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Structure of the Dissertation

This dissertation is composed of five chapters.

In Chapter 1, I present the definitions of some of the terms
associated with figurative language and metaphor, the main
subjects of my research. Stressing on their conceptual close-
ness to one another, I briefly describe a number of related
categories like metaphor, simile, metonymy, and synecdoche.
Eventually, I argue that incorporating all of them into the
scope of my research is appropriate from the perspective of
computational approach to natural language understanding.

Chapter 2 provides an overview of the selected publications
related to the current study. Although the presented works
fall under various categories of scientific research: philoso-
phy of language, cognitive linguistics, and natural language
processing, all of them have become an invaluable source of
inspiration.

Chapter 3 presents the part of my research devoted to figu-
rative language identification within Japanese. I describe two
sets of classification experiments conducted using Japanese
datasets, aiming at detecting sentences comprising expres-
sions with non-literal meanings.

In Chapter 4, I portray the architecture of MIss RoBERTa



Structure of the Dissertation 2

WiLDe (Metaphor Identification using Masked Language Model
with Wiktionary Lexical Definitions), a model for metaphor
detection I have presented recently. I report on a set of
experiments conducted utilizing some of the most popular
datasets designed for metaphor detection in English. The
results yielded by three variants of my newest method are
compared to the scores achieved by a number of state-of-the-
art baseline models.

Chapter 5 summarizes my findings and discusses future

directions for my research.



Chapter 1

Introduction

1.1 Background

Figurative language in general and metaphor in particular al-
low us to speak more concisely, amusingly, and evocatively
than with only literal expressions. Besides, such an endeavor
would be destined to fail in the first place. This is because the
figurative use of words is so ubiquitous in our language that
it is very likely to be encountered in any randomly selected
passage of the newspaper [111]. Metaphors are widely used
in politics [71, 52, 53], psychotherapy [84, 95, 51], marketing
[17], journalism [42, 81], and other domains deeming persua-
sion highly valuable. Unfortunately, metaphorical language
remains difficult to process for computers despite the signifi-
cant progress that has taken place in the field of NLP (natural
language processing) over the last few years. This fact alone
is a considerable reason to work on improving already existing
algorithms as well as creating new ones designed to overcome

this issue.



Chapter 1. Introduction 4

Machine translation is one of the NLP’s subfields that still
struggles with handling metaphorical expressions. Consider

the following example of English-to-Japanese translation:

o English: Yuki is so sweet.

o Japanese: Yuki wa totemo amai.

While the input phrase sounds perfectly fine in English,
its output translation is seen as awkward by Japanese na-
tive speakers. The adjective sweet can be, and often is, used
figuratively in English in the sense of ‘kind, gentle, or nice
to other people’, but that is not the case in Japanese. The
adjective amai is often used metaphorically as a noun mod-
ifier, but if used to describe a person’s personality traits, it
conveys a very different meaning, specifically ‘lenient, for-
giving’. By analyzing the above example, it can be noticed
that the input sentence is translated in its literal sense. The
algorithm is seemingly not aware of the fact it has encoun-
tered a metaphor. As a result of this, it is taking sweet as
a word belonging to the semantic field of TASTE rather than
that of PERSONALITY FEATURES. As this is the output of
the currently available version of Google Translate’s engine?,
it should be clear that there is still much to do when it comes
to improving the performance of the algorithms related to

natural language understanding.

Ihttps://translate.google.com/?sl=en&tl=jaktext=Yuki%20is%20s0%
20sweet&op=translate; last accessed on 1 March 2022.
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https://translate.google.com/?sl=en&tl=ja&text=Yuki%20is%20so%20sweet&op=translate
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1.2 Contribution

In this dissertation, I present the outcome of my research
devoted to automatic metaphor identification using machine
learning. It can be roughly divided into two main parts:
research in metaphor detection in Japanese and research in
metaphor detection in English.

In Chapter 3, I report on the two sets of experiments
designed for sentence-level figurative language detection in
Japanese. Since their presence in text poses similar problems
from the perspective of automatic identification, in this part
of the research I am searching not only for narrowly defined
classic metaphors but also for related figures conveying non-
literal meaning (i.e. metonymies, synecdoches, similes, idioms
and proverbs). Because the borders separating non-literal and
literal expressions are often vague, I argue that reformulating
metaphor detection problem from the most often undertaken
token-level detection to sentence-level detection results in a
more flexible approach allowing for identifying diverse types
of figurative language, including those linguistic units which
— while encompassing larger portions of text — can be recog-
nized as the manifestations of underlying conceptual feature
mappings.

While most of the algorithms designed for metaphor iden-
tification in Japanese strongly depend on more or less compli-
cated systems of rules, I propose a fully data-driven method,

utilizing two kinds of input features. In the first experiment,



Chapter 1. Introduction 6

I take advantage of seven different seed word categories, se-
lected based on the cognitive-linguistic view on metaphor. In
the second trial, I use the bag-of-words model to represent the
input sentences.

The methods I introduce in Chapter 3 were reported in the
Language Sense on Computer workshop at 28th International
Joint Conference on Artificial Intelligence, IJCAI 2019 and at
the 16th International Conference of the Pacific Association
for Computational Linguistics, PACLING 2019. They were
first presented in [4] and [3], respectively.

In Chapter 4, I present the three variants of MIss RoBERTa
WiLDe (Metaphor Identification using Masked Language Model
with Wiktionary Lexical Definitions), a model built upon Mel-
BERT (Metaphor-aware late interaction over BERT) intro-
duced in 2021 by Choi et al. [16]. T found their work inspiring,
not only because Mel BERT outperforms current state-of-the-
art in many cases, but also because their approach is well
grounded in linguistics. While acknowledging the high qual-
ity of their work, I anticipated that applying some changes to
their ideas would be appropriate from a theoretical perspec-
tive and could be beneficial to the algorithm’s overall perfor-
mance, making it more consistent conceptually.

Specifically, I argued that introducing the lexical defini-
tion of the target word in place of the target word itself is
better-suited for finding the word’s refined literal sense. I also
estimated that using a different kind of sentence embedding

representation should allow for achieving even better scores.
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The results I present in Chapter 4 mostly confirm my intu-
itions. The model was first presented in the Applied Sciences

journal article [5].

In this dissertation I use the contents of the three afore-

mentioned works [4, 3, 5], modifying them where appropriate.

1.3 Terms of Figurative Language

In order to facilitate better understanding of this disserta-
tion’s topic, I provide the reader with a number of definitions
describing some of the most important concepts recurring in

the following chapters.

Figurative language

In the first sentence of this work’s introduction, I have used

the term figurative language. A Glossary of Literary Terms

by Abrams & Harpham [1, p. 132] defines it as:

a conspicuous departure from what competent users of a language
apprehend as the standard meaning of words, or else the standard

order of words, in order to achieve some special meaning or effect.

While figurative language is often deemed as belonging to the
domain of poetry, Abrams & Harpham [1, p. 132] explain that:
figures are sometimes described as primarily poetic, but they are

integral to the functioning of language and indispensable to all

modes of discourse.
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This description further differentiates between two classes of
figurative language: figures of thought (or tropes) and figures
of speech (or schemes), in which, respectively:

1. Words or phrases are used in a way that effects a conspicuous
change in what we take to be their standard meaning. The
standard meaning, as opposed to its meaning in the figurative

use, is called the literal meaning.

2. The departure from standard usage is not primarily in the
meaning of the words but in the order or syntactical pattern
of the words.
Subsequently, the editors specify a number of figures of thought,
among them: simile, metaphor, metonymy, synecdoche and
personification. According to this view, figures of speech com-
prise such rhetorical devices as: anaphora, anastrophe, apos-
trophe, chiasmus, paralipsis, rhetorical question and zeugma.
However, as Abrams & Harpham admit [1, p. 133], this
“distinction is not a sharp one, nor do all critics agree on its
application”. Indeed, other sources recognize only figures of
speech as a broader category encompassing all of the elements
belonging to both classes listed above. For example, according
to Britannica Concise Encyclopedia [11]:
common figures of speech include simile, metaphor, personification,
hyperbole, irony, alliteration, onomatopoeia, and puns.
The same source defines figure of speech as a:

form of expression used to convey meaning or heighten effect, of-
ten by comparing or identifying one thing with another that has a
meaning or connotation familiar to the reader or listener. An inte-
gral part of language, figures of speech are found in oral literatures

as well as in polished poetry and prose and in everyday speech.
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Regardless of the differences in taxonomic nuances, both sources
agree on that figures play an important role in the ordinary
language. The reason for their high frequency is explained by
Gibbs in [31, p. 253]:

I shall argue that a major reason why people use different tropes

so frequently in everyday speech and writing is that human cog-

nition is fundamentally shaped by various processes of figuration.

(...) Speakers can’t help but employ tropes in everyday conversa-

tion because they conceptualize much of their experience through

the figurative schemes of metaphor, metonymy, irony, and so on.

Listeners find tropes easy to understand precisely because much of

their thinking is constrained by figurative processes.

1.3.1 Metaphor

Abrams & Harpham [1, p. 133] write that in metaphor:

a word or expression that in literal usage denotes one kind of thing
is applied to a distinctly different kind of thing, without asserting

a comparison.

Using a line from one of the poems by Robert Burns: “O my
love is like a red, red rose”, they show that metaphor can

function as a condensed simile:

if Burns had said “O my love is a red, red rose” he would have

uttered, technically speaking, a metaphor instead of simile.

Metaphorical expressions of syntax A is B are often used as
examples in dictionaries, but there is a great variety of shapes
that metaphors can take. Some of them can be seen in the
definition of metaphor available in Britannica Concise Ency-

clopedia [11]:
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Figure of speech in which a word or phrase denoting one kind of

object or action is used in place of another to suggest a likeness

or analogy between them (as in “the ship plows the seas” or “a

volley of oaths”). A metaphor is an implied comparison (as in “a
marble brow”), in contrast to the explicit comparison of the simile

(“a brow white as marble”).

Poetic style of metaphorical expressions provided so far may
wrongly suggest that metaphor belongs to literature and can-
not be found in ordinary language. To the contrary — as
convincingly claimed by cognitive linguists — most people
use metaphors regularly without realizing they do. In [101,
p. 51], Steen argues that metaphor is a:

part of common, everyday language, as is attested by the many
metaphorical forms (words, phrases, morphemes, and even gram-

matical constructions) that are entirely conventional.

