train two forget-gates to create feature-invariant
representations for syntactic and morphological fea-
tures. We will refer to the respective resulting rep-
resentations as syntax-invariant, and morphology-
invariant representations.

3.1 Framework

Our framework is illustrated in Figure 1. We define
a neural network named forget-gate (F'G). This
network is implemented as a feedforward neural
network with two hidden layers with ReLLU acti-
vation function. It applies a transformation to the
representations obtained from a pre-trained LM to
create representations that are invariant to specific
information. The input of F'G (x) is the repre-
sentation we aim to transform, namely the token
embedding from the pre-trained LM. The output of
FG (x') is the feature-invariant representation.

Given a sentence s, we first tokenize it with the
LM tokenizer and then pass the tokenized sentence
(t1, ..., t;, ..., ty) to the LM in order to extract the to-
ken embeddings (X1, ..., Xj, ..., Xp ), obtained from
the last layer of the LM (i.e., the LM acts as a
feature extractor). Each of these embeddings con-
stitutes one input data point to the F'GG. We use the
BERT (base-cased) model.?

>The embeddings are extracted using the Transformers
library (Wolf et al., 2020).
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The forget-gate F'G is trained as part of an ad-
versarial model with two auxiliary modules; a dis-
criminator (D) and a predictor (P). During train-
ing, the representation produced by the forget-gate
(x{ = F'G(x;) for token t;) is given to P and D.
D is tasked with probing for unwanted informa-
tion (some label y; for token ¢;) in the embedding
x, and P is tasked with recovering the identity of
the token (¢;) from xg. The adversarial model is
trained on the representations of both masked and
unmasked tokens (i.e., we sometimes substitute the
[MASK] token for ¢; in the input of the LM).

The training of the adversarial model alternates
between three types of batch, each batch containing
training data for only one of the three subnetworks
of the adversarial model. On the first type of batch,
the parameters of D, on the second type of batch,
the parameters of P, and on the third type of batch,
the parameters of F'G are updated. There are two
batches of the first type (for D) for one batch of
the second and one batch of the third type. So,
D is trained more than the rest of the network.
The parameters of F'G are updated based on the
combined loss Lpg of D and P as indicated in (1).
The loss of D is given as negative since we want
to increase it.>

Lrg(z,y,t) = _LD(D(:E//)ay)

+Lp(P)t)

For each feature type (morphological and syn-
tactic), we train an adversarial model with a unique
discriminator to obtain a feature-specific forget-
gate.4 The discriminators, D,, and Dy, are trained
as classification models and towards labelling to-
kens with POS tags (from the Penn Treebank tagset,
Marcus et al., 1993 — these tags are fine-grained
and provide morphological information such as
number for nouns and tense for verbs) and (incom-
ing) dependency labels respectively; the training
labels are predicted, see Section 3.3. For each fea-
ture type, the corresponding discriminator aims to
probe for this specific feature, while the forget-
gate simultaneously aims to erase it. The details
about the architecture of the different modules of

3In Jaiswal et al. (2020)’s framework, forgetting is not
done by using the opposite of D’s loss on the correct labels,
but by using D’s loss on random labels.

*We target morphological and syntactic information in-
dependently, even though theoretically, they are interrelated.
However, this does not affect the relevance of our method, but
only some linguistic interpretations of the results.

the adversarial model and their loss functions can
be found in Appendix A.

We train the adversarial models for 800 epochs
creating checkpoints every 100th epoch and select
the best checkpoint a posteriori based on the evalu-
ation results (see next section). The details about
the hyperparameters and the training of the adver-
sarial model can be found in Appendix B. As a
result of training the two adversarial models, we
obtain two different forget gates, F'G;,, and F'Gs.
These forget gates, when applied to a BERT word
embedding, yield the respective feature-invariant
representations.

3.2 Evaluation

In order to evaluate this method, we create repre-
sentations using the trained forget-gates for each
type of information and use these representations
to train two models from scratch: one for word
(i.e., token) prediction and the other for unwanted
information probing. The performance of these
models on the test data tells us whether the feature-
invariant representation creation was successful.

We compare the performances of these models
to a lower and an upper bounds. The upper bound
for a task is defined as the performance of a similar
system trained using the original BERT represen-
tations. The lower bound is defined differently
for the two types of information. For syntactic in-
formation, the probing model is trained using the
non-contextualized word representations used by
BERT as input to its first layer. For morphological
information, the lower bound is given by the most
frequent POS baseline. It is calculated for each
grammatical category (i.e. noun, verb, and so on.)
by predicting the most frequent POS tag for that
category and averaged for all categories.

The probing models for morphological and syn-
tactic features are similar to the respective discrim-
inators in the adversarial models: They share the
same architecture, training and test data. The word
predictors are also similar to the respective predic-
tors in the adversarial models, in regard to their
architecture, training and test data.

We compare the performances of different mod-
els on the test data. We use perplexity as the metric
to evaluate the word predictors and accuracy for
the probing models. We select the best forget-gate
for each feature type aiming at a low probing per-
formance (close to the lower bound): We evaluate
all checkpoints and pick the forget-gate with the
lowest probing scores (if not lower than the lower
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bound). Details about the hyperparameters and the
training of the lower bound and upper models, eval-
uation models (probing and word prediction), and
the selected forget-gates are given in Appendix B.

3.3 Data

For the training and evaluation of the models, we
use the Brown corpus (Kucera et al., 1967). We
extract the token representations by BERT of each
sentence. These token representations are then used
as the input for the forget-gate. Since words are
tokenized into WordPiece subwords by the BERT
tokenizer, we work with these subwords rather than
entire words.

In cases a word is split in multiple parts, we
only take the first subword into account, i.e. we
only erase information from the first subword a
word and we only use this subword for WSI. We
expect the first subwords to encode more relevant
information for WSI because they are more likely
to align with the stems of the words as opposed to
suffixes (e.g. ‘booklets’ is tokenized into ‘booklet’
and ‘s’ by the model tokenizer).

We assign two labels to each token; one for the
discriminator (or probe) and another for the predic-
tor. The predictor’s label corresponds to the token
ID assigned by the BERT’s tokenizer to the token.
The discriminator’s label varies depending on the
feature type: the label is either the label of the in-
coming syntactic dependency or the POS tag (of
the word associated with the token). We get these
labels automatically using spaCly.°

The dataset for morphological information only
contains tokens of words belonging to grammatical
categories that exhibit inflection in English: nouns,
verbs, adjectives, adverbs, and pronouns. No such
restrictions apply to syntactic information. This
process yields datasets containing 2,341,954 tokens
for syntactic information, and 1,315,988 tokens for
morphological information. All datasets are split
to train, development, and test data with the ratio
80:10:10.

3.4 Results

Both feature-invariant representations achieve good
results in word prediction and probing tasks; the
unwanted information is erased from the represen-
tations while their word prediction capabilities are

3The code for this project is available at: https://gith
ub.com/yavasde/Adversarial-Forgetting-of-Morphos
yntactic-Information.

®https://spacy.io/, model: en_core_web_trf.

Word Prediction Probing

Syntactic Information

Upper Bound 3.0 85.0
Lower Bound - 70.2
Invariant Rep. 4.1 72.1
Morphological Information

Upper Bound 3.0 89.1
Lower Bound - 62.1
Invariant Rep. 7.1 75.9

Table 1: Evaluation results for the feature-invariant rep-
resentations with comparison to the upper and lower
bounds of the tasks. Accuracy is given for probing (in
this context, lower is better) and perplexity is given for
word prediction results (lower is better).

intact. The lower bounds and upper bounds for all
tasks and the evaluation results for feature-invariant
representations can be seen in Table 1.

Erasing morphological information impacts the
performance of word prediction more. This is
expected because the morphological features of
words (for instance grammatical number for nouns)
are strongly correlated with their word forms.

4 Word Sense Induction Performance

Our aim is to investigate whether using feature-
invariant contextualized representations can im-
prove WSI performance. For this purpose, we
compare the performance on WSI of three vari-
ants of the same system, respectively using three
different representations; 1) the original contex-
tualized representations of the BERT model, 2)
syntax-invariant, and 3) morphology-invariant con-
textualized representations, where the latter two
are obtained by applying our trained forget-gates
FG,, and F'G; to the BERT representations. Fur-
thermore, we provide a detailed analysis of the
relation between the morphological and syntactic
features of words and WSI and how the erasure of
this information affects the WSI performance.

4.1 Data

We evaluate our WSI systems on SemCor. SemCor
is based on a subset of the Brown Corpus and it pro-
vides sentences in which a word, the farget word,
is labelled with a WordNet sense (Fellbaum, 1998)
as shown in (1). We focus on nouns and verbs and
exclude other grammatical categories. We further
exclude the words that have only one sense, and
the senses that occur in less than 10 sentences.
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(D) officer:

a.  “An officer with a squad of men had
been waiting on the bank.”
(officer.n.0l)
b.  “And the policy officer has the hounds
of time snapping at his heels.”
(officer.n.02)

One of the advantages of using SemCor for WSI
is that it is a subset of a bigger corpus (Brown
Corpus), that we can use to train the forget-gates.
The forget-gates are then trained on the same kind
of texts that the ones used for WSI, which helps
ensuring the quality of the invariant representations
used during clustering. There is no methodological
problem in doing so as the gold clusters are not
used at any time during the training of the forget-
gates. This approach can be applied to any dataset
by training a forget-gate and performing WSI on
the same data. Note that while the training of the
forget-gates requires feature annotation, this does
not limit the applicability of our approach as we
perform it automatically.

4.2 Method

We cluster instances of words using their repre-
sentations (BERT, syntax-invariant or morphology-
invariant) in the sentences. We tokenize each sen-
tence with the BERT tokenizer and give the tok-
enized sentence to the model to extract the repre-
sentations of the target word from the last layer of
the BERT model. In cases where the words are
tokenized into subwords, we only use the first sub-
word token. We create feature-invariant represen-
tations from the original representations of BERT
for each information type using the information-
specific forget-gate ('G5 or F'G,,,). We apply nor-
malization to all embeddings before clustering.

We use the K-Means algorithm for clustering.’
K-Means requires the cluster number as a hyper-
parameter. To determine the optimal number of
clusters for each word, we run the algorithm with
different cluster numbers between 2 and 6 and se-
lect the one with the highest silhouette score.?

We evaluate the clustering performance by com-
paring cluster assignments and the WordNet senses
of word instances and average the result over all

"The algorithms are implemented using the Scikit-learn
library (Pedregosa et al., 2011).

8The silhouette score measures how similar a sample is to
its cluster compared to other clusters. It’s calculated for each
sample and then averaged for the entire dataset.

Overall nouns verbs
BERT 0.210 sx1e™  0.251 ax107®)  0.174 (1x1073)
Syn-Inv 0.221 aix1e3)  0.263 4xiet  0.185 (2x1073)
Morph-Inv ~ 0.232 (xie®)  0.267 (1x1073)  0.201 (2x1073)

Table 2: WSI performance with different representation
types. The performance is measured using ARI. Results
are presented for all words in the dataset, as well as for
verbs and nouns individually. The mean results over
5 runs are given with standard deviation in brackets.
The scores that surpass the BERT representations are in
bold.

words. The evaluation metric used is the Adjusted
Rand Index (ARI) (Hubert and Arabie, 1985). ARI
measures the similarity between two clusterings
by counting the pairs that are assigned to the same
or different clusters in both the gold clusters and
predicted clusters. It is adjusted to account for
chance agreement and gives a score between -1
and 1 where 1 indicates perfect agreement between
the two clusterings, while scores below 0 suggest
that the match is worse than random chance. For
the ARI formula and different clustering evaluation
metrics see Appendix C.

We compare the WSI performance with 3 differ-
ent types of representations. We run the clustering
algorithm 5 times for each type of representation
with different random states. We report the mean
of 5 runs. We apply unpaired t-test to determine if
the performance difference is statistically signifi-
cant. We compare the overall performance and the
performance based on grammatical category (verbs
and nouns).

4.3 Results

Results are shown in Table 2. WSI is performed bet-
ter with feature-invariant representations than with
the original BERT representations for both feature
types, with statistically significant differences ob-
served through unpaired t-tests (p-value: 0.0001).
The best results are obtained with morphology-
invariant representations overall. The largest
gain in the performance happens for verbs with
morphology-invariant representations. For a more
detailed evaluation of the clustering performance
using different metrics see Appendix C. Further
analysis of the specific cases and reasons behind
performance increases and decreases are addressed
in the following section.
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Syntax Morphology
# Tr Ty Sense BERT Invariant | # T; Ty Sense BERT Invariant
MI - 94 278 147 26.4 23.1 - 47 405 94 41.8 25.4
Casel | 59 - - - 0.34 0.33 11 - - - 0.66 065
Case2 | 34 - - - 0.07 0.10 80 - - - 0.04 0.09
Case3 | 53 - - - 0.19 0.18 55 - - - 0.28 0.29

Table 3: Relation between the feature types and the WSI performance. MI scores for the association between
linguistic features and sense or cluster assignments are given. 77, and Ty; refers to the lower and upper threshold for
MLI. For each Case, ARI scores for BERT clusters and the clusters formed by the feature-invariant representations

are given. Performance increases are in bold.

4.4 Analysis of the Relation Between the
Information Types and WSI Performance

Our aim is to determine in which cases the erasure
of these information types helps the WSI process.
More specifically, we aim to investigate whether,
for individual words, word senses are distinguish-
able by the word’s morphological and syntactic
features and therefore, whether the existence or the
erasure of the related information helps the WSI
process. Even though the overall WSI performance
improves with feature-invariant representations, it
is possible that for some words, the information
erased is actually useful for sense identification. In
these cases, the information erasure would nega-
tively affect the WSI process.

In order to investigate this, we identify the three
following cases and assess the performance with
the original BERT representations and feature-
invariant representations for each case:

* Case I: The senses of a word are distinguish-
able by the word’s morphological, or syntac-
tic features. In this case, we expect the per-
formance with invariant representations to be
lower than with the original BERT representa-
tions.

* Case 2: The senses of a word are not dis-
tinguishable by the word’s morphological, or
syntactic features, but clusters of BERT rep-
resentations are distinguishable by these fea-
tures — which then can be assumed to be
noise for clustering-based WSI. In this case,
we expect the performance with invariant rep-
resentations to be higher than with the original
BERT representations.

e Case 3: The senses of a word are not distin-
guishable by the morphological, or syntactic
features of the word, and clusters of BERT
representations are also not distinguishable

by these features. In this case, we expect the
performance with invariant representations to
be the same as with the original BERT repre-
sentations.

4.4.1 Method

We measure the association between the features
of the word instances and their sense or cluster
assignments using Mutual Information (MI).” We
use this information to automatically categorize
words into the three cases outlined above.

In order to determine the features of the word in-
stances, we use again the POS tags and dependency
labels obtained from spaCy. '© We refer to them as
linguistic labels. For each word and for each type
of feature we compute three MI scores. Firstly, we
calculate the MI score between the linguistic la-
bels of the instances and their gold WordNet sense
labels (Sense MI). Secondly, we calculate the MI
score between the linguistic labels of the instances
and their cluster labels, considering the clusters
formed by the BERT representations (BERT MI).
Lastly, we assess the MI score between the linguis-
tic labels of the instances and their cluster labels,
considering this time the clusters formed by the
feature-invariant representations (Invariant MI).

We compare the MI scores to lower (17,) and
upper thresholds (7;7). The lower and upper thresh-
old are calculated for each feature type as the first
quartile and third quartile for all MI scores for this
feature. We interpret scores below the lower thresh-
old as indicating no association, and scores above

The mutual information between two variables X and Y’
is defined as follows:

MIX;Y) = 3 S pla,y) 1og< p(z,v) ) @

TEX yey p(z)p(y)

1%For some instances of words, the target word is not found
in the sentence due to a lemmatization error. We discard these
words and experiment with 540 words in total (out of 567).
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the upper threshold as indicating an association.
We then automatically categorise word types. Case
1 words have high Sense MI scores, Case 2 words
have low Sense MI and high BERT MI scores, and
finally, Case 3 words have low Sense MI and low
BERT MI scores. We compute the average ARI
score for each word within each case and compare
their performances.

4.4.2 Results

The results of the analysis can be seen in Table 3.
MI scores show that the linguistic labels are more
strongly associated with BERT clusters than with
the sense groups. This suggests that these features
are dominant in the BERT clusters more than nec-
essary. This and the fact that ARI performance is
lowest for the Case 2 words indicate that these fea-
tures introduce noise that affects WSI performance
negatively. With the feature-invariant representa-
tions, this effect is limited to some extent.
Regarding different Cases, the results mostly
align with our expectations. Clustering perfor-
mance with Case I words is slightly higher with
original BERT representations. Clustering perfor-
mance with Case 2 words is increased with feature-
invariant representations. However, the increase for
Case 2 words is much higher than the decrease for
Case I words, showing that the erasure of syntactic
and morphological information benefits the WSI
performance overall. Finally, with Case 3 words,
there is a slight increase or decrease in performance
depending on the different feature types.
Regarding different feature types, we observe
that the morphological features of words introduce
a lot of noise to WSI performance (Sense MI vs.
BERT MI). Only for 11 words (out of 540), mor-
phological features of words are found to be as-
sociated with different senses (Case I). For 80
words, these features are found to be associated
with different BERT clusters, even though they are
not relevant to different senses (Case 2), therefore
introducing noise. Similarly, the average BERT
MI score for morphological features surpasses the
upper threshold (777) of association, showing that
there is a high level of association between mor-
phological features and BERT clusters. Conversely,
syntactic features of words have more relevance to
word senses. For 59 words, these features show
associations with different senses, and both the
Sense MI score is higher, and the difference be-
tween Sense and BERT MI scores is lower for this
feature type. These differences are also evident

BERT Representations Morphology-Invariant Representations

Figure 2: PCA visualizations of BERT representations
(left) and morphology-invariant representations (right)
of different sense instances of ‘area’. Different data
point colors refer to different senses. Different marker
styles refer to instances with different morphological
features, i.e. grammatical number; circles for singular
nouns, squares for plural nouns.

in the WSI performance. Erasing morphological
information benefits WSI performance more than
erasing syntactic information (Table 2).

Let us illustrate these findings with a few exam-
ples. The noun ‘area’ has 3 senses in the data. WSI
performs worse with BERT representations than
with morphology-invariant representations on this
word (BERT ARI: 0.03, INV ARI: 0.49). With
BERT representations, we observe that two clus-
ters are formed and that they are formed mostly
based on the grammatical number of the instances,
although there is no association between grammat-
ical number and the senses of the word (Sense
MI: 0.0, BERT MI: 57.7, Invariant MI: 4.2). With
morphology-invariant representations, we observe
that this pattern is broken. Grammatical number
does not affect the similarity of the representations
and the instances of each sense are closer to each
other. Singular and plural instances of the third
sense are successfully clustered together. Even
though first and second sense instances form only
one cluster, instances of each sense are closer to
each other and the senses are more separable. See
Figure 2 for the PCA visualization of the differ-
ent representations of ‘area’ instances. For a more
detailed plot see Figure 4 in Appendix D.

Let’s consider a contrasting example. The noun
‘field’” has 4 senses in the data. WSI performs better
with BERT representations than syntax-invariant
representations (BERT ARI: 0.62, INV ARI: 0.26)
and senses are associated with the syntactic fea-
tures of the word (Sense MI: 40.3, BERT MI: 43.7,
Invariant MI: 11.0). The 3rd sense of ‘field’ has
the meaning ‘somewhere (away from a studio or
office or library or laboratory) where practical work
is done or data is collected’ and almost all of its
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BERT Representations Syntax-Invariant Representations
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Figure 3: PCA visualizations of BERT representations
(left) and syntax-invariant representations (right) of dif-
ferent sense instances of ‘field’. Different data point
colors refer to different senses. Light blue data points
represent the 3rd sense instances of the noun. Different
marker styles refer to instances with different syntactic
roles; squares for compounds heads, circles for others.

instances are heads of a compound as in example

().

2) a. They will give suggestions that can be
worked up into field procedures.
b. Actually, none of these papers says

much directly about field techniques.

The 3rd sense instances are clustered together
when BERT representations are used. After the
erasure of syntactic information, their representa-
tions are closer to the representations of other sense
instances. As a result, they are clustered with other
sense instances when syntax-invariant representa-
tions are used, resulting in poor performance. See
Figure 3 for the PCA visualization of the differ-
ent representations of ‘field’ instances. For a more
detailed plot see Figure 5 in Appendix D.

5 Conclusion

We adapt the framework proposed by Jaiswal et al.
(2020) in order to erase specific information from
the representations of LMs. With this method, we
create two types of representations from BERT
embeddings: invariant to either (i) morphological
features or (ii) syntactic features. Our results show
that the resulting feature-invariant representations
are more suitable for the WSI task. Furthermore,
we show that even though some syntactic features
provide valuable information for WSI, both types
of features introduce noise that, overall, negatively
impacts the performance of clustering-based WSI.
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A Model Architectures

* Discriminator for Synactic Information: 2-
layer nonlinear neural network for classifica-
tion. ReLU is used as the activation function.
Given a token embedding, it predicts the de-
pendency label of the token. Output dimen-
sion is the number of classes. Cross-entropy
loss is used as the loss function and Adam is
used as the optimizer.

Discriminator for Morphological Informa-
tion: 2-layer nonlinear neural network for
classification. ReL U is used as the activation
function. Given a token embedding, it pre-
dicts the fine-grained POS tag of the token.
Output dimension is the number of classes
found in the dataset. Cross-entropy loss is
used as the loss function and Adam is used as
the optimizer.

Predictor: 3-layer linear neural network that
maps the token embedding to the vocabulary
of BERT with size 30522. 2nd layer is for
normalization and drop-out (0.1) is applied
before the output layer. Cross-entropy loss is
used as the loss function and Adam is used as
the optimizer.

Forget-Gate: 3-layer nonliner neural network
that transforms the input embedding. ReLU is
used as the activation function. Cross-entropy
loss is used as the loss function and Adam is
used as the optimizer.

B Model Training Procedures

Adversarial Models. All adversarial models are
trained with batch size 128 and learning rate 10~6
for the predictor, 10~ for the discriminator, and
10~* for the forget gate. All the models are trained
for 800 epochs.

Upper Bounds.

* Probing for syntactic information: 74
epochs, batch size 128, learning rate 10~°.

* Probing for morphological information: 66
epochs, batch size 128, learning rate 1075,

* Word prediction: 132 epochs, batch size 128,
learning rate 1076,

Lower Bounds.

* Probing for syntactic information: 9 epochs,
batch size 128, learning rate 10~%.

Feature-Invariant Representations Evaluation.

* Morphology-Invariant Representations:
The word predictor is trained for 30 epochs
with batch size 128, learning rate 10~5. The
probing model is trained for 22 epochs with
batch size 128, learning rate 10~%. The best
forget-gate is obtained from the 400th epoch
of the adversarial model’s training.

* Syntax-Invariant Representations: The
word predictor is trained for 20 epochs with
batch size 128, learning rate 10~°. The prob-
ing model is trained for 37 epochs with batch
size 128, learning rate 10~*. The best forget-
gate is obtained from the 500th epoch of the
adversarial model’s training.

C Clustering Performance Details

We evaluate the clustering performance using met-
rics from 4 different categories based on the cate-
gorization in Amigé et al. (2009) because different
categories have different strengths in measuring
clustering quality; metrics based on set match-
ing (Purity, Inverse Purity (Zhao and Karypis,
2001) and their harmonic mean PIF), metrics
based on entropy (V-Measure (Rosenberg and
Hirschberg, 2007)), metrics based on counting
pairs (Adjusted Rand Index (Hubert and Arabie,
1985)), and BCubed metrics (BCubed Precision,
Recall and F-score (Bagga and Baldwin, 1998)).

C being the set of clusters and L being the true
grouping, Purity and Inverse Purity are calculated
as follows:

C.

Purity = E |]\;| max Precision(C;, Lj)  (3)

. J
K3

L; -
Inverse Purity = Z ‘N’ max Precision(L;, C})
i

J
“)
V-measure is calculated based on the homogene-
ity and completeness. Homogeneity measures how
much each cluster contains only data points that are
members of a single class. Completeness measures
how much all data points that are members of a
given class are assigned to the same cluster. It is
calculated as follows:
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ARI V-M PU PIF P-Bcubed R-Bcubed F-Bcubed
BERT 0.210 (0.0008) 0.265 (0.0007) 0.732 (0.0007) 0.658 (0.001) 0.670 (0.001) 0.652 (0.0006) 0.575 (0.0008) 0.580 (0.0004)
Syn-Invariant 0.221 (0.001) 0.274 (0.001) 0.732 (0.0006) 0.682 (0.0009) 0.684 (0.0008) 0.653 (0.0007) 0.599 (0.001) 0.594 (0.0008)
Morph-Invariant 0.232 (0.001) 0.283 (0.0006) 0.736 (0.0004) 0.683 (0.001) 0.688 (0.0007) 0.657 (0.0004) 0.598 (0.0008) 0.597 (0.0005)

Table 4: Clustering evaluation results with different representations with different metrics for all words in the data.
The mean results over 5 runs are given with standard deviation in brackets.

ARI V-M PU IPU PIF P-Bcubed R-Bcubed F-Bcubed
BERT 0.251 (0.001) 0.309 (0.001) __ 0.769 (0.0007) __ 0.689 (0.002) __ 0.707 (0.001) __ 0.699 (0.0004) __ 0.607 (0.001) __ 0.623 (0.0008)
Syn-Invariant 0.263 (0.0004)  0.320 (0.0005)  0.772 (0.0006)  0.682(0.001)  0.706 (0.001)  0.703 (0.0003)  0.600 (0.001)  0.622 (0.0009)
Morph-Invariant 0.267 (0.001) 0.322 (0.001) 0.772 (0.001) 0.682 (0.001) 0.705 (0.001) 0.704 (0.001) 0.598 (0.001) 0.620 (0.001)

Table 5: Clustering evaluation results with different representations with different metrics for nouns. The mean
results over 5 runs are given with standard deviation in brackets.

ARI V-M PU PIF P-Bcubed R-Bcubed F-Bcubed
BERT 0.174 (0.001) 0.227 (0.001) 0.699 (0.001) 0.632 (0.001) 0.638 (0.0008) 0.611 (0.001) 0.547 (0.0006) 0.542 (0.0001)
Syn-Invariant 0.185 (0.002) 0.233 (0.002) 0.698 (0.001) 0.681 (0.002) 0.665 (0.001) 0.608 (0.001) 0.598 (0.001) 0.570 (0.001)
Morph-Invariant 0.201 (0.002) 0.248 (0.002) 0.705 (0.001) 0.684 (0.002) 0.672 (0.002) 0.616 (0.001) 0.599 (0.002) 0.576 (0.002)

Table 6: Clustering evaluation results with different representations with different metrics for verbs. The mean
results over 5 runs are given with standard deviation in brackets.

V92« Homogeneity x Completeness

Homogeneity + Completeness

Adjusted Rand Index (ARI) adjusts the Rand
Index (RI) to account for chance agreement. R/
calculates the similarity between two clusterings
by considering pairs of samples and determining
whether they are assigned to the same cluster or
different clusters in both clusterings. They are cal-
culated as follows:

RI correct similar pairs + correct dissimilar pairs

total number of pairs (©)
max(RI) — Expected_RI
RI — Expected_RI

Correctness is the relation between e and ¢’ in
the distribution, where C'(e) denotes the cluster and
L(e) true grouping of the item. Correctness means
that both items have the same category and belong
to the same cluster. The overall Precision BCubed
and Recall BCubed are obtained by averaging the
precision and recall scores of all items in the dataset
as follows:

ARI = 7)

Precision BCubed =

Avge[Avgl.c(ey=c (e [Correctness(e, €')]] ®)

Recall BCubed =

Avge[Avgl.1(e)=r(ery[Correctness(e, e')]] ©)

The detailed evaluation of the clustering perfor-
mance with different metrics for all words can be
seen in Table 4, for nouns in Table 5 and verbs in
Table 6. The mean results over 5 runs are given.