This intuition is supported by Gibbs [32, p. 3], who reports
that:

there is now a huge body of empirical work from many academic
disciplines that clearly demonstrates the ubiquity of metaphor in

both everyday and specialized language.

Cognitive linguistics propose a view in which metaphor is
identified with the psychological process underlying the pro-
duction of metaphorical expressions rather than with such ex-
pressions themselves. This process consists in a cross-domain
mapping of features®. For example, in TIME IS MONEY metaphor,

the properties primarily ascribed to the concept of money are

2There are several competing variants of this theory, e.g. the two-domain approach,
the many-space approach, the class-inclusion approach, the career of metaphor ap-
proach, etc. For details, cf. [97, pp.48-57].
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transferred onto the concept of time. This results in produc-
tion of expressions like: ['wve invested a lot of time in this
research or This solution will save you years of work. To
quote Gibbs again [32, p. 3]:

Metaphor is not simply an ornamental aspect of language, but a

fundamental scheme by which people conceptualize the world and

their own activities.

1.3.2 Metonymy

Some authors suggest that in the hierarchy of importance to
human’s thought, it is metonymy that should be given prece-
dence over metaphor. Consider the following passage from

the introduction to the book by Panther & Radden [80, p. 1]:

Eighteen years after Lakoff and Johnson’s (1980) seminal work on
the role of metaphor in conceptualization, which sparked a vast
amount of research in cognitive linguistics, it has become increas-
ingly apparent that metonymy is a cognitive phenomenon that may

be even more fundamental than metaphor.

3

In Encyclopaedia Britannica’, metonymy is described as a:

figure of speech in which the name of an object or concept is re-
placed with a word closely related to or suggested by the original,
as “crown” to mean “king” (“The power of the crown was mor-
tally weakened”) or an author for his works (“I'm studying Shake-

speare”).

The same article notes on the similarity between metonymy

and synecdoche:

3https://www.britannica.com/art/metonymy; last accessed on 1 March 2022.
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Metonymy is closely related to synecdoche, the naming of a part
for the whole or a whole for the part, and is a common poetic

device.

Although this remark may suggest primarily poetic nature of
metonymy, it is widely used in everyday language. For exam-
ple, the article stands for the article’s author in “the article
claims that.... Similarly, in “White House denied the report”,
White House denotes the President of the United States.
Abrams & Harpham [1, p. 134] emphasize the experiential
roots of the trope in question, writing that in metonymy:
the literal term for one thing is applied to another with which it

has become closely associated because of a recurrent relation in

common experience.

Regarding the relation between metaphor and metonymy,
cognitive linguistics offers the view on which both phenomena
involve a mapping of semantic features. Whereas metaphor
is seen as the mapping across the distinct conceptual do-
mains, metonymy consists in the “mapping within the same
domain” [110, p.114]. While metaphor is based on imagined
resemblance between the interacting concepts (e.g. time and
money), metonymy has to do with their contiguity (e.g. king

and crown).

1.3.3 Synecdoche

As mentioned above, synecdoche is conceptually very similar

to metonymy, and some accounts even treat the former as a
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subspecies of the latter. In Encyclopaedia Britannica® it is

defined as:

figure of speech in which a part represents the whole, as in the
expression “hired hands” for workmen or, less commonly, the whole
represents a part, as in the use of the word “society” to mean
high society. Closely related to metonymy — the replacement of
a word by one closely related to the original — synecdoche is an
important poetic device for creating vivid imagery. An example
is Samuel Taylor Coleridge’s line in “The Rime of the Ancient
Mariner”, “The western wave was all aflame”, in which “wave”

substitutes for “sea”.

In other words, synecdoche can be viewed as a means for
“generalization and particularization of senses” [97, p. 147].
That synecdoche is not merely a “poetic device” can be
proved by the following examples from everyday language: in
“Let’s go and have a bite”, a bite stands for a meal; in “I don’t

have a penny left”, a penny stands for money.

1.3.4 Personification

In Encyclopaedia Britannica® personification is defined as a:

figure of speech in which human characteristics are attributed to

an abstract quality, animal, or inanimate object.
Abrams & Harpham [1, p. 135] quote Milton’s example of
personification used in his famous Paradise Lost:

Sky lowered, and muttering thunder, some sad drops

Wept at completing of the mortal sin.

4https://www.britannica.com/art/synecdoche; last accessed on 1 March 2022.
Shttps://www.britannica.com/art/personification; last accessed on 1 March

2022.
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In the lines above, inanimate thunder and rain are described
with the words applied primarily to human beings. Here, the
particular combination of source and target domains reveals
the metaphorical nature of the analyzed instances of person-
ification. In other cases it can be used metonymically, as in

the example of the article claims that... mentioned earlier.

The figures described so far can be realized as single words
(e.g.: metaphor in They attacked my argument; metonymy
in This land belongs to the crown; synecdoche in Give us this
day our daily bread; personification in Tokyo never sleeps).

There are, however, figurative units, that are inherently
composed of more than a single word. One of those is already

mentioned simile.

1.3.5 Simile

Encyclopaedia Britannica® defines simile as a:

figure of speech involving a comparison between two unlike enti-
ties. In the simile, unlike the metaphor, the resemblance is explic-
itly indicated by the words “like” or “as”. The common heritage
of similes in everyday speech usually reflects simple comparisons
based on the natural world or familiar domestic objects, as in “He
eats like a bird”, “He is as smart as a whip”, or “He is as slow as
molasses”. In some cases the original aptness of the comparison is

lost, as in the expression “dead as a doornail”.

Japanese counterparts of English simile indicators listed in

the above definition would be: yo, mitai, gotoki, etc.

bhttps://www.britannica.com/art/simile; last accessed on 1 March 2022.
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Similes have a specific structure, which includes compara-
ndum, comparatum and tertium comparationis [22, p. 44]. In

the following example:

— Her eyes are green as emeralds,

eyes correspond to comparandum, emeralds to comparatum,
and green to tertium comparationis.

It should be noted, that tertium comparationis is often
omitted, which may increase the level of perceived figurative-

ness (e.g. Her eyes are like emeralds).

1.3.6 Idiom

Oxford Dictionary of English [103] defines idiom as:

a group of words established by usage as having meaning not de-
ducible from those of the individual words (e.g. over the moon, see

the light).

In [22, pp. 39-44], Dobrovol’skij & Piirainen give an elabo-
rate description of idioms, listing their characteristics, which

include:

— Idiomacity understood as a semantic reinterpretation and/or

opacity,

— Stability understood as frozenness or lack of combinatorial

freedom of a certain expression,

— Being a multiword unit.

English piece of cake ‘something very easy’ and Japanese kubi
o nagaku suru ‘to eagerly look forward to something’ (lit. ‘to

lengthen ones neck’) are examples of idioms.
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1.3.7 Proverb

Another category belonging to figurative language is that of
proverbs. Oxford Dictionary of English [103] defines a proverb
as “a short, well-known pithy saying, stating a general truth
or piece of advice”. Concise Encyclopaedia Brittanica [11]

adds that proverbs:

are part of every spoken language and folk literature, originating
in oral tradition. Often a proverb is found with variations in many

different parts of the world.

The relation connecting proverbs with idioms is well analyzed
by Dobrovol’skij & Piirainen [22, pp. 49-53]. Like idioms,
proverbs are intrinsically multi-word units. In many lan-
guages proverbs can be differentiated from idioms by their
syntactic structure: while most idioms are phrases, proverbs
often function as independent sentences. One example of a

proverb provided by the authors is the following:

every dog has its day ‘even the most unimportant person has a

time in his/her life when he/she is successful and being noticed’.

Although, as mentioned, proverbs usually take shape of inde-
pendent sentences, sometimes they can be embedded within
the longer sequences as well: She believes that she has a

chance, because every dog has its day.
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1.4 Scope of Investigation

Concepts related to figurative language are similar in many re-
spects, which makes the borders separating one from another
quite vague. For example, Abrams & Harpham [1, p. 133]
note that “metonymy and synecdoche are sometimes catego-
rized as species of metaphor”. Moreover, the same expression
can belong to multiple categories at the same time’. This

issue is well portrayed by Schofer & Rice [90]:

The very titles of recent works in the area suggest the muted
struggle for the understanding and conquest of the terms: Synec-
doques, in which Tzvetan Todorov (1970) defines metaphor as a
double synecdoche; Metonymie et metaphore, where Albert Henry
(1971) defines metaphor as a double metonymy; Semantique de la
metaphore et de la metonymie, in which Michel Le Guern (1975)
subsumes synecdoche within metonymy; and La Metaphore vive,
where Paul Ricoeur (1975) reestablishes metaphor in its privileged

position.

As signalized in Section 1.3.2, from the perspective pro-
posed by cognitive linguistics, the demarcation line between
metaphor and metonymy should be set based on the num-
ber of conceptual domains that are used in the process of
feature-mapping. However, whether said process takes place
within one (metonymy) or multiple (metaphor) domains can-
not be always established unequivocally. Writing about diffi-
culties in distinguishing metonymy from metaphor, Barcelona

[7, p. 232] enumerates the three major ones:

"For example, in the study on so called metaphtonymy [34], the author analyzes
examples of expressions exhibiting properties of both metaphor and metonymy simul-
taneously.
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— Cognitive domains often have fuzzy boundaries so that it is
not always easy to know if the source and the target domains

are or are not in the same superordinate domain.

— A linguistic expression may often be interpreted, on the sole
basis of context, background knowledge, or the purpose of

the interpreter, as metaphorical, or as metonymic.

— Metaphor and metonymy very often interact in intricate pat-

terns, which complicates their distinction.

This echoes in the analysis presented by Steen et al. [100,
p. 79], who admit that “both metaphor and metonymy (...)
can be present at the same time” and that “it is possible to see
a conceptual or semantic relation as either or both metaphoric
and metonymic”.

Considerations on the nature of metaphor have a long tra-
dition that dates back at least to antiquity. In reference to the
Aristotelian definition of metaphor from Poetics®, Turbayne
[105, p. 11] calls the reader’s attention to its capacity:

Notice how wide Aristotle’s definition is. Metaphor comprehends

all those figures that some distinguish as: synechdoche (...); metonymy

(...); catachresis (...); and metaphor (...).

and concludes that:

[To Aristotle - M.B.] metaphor is logically indistinguishable from
trope, the use of a word or phrase in a sense other than that which

is proper to it.