D Clustering Visualizations

The PCA visualizations of the BERT representa-
tions and morphology-invariant representations of
‘area’ instances can be seen in Figure 4. Similarly,
the PCA visualizations of the BERT representa-
tions and syntax-invariant representations of ‘field’
instances can be seen in Figure 5.
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Figure 4: PCA visualizations of BERT representations (top) and morphology-invariant representations (bottom)
of different sense instances of ‘area’. Different data point colors refer to different senses, and different border
colors refer to different clusters. Additionally, different marker styles refer to instances with different morphological
features, i.e. grammatical number; circles for singular nouns, squares for plural nouns.
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Figure 5: PCA visualizations of BERT representations (top) and syntax-invariant representations (bottom) of
different sense instances of ‘field’. Different data point colors refer to different senses, and different border colors
refer to different clusters. Additionally, different marker styles refer to instances with different syntactic roles;
circles for compound heads, stars for prepositional objects, triangles for direct objects, diamonds for subjects,

reversed triangles for passive subjects, and hexagons for attributes.
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Abstract

Topological properties of embeddings, such as
isotropy and uniformity, are closely linked to
their expressiveness, and improving these prop-
erties enhances the embeddings’ ability to cap-
ture nuanced semantic distinctions. However,
fine-tuning can reduce the expressiveness of the
embeddings of language models. This study
investigates the relation between fine-tuning,
topology of the embedding space, and task per-
formance in the context of sense knowledge
enhancement, focusing on identifying the topo-
logical properties that contribute to the suc-
cess of sense-enhanced embeddings. We ex-
periment with two fine-tuning methods: Super-
vised Contrastive Learning (SCL) and Super-
vised Predictive Learning (SPL). Our results
show that SPL, the most standard approach, ex-
hibits varying effectiveness depending on the
language model and is inconsistent in produc-
ing successful sense-enhanced embeddings. In
contrast, SCL achieves this consistently. Fur-
thermore, while the embeddings with only in-
creased sense-alignment show reduced task per-
formance, those that also exhibit high isotropy
and balance uniformity with sense-alignment
achieve the best results. Additionally, our find-
ings indicate that supervised and unsupervised
tasks benefit from these topological properties
to varying degrees.

1 Introduction

The contextualized word embeddings of pre-trained
language models (LMs) are powerful tools, but
do not align well with word senses: the embed-
ding spaces typically do not exhibit distinct clus-
ters corresponding to similar meaning (Yenicelik
et al., 2020). Therefore, using these embeddings
as such does not always yield satisfactory results
on word sense identification tasks (Pilehvar and
Camacho-Collados, 2019; Samih and Kallmeyer,
2023; Yavas, 2024; Yavas et al., 2024). One way
to overcome this problem is to enhance the embed-
dings with external sense knowledge (Peters et al.,

2019; Lauscher et al., 2020; Gari Soler and Apid-
1anaki, 2020; Levine et al., 2020; Mosolova et al.,
2024).

Fine-tuning is a widely adopted method for
knowledge enhancement, where LM embeddings
are updated by incorporating external knowledge.!
However, fine-tuning can also reduce the expres-
siveness of the LM embeddings, i.e., their ability to
capture and distinguish nuanced relations, due to re-
duced isotropy (Zhang et al., 2022). Therefore, it is
essential to determine the effects of fine-tuning on
the topology of the embedding space in the context
of sense knowledge enhancement. Furthermore,
it is also important to understand the relation be-
tween topological properties and task performance.
Despite their importance, these relations remain
unexplored, and this study aims to fill this gap. To
this end, we compare different fine-tuning meth-
ods, investigate how they transform the embedding
space of LMs, evaluate the resulting embeddings in
terms of task performance, and finally, identify the
topological properties associated with successful
sense-enhanced embeddings.

We evaluate the embeddings based on three
topological properties: sense-alignment, unifor-
mity (Wang and Isola, 2020), and isotropy (Mu
and Viswanath, 2018). Sense-alignment evaluates
how close to each other are the embeddings of word
occurrences sharing the same sense. Isotropy eval-
uates how evenly the embeddings are distributed
across all directions in the embedding space, while
uniformity measures the density of their distribu-
tion, evaluating whether they spread uniformly in
the embedding space.

Both isotropy and uniformity are related to the
expressiveness of the embeddings (Gao et al., 2021;
Rajaee and Pilehvar, 2021a; Zhang et al., 2022).
Ideally, an embedding space should be uniform
and isotropic, while maintaining semantic relations

ISee the survey by Hu et al. (2023).
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as much as possible. This enables utilization of
the entire space and directions to capture nuanced
semantic relations and differences between word
occurrences. However, LM embeddings have in-
herently limited expressiveness (Gao et al., 2019).
As a result, even the embeddings of random words
often exhibit high similarity (Ethayarajh, 2019).
However, improving the uniformity and isotropy
of the LM embeddings can lead to better perfor-
mance on semantics-related tasks (BiS et al., 2021;
Gao et al., 2021; Liu et al., 2021a,b; Rajaee and
Pilehvar, 2021a).

We experiment with two fine-tuning methods:
Supervised Contrastive Learning (SCL) and Su-
pervised Predictive Learning (SPL). They differ
primarily in their objectives: SCL aims to push in-
stances of the same class (i.e., sense) together while
pushing instances from different classes apart; SPL
aims to predict the correct class of an instance. We
are particularly interested in these methods because
SPL is the standard fine-tuning method for LMs,
while fine-tuning via Contrastive Learning has been
shown to improve the isotropy and uniformity of
the embedding space (see Gao et al., 2021; Liu
et al., 2021a,b; Yan et al., 2021, which, however,
do not focus on knowledge enhancement).?

The few studies that compare SPL and SCL
have primarily focused on performance differences,
showing better performance with SCL in differ-
ent contexts, but without investigating the quality
of the resulting embeddings (Gunel et al., 2020;
Khosla et al., 2020). In the context of sense knowl-
edge enhancement, we aim to investigate whether
the performance advantage of SCL holds and to
understand the underlying factors in terms of topo-
logical properties in performance differences. For
this purpose, we conduct detailed experiments, in-
cluding experiments focusing on the temperature
parameter of the loss functions used, as this pa-
rameter influences class separation and has been
shown to impact the topological properties of the
embeddings in Unsupervised Contrastive Learning
(UCL; Wang and Liu, 2021).

We enhance the embeddings of LMs with Word-
Net supersense information (Fellbaum, 1998) us-
ing different fine-tuning methods, and evaluate
the word sense identification performance with
the resulting embeddings on the Word-in-Context
task (WiC; Pilehvar and Camacho-Collados, 2019).

These studies mostly focus on Unsupervised Contrastive
Learning, a related but distinct concept that does not rely on
explicit external knowledge.

WiC is a binary classification task, where the goal
is to determine if a target word form (e.g., bass) has
the same meaning in two different contexts (e.g.,
she plays the bass and this fish is a bass). We ex-
periment with both supervised and unsupervised
setups for the task. This allows us to investigate
whether supervised and unsupervised tasks bene-
fit from different topological properties in embed-
dings to achieve good performance.

In addition to these fine-tuning methods, we con-
duct further experiments to investigate the effects
of two factors on task performance: task similarity,
and isotropy in isolation. For task similarity, we
fine-tune the LM on a task similar to the down-
stream task (WiC). We refer to this fine-tuning ap-
proach as task adaptation. For isotropy in isolation,
we apply the isotropization post-processing method
proposed by Mu and Viswanath (2018) to the origi-
nal LM embeddings, allowing us to investigate the
effects of isotropy without incorporating external
knowledge to the embeddings. We further evaluate
the embeddings obtained from both methods.

Our study provides novel insights into the rela-
tion between fine-tuning, topology of the embed-
ding space, and task performance in the context of
sense knowledge enhancement. The key findings
of this work are as follows.

* SPL and SCL fine-tuning methods transform
the embedding spaces of the LMs differently
with respect to sense-alignment, uniformity,
and isotropy.

* The properties of the embeddings obtained af-
ter fine-tuning appear consistently, regardless
of the original embeddings.

e The effectiveness of SPL shows mixed results,
varying depending on the LM. The embed-
dings created via SPL do not outperform the
original LM embeddings in some cases. In
contrast, SCL shows more consistent improve-
ments and often achieves the highest scores,
making it a more effective method for sense
knowledge enhancement.

* The embeddings with only increased sense-
alignment perform worse than the original
LM embeddings. The highest performance is
achieved with those that exhibit a significant
increase in both isotropy and sense-alignment.

* The embeddings that achieve the best perfor-
mances overall balance uniformity and sense-
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alignment.

* The relative importance of these properties
varies across supervised and unsupervised se-
tups.

2 Related Work

2.1 Enhancing LM Embeddings with Sense
Knowledge

Prior research on sense knowledge enhancement
has primarily focused on injecting external knowl-
edge during the pre-training phase of the LMs
(Peters et al., 2019; Lauscher et al., 2020; Levine
et al., 2020). A few studies have fine-tuned LMs
for a similar purpose (Gari Soler and Apidianaki,
2020; Mosolova et al., 2024). Gari Soler and Apidi-
anaki (2020) fine-tune BERT on semantic similarity
datasets using both a classification head (via SPL)
and cosine distance head, which utilizes Cosine
Embedding Loss to adjust the embedding distances
according to their meaning similarity. They show
improved performance on the Graded Word Sim-
ilarity in Context task (Armendariz et al., 2020)
over the original LM embeddings. Mosolova et al.
(2024) fine-tune BERT via SCL using examples
of use of different senses of the same word form.
They show improved performance on the WiC task
over the original LM embeddings. Despite the pop-
ularity of SPL in other contexts, these studies use
other methods than SPL alone. It is still unclear
whether SPL can produce similar results, how the
two methods differently alter the embedding space,
and which topological properties may be associated
with any performance differences.

Finally, Bihani and Rayz (2021) introduce a
post-processing method to generate isotropic sense-
enhanced embeddings. Their approach integrates
and adapts the isotropization method of Mu and
Viswanath (2018) with the retrofitting method pro-
posed by Faruqui et al. (2015). However, they do
not evaluate the resulting embeddings in terms of
task performance.

2.2 Topology of the Embedding Space
2.2.1 Alignment and Uniformity

Wang and Isola (2020) propose metrics alignment
and uniformity. They compare SPL and UCL for

3They propose alignment in the context of UCL. The aim
of UCL is usually to push the embeddings of a data instance
and of its augmented (as in “data augmentation”) version
closer, while pushing the embeddings of other instances apart.
Alignment quantifies the closeness between a data point and
its augmented version.

pre-training encoders for language and vision and
show that the embeddings produced by these meth-
ods differ in terms of alignment and uniformity,
as well as downstream task performance. They
find that UCL produces more uniform embeddings,
leading to improved performance. Furthermore,
they emphasize the importance of balancing align-
ment and uniformity to generate successful embed-
dings in terms of downstream task performance.

A similar effect of uniformity has been observed
with BERT embeddings specifically. Gao et al.
(2021) focus on improving the sentence embed-
dings of BERT and show that fine-tuning the model
via UCL or SCL results in embeddings exhibiting
increased uniformity and leading to better results
on Semantic Textual Similarity Tasks.

Finally, Wang and Liu (2021) have shown a con-
nection between the temperature parameter in the
loss and both the uniformity and tolerance of the
embeddings in UCL. Tolerance is measured as the
average similarity of instances within the same
class. In their experiments, successful embeddings
are only obtained when balancing these two prop-
erties.

2.2.2 Isotropy

Previous studies have observed that the embed-
dings of LMs are anisotropic, and it has been sug-
gested that isotropy is linked to better performance
on semantics-related tasks (Bi$ et al., 2021; Gao
et al., 2021; Liu et al., 2021a,b; Rajaee and Pile-
hvar, 2021a; Yan et al., 2021). Several methods
have been proposed to improve isotropy, including
regularization techniques during the pre-training
of the LM (Gao et al., 2019; Wang et al., 2019a,b;
Zhang et al., 2020) and post-processing methods
(Bihani and Rayz, 2021; BiS et al., 2021; Rajaee
and Pilehvar, 2021a). In addition, fine-tuning LMs
via Contrastive Learning has been shown to in-
crease the isotropy of their embeddings (Gao et al.,
2021; Liu et al., 2021a,b; Yan et al., 2021).

Anisotropy is also seen in fine-tuned LM embed-
dings (Rajaee and Pilehvar, 2021b; Zhang et al.,
2022) and fine-tuning has been shown to increase
anisotropy (Zhang et al., 2022). Furthermore,
post-processing methods designed to increase the
isotropy of pre-trained LM embeddings tend to be
detrimental in terms of downstream task perfor-
mance when applied to the embeddings produced
by fine-tuned LMs (Rajaee and Pilehvar, 2021b;
Zhang et al., 2022).
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Figure 1: Two fine-tuning methods for sense knowledge enhancement based of WordNet supersenses. For Supervised
Predictive Learning (a), a supersense classification head is added to the encoder. For Supervised Contrastive Learning
(b), for each anchor (all nouns and verbs occurrences in a batch of sentences are simultaneously anchors), the
encoder is fine-tuned to push closer to the anchor the word occurrences with the same supersense while pushing

away from it those with a different supersense.

3 Methodology

In this section, we describe our external source
for sense knowledge (Section 3.1) and the three
methods that we use to enhance the contextualized
word embeddings produced by two LMs: BERT
(base-uncased) (Devlin et al., 2019) and RoBERTa
(base) (Liu et al., 2019).

These methods are (1) fine-tuning the LMs for
sense knowledge enhancement using SPL and SCL
(Section 3.2), (2) fine-tuning the LMs for task adap-
tation (Section 3.3), and (3) applying an isotropiza-
tion post-processing method to the original LM
embeddings (Section 3.4). The resulting sets of
embeddings are evaluated in Section 4. To pre-
vent over-fitting during fine-tuning (first two meth-
ods), the first 8 layers of the LMs are frozen* and a
dropout rate of 0.7 is used after each hidden layer.

3.1 Data

To fine-tune the LMs for both sense knowledge and
task adaptation, we use the SemCor corpus (Miller
et al., 1993), which is based on WordNet (Fell-
baum, 1998). SemCor provides sentences in which
word occurrences that belong to certain parts-of-
speech are annotated with a WordNet synset label,
which in turn is linked to a supersense. Super-
senses are broad semantic categories that group
word senses and are easier to identify than word-
specific senses. For example, “bass” maps to the

“We experimented with freezing either no layer, the first
4 layers, the first 8 layers, or the first 11 layers. Freezing the
first 8 layers gave the best WiC task performance.

5Code is available at: https://github.com/yavasde/
Fine-Tuning-For-Sense-Enhancement/

supersense artifact in “she plays the bass” and
to animal in “this fish is a bass”. Since the WiC
task focuses only on verbs and nouns, we ignore
all other parts-of-speech. We split the corpus into
train, validation, and test sets (70:15:15) and use
the test set to evaluate the topology of the embed-
ding spaces, as detailed in Section 4.1.

3.2 Fine-Tuning for Sense Knowledge
Enhancement

For Supervised Predictive Learning (SPL), a clas-
sification head is added to the LM and the model
is fine-tuned by minimization of the Cross-Entropy
loss to predict the supersense label of each verb and
noun token.® See Figure 1, (a), for an illustration.
For Supervised Contrastive Learning (SCL), the
LM is fine-tuned by minimization of the SCL loss
(Khosla et al., 2020) to push together the embed-
dings of the word occurrences that have the same
supersense label while pushing apart the embed-
dings of the word occurrences with different super-
sense labels.” See Figure 1, (b), for an illustration.
The SCL loss for a batch is given by Formula 1,
where f is a vector similarity metric, 7 is the tem-
perature parameter®, I is the set of anchors in the
batch (all noun and verb occurrences), for each
i € I, P(i) is the set of positive instances for i

%As these LMs works with subword tokens, we consider
two labels for each supersense; one (B-) used for tokens start-
ing a word occurrence, and one (I-) used for other tokens.

"We use as embedding of a word occurrence the average
of the embeddings of its subword tokens, as suggested by
Mosolova et al. (2024).

8The temperature controls the separation between positive
and negative instances. See Section 5 for details.
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(i.e., word occurrences with the same label as 7,
excluding i itself), and A(7) is the set of all posi-
tive or negative instances for ¢ in the batch (again,
excluding ¢ itself).

f(zi.2p)
L > ! S o ’ (1
SCL = — - g z; .7
iel IP@)| pEP(i) ZaeA(i) exp (M)

The batches are sampled randomly. Following
previous studies (Chen et al., 2020; Gao et al., 2021;
Yan et al., 2021; Mosolova et al., 2024), we use
Cosine Similarity.

We experiment with different temperature values
for both SCL and SPL in Section 5. The details
about the hyperparameters and the training can be
found in Appendix A.

3.3 Fine-Tuning for Task Adaptation

We experiment with fine-tuning the LMs with an
objective similar to the downstream task (WiC).
Specifically, we fine-tune the LMs via SPL to clas-
sify word occurrence pairs and determine if they
share the same supersense. The goal is to investi-
gate how task similarity affects downstream task
performance. More precisely, we aim to investi-
gate how adjusting the embedding space to suit the
downstream task compares to enhancing it with
sense knowledge in terms of performance.

3.3.1 Data Preprocessing

Starting from SemCor as outlined in Section 3.1,
we randomly pair sentences containing the same
word (either verb or noun) and label the pair de-
pending on whether this word shares the same
supersense in both sentences. We only consider
words that occur in the corpus with at least two
supersenses.

3.3.2 Method

We concatenate the sentence pairs with a separator
token in between and feed the result to the LM. We
concatenate the embeddings of the two occurrences
of the target word (produced by the final layer of the
model) and feed the result to a binary classification
layer.” The LM is fine-tuned via SPL using Cross-
Entropy Loss. Details about the hyperparameters
and the training can be found in Appendix A.

3.4 Isotropization

We apply the isotropization post-processing
method proposed by Mu and Viswanath (2018) to

"We use as embedding of a word occurrence the average
of the embeddings of its subword tokens.

increase the isotropy of the original BERT embed-
dings. This post-processing method is applied to
the embeddings of the test set, which are obtained
as described in Section 4.1, to evaluate their topo-
logical properties, and also to the WiC dataset to as-
sess task performance with isotropized embeddings.
The goal is to evaluate the effects of isotropization
in isolation on task performance, without adding
additional knowledge.

The method involves three steps. First, the em-
beddings are centered by computing their mean
vector and subtracting the mean vector from each
embedding. Then, Principal Component Analysis
is applied to the centered embeddings to identify
the components that carry high variance. Finally,
for some k € N (in our case, £k = 1), the k top
principal components are removed from each cen-
tered embeddings — this is done by subtraction of
its projections on these & directions.'” Because the
principal components are the directions with the
highest variance, removing these components helps
create a more uniform distribution of directions.

4 Evaluation of the Embeddings

We evaluate the embeddings from both BERT and
RoBERTa, including the original embeddings (with
and without isotropization), embeddings of the
models fine-tuned for sense knowledge enhance-
ment using SCL and SPL, and embeddings of the
models fine-tuned for task adaptation. The evalua-
tion is based on both the topology of the embedding
space and the performance on the WiC task.'!

4.1 Topology of the Embedding Space

We evaluate the quality of the embeddings based
on their topological properties using three metrics:
sense-alignment, uniformity, and isotropy. This
evaluation is performed on the test set (see Section
3.1), using nouns and verbs only. The embeddings
are extracted from the final layer of the LM and
are L2-normalized before the evaluation. We write
E = [ey,...,en] the matrix of all extracted em-
beddings.

Sense-Alignment: This metrics is defined as
the average over all supersenses of the average

1%0ur experiments show that removing the first top principal
component is enough to substantially increase uniformity and
isotropy. For detailed experiments, see Appendix B.

""'We conducted additional experiments with the Word
Sense Disambiguation task (Raganato et al., 2017) and ob-
served performance patterns similar to those seen in the WiC
task across different embeddings. Details of these experiments
can be found in Appendix C.
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Topological Properties WiC

Uniformity  Sense-Alignment  Isotropy | Threshold Classifier

BERT 2.84 0.33 0.58 63.2 55.9(0.7)
+Isotropization 3.95 0.04 0.98 63.6 56.7 (0.2)
+SCL 2.81 0.72 0.92 64.7 56.8 (0.4)
+SPL 2.49 0.52 0.55 64.0 55.8(0.5)
+Task Adaptation 3.37 0.22 0.68 62.9 56.5 (0.5)
RoBERTa 0.73 0.83 0.40 61.2 56.5(0.5)
+Isotropization 3.89 0.07 0.97 63.2 56.7 (0.5)
+SCL 2.92 0.71 0.90 64.8 59.3(0.3)
+SPL 2.95 0.67 0.70 65.2 58.8 (0.6)
+Task Adaptation 1.87 0.55 0.46 61.2 56.5(0.9)

Table 1: Evaluation results of different embeddings in terms of topological properties and task performance. Higher
values are better for all topological property metrics. Accuracy is reported for WiC Threshold and WiC Classifier.
The mean results over 5 runs are given with standard deviation in brackets for WiC Classifier. The values that are
better than the original LM embeddings are given in bold. The models with the best WiC task performance across
various temperature settings are reported (BERT+SCL: 0.3 BERT+SPL: 0.1, RoBERTa+SCL: 0.2 RoBERTa+SPL.:

4.5).

pairwise cosine similarity for word occurrences
with this supersense. Higher values indicate better
sense-alignment.

Uniformity: This metrics measures the density
of the distribution of the embeddings in their vector
space (Wang and Isola, 2020). It is defined as

—log (1\7(+ 3

“ ViGN

exp(—2le; — e H%)) @

Higher values indicate more uniform distribu-
tions of the embeddings.

Isotropy: This metrics measures the distribu-
tion of the embeddings across all directions of the
embedding space (Mu and Viswanath, 2018). It is
defined as

mingey F(u) 3)
maxyey F(u)

where U is the set of eigenvectors of E7 E and
F' is the partition function introduced by Arora

et al. (2016) as

F(u) = Zexp(u - eq) 4)

The isotropy score ranges from 0 to 1 and higher
values indicate more isotropic distributions.

4.2 WiC Performance

The WiC task is a binary classification task where
the goal is to determine if two occurrences of a
same word form, either both verbs or both nouns,
have the same meaning. We evaluate the WiC per-
formance of two methods, as proposed in the origi-
nal paper (Pilehvar and Camacho-Collados, 2019):
WiC Threshold and WiC Classifier. Comparing
these two methods allows us to better understand

how different topological properties of the embed-
dings help to solve this task in two setups, unsuper-
vised and supervised.

For both methods, we extract the embeddings
produced by the last 4 layers of the LM and average
them to obtain a single embedding per token, as
done in previous work (Liu et al., 2021b). Addi-
tionally, in cases where the target word is tokenized
into subwords by the model tokenizer, we average
all subword embeddings to obtain one embedding
per word.

WiC Threshold: Two occurrences of a word are
classified as having the same meaning if the cosine
similarity of their embeddings is higher than a fixed
threshold. This threshold is tuned on the develop-
ment set and we report the accuracy achieved with
the best threshold on the test data.!?

WiC Classifier: We train a binary classifier to
predict whether two occurrences of a word have
the same meaning. The classifier takes the con-
catenation of their embeddings as input. We use a
feed-forward network with one hidden layer with
ReL.U activation.'? We train five randomly initial-
ized classifiers for each type of embedding and
report the mean accuracy.

4.3 Results

Table 1 summarizes our results; we report the re-
sults for the best temperature for each fine-tuning
method, determined by the average performance
on both WiC task setups.

We have experimented with various similarity metrics,
including dot product and Euclidean Distance, and found that
Cosine Similarity yields the highest accuracy scores overall.

B3See Appendix A for details on the hyperparameters and
training.
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Language Model-Specific Analysis. BERT and
RoBERTa embeddings exhibit different topologi-
cal properties. More specifically, ROBERTa em-
beddings are more sense-aligned, less uniform,
and less isotropic. Additionally, embeddings of
two LMs differ in performance: BERT embed-
dings yield better performance on WiC Threshold,
whereas RoBERTa embeddings yield better per-
formance on WiC Classifier. Overall, fine-tuned
RoBERTa embeddings yield better results on both
setups, and the improvements achieved are more
significant compared to BERT embeddings.

Comparison of Fine-Tuning Methods. For both
LMs, isotropization leads to improved performance
on both WiC Threshold and WiC Classifier com-
pared to the original embeddings. SCL and SPL
produce embeddings that differ in terms of topo-
logical properties, however, both methods yield
embeddings with similar properties across the two
LMs. Compared to SPL, SCL generates embed-
dings that are more isotropic and more sense-
aligned with both models. Uniformity values, how-
ever, varies slightly depending on the LM.

Considering WiC performance, SCL achieves
the highest average WiC scores with both BERT
and RoBERTa, outperforming other methods. With
BERT, SPL embeddings outperform the original
LM embeddings only on WiC Threshold, showing
limited and inconsistent improvements in overall
WiC performance. Lastly, fine-tuning for task adap-
tation does not lead to consistent improvements:
it improves performance on WiC Classifier with
BERT, but reduces it on WiC Threshold, and shows
no gains for either task setup with RoBERTa.

The differences in isotropy and sense-alignment
between SCL (higher) and SPL (lower) might be
somewhat surprising when considering the two
training objectives. SCL works by explicitly push-
ing closer to each other embeddings of same su-
perpense tokens and pushing farther embeddings
of different supersense tokens. SPL, when imple-
mented with a linear classification layer, works in
a similar way, although indirectly: each supersense
is represented by a vector in the embedding space,
and token embeddings are pushed both closer to
their supersense vector and farther from other su-
persense vectors. One obvious difference between
the two methods is that we interpret closer/farther
in terms cosine similarity for SCL and in terms
of dot product for SPL. Another one is the use of
class vectors in SPL which, depending on their ran-

dom initialization, might cause SPL to affect the
embedding space in more arbitrary ways.

Topological Properties and Task Performance.
Our results are in line with previous studies that
show the importance of isotropy in dowstream task
performance (BiS et al., 2021; Gao et al., 2021; Liu
et al., 2021a,b; Rajaee and Pilehvar, 2021a). We ob-
tain higher WiC performance with more isotropic
embeddings. However, the best performances are
achieved with the embeddings that are both more
isotropic and sense-aligned with both LMs.

Additionally, high sense-alignment alone does
not guarantee strong task performance. RoBERTa
embeddings exhibit lower WiC Threshold scores
compared to BERT embeddings despite being more
sense-aligned. Similarly, fine-tuning BERT with
SPL increases sense-alignment without increasing
isotropy or uniformity. This only improves per-
formance on WiC Threshold while reducing per-
formance on WiC Classifier. These findings are
consistent with previous studies emphasizing the
importance of balancing multiple metrics (Wang
and Isola, 2020; Wang and Liu, 2021; Gao et al.,
2021).

In contrast to these studies, we observes that
increased uniformity does not always yield better
results and that its effects vary by model. With
BERT, the best-performing embeddings have sim-
ilar (but slightly lower) uniformity values as the
original embeddings. With RoBERTa, however,
increasing uniformity and isotropy leads to better
results. Note that these LMs differ notably in terms
of their initial sense-alignment and uniformity val-
ues.

Lower uniformity indicates that embeddings are
more concentrated in specific regions of the space.
In our case, these clusters likely arise from sense-
alignment, where the regions are influenced by
sense similarities.'* However, the results show
that maintaining the distribution of embeddings
(uniformity) as much as possible while increasing
sense similarities is more beneficial. This suggests
a trade-off between these metrics, and balancing
them proves more beneficial. See Appendix D for
the visualization of the embedding spaces, illus-
trating the relation between sense-alignment and
uniformity.