8«Metaphor consists in giving the thing a name that belongs to something else; the
transference being either from genus to species, or from species to genus, or from
species to species, or on grounds of analogy” (cf. https://www.gutenberg.org/
files/6763/6763-h/6763-h.htm; last accessed on 1 March 2022). Additionally, in
his Rethoric, Aristotle states that “simile also is a metaphor”, (cf. https://kairos.
technorhetoric.net/stasis/2017/honeycutt/aristotle/rhet3-4.html; last ac-
cessed on 1 March 2022).


https://www.gutenberg.org/files/6763/6763-h/6763-h.htm
https://www.gutenberg.org/files/6763/6763-h/6763-h.htm
https://kairos.technorhetoric.net/stasis/2017/honeycutt/aristotle/rhet3-4.html
https://kairos.technorhetoric.net/stasis/2017/honeycutt/aristotle/rhet3-4.html
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Such perspective can be identified with the broader view
on metaphor, as described by Fogelin [29, p. 30]:
Viewed narrowly, a metaphor is one trope among others — includ-
ing similes, hyperbole, irony, metonymy, synecdoche, etc., etc. It
is also possible to take ‘metaphor’ and ‘metaphorical’ in a more

generic sense which is more or less coextensive with ‘figure’ and

‘figurative’.

This is confirmed by the notation available in Merriam
Webster?, which states that — in a broad sense — the term
metaphor can be used interchangeably with figurative lan-
guage. Whereas Turbayne commends such an approach to
defining a metaphor (he in fact advocates for widening it even
more, cf. [105, p. 12]), Fogelin criticizes it, arguing that “an
adequate theory of figurative language ought to provide ways
of distinguishing various tropes from one another” [29, p. 32].

The goal set in the first part of this research introduced
in Chapter 3 was to detect the instances of figurative lan-
guage use, irrespective of their narrowly defined taxonomic
affiliations. At the stage of labeling the testing-data, the an-
notators were asked to “decide whether any figurative expres-
sion (metaphor, simile, etc.) is used in the (...) sentence”.
The rationale behind this decision was that any type of the
input whose intended meaning is to be interpreted as involv-
ing a departure from the most basic literal senses of its con-
stituents may hinder the performance of Natural-Language-

Understanding-based tools (e.g. machine translation engines).

dnttps://www.merriam-webster.com/dictionary/metaphor; last accessed on 1
March 2022.


https://www.merriam-webster.com/dictionary/metaphor
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From such perspective, it is not that much relevant which of
the figurative mechanisms underlies a non-basic meaning con-
veyed by the input text. Both crown used in place of king
and down used in place of sad may become a cause of an er-
roneous translation. It follows that not only metaphors, but
also metonymies, synecdoches, similes, idioms, proverbs, and
alike: all of them have become the targets of identification.

In the latter part of the research presented in Chapter 4
I was using the already labeled datasets. Their major source
— VUA Metaphor Corpus (VUAMC)!¥ described in details
in Section 4.4 — was annotated with MIPVU!"! which dis-
tinguishes between metaphor and metonymy'2. In VUAMC,
only the words representing the former category are provided
with labels. Consequently, in the experiments I report on in
Chapter 4, the identification target is narrower than in those
described in Chapter 3. However, as metonymy also involves
a detachment from the word’s most basic literal sense, the
design of my proposed model should allow for detecting the
words used metonymically as well.

The authors of MIPVU seem to consider the meanings con-
veyed by some of the expressions based on metonymy as the
“extensions of the basic senses” which prefer literal interpre-

tation [100, p. 80]. This might be due to the fact, that the

Ohttp://www.vismet.org/metcor/documentation/home.html; last accessed on 1
March 2022.

UThe upgraded variant of the Metaphor Identification Procedure (MIP; its outline
is presented in Section 4.2.1).

120n the other hand, MIPVU treats similes and personifications as the (potential)
forms of metaphor [100, pp. 21, 40-41, 57-58, 92-95, 101-106]. The complete guidelines
for annotation are presented in a book-length description by Steen et al. [100].


http://www.vismet.org/metcor/documentation/home.html
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term literal — as most of the terms analyzed in this chapter
— is not free from ambiguity. In his paper [54], Lakoff elab-
orates on the multiple meanings of literal. The one I adopt
in this research is similar to that used by the author in his
technical discussions [54, p. 3]. Specifically, I consider literal

as:

directly meaningful, without the intervention of any mechanism of

indirect understanding such as metaphor or metonymy.

In the Oxford Dictionary of English [103], figurative is de-
fined as: “departing from a literal use of words; metaphorical”.
As the terms non-literal, figurative, and metaphorical are of-
ten used to denote the same meaning, in this dissertation I

use them interchangeably.
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Chapter 2

Research in Metaphor

In this chapter, I briefly introduce a number of works related
to metaphor and figurative language that — in one way or
another and to various degrees — influenced the final shape
of this dissertation. Metaphor has become a subject of stud-
ies in many fields of academic research. The works I present
below can be roughly classified as belonging to the following
three: philosophy of language, cognitive linguistics and natu-

ral language processing.

2.1 Philosophy of Language

In his already classic paper from 1954 [9], American philoso-

pher Max Black presents his considerations regarding metaphor.

Here, I will touch upon the most important of his remarks.
Black proposes three different approaches in conceptualiz-

ing metaphor and labels them as respectively:

1. Substitution view,
2. Comparison view,

3. Interaction view.
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On substitution view, a given metaphorical expression is
used in place of a literal one, which conveys the same meaning.
This account implies that the meaning of any metaphorical
expression can be expressed with some literal counterpart.

On this view, one justified reason for speaking metaphori-
cally is to fill the lexical gaps produced by the entities not yet
named in a certain language. Such a case can be exemplified
with the leg of an angle, the term known from mathemat-
ics. Other than that, writers use metaphors to simply amuse
their readers, providing them with entertaining linguistic rid-
dles. On this view, when not used to expand the vocabulary,
metaphor is considered as a mere linguistic decoration.

Comparison view treats metaphor as a condensed, elliptic
variant of simile. Black uses the example of Richard is a
lton, which — on comparison view — is a shortened version
of Richard is like a lion (in being brave). The author notices
that this view does not explain the reasons for using only some
of the features ascribable to the compared entities. Lions can
be not only brave (can they be called brave literally is yet
another issue), but also big, fast, hairy, scary, hungry, etc.
Out of many possible candidates, why is it a lion that becomes
employed by the metaphor, is another question that emerges
when adopting comparison view on metaphor.

Black recommends interaction view as the most adequate
perspective on metaphor. This view consists in metaphor us-
ing two different concepts (in the example above, the one of

a man represented by Richard and the other of a lion), which
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become simultaneously active in the reader’s mind, and in-
teract, producing a new meaning. These concepts are said
to be based not on the lexical norms to be found in a stan-
dard dictionary, but rather on what Black calls the system of
associated commonplaces, which are shared by all members
of a given cultural community. On this view, in the process
of constructing a new metaphorical meaning, the objective
definition of a [ion is less relevant than a set of associations
connected to the concept of a lion in the mind of an aver-
age member of a given society. Simultaneously, another set
of associations related to a man is evoked. While the traits
of a lion that are also ascribable to a man become rendered

as prominent, the leftovers lose their importance and become

discarded.

Arguably, the main point of the interaction view proposed
by Black consists in the idea that metaphor produces a new
meaning that is different from a given expression’s basic mean-
ing. This perspective can be contrasted with Donald David-
son’s account on metaphor [19], the overview of which I present
below.

Davidson claims that metaphorical expressions do not hold
any special meanings differing from the literal ones. He argues
that they are often false in a logical sense, and — in this regard
— they can be contrasted with similes, which are always true,
since everything is similar to everything else, at least to a

certain degree.
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Accordingly, a lion from the sentence Richard is a lion
does not mean anything else than a lion in any other context.
Unless it is not a wild cat, specimen of Panthera leo, denoted
by Richard, the sentence in question should be classified as
logically false.

Although Davidson mostly disagrees with Black, he admits
that a metaphor can be conceptualized as a filter allowing the
reader to notice something about the outer world, that he
might not have been fully aware of. However, this effect of
encountering a metaphor should not be conflated with some
special meaning that words allegedly hold in secret. To David-
son — in this respect — metaphors are similar to pieces of
music or photographs: they are what they are, and nothing
else. It is true that they can induce some special sensations
by bringing some analogies and similarities to the receiver’s
attention, by intimating something surprising, but it is not be-
cause of some secret set of meanings concealed by the words.
According to Davidson, there are no such secret meanings.

Since hidden metaphorical meanings do not exist, what
is often called a metaphor’s literal paraphrase should not be
viewed as an accurate and objective explanation of the mean-
ing. It is rather a description of interpreter’s feelings accom-
panying him in his encounter with a metaphor. Because [19,
p. 31]:

understanding a metaphor is as much a creative endeavour as

making a metaphor, and as little guided by rules,
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no such paraphrase is ever objective — it may differ from

person to person.

2.2 Cognitive Linguistics

In 1980, George Lakoff and Mark Johnson published their
“Metaphors We Live By” [56], a book that has become one of
the most frequently cited publications in the history of social
sciences'. According to some authors, its issue marks the
beginnings of cognitive linguistics as an autonomous branch of
research [59, p. 140]. Lakoff & Johnson proposed a framework
for metaphor analysis, which is now known as Conceptual
Metaphor Theory (CMT). Below I describe some of its main
assumptions.

According to CMT, a metaphor is a phenomenon belong-
ing to the realm of thought and mental representation, rather
than to the language on its own. What is colloquially labeled
a metaphor — some metaphorical expression encountered in
an utterance — is a manifestation of underlying cognitive pro-
cess. In consequence, the term metaphor should be equated
with this process rather than with a linguistic entity. In one

of their early papers [55, p. 486], Lakoff & Johnson write that:

Metaphorical concepts provide ways of understanding one kind of
experience in terms of another kind of experience. Typically this
involves understanding less concrete experiences in terms of more

concrete and more highly structured experiences.

! According to the analysis from 2014 [35], #20 of all time. By the time of submitting
this dissertation (March 2022), the number of citations on Google Scholar has reached
almost 77,000.
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Speaking about something abstract, we often use terms pri-
marily belonging to some other concept, which we are more
familiar with and which we understand better. A system of
ideas related to a more abstract concept is called a target do-
main. Corresponding system of more concrete ideas used to
describe the target concept is called a source domain. The
mechanism of cross-domain mapping of features between dis-
tinct concepts lies at the core of Conceptual Metaphor The-
ory.

In [57, p. 195], Lakoff & Johnson argue that human con-
ceptual system “is fundamentally metaphorical in character”.
They propose three types of metaphorical concepts, “which
are realized by a vast number of linguistic expressions”. These

are:

1. Orientational metaphors: GOOD 1S UP (We hit a peak last
year, but it’s been going downhill ever since), CONTROL IS UP
(he is under my control), etc.

2. Ontological metaphors: THE MIND IS A CONTAINER (He’s
empty-headed), VITALITY IS A SUBSTANCE ( There’s no life in
him anymore since his accident), etc.

3. Structural metaphors: UNDERSTANDING IS SEEING ([ see what
you’re saying; Now I’ve got the whole picture), LIFE IS A GAM-

BLING GAME (I've got an ace up my sleeve), etc.
In [49, p. 57|, Kasanuki provides a number of example sen-
tences based on LOVE IS A JOURNEY structural metaphor?:

1. Kono sannenkan, futari wa tomo ni ayunde kita. (‘For the

last three years, the two have walked together.)

2The examples in English are cited from [56, p. 44-45]; translation of the Japanese
items by myself.
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2. Donna shogai ga atte mo, futari de norikoete iko. (‘Whatever
the obstacles are going to be, let the two of us overcome [lit.

‘go over’] them’)
3. We'll just have to go our separate ways.
4. Our marriage is on the rocks.

5. We’ve gotten of the track.

Through experiences, we notice similarities between vari-
ous concepts, even those, which are dissimilar at first appear-
ance. Kasanuki [49, pp. 57-58] explains that sentences listed
above are based on the insight, that the concept of romantic
love displays some common features with that of a journey.

For example, departure can be viewed as similar to the
beginning of the romantic relationship; analogously, time used
for a trip can be compared to a life spent together with the
lover. Lakoff and Johnson point out [56, p. 45] that there are
different types of journeys (car trip, train trip, sea voyage,
etc.) and there is no single consistent image, which could
encompass all of the expressions based on LOVE IS A JOURNEY
metaphor.

It can be argued, that using non-obvious links between dif-
ferent conceptual domains increases the unexpectedness level
of a given expression, making it more metaphorical in the

addressee’s perception.

Conceptual Metaphor Theory has influenced countless re-
search papers, including some studies on Japanese figurative
language. For example, Hiraga [44] analyzes the conceptual

metaphor underlying such Japanese words as bushido, sado,
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kado, shodo, kyudo, kendo etc. As can be noticed, all of the
compound words just listed include the morpheme do ‘way,
road’, which suggests that they are semantically interrelated.

Here it should be noted that Japanese is a multi-systemic
language whose lexicon comprises three types of vocabularies,

excluding hybrid words [48, pp. 12-13]. These three types are:

1. Wago (indigenous, native Japanese words; usually written

with Hiragana or Hiragana and Kanji),

2. Kango (Sino-Japanese words originating in Chinese; usually

written with Kanji),

3. Gairaigo (vocabulary originating in foreign languages other

than Chinese — mostly English; usually written with Katakana).

The words including logographic character 8 do listed
above belong to the Sino-Japanese lexical subsystem Kango.
The morpheme do is suffixed to another morpheme (or mul-
tiple morphemes as bushi in bushido), which results in forma-
tion of the words denoting classical disciplines (sado ‘Japanese
tea ceremony’, lit. ‘tea’ & ‘road’; kado ‘ikebana’, lit. ‘flower’
& ‘road’; shodo ‘Japanese calligraphy’, lit. ‘pen’ & ‘road’),
martial arts (kyudo ‘Japanese archery’, lit. ‘bow’ & ‘road’;
kendo ‘kendo’; lit. ‘sword’ & ‘road’), and philosophical sys-
tems (bushido ‘bushido’, lit. ‘warrior’ & ‘road’). This kind
of word structure allows for immediate identification of the
underlying LEARNING IS A JOURNEY (or LEARNING IS FOL-

LOWING A PATH) metaphor.
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2.3 Natural Language Processing

History, methods, and goals of the computational approaches
to metaphor are comprehensively described in [108]. In the
following two subsections, I briefly introduce a number of pa-
pers focusing on figurative language detection in Japanese and

English, respectively.

2.3.1 Japanese as the Target Language

In [68], Masui et al. undertake a simile identification task.
In order to distinguish similes from literal and nonsensical
comparisons sharing the syntactical pattern B no yona A ‘A
like B’, the authors adopt two kinds of parameters: salience
gap (kengensei rakusa) and novelty (igaisei)?.

The choice of the features can be justified with the follow-
ing reasoning: in order to explain a concept A with a concept
B, the salience of a predicate X, which is shared by both con-
cepts, needs to be higher in a concept Bj; in order to leave a
strong impression in the addressee, the juxtaposition of the
concepts needs to be unexpected and original as well.

Salience gap can be illustrated with the example of simile
provided by Ortony in [77, p. 346): FEncyclopedias are like
gold mines. Source of highly valuable resources is arguably
the most salient property of the gold mine concept, whereas
in encyclopedia — although present — perhaps it occupies a

lower position in the corresponding hierarchy:.

3These are the English counterparts provided by the authors in the abstract. Ar-
guably, level of unerpectedness might be a better translation of igaisei than novelty.
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If compared concepts share no common predicates, such
expression does not produce a salience gap and should be
deemed nonsensical. Masui et. al portray this with the ex-
ample of Tanisoko no yona kuruma ‘A car like a valley’ [68,
p. 74]. Salience gap does not occur in literal comparisons ei-
ther, since the juxtaposed entities share too many properties.
This can be illustrated with the examples: Encyclopedias are
like dictionaries and Gold mines are like oil wells provided by
Ortony in [77, p. 350].

As mentioned, the second of the metaphoricity parameters
adopted by Masui et al. is novelty. The authors argue that
high frequency in a corpus indicates a literal usage of a given
word-pair. They explain that the comparison supotsuka no
yona kuruma ‘a car like a sports car’ should not be considered
novel, because it is encountered in Japanese too frequently.

The objects of said comparison are connected by hyponymy
relation (supotsuka ‘a sports car’ is a hyponym of kuruma ‘a
car’). Whereas the concept of a sports car comprises such
predicates as fast, cool, excessive fuel consumption at the very
top of its salience list, the same cannot be said about the
concept of an average prototypical car, where the same pred-
icates occupy lower positions. Although comparing these two
entities triggers the emergence of a salience gap, the output
expression should not be considered a simile. Since one term
is a hypernym of the other, the concepts they represent share
too many properties for their relationship to be considered

metaphorical.
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The authors do not elaborate on the correlation between
metaphoricity and hyponymy, but it seems rather safe to as-
sume that most of similar comparisons are indeed non-figurative.
The examples: a fruit like a pineapple, a bird like a penguin
or Sapporo no yona machi ‘a city like Sapporo’ convey rather
literal senses, which seems to confirm this intuition.

Following such theoretical considerations, the authors con-
struct two knowledge bases, utilizing the corpus composed of
approximately 110,000 newspaper articles. The first knowl-
edge base comprises lists of the target nouns along with their
properties and corresponding salience level expressed in per-
centage. The properties of a given concept are collected auto-
matically. Having processed the corpus with a morphological
parser?, the authors obtain the word-pairs sharing the gram-
matical pattern of adjectival modifier—noun (e.g. akai hana
‘red flower’). Most frequent modifiers of a given noun are re-
garded as its concept’s most salient properties. The second
knowledge base includes lists of noun-pairs along with their
absolute frequencies in the corpus and their intrasentential
co-occurrence frequencies. The pairs are composed of nouns
appearing together in the span of one sentence.

In order to test their method, authors prepare two datasets
comprising 100 expressions of shape B no yona A, which come
from the two corpora — the one which was used to create the
already mentioned knowledge bases (70 expressions) and the

other one comprising unrelated data (30 expressions).

4https://archive.ph/Rpgge; last accessed on 1 March 2022.
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The analysis of samples appearing in the first dataset al-
lows the authors to set up a number of threshold values for
salience gap and novelty, which are used to establish the bor-
ders separating the three categories: similes, literal compar-
isons, and nonsensical expressions.

Having prepared the thresholds, the authors use a num-
ber of mathematical formulas in order to classify a given ex-
pression as belonging to one of the aforementioned categories.
The experiments conducted on the data comprised by the two
subsets mentioned above led authors to yield the following
results: precision 83.3%, recall 52.1% (Dataset 1); precision
72.7%, recall 61.5% (Dataset 2).

In [74], Nekomoto et al. propose a system of heuristics for
metaphor identification. They focus on the phrases of syntax:
A wa B ‘A is B"and B no A ‘B’s A’, where both A and B
are limited to nouns. With such restrictions, authors try to
predict, whether the relation between A and B is figuratively
motivated.

First, they obtain a list of words semantically associated
with A and B, eventually using only the ones whose mutual
association (sogo renso) score exceeds a given threshold. The
authors differentiate between mutual association and similar-
ity (ruijido), taking advantage of both categories. High level
of similarity between A and B is used as a hint that their
relation is rather literal than figurative. It is expected that

— if they are connected by metaphorical mapping — A and
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B should belong to different conceptual domains.

The authors use the semantic information provided by
Nihongo Goi Taikei® — a large-scale thesaurus of Japanese
language, as well as popular morphological analyser MeCab®
equipped with NEologd dictionary’.

Using a number of heuristics (e.g. if A in expression A no B
is a formal noun keishiki meishi, treat the whole expression as
literal), the authors perform a classification experiment. The
model’s performance is tested on 200 instances split evenly
into literal and metaphorical classes. The results reported by

the authors are: precision 78%, recall 75%, and F1-score 76%.