4The studies mentioned evaluate the impact of uniformity
in other contexts. When embeddings are intentionally aligned
with specific knowledge, reduced uniformity may arise from
meaningful similarities, whereas, e.g., in encoder training, it
may arise from unwanted artifacts in the data.
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Figure 2: Relation between temperature, different topological properties, and WiC performance. We report the
results for the embeddings of LMs fine-tuned with SCL and SPL with different temperature values (normalized), the
original LM embeddings, and isotropized LM embeddings (indicated by markers). Three topological properties are
studied: sense-alignment (a), uniformity (b), and isotropy (c). For WiC task performance, WiC Threshold (d) and
WiC Classifier (e) performances are studied. The mean results over 5 runs are given for WiC Classifier.

5 Relation Between Temperature and
Topology of the Embedding Space

In SCL, the temperature parameter of the loss con-
trols the strength of the separation between pos-
itive and negative instances. A lower tempera-
ture increases the influence of harder-to-separate
instances, effectively generating harder negatives.
As for SPL, the temperature parameter scales the
probability distribution of the classes and higher
values of temperature lead to softer probability dis-
tributions.

We experiment with different temperature val-
ues to investigate the effects of temperature on the
topology of the embedding space. Furthermore,
we show how the embeddings with different topo-
logical properties perform differently on the WiC
task. These experiments provide a more in-depth
understanding of the fine-tuning methods and gives
us a more complete picture of how variations in
topological properties relate to task performance.

Temperature is already a parameter in the SCL
loss function (see Formula 1). We introduce a tem-
perature parameter into the Cross-Entropy loss by
scaling the logits before applying the softmax. In
the context of SCL loss, the temperature typically
ranges between 0 and 1, whereas in Cross-Entropy
loss, the temperature can vary over a wider range,

typically between 0.1 and 100 (Agarwala et al.,
2020). We experiment with 13 temperature values
for both loss functions ranging between 0.03 and 1
for SCL and between 0.1 and 15 for SPL."

5.1 Results

See Figure 2 for the relation between temperature,
topological properties, and WiC performance.'¢
Overall, temperature affects the topology of the
embedding space. A clear trade-off is observed
between sense-alignment, isotropy, and uniformity.
As sense-alignment decreases, both uniformity and
isotropy tend to increase.

Comparison of Fine-Tuning Methods. Differ-
ent fine-tuning methods create embeddings with
different properties. Overall, SCL creates more
sense-aligned, more isotropic, but less uniform em-
beddings. On the other hand, SPL creates less
sense-aligned, less isotropic, but more uniform em-
beddings. Furthermore, both methods produce em-
beddings with similar topological properties with
both LMs, despite the initial topological differences
between the models.

5The selected temperatures for SCL are: 0.03, 0.05, 0.07,
0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1. The selected
temperatures for SPL are: 0.1, 0.5, 1, 1.5, 2, 2.5, 3, 3.5, 4,

4.5, 5,10, 15.
16See Appendix E for complete values.
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Considering task performance, both fine-tuning
methods lead to performance improvement with
RoBERTa, while only SCL leads to performance
improvement with BERT. With BERT, SPL embed-
dings do not outperform the original BERT embed-
dings at any temperature value on WiC Classifier
and they only outperform them in early tempera-
tures on WiC Threshold. Overall, SCL yields better
results, demonstrating high performance with both
models and task setups.

Language Model-Specific Analysis. The perfor-
mance trends are similar across models, however,
the improvements with RoBERTa are more substan-
tial, despite both LMs having embeddings with sim-
ilar properties after fine-tuning. With RoOBERTa,
both fine-tuning methods yield more comparable
performance, whereas with BERT, SCL shows a
clear performance advantage.'’

Unsupervised and Supervised Tasks. Each task
exhibits different trends. On WiC Threshold, the
fine-tuned embeddings generally outperform the
original LM embeddings. Sense-alignment seems
to play a significant role after isotropy reaches a
certain threshold. Notably, less isotropic but more
sense-aligned BERT+SPL embeddings outperform
isotropized BERT embeddings. Overall, high per-
formances are achieved when both isotropy and
sense-alignment exceed certain levels.

WiC Classifier performance varies more across
models and fine-tuned model embeddings do not
always surpass the original LM embeddings in
terms of performance. Both high levels of isotropy
and sense-alignment seem important. For exam-
ple, with BERT, surpassing the isotropized embed-
dings is challenging and only happens at the latest
temperatures with SCL, when isotropy and sense-
alignment are both significantly high. Similarly,
highly sense-aligned original RoOBERTa embed-
dings already start with better performance than
the BERT embeddings and the best performances
are achieved with RoOBERTa when both properties
are significantly high.

6 Conclusion

In this study, we explore the relation between dif-
ferent fine-tuning methods, the topology of the re-
sulting embedding spaces and the downstream task
performance in the context of sense knowledge

"The difference in improvement between the LMs may be

influenced by factors beyond the scope of our current analysis,
warranting further investigation.

enhancement with two pre-trained language mod-
els (LMs), BERT and RoBERTa. We focus on
three topological properties: sense-alignment, uni-
Sformity, and isotropy.

Our comparison of two fine-tuning methods, Su-
pervised Contrastive Learning (SCL) and Super-
vised Predictive Learning (SPL), shows that these
methods create embedding spaces that differ in
terms of topological properties and the resulting
embeddings achieve different task performance. Al-
though the embeddings of BERT and RoBERTa dif-
fer in their initial properties, fine-tuning methods
affect the embedding spaces of both LMs in similar
ways, resulting in embeddings with similar prop-
erties. Overall, SPL — the standard fine-tuning
method — shows mixed results, with effectiveness
varying by LM. It produces embeddings that out-
perform the original LM embeddings in most cases,
though not consistently. In contrast, SCL demon-
strates more consistent improvements with both
LMs and generally outperforms SPL.

With respect to topological properties, our re-
sults show that the embeddings with increased
isotropy achieve better task performance. How-
ever, the best-performing embeddings are those
with high sense-alignment and isotropy. Embed-
dings with only high sense-alignment do not always
yield better results and can underperform compared
to the original LM embeddings. Furthermore, we
observe a trade-off between uniformity and sense-
alignment, with optimal results achieved by bal-
ancing the two. Overall, our results highlight the
importance of balancing all three properties for
optimal task performance.

Moreover, our results show that the degree to
which these topological properties are beneficial in
a downstream task differs between a supervised and
an unsupervised system. Both sense-alignment and
isotropy contribute to performance, but their rela-
tive importance varies across task setups. Finally,
our findings suggest that fine-tuning an LM on a
task similar to the downstream task does not nec-
essarily produce embeddings that improve down-
stream task performance.

In conclusion, our findings highlight the im-
portance of topological properties of the embed-
dings during knowledge enhancement, demonstrat-
ing that fine-tuning an LM without considering
these properties may not always lead to improved
downstream task performance.
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Limitations

While the results of this study offer valuable in-
sights, several limitations must be acknowledged.
The main limitation of this study is that our ex-
periments only focus on English, which limits the
generalization of our findings to other languages.
However, we expect similar results with other lan-
guages as topological properties of the embeddings
are more closely linked to factors such as learning
objectives, loss functions used for the training of
the models.

Similarly, our experiments rely on WordNet su-
persenses and the SemCor corpus, which limits the
generalization of our results to other sense inven-
tories or datasets. However, these resources are
widely used and highly valuable for word sense
tasks.

We further acknowledge that there may be other
properties influencing the success of language
model embeddings, and our study focuses on only
three specific properties. However, isotropy and
uniformity are commonly used metrics, especially
in terms of expressiveness. Furthermore, our study
offers potential explanations for the observed per-
formance differences across different types of em-
beddings with these properties.

Finally, we rely on Cosine Similarity as a simi-
larity metric for both training and evaluation of the
models. However, this metric is the most widely
used and successful semantic similarity metric. Us-
ing this metric in both stages does not influence the
core findings of our study; instead, it highlights the
importance of isotropy.
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A Model Hyperparameters and Training
Details

The training of the models is done on NVIDIA
RTX A5000 GPU, with a single GPU. The Py-
Torch library (Paszke et al., 2019) is utilized for the
training. We use BERT (base-uncased) for English
with parameter size 110M and RoBERTa (base) for
English with parameter size 125M, which are ac-
cessed via the Transformers library (Wolf et al.,
2020). The SemCor corpus, which is the data
used for fine-tuning, is accessed via the NLTK Li-
brary (Bird and Loper, 2004). Finally, the WiC
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Dataset, evaluation data, is accessed via https:
//super.gluebenchmark.com/tasks. Both Sem-
Cor and WiC are created for the English language.
Licenses for the model and data used:
e WiC: Creative Commons Attribution-
NonCommercial 4.0 License.
* BERT: Apache license 2.0

A.1 Fine-Tuning for Sense Knowledge
Enhancement
A.1.1 Supervised Contrastive Learning

¢ Optimizer: Adam
* Batch Size: 8
¢ Learning Rate:

— BERT: 1le — 05,

— RoBERTa: 1le — 05, 1e — 04 after 7=0.5,
¢ Number of Epochs (best 7):

— BERT: 4,

— RoBERTa: 4,
¢ 7 (best):

— BERT: 0.3,

— RoBERTa: 0.2,

* Loss: SCL
* We employ early stopping based on validation
loss.

A.1.2 Supervised Predictive Learning

* Classification Head: A dense layer with a
Softmax activation function

* Optimizer: Adam

 Batch Size: 8

* Learning Rate:

— BERT: 1e — 05,

— RoBERTa: 1le — 05, 1le — 04 after 7=4,
* Number of Epochs (best 7):

— BERT: 3,

— RoBERTa: 2,
e 7 (best):

— BERT: 0.1,

— RoBERTa: 4.5,

* Loss: Cross-Entropy
* We employ early stopping based on validation
loss.

A.2 Fine-Tuning for Task Adaptation

* Classification Head: A dense layer with a
Sigmoid activation function

e Optimizer: Adam

* Batch Size: 8

* Learning Rate:

— BERT: 5e¢ — 06,

— RoBERTa: 1le — 06
* Number of Epochs:

— BERT: 2,

— RoBERTa: 4,

* Loss: Cross-Entropy
* We employ early stopping based on validation
loss.

A.3 WiC Task

* A feed-forward network with one hidden layer
with ReLLU activation and an output layer with
Sigmoid activation.

* Optimizer: Adam

* Batch Size: 32

* Learning Rate: 1e — 04

* Drop-out: 0.2

* We employ early stopping based on validation
loss.

* We train a classifier five times using each type
of embedding and report the mean test accu-
racy.

B Isotropization Experiments

For the isotropization post-processing method, we
test the effect of removing various numbers of top
components from the BERT embeddings, specifi-
cally 1, 5, 10, 15, and 20 components. The quality
of the resulting embeddings is presented in Table
2.

This method successfully increases the isotropy
and uniformity of BERT embeddings. The number
of top components removed influences the trade-
off between isotropy and the retention of semantic
information in the embeddings. Isotropy and uni-
formity improve after removing just the first top
component, with both continuing to improve as
more components are removed. Furthermore, we
notice that sense-alignment drops significantly only
after the first top component is removed. As more
components are removed, less semantic informa-
tion is preserved, and sense-alignment continues to
reduce.

C Word Sense Disambiguation Task

The Word Sense Disambiguation (WSD) task (Ra-
ganato et al., 2017) involves selecting the correct
WordNet sense label for a target word in context
from its candidate senses. Similar to our approach,
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Model Type # | Uniformity Sense-Alignment Isotropy
BERT - 2.840 0.332 0.588
BERT+Isotropization
1 3.958 0.045 0.986
5 3.967 0.031 0.988
10 3.971 0.022 0.993
15 3.972 0.018 0.995
20 3.973 0.015 0.995

Table 2: Topological properties of the BERT embeddings and isotropized BERT embeddings with different numbers
of components removed. We report 3 topological properties: sense-alignment, uniformity, and isotropy. Higher

values are better for all topological properties.

Figure 3: The t-SNE visualizations of the test data using embeddings from different models. Models: BERT
embeddings (left), BERT+SCL embeddings with 7 = 0.2 (middle), BERT+SCL embeddings with 7 = 1.0 (right).

Different colors refer to different supersenses.

Model WSD

BERT 48.1
+Isotropization 47.9
+SCL 48.9
+SPL 48.8
+Task Adaptation | 48.7

RoBERTa 49.0
+Isotropization 50.4
+SCL 53.3
+SPL 52.2
+Task Adaptation | 50.6

Table 3: WSD results using different embeddings. F/
is reported. The values that are better than the original
LM embeddings are given in bold. The results of the
models with the best WiC task performance across vari-
ous temperature settings are reported (BERT+SCL: 0.3
BERT+SPL: 0.1, RoBERTa+SCL: 0.2 RoBERTa+SPL:
4.5).

SemCor is used as the training corpus in the orig-
inal task. Following previous work (Liu et al.,
2021b), we design a one-shot setting in which
each sense is represented by a single example from

WordNet. We compute the cosine similarity be-
tween the embedding of the target word in the ex-
ample sentences and that of the test instance, and
select the sense label with the highest similarity.
We exclude the senses that do not have any exam-
ples in WordNet.

The results with the embeddings of the LMs and
fine-tuned LMs (best temperature) can be seen in
Table 3. While isotropization does not always im-
prove the performance, the SCL fine-tuning method
achieves the best results with both LMs.

D Visualization of the Embedding Spaces

Since uniformity is measured using the pairwise
similarities between embeddings, the decrease in
uniformity observed in sense-enhanced embed-
dings may be associated with the formation of
dense sense clusters. As sense-alignment increases
and uniformity decreases, instances of the same
sense may become closer. This relation can be cap-
tured with t-SNE visualization, as it is useful for
capturing the local relations in the data.