Hashimoto et al. [39] propose a lexical knowledge base for
idioms recognition. The authors emphasize that AI’s inability
to identify idioms often results in mistranslation. They illus-
trate the issue with the Japanese sentence Kare wa mondat
o kaiketsu ni hone o otta ‘He struggled to solve the problem’
erroneously translated into English as He broke his bone to
the resolution of a question. In this case, machine translation
algorithm failed to recognize hone o oru ‘to make efforts; to
take pains’ (lit. ‘to break a bone’) as being used figuratively.

One of the causes of erroneous automatic translation indi-
cated by the authors is the transformation of the fixed phrases.
It can take shape of adding a word in between phraseme’s con-

stituents (e.g. kare wa yaku ni tatsu ‘he is helpful’ vs. kare wa

Shttp://www.kecl.ntt.co.jp/icl/lirg/resources/GoiTaikei/; last accessed
on 1 March 2022.

bhttp://taku910.github.io/mecab/ last accessed on 1 March 2022.

"https://github.com/neologd/mecab-ipadic-neologd last accessed on 1 March
2022.


http://www.kecl.ntt.co.jp/icl/lirg/resources/GoiTaikei/
http://taku910.github.io/mecab/
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yaku ni sugoku tatsu "he is very helpful’), conjugation of such
constituents (e.g. kare wa yaku ni tatta ‘he was helpful’), and
so forth.

As pointed out by the authors, idioms often do not allow for
morphological modifications (passivization, causativization,
etc.). In consequence, any change within the inner structure
of a multi-word entity may be a hint for its literal meaning.
For example, in kare ga hone o orareta ‘he got his bone broken
[by someone/something]’, the figurative reading is not possi-
ble. On the other hand, causative kare ni hone o oraseru can
be understood in both literal ‘make him break a bone’ and
figurative ‘make him struggle/make effort’ senses.

The authors divide idioms into three categories:

1. Non-transformable and non-ambiguous (e.g. mizu mo shi-

tataru ‘extremely handsome’),

2. Transformable and non-ambiguous (e.g. yaku ni tatsu ‘to be

helpful’),

3. Transformable and ambiguous (e.g. hone o oru ‘to make

efforts’).

Tested on the data comprising idioms belonging to the
third class, a rule-based classification algorithm presented by
the authors achieved Fl-score of 80%. The model sometimes
failed to distinguish true senses of ambiguous expressions,
whose interpretations depended on a larger context.

In [38], Hashimoto & Kawahara present the results yielded

by the improved version of the algorithm described above. In
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this trial, the authors utilize a large corpus of sentences col-
lected from the Internet. They gather 146 ambiguous idioms
(e.g. the above-mentioned hone o oru ‘to struggle; to make
effort’, lit. ‘to break a bone’ or goma o suru ‘to flatter’, lit.
‘to crash sesame’). The authors take advantage of both com-
mon Word Sense Disambiguation features (e.g. hypernyms of
the context words, etc.) and idiom-specific features (those re-
lated to morphological constraints). The proposed algorithm
achieved accuracy scores of 89.25% and 88.86%, depending on

the features used.

The methods presented in this subsection aimed at iden-
tifying similes, metaphors with specific syntax, and idioms,
respectively. None of them was designed to search for all
types of figurative language. This motivated the approach I
introduce in Chapter 3.

2.3.2 English as the Target Language

First approaches to automatic metaphor identification in En-
glish date back to the early 1990s [25]. A review of historically
important works in the field can be found in [92, pp. 76-82].
As shown in the related survey [88], over the last few years
much popularity was gained by metaphor detection using deep
learning. To some degree, this growth in interest can be
attributed to the emergence of language models like BERT
(Bidirectional Encoder Representations from Transformers)

[21] achieving state-of-the-art performance irrespective of the
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NLP task they are being used for. This tendency can be
noticed by looking at the list of models participating in the
second Metaphor Detection Shared Task [60], where almost
all of them use the implementations of ELMo (Embeddings
from Language Model) [83], BERT, or some of its derivatives,
such as RoBERTa (Robustly Optimized BERT Pretraining
Approach) [62] or ALBERT (A Lite BERT) [58].
Presumably, this constatation led Neidlein et al. to pub-
lish their analysis [73] of recent metaphor recognition systems
based on the language models. The authors argue that al-
though the new models yield very satisfactory results, their
design often shows considerable gaps from a linguistic per-
spective, indicated by the fact that they perform substan-
tially worse on unconventional metaphors than on conven-
tional ones. Subsequently, they present another finding that
should be of great value to the whole community. First, the
reader should know that VUAMC (Vrjie Universiteit Amster-
dam Metaphor Corpus) [100] is the corpus underlying the two
most frequently used datasets in metaphor detection research,
specifically VUA-ALL-POS (All Parts of Speech) and VUA-
SEQ (Sequential). Neidlein et al. reveal in their paper [73]
that in recent research, some authors compare their results
achieved using VUA-SEQ to the results gained on VUA-ALL-
POS. As they point out, the underlying corpus remains the
same, but the VUA-SEQ is substantially easier to do well on
than VUA-ALL-POS, and thus such comparisons are inher-

ently unfair. Later in the paper, the authors present results
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for both VUA-SEQ and VUA-ALL-POS using a number of
models published by other researchers and their own model
as well. Implementation of their method achieves an F1-score
of 77.5% on VUA-SEQ and only 69.7% on VUA-ALL-POS,
which indeed proves that conflating these two cannot be con-
sidered a good practice.

DeepMet [104] is the winner of the second Metaphor De-
tection Shared Task mentioned before. It managed to out-
perform all the other models on any given data subset, often
by a large margin. DeepMet uses RoBERTa as its structural
foundation, and siamese architecture with two Transformer
[107] encoder layers to process different features. The au-
thors reformulate a metaphor detection task from a classifi-
cation or sequence labeling problem to a reading comprehen-
sion task. DeepMet utilizes five categories of input features:
global text context, local text context, query word, general
POS (parts of speech), and fine-grained POS generated using
SpaCy®. The overall performance is boosted by using ensem-
ble learning and metaphor preference parameter a, helping
the model to achieve a better recall score. This parameter
is introduced due to the fact that the metaphor datasets are
highly unbalanced, meaning they comprise many more target
words belonging to the non-metaphorical class.

Similar to my approach, in the work of Wan et al. [109],

8https://spacy.io/; last accessed on 1 March 2022.
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dictionary definitions are also used to improve the perfor-
mance of the proposed BERT-based model. It is notewor-
thy that the authors perform not only metaphor detection
but metaphor interpretation as well. In order to do so, they
utilize every definition of the given word that is available in
the Merriam Webster dictionary”. Using attention, they try
to select the one that is semantically closest to the target
word’s contextual meaning. Afterwards, they concatenate all
of the definitions’ representations with the contextualized rep-
resentation of the target word. Authors test their method on
3 datasets: VUA-SEQ, TroFi (Trope Finder) [8], and PSU
CMC (PSU Chinese Metaphor Corpus) [64]. They use BERT
for the experiments on TroFi and VUA-SEQ), and the Chinese
BERT for PSU CMC.

Although both my and Wan et al’s models use lexical in-
formation as one of the input features, there are several dis-
similarities that make our approaches fundamentally differ-
ent. First, while I collect all of the definitions in a simple
and completely automatic manner, Wan et al. recruit a num-
ber of annotators to improve a part of their datasets. Even
though both myself and the authors use dictionaries as the
source of the word descriptions, the reason I do it and the
goals I am trying to achieve are very different. While I am
trying to extract the target word’s meaning in its most ba-

sic literal sense regardless of the surrounding context, Wan et

dnttps://www.merriam-webster.com/dictionary/; last accessed on 1 March
2022.
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al. search specifically for the definition semantically closest
to the contextual meaning. Another dissimilarity lays in the
choice of the dictionary. While Wan et al. choose Merriam-
Webster, I am using the openly available Wiktionary!?, which
also grants me with a larger number of definitions to utilize.
As of November 2021, Wikitionary included 809,475 gloss def-
initions and 1,300,634 definitions in total just for English!!.

I could not find the precise information on how many def-
initions there are in the version of Merriam-Webster used by
Wan et al., but the explanation found on the dictionary’s
website could hint at being somewhere over 275,000

The work that has become the main inspiration for my
project is that from Choi et al. [16]. The authors present
MelBERT (Metaphor-aware late interaction over BERT), the
model for metaphor detection using RoBERTa as its archi-
tectural foundation. MelBERT’s design allows for using the
principles of MIP (Metaphor Identification Procedure) simul-
taneously with the concept of SPV (Selectional Preference
Violation), both of which I describe in detail in Section 4.2.
MIP was proposed by the Pragglejaz Group [36] and provides
the reader with instructions on how to establish whether a

word is being used figuratively or not in a given context.

Ohttps://en.wiktionary.org/wiki/; last accessed on 1 March 2022.

HThe latter includes the number of definitions for inflections, variants, and al-
ternative spellings as well, c¢f. https://en.wiktionary.org/wiki/Wiktionary:
Statistics; accessed on 21 December 2021.

12This is the approximate number of word choices available in Merriam-Webster’s
Collegiate Thesaurus API; Merriam-Webster’s Collegiate Dictionary API features more
than 225,000 definitions, cf. https://dictionaryapi.com/products/index; last ac-
cessed on 1 March 2022.
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The concept of Selectional Preference Violation in relation
to metaphor was brought to the attention of computational
linguistics by Wilks [26] and it can be said to focus on the de-
gree of semantic compatibility between senses of given lexical
units. Utilizing both strategies together, while using addi-
tional features such as POS tags, as well as local and global
context, Choi et al. conduct a set of experiments on mul-
tiple datasets recognized in the field of metaphor detection:
MOH-X (Mohammad et al. [2016] dataset) [72], TroFi, and
two datasets based on VUAMC (for details on the datasets
cf. Section 4.4). Subsequently, their results are compared to
those achieved by some of the strongest benchmarks, including
Su et al’s DeepMet [104], which was briefly introduced above.
While MelBERT is not the first model following the guide-
lines of MIP or SPV in metaphor detection, I found the fact
of complementing linguistic theory with the power of recently
published bidirectional'® language models appealing and de-
cided to further build on Mel BERT’s authors’ ideas. This sort
of holistic approach seems to also address the issue of having
too much focus on technical innovations while disregarding
related linguistic theories by the authors of recent models de-
signed for metaphor identification, as signalized by Neidlein

et al. [73]

130r non-directional, as this would arguably be a more appropriate description, cf.
[15].
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Chapter 3

Metaphor Detection

Experiments in Japanese

In this chapter I present the results of two classification ex-
periments conducted using Japanese as the target language.

While in both experiments I use the same datasets, in each
of them I extract different kinds of input features. In the
first experiment, I take advantage of the seed words whose
choice was inspired by the cognitive-linguistic perspective on
metaphor. In the second one, I use the bag-of-words technique
to represent the input. In both experimental trials I compare
the performance of a number of standard machine-learning-
based classification algorithms available via scikit-learn frame-
work [82].

Unlike in the trials conducted on English data (see Chapter
4), in the experiments presented in this chapter I use a whole
sentence — not a single token — as the unit for classification.
This decision is motivated by the fact that setting a border
between parts of sentence used literally and non-literally is
often unfeasible. There are cases where such demarcation line

is unambiguous, as in:
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— The land belongs to the crown,

where only crown appears to be used in a non-literal sense. It
is a conventional and readily recognizable example of metonymy.
However, similar lack of ambiguity is not always the case,

which can be portrayed with the following sentences:

— Light is but the shadow of God. [9, p. 274]

— His theory has thousands of little rooms and long, winding

corridors. [56, p. 53]

— Bo hakushi no tateru riron wa doremo genkanguchi ga kazari-
taterarete ite, haitte iku no ni jikan ga kakaru. [113, p. 57|
‘The entrance gates to all of the Doctor X’s theories are full

of decorations and it takes time to get inside.!

I argue that, in similar sentences, trying to single out all of
the individual words used figuratively would be extremely dif-
ficult, even for the human annotator. It follows that an at-
tempt to force the algorithm to carry out such an operation

would be counter-intuitive.

3.1 Task Description

In the two classification experiments described in this chapter,
the task was to automatically identify sentences comprising
figurative expressions (see also pp. 19-20 in Section 1.4), using
different machine learning algorithms. In both experiments,
vector representations of 82 test sentences were passed to the

classifiers, whose objective was to correctly predict the label

IEnglish translation by myself.
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(non-literal or literal) of a given input vector. Two kinds of
input features used in the experiments are described further

in Sections 3.4.1 and 3.5.1.

3.2 Datasets

Training data prepared for the classification experiments com-
prised 25,947 sentences used figuratively and the correspond-
ing number of sentences with supposedly literal senses. Sup-
posedly, because — while no genre is completely free of figu-
rative language — the sentences excerpted from encyclopedic
descriptions, news articles, and transcripts of formal discus-
sions seemed likely to be used in literal senses.

The first group was obtained from the digitalized dictio-
nary of figurative expressions edited by Onai [76]. The second
was collected using three different sources: Japanese Wikipedia
dump [46], articles from Livedoor News [63] and local par-
liamentary minutes [45]. As for the dictionary of figurative
expressions, my laboratory was provided with its abridged
electronic version not available on the market, originally com-
prising 25,979 items.

Testing data was initially composed of a modest number
of 50 sentences randomly taken from the texts of Japanese
novels openly available at Aozora Bunko digital library [2].
In the process of annotation described in greater detail in
the following section, 41 sentences were labeled as literal and

only 9 as non-literal. In order to make these numbers equal,
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another 32 sentences with figurative senses were transferred
from the training set to the evaluation set.

Eventually, 51,894 sentences (25,947 figurative and 25,947
literal) were utilized for training and 82 sentences (41 figura-

tive and 41 literal) for testing.

3.3 Annotation

Three Japanese native speakers were asked to annotate 50
sentences obtained randomly from Aozora Bunko digital li-
brary [2]. They were instructed to decide whether a sentence
includes any figurative expression, regardless of its type. In-
struction was prepared in Japanese, and it can be translated

into English as follows:

Read the following sets of three sentences one by one. Try to
decide whether any figurative expression (metaphor, simile, etc.)
is used in the middle (the second) sentence and choose the correct
answer from the parenthesis. If you think that there is a figurative

expression in use, indicate this word or phrase using an underline.

As shown by Dobrzyniska [23], the evaluation of whether
certain expression is used figuratively or literally is often context-
dependent. I have therefore provided the annotators with the
adjacent sentences as well (the previous and the next to the
target one). Employing an odd number of annotators pre-
vented the anticipated agreement-related problems: sentences
were labeled according to the majority’s decision.

Here, I briefly explain some of the difficulties accompanying

the annotation process. The expression doko made mo (lit.
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‘anywhere’, ‘wherever’) from the sentence: kenkyu wa doko
made mo kenkyu de aru ‘a research is a research, from A to
7’ has been labeled as literal by all three annotators. To my
understanding, this expression can be viewed as based on the
underlying spatial metaphor.

Another expression, in my opinion, mistakenly labeled as
used in a literal sense is the following: jikaku ga tsuyoku natta
‘lone] became more aware’ (lit. ‘awareness became strong’).
This is an example of personification, since awareness is not
a living entity and therefore cannot become strong in a literal
sense.

Similarly, the sentence Haisha wa (...) yagate shiorete
suwarimashita ‘ After a while, the stomatologist became down-
cast and took a sit’ (lit. ‘After a while, the stomatologist
withered and sat’), while apparently including a metaphori-
cal expression (for people do not wither as plants), was labeled
as literal by one of the annotators.

In another sentence, although figurative use of language
is highlighted by the presence of a simile marker yona, the
expression mune o utareru yona kokei ‘a touching scene’ (lit.
‘sight as if chest was hit [by something]’) was classified as
literal by one of the annotators.

Longer sentences sometimes included multiple linguistic
units used figuratively. In the following example, several ex-
pressions conveying non-literal senses can be found: Hitode

wo karizu, fufu dake de mise o kirimawashita node, yoru no
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no mawaru hodo isogashiku, shoben ni tatsu hima mo nakatta
‘Because me and my wife were running the store (lit. ‘cutting
the store around’) without anyone’s help (lit. ‘not borrow-
ing a hand’), at the rush hour from 10 o’clock to around 12
o’clock in the evening it was so busy, that my head was spin-
ning (lit. ‘busy to the extent eyes were spinning’) and I didn’t

even have time to take a leak’.

3.4 Experiment 1

3.4.1 Features

It appears as hardly possible to coin the definition of figurative
language, that would be free of contradictions and sufficient
enough to cover all of its possible manifestations. It seems
then reasonable to search for the non-literal use of language,
enumerating at least some of the features conceivable as non-
trivial in its identification. Inspired mostly by the research
on metaphor within the field of cognitive science, I propose
seven groups of seed words, whose presence in the sentence
may hint at its non-literal usage.

First category comprises the words denoting body parts
(BP), as they are frequently encountered in figurative expres-
sions [65]. In the experiment, I use 57 of such words. Their
sample can be viewed in Appendix 1 provided at the end of
this dissertation.

Due to their specific syntax, similes (SI) are relatively easy

to identify in text. As they belong to the broad category of
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figurative language, I decided to treat the words indicating
presence of similes as another input feature. Their list consists
of 24 elements; see Appendix 2 for a sample.

Orientational metaphors GOOD IS UP and BAD IS DOWN
are among the most well-known conceptual metaphors discov-
ered. Expressing moral judgements, we often speak in terms
primarily denoting directions and positions in space [115]. I
use the words indicating spatial positions (PI) as another fea-
ture for the model. Their list comprises 17 elements; see Ap-
pendix 3 for a sample.

Abstract concepts are often described metaphorically with
the words related to sensory impressions [69]. For this reason,
[ use the names of colors (CO) as the next feature. I supply
the list of the traditional Japanese colors with a small number
of modern words belonging to the xeno-Japanese sublexicon
gairaigo (pinku ‘pink’, orenji iro ‘orange’ and gure ‘gray’). In
this group I have gathered 242 elements, whose sample can
be found in Appendix 4.

It is well known that metaphor is often employed as a
means to describe feelings [24, 78]. Conceptual metaphors
such as LOVE IS A JOURNEY and ANGER IS A HOT FLUID IN
A CONTAINER can serve as the examples. I have constructed
a list of 266 words related to emotions (EM). Their sample
can be seen in Appendix 5.

I have also prepared a list of 130 most frequent words found
in the dictionary of figurative expressions [76]. I name them

frequently poetical (FP) and use as another feature. Their
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sample can be viewed in Appendix 6.

As Uchiyama & Ishizaki [106] point out, it is often the
case that the Japanese compound verbs of shape V1-V2 (e.g.
yomi-naosu ‘reread’; kaki-ageru ‘finish writing/drawing’, etc.)
are used metaphorically. I have constructed a list of verbs
belonging to the lexical subsystem wago and use them as the
last feature (WV). The list consists of 1,044 elements; see

Appendix 7 for a sample?.

Each of the 51,976 (51,894 + 82) sentences available in
the datasets is transformed into an array composed of seven
elements corresponding to the seven categories of features in-
troduced above. The algorithm checks, whether any member
of the given feature group is present in the given input string.
If at least one of the seed words belonging to a specific list is
found, the value of 1 is assigned to the respective place in the
input feature vector. If no such word is found, the value of 0
is assigned.

As mentioned, seven types of features (body parts, simile
indicators, spatial positions, colors, emotions, frequently po-
etical & wago verbs) have been adopted as possible cues for
figurative use of language. In order to compare the effec-
tiveness of every arrangeable combination of the features, the
program is run 127 times.

As there are only two types of labels, the algorithm’s ob-

jective is to output a value of 1 for the input representing

2The complete versions of the appendices are available at: http://arakilab.
media.eng.hokudai.ac.jp/MetaAppendix.zip; last updated on 1 March 2022.
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non-literal sentence, and a value of 0 otherwise. A given pre-
diction is counted as correct if the predicted value matches
the one determined by the annotators.

The experiment is conducted in Python, using scikit-learn
framework [82]. The performance of the following classifica-
tion algorithms is measured and compared: Random Forest,
Naive Bayes, Logistic Regression, K-Nearest Neighbors, Lin-
ear Discriminant Analysis and Support Vector Machines. The
values of the hyperparameters are set to default with the ex-

ception for SVM’s kernel type (sigmoid kernel is selected).