The t-SNE visualizations of the test set using
embeddings from different models are shown in
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Figure 3. The models and the topological proper-
ties of their embeddings are as follows:
* BERT:
Sense-Alignment: 0.33, Uniformity: 2.84
* BERT+SCL with 7 = 0.2:
Sense-Alignment: 0.72, Uniformity: 2.96
* BERT+SCL with 7 = 1.0:
Sense-Alignment: 0.82, Uniformity: 1.89
We observe that the embeddings of BERT+SCL
(tr = 1.0) with reduced uniformity show to form
more dense clusters of same sense instances.

E Temperature Details

The complete topological property and WiC per-
formance values for embeddings extracted from
models with different temperatures are provided in
Table 4.
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Model Type Temperature Topological Properties WiC Performance
Uniformity Sense-Alignment Isotropy | Threshold Classifier
BERT - -2.83 0.33 0.58 63.2 55.90 (0.7)
BERT+SPL
0.1 2.49 0.52 0.55 64.0 55.8(0.5)
0.5 3.44 0.39 0.78 64.1 55.4(0.3)
1 3.31 0.50 0.69 63.6 55.28 (0.8)
1.5 3.14 0.58 0.78 63.9 55.43 (0.5)
2 3.04 0.63 0.64 63.1 55.15(0.1)
2.5 3.03 0.64 0.65 63.7 55.36 (0.8)
3 2.98 0.66 0.70 63.8 55.31(0.2)
35 293 0.67 0.74 63.0 54.76 (0.4)
4 2.88 0.69 0.63 63.4 54.98 (0.4)
4.5 2.88 0.69 0.70 63.7 55.22 (0.7)
5 2.88 0.68 0.72 63.0 55.29 (0.6)
10 2.77 0.72 0.67 62.8 55.9(0.8)
15 2.74 0.72 0.62 63.5 55.73 (0.4)
BERT+SCL
0.03 0.99 0.91 0.42 64.5 55.65 (0.3)
0.05 1.55 0.86 0.44 64.0 55.52 (0.6)
0.07 2.05 0.80 0.47 63.7 56.26 (0.4)
0.1 2.64 0.72 0.68 64.0 55.86 (1.1)
0.2 2.96 0.69 0.86 64.5 56.56 (0.5)
0.3 2.81 0.72 0.92 64.7 56.8 (0.4)
04 2.69 0.75 0.91 64.4 56.75 (0.4)
0.5 2.55 0.74 0.90 64.7 56.72 (0.3)
0.6 2.27 0.78 0.86 63.8 56.81 (0.6)
0.7 2.17 0.78 0.86 63.8 56.94 (0.7)
0.8 2.02 0.80 0.84 63.1 57.16 (0.7)
0.9 1.95 0.82 0.83 62.7 55.99 (0.4)
1 1.89 0.82 0.82 62.7 56.51(0.3)
RoBERTa - 0.73 0.83 0.40 61.2 56.50 (0.5)
RoBERTa+SPL
0.1 1.31 0.76 0.44 63.2 56.09 (0.4)
0.5 3.39 0.39 0.66 63.0 55.91 (0.6)
1 3.31 0.50 0.66 64.8 56.15 (0.5)
1.5 3.16 0.57 0.76 64.9 57.03 (0.4)
2 3.06 0.62 0.75 64.7 58.40 (0.6)
2.5 3.07 0.63 0.67 64.0 56.92 (0.5)
3 3.01 0.65 0.78 64.7 57.48 (0.9)
35 2.98 0.66 0.63 64.0 59.82(0.2)
4 2.95 0.67 0.63 64.7 58.96 (0.8)
4.5 2.95 0.67 0.70 65.2 58.88 (0.6)
5 293 0.67 0.71 64.3 59.18 (0.6)
10 2.86 0.69 0.69 65.2 60.05 (1.3)
15 2.79 0.71 0.69 63.8 59.26 (0.8)
RoBERTa+SCL
0.03 0.97 0.92 0.40 64.5 56.54 (0.3)
0.05 1.54 0.86 0.47 64.5 56.51 (0.3)
0.07 2.03 0.81 0.53 64.9 57.26 (0.4)
0.1 2.58 0.74 0.65 64.2 56.38 (0.3)
0.2 292 0.71 0.90 64.8 59.31(0.3)
0.3 2.80 0.73 0.89 63.9 58.88 (0.6)
04 2.67 0.74 0.89 61.6 60.74 (0.3)
0.5 2.57 0.77 0.91 63.3 60.32 (0.1)
0.6 2.53 0.77 0.90 63.7 59.49 (0.2)
0.7 2.34 0.79 0.90 63.0 60.91 (0.3)
0.8 2.23 0.79 0.90 60.7 59.53(0.3)
0.9 2.02 0.82 0.83 61.0 60.02 (0.7)
1 2.00 0.81 0.89 60.3 60.14 (0.4)

Table 4: Topological properties and WiC results of the embeddings of different models with different temperature
parameter values. The results for original LM embeddings (BERT and RoBERTa) are given for comparison.
Accuracy is given for WiC Threshold and WiC Classifier results. For WiC Classifier, the mean results over 5 runs
are given with standard deviation in brackets. Higher values are better for all topological property metrics.
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Chapter 7

Discussion and Conclusion

This chapter summarizes and discusses the findings of the five research papers (Sec-
tion 7.1) and discusses the contributions (Section 7.2), limitations (Section 7.3), and
directions for future research (Section 7.4). It concludes with broader implications
of the findings (Section 7.5).

7.1 Summary and Discussion of the Findings

This section presents a detailed summary of the findings for each research question
investigated in this thesis, addressed across five research papers in Chapters 2-6.
Section 7.1.1 presents the findings for RQ1, Section 7.1.2 for RQ2, Section 7.1.3 for
RQ3, and Section 7.1.4 for RQ4. Finally, the section concludes with a synthesis that
connects these findings in Section 7.1.5.

The research questions and hypotheses addressed in this thesis are as follows:

e RQ1: Do contextualized word embeddings encode sufficient information for
detecting copredication? How difficult is copredication identification for expert
human annotators?

— H1la: Contextualized word embeddings encode sufficient information for
copredication detection and can serve as effective input features to clas-
sifiers.

— H1b: If contextualized word embeddings encode sufficient information
for copredication detection (Hla), the embeddings of multilingual Pre-
trained Transformer Language Models (PLMs) should enable zero-shot
transfer across languages.

— Hlc: Because both meaning facets are always available with inherently
polysemous nouns, distinguishing contexts where only one facet is ac-
tive from contexts where both are simultaneously active (copredication)
is challenging even for expert human annotators, as reflected in inter-
annotator agreement scores.

e RQ2: Which contextual features determine embedding similarity between
word instances, and are they sense-relevant? Do sense-irrelevant features affect
embedding similarity differently across homonymous and polysemous senses?
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— H2a: The features determining embedding similarity between word in-
stances are not consistently sense-relevant.

— H2b: Sense-irrelevant features primarily determine embedding similar-
ity in the case of polysemy due to high contextual overlap. In contrast,
sense-relevant features determine embedding similarity in the case of
homonymy due to low contextual overlap.

e RQ3: How can we successfully remove sense-irrelevant features from contex-
tualized word embeddings of PLMs? What impact does this removal have on
unsupervised lexical ambiguity resolution performance?

— H3a: Sense-irrelevant features can be successfully removed from con-
textualized word embeddings, while preserving their overall embedding
quality.

— H3b: Although some sense-irrelevant features may correlate with senses
for some words, overall they introduce noise. Therefore, removing these
features will improve performance despite exceptions at the individual
word level.

e RQ4: Can successful sense-enhanced embeddings be created through fine-
tuning” How do topological properties of the embeddings (sense-alignment,
isotropy, uniformity) relate to task performance? How do Supervised Con-
trastive Learning (SCL) and Supervised Predictive Learning (SPL) differ in
their effects on the topology of the PLM embedding space?

— H4a: Successful sense-enhanced embeddings can be created through fine-
tuning PLMs with both SPL and SCL.

— H4b: Improving isotropy and uniformity alongside sense-alignment leads
to better performance in lexical ambiguity resolution.

— H4c: SCL and SPL differ in their effect on the topology of the embedding
space of PLMs, with SCL expected to achieve a better balance among
sense-alignment, isotropy, and uniformity for performance.

7.1.1 Copredication as Complex Ambiguity Phenomenon
(RQ1)

Two research papers address RQ1: Cross-lingual Copredication Detection (Yavas
et al., 2023) and Copredication Corpus Annotation (Chen et al., 2025b). RQ1 asks
whether contextualized word embeddings encode sufficient information for detecting
copredication with inherently polysemous nouns. Additionally, to contextualize the
computational challenge, RQ1 asks how difficult copredication identification is for
expert human annotators.

To address the first part of RQ1, the research paper Cross-lingual Copredica-
tion Detection develops and evaluates an automatic copredication detection method.
This method utilizes classifiers that use contextualized word embeddings as inputs.
For this purpose, individual classifiers are trained to automatically classify the se-
mantic argument types of predicates (verbs and adjectives) in context for five se-
mantic types: INFORMATION, EVENT, ARTIFACT, HUMAN, and LOCATION. These
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PN

We organized a vegetarian dinner.

Event Verb: 1  Event Adj: 0
Food Verb: 0 Food Adj: 1

[Copredication: True]

Figure 7.1: Copredication detection method. Given a sentence where both a verb
and an adjective target the same noun, the method uses classifiers to detect whether
these predicates select different semantic types.

classifiers use contextualized word embeddings of both the predicate and its argu-
ment in a sentence as input to decide whether the predication selects a specific
semantic type.

These classifiers are then used for copredication detection with inherently poly-
semous nouns. The paper focuses specifically on verb+adjective copredication con-
structions with FOODeEVENT nouns (e.g., ‘dinner’; ‘lunch’, ‘meal’). Example (1)
illustrates this with ‘dinner’, a FOOD®EVENT noun whose FOOD facet is selected by
‘vegetarian’ and whose EVENT facet is selected by ‘organize’. The copredication de-
tection method works as follows: individual classifiers are applied to the predicates
that target the same noun in a sentence, and copredication is detected when predi-
cates are classified as selecting different semantic types, as illustrated in Figure 7.1.

(1)  We organized a vegetarian dinner.

The paper tests the performance of individual classifiers and copredication de-
tection on Italian using Italian BERT embeddings as input. Furthermore, it tests
whether this information transfers across languages in a zero-shot setting by train-
ing multilingual classifiers using the embeddings of multilingual models mBERT
and XLM-RoBERTa. These classifiers are trained on Italian data, then applied in
a zero-shot setting to English, German, Turkish, and Chinese for evaluation. The
multilingual classifiers are then used for copredication detection for all languages.

The results show that all semantic type classifiers perform well for both pred-
icate types across monolingual and cross-lingual settings. Similarly, copredication
detection results are promising for all languages (average geometric mean of speci-
ficity and sensitivity = 0.49, random baseline = 0.25). These findings suggest both
that contextualized word embeddings encode sufficient information for detecting
this complex phenomenon and that this information transfers successfully across
languages in zero-shot settings. These results confirm both Hla and H1b.

Notably, the results reveal a challenge in detecting the absence of copredication.
Even when both predicates select the same facet, i.e., in negative cases of copred-
ication, copredication is sometimes incorrectly detected. Moreover, this tendency
occurs only with inherently polysemous nouns, not with simple type nouns. In (2),
both predicates in the sentences (‘eat’ and ‘cold’) select the FOOD facet, therefore
neither sentence is a copredication. However, when there is an inherently polyse-
mous noun involved in the predications (‘lunch’) as in (2-a) as opposed to a single
type noun (‘soup’) as in (2-b), copredication is detected.
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(2) a. lunch (FOODeEVENT)

It’s depressing to eat a cold lunch. — Copredication Detected
b. soup (FOOD):
It’s depressing to eat a cold soup. — Copredication Not Detected

This tendency is slightly overcome by adding additional training data with FOOD
eEVENT nouns to the training data of individual classifiers, since the original training
data lacks examples with inherently polysemous nouns. This improves cross-lingual
copredication detection performance (average geometric mean = 0.57 compared to
0.49). However, the difficulty in detecting the absence of copredication confirms that
both facets are potentially available with inherently polysemous nouns regardless
of the copredication context and that their ambiguous nature is captured by the
embeddings, which contributes to the complexity of the task.

Human Performance on Copredication Annotation. The research paper Co-
predication Corpus Annotation details the construction and annotation of CoCoCor-
pus', a copredication corpus for English. The paper provides a detailed analysis of
the annotation, which sheds light on the human performance aspect of RQ1. The pa-
per focuses on five nouns for each of three types of inherent polysemy: FOOD®EVENT,
INFORMATION®EVENT, and PHYSICAL_OBJECTeINFORMATION. Similarly to the
Cross-Lingual Copredication Detection paper, it focuses on verb+adjective copredi-
cation construction.

Copredication annotation is conducted in four steps. First, target constructions
containing the selected nouns are automatically extracted from the BookCorpus.
Specifically, these are the constructions where the target nouns are predicated by
both a verb and an adjective. These candidates are then filtered through prelim-
inary annotation using the classifiers from the paper Cross-Lingual Copredication
Detection. In the third step, two expert annotators manually annotate the filtered
constructions. Finally, disagreements are resolved through discussion, leading to
gold standard labels.

The annotation yields low to moderate inter-annotator agreement across differ-
ent types of inherent polysemy (average Cohen’s Kappa = 0.58). Furthermore, the
paper provides a detailed analysis of annotator disagreements. This reveals that
disagreements stem from several factors, including unclear distinctions between the
facets of inherently polysemous nouns, suggesting that determining the active facet is
challenging even for human experts, confirming Hlc. Overall, these findings demon-
strate that copredication identification poses challenges not only for computational
models but also for expert human annotators, highlighting the inherently complex
nature of the phenomenon. This contextualizes the performance of computational
models, as we cannot expect computational models to perform substantially better
than human experts on such an inherently difficult task.