3.4.2 Results

Figures below (3.1, 3.2, 3.3, 3.4, 3.5, 3.6) allow for the com-
parison of the results (expressed in F1-score) achieved by each
of the selected classification algorithms using different subsets

of features.
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FIGURE 3.1: Results (Fl-score) for a single feature
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Figure 3.1 shows that — when compared in isolation —
out of all the feature groups, it is the position indicators (PI),
which allows five of the six tested classifiers to achieve the
highest Fl-score (70,9%). Using the seed words belonging to
the categories of emotions (EM) and frequently poetical (FP),
K-Nearest Neighbors outperforms other algorithms, reaching
level of 66,7%. In this setup, other algorithms receive scores

of 29,1% and 43,9% for EM and FP, respectively.
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FIGURE 3.2: Results (Fl-score) for two features

The trials conducted using different subsets of two features
(cf. Figure 3.2) confirm that KNN often predicts differently
than other algorithms and works visibly better in certain se-
tups (WV & PI, PI & FP, BP & SI, EM & PI, EM & WV).
However, the highest Fl-score of 70.9% is yielded by SVM
using two combinations of features (EM & PI and CO & PI).
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FIGURE 3.4: Results (Fl-score) for four features
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FIGURE 3.5: Results (Fl-score) for five features

Figures 3.4 & 3.5 once again demonstrate that KNN tends
to make different decisions than most classifiers, which allows
it to achieve better scores. Trials with the subsets of four and
five features show that, in such settings, Naive Bayes is often
superior to other algorithms.

The results of trials using six features (Figure 3.6) show
some decrease in scores of KNN and Naive Bayes. Using the
subsets of six features makes the margin separating the score
achieved by different algorithms less significant.

Figure 3.7 presents the results of the trials with all of the
seven kind of features utilized. In this setting, Support Vec-
tor Machines achieves the best Fl-score (64,4%). The scores
yielded by generally well-performing KNN become the lowest

relatively to other algorithms.
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FIGURE 3.6: Results (Fl-score) for six features
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FIGURE 3.7: Results (Fl-score) for all seven features
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3.4.3 Considerations

Some adjustments in the current shape of the proposed fea-
tures seem desirable.

For example, more rigorous approach to wago verbs (WV)
may be relevant. Specifically, selecting a smaller number of
seed words statistically more likely to occur within metaphor-
ical expressions may improve the final results.

Distinguishing between literal comparisons and similes could
elevate the algorithm’s performance when using the simile in-
dicators (SI) feature. Whether the compared elements are in
hyponymy relation — which may suggest a literal meaning of
the expression — can be established by using knowledge bases
like WordNet [28].

As the concepts of animals are frequently employed by fig-
urative expressions [79, 96] (e.g. the proverb ken’en no naka
‘like cat and dog’, lit. ‘dog-and-monkey relationship’), it may
be beneficial to use the words denoting members of this se-
mantic field as another category of features.

Error analysis has shown that the sentences comprising
spatial position indicators (PI) tended to be predicted as lit-
eral. It might be due to the type of pattern matching adopted
for this experiment. The ideograms primarily denoting direc-
tions and spatial loci can be found in many compound words,
including those usually not recognized as figurative. For ex-
ample, the ideogram 1, read as chu, ju or naka, and used

primarily in the sense of ‘middle; center; medium’, appears in
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the compound words: Chugoku ‘China’, chuko ‘used’, senaka
‘back of the body’, which — even if historically motivated by
metaphors — nowadays are not seen as figurative units.
This kind of generous approach was taken in order to al-
low for detecting conceptual metaphors underlying a single
word’s structure. For example, gehin ‘vulgar; indecent’ and
buka ‘a subordinate; a henchman’ comprise the ideogram
(here read as ge and ka, respectively) whose primary sense
‘down; bottom; below’ indicates that the words in question
are motivated by the conceptual metaphor BAD IS DOWN.
The already mentioned H' chi can be suffixed to other words
(e.g. denwa ‘telephone’; kaigi ‘meeting’, shigoto ‘work’), con-
veying a metaphorically motivated sense ‘to be in the middle

[of some activity].

3.5 Experiment 2

3.5.1 Features

In the second experiment, the word-count vectors of 32,231
dimensions are constructed for each of 51,976 input sentences
(51,894 and 82 items from training and testing sets, respec-
tively). The number of dimensions is equal to the number
of unique words available in the training set after removing
simile indicators and stopwords listed in Table 3.1. Incorpo-
rating to the dictionary even the least frequent members of

the vocabulary available in the training set is motivated by the
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TABLE 3.1: Simile indicators and stopwords removed
during preprocessing.

Simile Indicators Stopwords
suru, itasu, iru, oru, arw, nNari,
Yo, yona, yoni, yoda, kore, sore, are, kono, sono, ano,
fu, funa, funi, fuda, kara, wakeda, koto, mono, nado,
mitai, mitaina, mitaini, mitaida, | nani, keredomo, demo, watashi,
gotoki, gotoku, gotoshi, marude, da, noda, nda, nado, tai, dai,
ppot, kurai, gurai, hodo, na, ni, nu, ne, no, tsu, to, ya,
sazo, samo, sanagara, ga, wa, o, go, de, mo, ka, yo,
ikanimo, atakamo sa, Tu, €, reru, rareru, Seru,
masu, desu, gozaimasu

assumption that figurative use of language may be indicated
by the occurrence of a rare word within the input sentence.

As a preliminary step towards conducting the experiment,
all sentences from both training and testing sets are parsed
with JUMAN [47]. As this format is not used for encod-
ing standardized Japanese text, all ASCII characters are dis-
carded. Punctuation marks are removed as well.

Most of the sentences available in the dictionary of figura-
tive expressions [76] include similes. Specifically, at least one
of the simile indicators listed in Table 3.1 appears in 24,641
of 25,947 metaphorical sentences comprised by the training
set. In contrast, this is the case in only 1,616 sentences la-
beled as literal. To prevent inducing a prediction bias, all of
the words listed as simile indicators in 3.1 were removed from
both non-literal and literal sentences used for training.

Three standard classification algorithms, namely Naive Bayes
(multinomial), Support Vector Machines (Linear SVC), and

Random Forest Classifier are used via scikit-learn library [82]
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for Python. The type of SVM'’s optimization problem is set to
primal and its maximum number of iterations is set to 2,000;

all other hyperparameters are used with their default values.

3.5.2 Results

Accuracy [ Precision [ Recall Wl F1

100

SVM Naive Bayes Random Forest

Fi1cURE 3.8: Bag-of-Words: Classification Results

As can be seen in Fig. 3.8%, SVM achieves the most bal-
anced scores with precision of 69.8%, recall of 73.2%, and
Fl-score of 71.4%. Overall the worst results are yielded by
Random Forest. Although, in terms of precision, it outper-
forms the other two algorithms with the score of 72.4%, oth-
erwise it falls behind with recall of 51.2%, and Fl-score of

3The results presented in this section are different from the original ones shown in the
paper released in 2019 [3]. At the time of the paper’s publication, in the original code,
negative and positive labels were reversed (i.e. metaphorical sentences were labeled
with zeros and literal sentences with ones), which has been fixed. I have also applied
minor changes to the lists of stopwords and simile indicators, which are displayed in
Table 3.1, and modified the pattern matching method. The currently presented results
are based on the code including said modifications.
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60.0%. Naive Bayes performs overall better with precision of

69.4%, recall of 61.0%, and F1-score of 64.9%.

3.5.3 Considerations

The results presented above suggest that even relatively sim-
ple method based on the bag-of-words model can be useful
in figurative language detection. The Fl-score (71.4%) of
the best-performing Support Vector Machines not only ex-
ceeds the highest of the corresponding values yielded in the
first experiment (70.9%), but the achieved results are overall
much more balanced as well. Specifically, the highest F1-score
yielded in the first experiment was derived from precision of
56.5% and recall of 95.1% (accuracy was 61%). In the current
trial, all of the scores yielded by SVM reach similar values
close to 70%, which shows greater stability displayed by the
algorithm.

As stated, the results show that even rather uncomplicated
term-frequency-based method can grant a certain level of util-
ity in the analyzed task. Nonetheless — being order-agnostic
and context-unaware — this method displays some undeniable
technical limitations as well. As already mentioned in Section
3.3, the evaluation of certain expression’s metaphoricity can
largely depend on its context (for example, consider the pos-
sible interpretations of all men are animals). To improve the
performance, it may be appropriate to adopt a method allow-

ing for utilizing the information provided by the context.
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There was a number of obstacles I have encountered in my
approaches to automatic metaphor identification in Japanese
described in this chapter.

One of them was a side-effect of collecting the training data
in an unsupervised manner. Specifically, obtaining a large
number of sentences entirely and unarguably literal proved
unfeasible. The analysis of the automatically retrieved train-
ing data showed that even encyclopedic descriptions are not
free from figurative language.

Another major issue is related to the annotation performed
on the testing data. As mentioned in Section 3.3, the an-
notators were not recognizing the figurative nature of cer-
tain expressions, especially conventional metaphors highly fre-
quent in everyday language. Similar problem was encoun-
tered in one of my earliest approaches to metaphor processing
in Japanese [6]. It exposed a high level of disagreement be-
tween the two employed annotators, where 40% of times their
evaluation was different (x coefficient = 0.297). Among the
expressions labeled by one of them as literal were the follow-
ing: jijo to musubitsuita ‘circumstances-related’ (lit. ‘tied to
circumstances’); ki o momanakute wa naranai ‘cannot help
but to worry’ (lit. ‘cannot help but to rub one’s ki [one’s
internal energy|’), and wwasa wa vwasa o umu ‘rumor feeds
upon rumor’ (lit. ‘rumor gives birth to rumor’). In order to
bypass the disagreement issue, in this approach I decided to
employ an odd number of annotators and follow the major-

ity’s decision. This, however, did not prevent the expressions
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like jikaku ga tsuyoku natta ‘[one] became more aware’ (lit.
‘awareness became strong’) from receiving non-metaphorical
labels.

Perhaps the instructions the annotators were provided with
were not detailed enough. In consequence, there might have
been too much space left for the intuition-based interpreta-

tion. In [13], Caballero & Antuniano argue that:

metaphoricity may be seen as a matter of degree: not all metaphor-
ical language is regarded as such by all people, underlining the role
of context and social convention in metaphor awareness and iden-

tification.