7.1.2 Contextual Features and Sense-Relevance (RQ2)

RQ2 is addressed in Feature Relevance for WSD (Yavas, 2024). RQ2 asks which con-
textual features determine embedding similarity between word instances, whether
these features are sense-relevant, and whether the sense-irrelevant features affect

! Available at: https://github.com/CoCoCo-Project
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embedding similarity differently across homonymy and polysemy due to their dif-
ferent levels of contextual overlap. To address these questions, the paper Feature
Relevance for WSD conducts a cluster explainability experiment to systematically
identify the sentence context features that lead to cluster formation in unsupervised
Word Sense Disambiguation (WSD) and assess the relevance of these features to
distinguishing senses.

The cluster explainability method works in five steps:

1. The target word instances are first clustered using their contextualized word
embeddings from BERT.

2. These sentences are then represented by their sentence context features: the
bag-of-words representation of the sentence, morphological properties, syntac-
tic role, and position of the target word, and the part-of-speech tags of the
target word’s neighbors.

3. A label is assigned to each sentence based on the cluster it belongs to.

4. Classifiers for cluster assignment are trained to recreate these clusters using
sentence context features as input and cluster labels as targets.

5. To identify the features that drive cluster formation, recursive feature elim-
ination is applied to these classifiers, and the top 10 features per word are
selected.

6. Finally, the relevance of these features to sense distinctions is assessed through
qualitative evaluation.

Another type of classifier is trained for further investigation: classifiers for WSD.
These are trained using the same sentence context features as input, but to directly
resolve the ambiguity of each individual word. Unlike the classifiers for cluster as-
signment, which are trained to predict cluster labels, the classifiers for WSD are
trained to predict sense labels. This helps investigate how useful sentence context
features are for lexical ambiguity resolution in general, independently of the embed-
dings.

The results of the cluster explainability experiment reveal that different types
of contextual features determine the similarity between the embeddings. These
are function words, punctuation marks, content words in the sentences, position
of the target word in the sentences, neighboring words, morphological properties,
and the syntactic role of the target words. The qualitative analysis reveals an even
more critical finding: the features that determine embedding similarity are mostly
sense-irrelevant. These results confirm H2a and extend beyond it, revealing that
sense-irrelevant features determine similarity in most cases, a stronger effect than
expected.

To illustrate this, consider the verb ‘ask’. ‘ask’, in its first sense, means “to
request something” as in (3-a) and in its second sense, means “to ask a question”
as in (3-b).

(3)  ask:
a. to request something: “He asked her for recommendation.”
b. to ask a question: ““Who said that?” he asked.”
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Figure 7.2: PCA visualization of the embeddings of ‘ask’ instances and important
features found in each cluster. The features are ‘go’, ‘and’, VB (the verb is in base
form), and pos6 (the word is the 6th token in the sentence).

Even though the sentence-feature classifier for WSD can successfully resolve the
ambiguity of this verb (F1 = 0.81), clustering achieves poor performance (ARI =
0.16). The qualitative evaluation of the important features shows that the sentence
context features that drive the cluster formation are sense-irrelevant. For instance,
sentences in which the verb appears in base form (VB), sentences where the word is
the sixth token (pos6), or sentences containing the words ‘go’ or ‘and’ are clustered
together, and none of which are sense-relevant. The visualization of the embeddings
of ‘ask’ instances and the important features per cluster, in Figure 7.2, further
illustrates this.

Homonymy-Polysemy Distinction. The paper further assesses whether sense-
irrelevant features affect embedding similarity differently across homonymous and
polysemous senses due to their different levels of contextual overlap. Polysemous
sense pairs have higher contextual overlap than homonymous senses due to their
semantic relatedness. For instance, the senses of ‘bank’ (financial institution vs.
riverbank) are semantically unrelated and tend to occur in clearly distinct contexts,
as in (4), while the senses of ‘head’ (body part vs. top part) share meaning similarities
and may occur in more similar contexts across senses, as in (5).

(4)  bank:
a. I deposited money at the bank. SENSE: financial institution
b. I fished from the bank. SENSE: riwerbank
(5)  head:
a. [ hit my head on the doorframe. SENSE: body part
b. I head of the hammer hit the floor. SENSE: top part

The results show that unsupervised WSD performance with contextualized word
embeddings is higher for homonymous senses than polysemous senses (ARI: homonymy
= 0.68, polysemy = 0.36). Furthermore, homonymous senses are more distinguish-
able by sentence context features; classifiers for WSD achieve better scores with
homonymous senses (F1: homonymy = 0.80, polysemy = 0.72). This confirms that
low contextual overlap with homonymy result in better ambiguity resolution perfor-
mance. However, in relation to the effect of sense-irrelevant features, the qualitative
analysis reveals that sense-irrelevant features determine embedding similarity for
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both homonymy and polysemy. Even though homonymous senses are more distin-
guishable by sentence context features, the important features that drive cluster
formation can still be sense-irrelevant for homonymous words.

This finding contradicts H2b: sense-irrelevant features determine embedding sim-
ilarity across both ambiguity types, even in the case of low contextual overlap, i.e.
when different senses occur in highly diverse contexts with clear cues. This is il-
lustrated by the verb ‘ask’, which is homonymous in the senses given in (3). The
classifier for WSD achieves good performance, confirming that its senses are distin-
guishable by sentence context features. However, clustering performs poorly, and the
features driving cluster formation are sense-irrelevant. These findings suggest that
sense-irrelevant features pose a fundamental challenge for unsupervised ambiguity
resolution regardless of contextual overlap and lexical ambiguity type, explaining
poor unsupervised performance and motivating the feature removal approach ad-

dressed in RQ3.

7.1.3 Removing Sense-Irrelevant Features (RQ3)

RQ3 is addressed in Feature Removal with Adversarial Forgetting (Yavas et al.,
2024). RQ3 asks how we can successfully remove sense-irrelevant features from
embeddings and what impact this has on unsupervised lexical ambiguity resolu-
tion performance. To address this question, the research paper Feature Remowval
with Adversarial Forgetting proposes an adversarial forgetting framework to remove
sense-irrelevant features from the embeddings of PLMs. The paper specifically tar-
gets morphological and syntactic information based on the findings of the previous
paper Feature Relevance for WSD (Yavas, 2024). The framework works by training
a forget-gate on top of a PLM’s embeddings using an adversarial setup, aiming at
removing the targeted information from the embeddings while preserving their word
prediction capabilities.

With the proposed framework, a forget-gate is trained for each type of infor-
mation: morphology and syntax. Two types of feature-invariant embeddings are
created using these trained forget-gates from BERT embeddings: morphology- and
syntaz-invariant. The paper evaluates the success of the proposed method by using
both word prediction and probing performance as measures. Both types of feature-
invariant embeddings show low probing performance for the targeted unwanted in-
formation while preserving word prediction capabilities. These results demonstrate
that the framework successfully removes the intended features without damaging
the embeddings, confirming H3a.

Regarding lexical ambiguity resolution performance, the paper evaluates the im-
pact of feature removal by comparing the performance of feature-invariant embed-
dings and the original embeddings on clustering-based Word Sense Induction (WSI).
The results show that both types of invariant embeddings improve performance over
the original BERT embeddings (ARI: BERT = 0.210, morphology-invariant = 0.232,
syntax-invariant = 0.221), supporting H3b that removing sense-irrelevant features
improves unsupervised lexical ambiguity resolution performance overall.

To illustrate this, consider the noun ‘area’. The BERT embeddings of its in-
stances are clustered primarily by grammatical number (‘area’ vs. ‘areas’), even
though there is no association between grammatical number and senses. This
results in poor WSI performance (ARI = 0.03) driven by grammatical number.
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Figure 7.3: PCA visualizations of BERT embeddings (left) and morphology-
invariant embeddings (right) of ‘area’ instances. Different data point colors refer
to different senses. Circles refer to singular nouns and squares to plural nouns.

Morphology-invariant embeddings break this pattern, and the resulting clusters are
more aligned with senses than with morphological features, leading to substantially
better performance (ARI = 0.49). This effect is further illustrated by the visualiza-
tion of the embeddings and their senses and features in Figure 7.3.

Additionally, the paper provides a detailed analysis of the relation between mor-
phological and syntactic information and WSI performance at the individual word
level. While the overall results show that removing these features improves per-
formance, this analysis investigates whether certain words benefit from retaining
morphological or syntactic information, potentially revealing cases where removal
causes harm. The results show that morphological information mostly introduces
noise across individual words. In contrast, syntactic features show stronger asso-
ciation with senses than morphological features. However, even for words where
syntactic features are associated with senses, removing this information causes only
marginal performance drops.

To illustrate the negative effect of removing syntactic features, consider the noun
‘field’, whose BERT embeddings achieve good WSI performance (ARI = 0.62), as
syntactic role of the noun is associated with its senses. The third sense of ‘field’
(“somewhere where practical work is done or data is collected”) appears almost
exclusively as the head of a compound in the data, as in (6).

(6) fields:
a. They will give suggestions that can be worked up into field procedures.
b. Actually, none of these papers says much directly about field techniques.

Syntax-invariant embeddings break this pattern, moving third sense instances closer
to other sense instances and causing them to cluster with different senses, resulting
in worse performance compared to the original BERT embeddings (ARI = 0.26).
However, despite differences at the individual word level, the performance gains from
feature removal outweigh the losses overall. These findings confirm H3b that both
feature types create more noise than signal overall, justifying their removal despite
potential word-level variations.
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7.1.4 Creating Sense-Enhanced Embeddings through Fine-
Tuning (RQ4)

RQ4 is addressed in Sense Knowledge Enhancement through Fine-Tuning (Yavas
et al., 2025). RQ4 asks whether successful sense-enhanced embeddings can be cre-
ated through fine-tuning, how topological properties of the embeddings relate to
task performance, and how different fine-tuning methods differ in their effect on the
topology of the embedding space. To address these questions, the research paper
Sense Knowledge Enhancement through Fine-Tuning compares SCL and SPL fine-
tuning methods for sense knowledge enhancement, evaluating both methods with
two PLMs: BERT and RoBERTa. The paper focuses on three topological prop-
erties: sense-alignment, uniformity, and isotropy. Task performance is evaluated
on the Word-in-Context (WiC) task using both supervised and unsupervised se-
tups. The paper further experiments with the temperature parameter of both loss
functions to investigate its effect on topology and performance, providing a more
complete picture of the relation between fine-tuning methods, topological properties,
and downstream task performance.

The results reveal several key findings about the role of topological properties
in the success of sense-enhanced embeddings. First, isotropy emerges as a critical
property for performance. Embeddings with higher isotropy perform better. Im-
proving the isotropy of contextualized word embeddings through post-processing
alone, without incorporating additional sense knowledge, already leads to perfor-
mance improvements. Second, increasing sense-alignment alone is insufficient for
good performance: embeddings with only increased sense-alignment underperform
compared to the original PLM embeddings. The best performance is achieved when
both isotropy and sense-alignment are increased simultaneously and are both sig-
nificantly high. Third, there is a trade-off between uniformity and sense-alignment,
where optimal performance requires balancing these two properties. These findings
partially confirm H4b. While the results support that improving isotropy alongside
sense-alignment leads to better performance, uniformity should not be maximized
but rather balanced with sense-alignment for optimal results. Additionally, the pa-
per observes different patterns in the relation between topological properties and
performance across unsupervised and supervised settings, showing that their rela-
tive importance may vary across settings. However, further investigation is needed
to fully understand these differences.

Comparing the two fine-tuning methods, SPL and SCL produce embeddings that
differ in terms of topological properties. More specifically, SCL generates embed-
dings that are more isotropic and more sense-aligned compared to SPL. However,
uniformity values vary depending on the PLM. Together, these results support H4c:
SCL and SPL differ in their effect on the topology of the embedding space, and SCL
achieves a better balance for performance, as it creates embeddings that are more
isotropic and more sense-aligned. Furthermore, SCL demonstrates superior and
more consistent improvements across both models, while SPL fails to create suc-
cessful embeddings with BERT. These findings show that successful sense-enhanced
embeddings can be created through SCL but not SPL, partially confirming H4a.
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7.1.5 Discussion and Synthesis

The five research papers in this thesis lead to a systematic understanding of how
contextualized word embeddings encode and organize sense information. They fur-
ther show that the identified limitations of the embeddings can be overcome with
the proposed methods, leading to improvements in unsupervised lexical ambiguity
resolution.

The research paper Cross-Lingual Copredication Detection (Yavas et al., 2023)
(Chapter 2) shows that contextualized word embeddings encode sufficient informa-
tion for detecting copredication and that this information transfers across languages
in zero-shot settings. It further reveals a challenge in detecting the absence of co-
predication, attributed to the availability of both meaning facets with inherently
polysemous nouns regardless of context. The research paper Copredication Cor-
pus Annotation (Chen et al., 2025b) (Chapter 3) contextualizes the computational
challenge by showing that copredication identification is challenging even for human
experts. This challenge is reflected in low to moderate inter-annotator agreement.
Furthermore, the analysis of annotator disagreements reveals that the disagreements
stem from several factors, including unclear distinctions between the facets of inher-
ently polysemous nouns. This confirms that determining the active facet of these
nouns is also difficult for humans. Both papers together show that despite the com-
plexity of the task, contextualized word embeddings can successfully be used for
copredication detection in both monolingual and cross-lingual settings.

The research paper Feature Relevance for WSD (Yavas, 2024) (Chapter 4) iden-
tifies a core problem underlying poor unsupervised performance with contextualized
word embeddings: these embeddings encode rich contextual information, and the
features that determine embedding similarity between word instances are largely ir-
relevant to sense distinctions. This finding holds for both homonymy and polysemy.
Even when the senses occur in highly diverse contexts and context provides clear
cues for ambiguity resolution (low contextual overlap), such as in homonymy cases,
the features that determine embedding similarity are still irrelevant to sense distinc-
tions. This indicates that sense-irrelevant features pose a fundamental challenge for
unsupervised ambiguity resolution regardless of the level of contextual overlap.

The research paper Feature Removal with Adversarial Forgetting (Yavas et al.,
2024) (Chapter 5) provides a solution to this problem through the proposed ad-
versarial forgetting framework and shows that selectively removing sense-irrelevant
features (morphological and syntactic features) from contextualized word embed-
dings improves unsupervised performance. It further shows that even though these
features can be sense-relevant for some words, they introduce more noise than signal
and their removal benefits performance overall.

Finally, the research paper Sense Knowledge Enhancement through Fine-Tuning
(Yavas et al., 2025) (Chapter 6) addresses the problem from the opposite direction
and aims to incorporate sense knowledge into the embeddings through fine-tuning.
It further addresses the question of whether improving sense-alignment through fine-
tuning comes at the cost of embedding expressiveness and examines the effects of
different fine-tuning methods on the topology of the embedding space. The findings
reveal that successful sense-enhanced embeddings require more than just high sense-
alignment; considering other topological properties such as isotropy and uniformity
is also critical for task performance. Furthermore, the paper shows that the choice
of fine-tuning method plays a crucial role, as different methods affect the embedding
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space topology differently, resulting in different task performance. This highlights
that how information is organized in the embedding space is a critical factor for
unsupervised task performance, alongside what information is encoded.

Together, these findings identify two factors underlying poor unsupervised per-
formance that stem from the nature of contextualized word embeddings. Although
these embeddings encode sufficient information for resolving complex ambiguity phe-
nomena, the unsupervised performance is limited by the influence of sense-irrelevant
features in embedding similarity and by suboptimal topology. Furthermore, the pa-
pers presented in this thesis develop methods to overcome these limitations and the
results show that these limitations can be addressed by improving existing PLM
embeddings with these methods.

7.2 Contributions

7.2.1 Theoretical Contributions

Embedding Properties Affecting Unsupervised Performance. This thesis
contributes to the understanding of properties that determine the effectiveness of
contextualized word embeddings in unsupervised lexical ambiguity resolution tasks.
We identify two key properties that affect unsupervised performance. First, embed-
ding similarity can be determined by sense-irrelevant features, which is problematic
given the central role of similarity in unsupervised settings. Second, topological
properties of the embeddings affect task performance. Even with sense-aligned em-
bedding spaces, topological properties such as isotropy play a critical role in perfor-
mance, and their optimization leads to improvements.

Contextual Features Driving Embedding Similarity. While extensive re-
search has investigated what information is encoded in contextualized word embed-
dings (Conneau et al., 2018; Tenney et al., 2019; Yenicelik et al., 2020; Zhao et al.,
2020; Chersoni et al., 2021; Dalvi et al., 2022; Sajjad et al., 2022), which contextual
features determine embedding similarity between same-word instances remains un-
derexplored. Furthermore, while previous studies have observed that surface-level
contextual and linguistic features affect embedding similarity (Wiedemann et al.,
2019; Yenicelik et al., 2020; Gessler and Schneider, 2021; Laicher et al., 2021), this
problem has not been systematically investigated. We address these gaps by sys-
tematically examining which contextual features determine embedding similarity.

Embedding Similarity as a Proxy for Semantic Similarity. The above in-
vestigation reveals that semantics-relevant information is not always the dominant
factor determining embedding similarity. This finding has broader implications, as
embedding similarity is commonly assumed to reflect semantic similarity. Our find-
ings suggest that this equivalence cannot be assumed: the similarity relations may
be determined by features irrelevant to semantic distinctions, potentially affecting
downstream applications.

Encoded Information and Unsupervised Task Performance. We show that
certain contextual information encoded in contextualized word embeddings can be
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harmful for unsupervised downstream task performance. This highlights the need
for better understanding of how encoded information relates to task performance.
We address this gap in the context of lexical ambiguity resolution, demonstrating
that feature relevance is critical for unsupervised performance.

Fine-Tuning Methods and Embedding Space Topology. In this thesis, we
provide a detailed comparison of SPL and SCL fine-tuning methods in terms of
their effect on embedding space topology. Our findings can explain the previously
observed performance differences between SPL and SCL (Gunel et al., 2020; Khosla
et al., 2020) by characterizing how each method affects the topology of the embed-
ding space differently. Our investigation is one of the first systematic comparisons
of SCL and SPL in the context of knowledge enhancement and provides insights for
method selection.

Topological Properties and Task Performance. The importance of certain
topological properties such as isotropy and uniformity for downstream task perfor-
mance has been established in previous research (Bi$ et al., 2021; Gao et al., 2021;
Liu et al., 2021a,b; Rajaee and Pilehvar, 2021). In this thesis, we extend this in-
vestigation to sense knowledge enhancement and lexical ambiguity resolution. We
investigate how isotropy, sense-alignment, and uniformity relate to optimal perfor-
mance.

7.2.2 Practical Contributions

Method for Copredication Detection. Despite receiving considerable atten-
tion from a theoretical perspective, copredication and inherently polysemous nouns
have received limited attention from an empirical perspective. There was a need for
a method that can automatically identify these constructions to support empirical
research. In this thesis, we develop a supervised method for the automatic detection
of copredication instances using contextualized word embeddings, which can serve
as a practical tool for investigating this challenging phenomenon at scale.

Method for Cluster Explainability. While numerous approaches have been
proposed to interpret contextualized word embeddings of PLMs (Conneau et al.,
2018; Tenney et al., 2019; Yenicelik et al., 2020; Zhao et al., 2020; Chersoni et al.,
2021; Dalvi et al., 2022; Sajjad et al., 2022, e.g.,), the question of which contex-
tual features determine embedding similarity has largely remained at the level of
qualitative observation (Yenicelik et al., 2020; Gessler and Schneider, 2021; Laicher
et al., 2021). In this thesis, we propose a systematic method to automatically iden-
tify the contextual features that determine similarity between contextualized word
embeddings. This method can be used for the explainability of clustering-based ap-
plications by revealing which features drive clustering decisions. Furthermore, it can
be extended to assess whether identified features are relevant to specific downstream
tasks in different contexts.

Methods for Improving Contextualized Word Embeddings:
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e Adversarial Forgetting of Linguistic Information: Adversarial forget-
ting has been widely applied in computer vision and, while adopted in Nat-
ural Language Processing (NLP), it has been mostly limited to the removal
of domain-specific information (Louizos et al., 2017; Jaiswal et al., 2018; Peng
and Zhang, 2020; Xin et al., 2022). In this thesis, we adapt this framework
to target linguistic information encoded in contextualized word embeddings,
resulting in embeddings that are invariant to targeted linguistic features. This
method can be beneficial for research that aims to establish causal relations
between specific information types and task performance and can be used to
improve the embeddings for other tasks.

e Supersense-Guided Fine-Tuning for Sense Knowledge Enhancement:
While existing work applies SCL for sense knowledge enhancement using word-
level annotation (Mosolova et al., 2024), we propose two fine-tuning approaches
that leverage supersense information using SCL and SPL. These methods
enable general sense-alignment of the embedding space without relying on
word-level, fine-grained sense annotations.

7.2.3 Resource Contributions

In addition to theoretical and methodological contributions, this thesis provides
several publicly available resources to support future research on lexical ambiguity
and contextualized word embeddings.

Datasets and Benchmarks:

e Multilingual Copredication Test Sets: Annotated test sets for copred-
ication detection across five languages (Italian, English, German, Turkish,
Chinese), enabling cross-lingual evaluation of this complex ambiguity phe-
nomenon. (Awvailable at: https://github.com/yavasde/predication-cla
ssification)

e CoCoCorpus: A gold-standard copredication corpus for English constructed
through expert annotation. It supports research on inherent polysemy and
copredication. (Available at: https://github.com/CoCoCo-Project)

Models and Tools:

e Semantic Argument Type Classifiers: Monolingual and multilingual clas-
sifiers for identifying semantic argument types of verbs and adjectives in con-
text (for semantic types INFORMATION, EVENT, ARTIFACT, HUMAN, Lo-
CATION). These models support copredication detection across languages.
Furthermore, they can be applied to other research on argument structure,
semantic types, or selectional preferences. (Available at: https://github.c
om/yavasde/predication-classification)

e Forget-Gates for Feature Removal: Forget-gate models for creating syntax-
invariant and morphology-invariant embeddings from PLM embeddings by re-
moving targeted linguistic features. (Awvailable at: https://github.com/yav
asde/Adversarial-Forgetting-of-Morphosyntactic-Information)
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Sense-Enhanced Pre-Trained Transformer Language Models: Sense-
enhanced BERT and RoBERTa models. They support both research and
practical applications in lexical ambiguity resolution. (Awailable at Hugging
Face: https://huggingface.co/yavasde)

Cluster Explainability Tool: A general-purpose tool for identifying sen-
tence context features that determine similarity between contextualized word
embeddings and lead to cluster formation. It supports explainability and fea-
ture relevance analysis across any clustering-based NLP task. (Awailable at:
https://github.com/yavasde/ContextDecode)

Code Repositories: Implementations of all methods and experiments presented
in this thesis are publicly available via GitHub repositories:

Cross-Lingual Copredication Detection: https://github.com/yavas
de/predication-classification

Feature Relevance for WSD: https://github.com/yavasde/ContextDe
code

Feature Removal with Adversarial Forgetting: https://github.com
/yavasde/Adversarial-Forgetting-of-Morphosyntactic-Information

Sense Knowledge Enhancement through Fine-Tuning: https://gith
ub.com/yavasde/Fine-Tuning-For-Sense-Enhancement

7.3 Limitations

Model Coverage: The experiments in this thesis are limited to BERT and
RoBERTa. Since different PLMs differ in architecture, parameter size, training
data, and training objectives, the findings may not generalize to other models.

Language Scope: With the exception of the first research paper Cross-
Lingual Copredication Detection, all experiments focus on English. Different
languages may exhibit different patterns, and the extent to which the findings
generalize across languages remains an open question.

Evaluation Scope: Different research papers presented in this thesis employ
different evaluation tasks based on their specific research questions. While this
is methodologically appropriate, evaluating all methods across all tasks would
enable more direct comparisons and better reveal task-specific effects.

Topological Properties: The analysis of topological properties is limited
to sense-alignment, uniformity, and isotropy. There may be other topological
properties that influence the effectiveness of contextualized word embeddings
in unsupervised lexical ambiguity resolution tasks.

Other Performance Factors: This thesis focuses on information content
and topology of the embedding space, but other model, data, or task-related
factors can also affect the performance.
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e Resource Dependencies: The experiments rely on WordNet, SemCor, and
Typed Predicate Argument Structures (T-PAS), which may limit the general-
izability of the findings to other sense inventories or datasets.

7.4 Future Research Directions

The findings of this thesis open several directions for future research. The adversar-
ial forgetting method developed in this thesis successfully creates feature-invariant
embeddings from contextualized word embeddings. However, given that isotropy
emerged as a critical topological property related to task performance, future work
could investigate whether optimizing isotropy during feature removal yields further
improvements.

Additionally, future work could incorporate objectives for optimizing sense-
alignment and other topological properties directly into the pre-training of mod-
els, rather than improving embeddings through fine-tuning. This could potentially
achieve better performance and further validate the role of these properties in down-
stream task performance.

Furthermore, future work could investigate how topological properties relate to
generalization capabilities of the embeddings. Specifically, examining whether em-
beddings with certain topological properties support better performance on unseen
words, unseen senses, and out-of-domain data would provide insights into which
properties lead to more generalizable sense-enhanced embeddings.

Another direction concerns the automation of feature relevance assessment. In
this thesis, feature relevance assessment has been done through qualitative analysis,
and feature removal decisions are based on this analysis. Future work could investi-
gate methods for automated feature relevance assessment, eliminating the need for
manual qualitative evaluation and enabling scalable application to diverse tasks and
different types of information.

Finally, the insights gained through this thesis about the effects of feature rel-
evance and topological properties on task performance could extend beyond lexi-
cal ambiguity resolution to other semantics-related tasks. Similar effects of non-
semantic features and embedding expressiveness can be expected in other tasks,
and uncovering these relations could lead to improvements across a broader range
of NLP applications.

7.5 Concluding Remarks

Language is inherently ambiguous, and resolving ambiguity is fundamental for both
language understanding and generation in NLP. Unsupervised lexical ambiguity
resolution presents a particularly meaningful challenge. Supervised approaches rely
on sense inventories and annotated data, but these resources are scarce and incom-
plete. They are available for only a limited number of languages and domains, and
even where available, they cover a limited range of words and senses and quickly
become outdated as language evolves. As a result, supervised approaches struggle
to capture the full complexity of word meaning in real-world language use. This
highlights the importance of unsupervised approaches, which have the potential to
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enable systems that automatically adapt to new domains, languages, and emerging
senses, making them more robust and scalable for real-world applications.

While contextualized word embeddings of PLMs are powerful representations,
they show surprisingly limited performance on unsupervised lexical ambiguity reso-
lution. Since unsupervised approaches depend mostly on the quality of the embed-
dings, a deeper understanding of what determines their effectiveness in these tasks is
both theoretically important and practically necessary for overcoming their limita-
tions. This thesis directly addresses this gap by investigating how these embeddings
encode and organize sense information, and by developing methods to improve their
effectiveness based on these insights.

The findings of this thesis reveal that what makes contextualized word embed-
dings effective for unsupervised lexical ambiguity resolution is more nuanced than
whether they encode sufficient relevant information. Their effectiveness depends not
only on whether relevant information is present, but also on whether irrelevant infor-
mation introduces noise, and on how the information is organized in the embedding
space. Overall, these findings advance our understanding of contextualized word
embeddings, particularly regarding the properties that determine their effectiveness
in unsupervised tasks. These findings also have broader implications for NLP and
representation learning, as similar effects may be observed across a wider variety of
tasks and encoder representations.

Beyond these theoretical insights, the findings of this thesis have practical value.
The methods developed here demonstrate that the identified limitations can be
addressed post-pretraining, without the need for training language models from
scratch. This supports computational efficiency, reduced environmental impact, and
the reusability of well-established models. More broadly, these findings highlight the
value of a deeper theoretical understanding of existing models and demonstrate how
such insights can directly inform practical improvements.
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