While this is true, a comprehensive set of annotation guide-
lines should allow for a more reliable output. This has been
proven by the success of Metaphor Identification Procedure
(MIP) [36], whose detailed description is provided in Sec-
tion 4.2.1. Following the rules of its upgraded version —
MIPVU [100] — Steen et al. compiled a large-scale VUA
Metaphor Corpus (VUAMC)?*, which has become the most
popular source of labeled data used for token-level metaphor
identification in English.

Although — having modified them to address a number of
cross-linguistic distinctions — it seems possible to utilize the

guidelines provided by MIP in annotating Japanese datasets

4Details on the corpus annotation can be found at: http://www.vismet.org/
metcor/documentation/annotation_procedure.html; last accessed on 1 March
2022.
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as well, such an endeavor would largely exceed the scope of
the current research®.

To the best of my knowledge, in the field of Japanese NLP
there is no commonly chosen dataset designed for metaphor
identification that would allow for an objective comparison of
different proposed methods in terms of their performance®. In
contrast, already two editions of Metaphor Detection Shared
Task utilizing mentioned VUAMC have been organized [61,
60].

In the following chapter I describe the details of my re-
cently presented method for token-level metaphor identifica-
tion in English. I use a number of openly available datasets,
whose major part comes from VUAMC. This allows me to
compare the performance of my newest model with several

state-of-the-art methods proposed by other researchers.

% According to the information found in [100, p. 7], “the set of instructions was
developed and tested over five years”.

6From this perspective, the recently published Corpus of Japanese Figurative Lan-
guage [50] seems to have the potential to become such a resource.
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Chapter 4

Metaphor Detection

Experiments in English

Recent years have brought an unprecedented and rapid de-
velopment in the field of natural language processing. To
a large degree this is due to the emergence of modern lan-
guage models like BERT (Bidirectional Encoder Representa-
tions from Transformers) [21], XLNet [114], and GPT-3 (Gen-
erative Pre-trained Transformer 3) [12], which are pre-trained
on a large amount of unlabeled data. These powerful mod-
els can be further used in the tasks that have traditionally
been suffering from a lack of material that could be used
for training. Metaphor identification task, which is aimed
at automatic recognition of figurative language, is one of such
tasks. The metaphorical use of words can be detected by
comparing their contextual and basic meanings. In this chap-
ter, I deliver the evidence that fully automatically collected
dictionary definitions can be used as the optimal medium
for retrieving the non-figurative word senses, which conse-

quently may help improve the performance of the algorithms
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used in metaphor detection task. As the source of the lexi-
cal information, I use the openly available Wiktionary'. My
method can be applied without changes to any other dataset
designed for token-level metaphor detection in English, given
it is binary labeled. In the set of experiments, my proposed
method — Mlss RoBERTa WiLDe (Metaphor Identification
Using Masked Language Model with Wiktionary Lexical Defi-
nitions) — outperforms or performs similarly well as the com-
peting models on several datasets commonly chosen in the

research on metaphor processing.

4.1 Task Description

A word-level metaphor detection task can be defined as a su-
pervised binary classification problem, where a computational
model predicts if the target word comprised by the input sen-
tence is used metaphorically or not. The model is trained on
datasets where each sample is composed of a number of fea-
tures X and label y. Input features include the target-word,
the sentence, and — in this method’s case — the definition
of the target word. The label is determined by the human
annotator and takes values of either 0 or 1 (non-metaphor
or metaphor, respectively). The model’s goal is to learn the
correlations between features and labels in the training set in

order to correctly predict whether the given target word is

'https://en.wiktionary.org/wiki/; last accessed on 1 March 2022.
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used metaphorically or not in the unseen input sentence from

the testing set.

4.2 Metaphor Detection Procedures

In this section I present an overview of the two linguistic pro-
cedures for metaphor identification, which provide theoreti-
cal justification for the algorithmic architecture I adopt in my
models as described in Section 4.3. Both of them have been
successfully used in metaphor detection tasks over the years,

becoming a popular choice among researchers in the field (cf.

25, 67, 93, 75, 112, 37, 30, 66, 16]).

4.2.1 MIP

MIP (Metaphor Identification Procedure) was introduced by
Pragglejaz Group [36] and was designed as a method for iden-
tifying words used figuratively in discourse. As pointed out by
the authors, the primary difficulty with metaphor detection
is that researchers often differ in their opinions on whether
a given word is used figuratively or not because of a lack of
objective and universal criteria that could be applied to the
task. Before MIP was proposed in 2007, the need for under-
taking this problem had been signalized by other authors as
well. For example, Heywood et al. [43, p. 36] suggested that:

The fuzzy boundary between literal and metaphorical language
can only be properly tackled by being maximally explicit as to the

criteria for classifying individual expressions in one way or another.
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Similarly, in their work dedicated to the analysis of metaphor
in a specialized corpus, Semino et al. [91, p. 1272] admitted
that:

It seems to us that we still lack explicit and rigorous procedures
for its identification and analysis, especially when one looks at au-
thentic conversational data rather than decontextualized sentences

or made-up examples.

Such concerns have become a motivation for creating a
few-step procedure for metaphor identification that would be
precise enough not to allow for much idiosyncrasy in the re-
lated decision making. In MIP, these steps include reading
the whole text to understand its meaning, establishing the
contextual meaning of each lexical unit in the text, determin-
ing whether a given lexical unit has a more basic sense in
other contexts, and, finally, deciding if the contextual mean-
ing contrasts with the basic meaning and can be understood
by comparison with it. Since the explanation regarding the
way of determining a word’s basic meaning is of great impor-
tance to the current task, and paraphrasing inevitably leads
to some information loss, I allow myself to directly cite the

authors on this issue [36, p. 4]:

For each lexical unit, determine if it has a more basic contemporary
meaning in other contexts than the one in the given context. For

our purposes, basic meanings tend to be:

— More concrete; what they evoke is easier to imagine, see, hear,

feel, smell, and taste.
— Related to bodily action.

— More precise (as opposed to vague).
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— Historically older.

Basic meanings are not necessarily the most frequent meanings of

the lexical unit.

Although this list might seem self-explanatory at first sight,
in reality, establishing whether given meaning is basic often
comes as no easy task. For example, there are cases in which
a polysemous word has multiple senses from which one is his-
torically older and the other is more concrete. In such a case,
it is not clear which of the meanings should be considered the
basic one. Consider the example sentence provided by the

authors [36, p. 4] (emphasis added):

For years, Sonia Gandhi has struggled to convince Indians that
she is fit to wear the mantle of the political dynasty into which she

married, let alone to become premier.

Here fit appears to be this kind of a word. As the authors

write in their explication [36, p. §]:

The adjective fit has a different meaning to do with being healthy
and physically strong, as in Running around after the children keeps
me fit. We note that the “suitability” meaning is historically older
than the “healthy”meaning; the Shorter Oxford English Dictionary
on Historical Principles (SOEDHP) gives the “suitability” meaning
as from medieval English and used in Shakespeare, whereas the
earliest record of the sport meaning is 1869. However, we decided
that the “healthy” meaning can be considered as more basic (using
the description of “basic” set out earlier) because it refers to what

is directly physically experienced.
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This description suggests that establishing the basic meaning
of a word, and thus deciding whether it is being used figura-
tively or not, still involves a certain amount of subjectivity.
This problem is addressed by Steen et al. in [99, p. 771], where
the authors suggest that the term metaphor should be in fact
thought of as short for “metaphorical to some language user”

as opposed to absolutely metaphorical.

4.2.2 SPV

Utilizing the concept of SPV (Selectional Preference Viola-
tion) as a tool in automatic metaphor recognition has been
postulated most notably by Wilks [26, 111, 112]. Wilks ar-
gued that metaphors could be detected in a procedural man-
ner by determining whether semantic preferences of linguistic
units present in the sentence are not violated. To cite the au-
thor, such preference violation “can be caused either by some
‘total” mismatch of word-senses (...) or by some metaphorical
relation” [26, p. 182]. Such metaphorical relation may be il-
lustrated with the famous Wilksian example: My car drinks
gasoline, where the verb drink can be said to exhibit pref-
erence for an animate agent and a patient belonging to the
semantic field of LIQUIDS. As it denotes an non-animate ob-
ject, the noun car breaks the verb’s selectional preference.
Shutova et al. contrast this example with: “My aunt always
drinks her tea on the terrace” [94, p. 310] in which selectional

preference violation does not occur.
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Metaphorical expressions breaking selectional preferences
can be easily found in every-day language. Consider the sen-
tence: “This new PlayStation is a beast”. Since PlayStation
is referring to a video game console, beast, defined as ‘any
animal other than a human’, violates the subject’s preference
for an object belonging to the semantic field of MACHINES,
which hints at the possibility of a metaphor being in use. In
my work, similar to Choi et al. [16], I employ a rather simpli-
fied interpretation of the SPV concept. Specifically, as it is
likely that it breaks some selectional preferences on the way,
whenever some unexpected, unusual word occurs in a given
context, I assume that it might be used figuratively. This
is often the case and can be proven by the example above;
if there was a rule that words can be used only in their lit-
eral senses, device, console, machine, or alike would be used
in place of beast. Some other examples portraying this rule
would be: “She took his life”, where backpack, wallet, sand-
wich, etc. would be expected in place of life; “I smell victory”,
where tomato soup, cigarettes, or gasoline would have prefer-
ence over victory; “They have been living in a bubble” where

house, mansion, etc. would be used in place of bubble.

4.3 Model Structure

In this section, I present the architecture of MIss RoBERTa
WiLDe, a model for Metaphor Identification using the RoOBERTa
language model. At its core, MIss WiLDe utilizes Mel BERT
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FIGURE 4.1: Model overview. Elements marked with col-

ors other than black and white signify introduced innova-

tions in relation to MelBERT [16]. Gradients stand for

partial novelty.

(Metaphor-aware late interaction over BERT) published re-
cently by Choi et al. [16] and therefore the architecture of
the two models is almost identical. For the model overview,
whose design was inspired by the aforementioned work, see
Figure 4.1. Conceptually, MIss WiLDe and MelBERT take
advantage of the same linguistic methods for metaphor de-
tection, namely SPV (Selectional Preference Violation) and
MIP (Metaphor Identification Procedure). While the imple-
mentation of the former in the proposed model remains mostly
unchanged, the latter is affected by a different kind of input,
which is the first novelty of my approach.

In order to determine whether the target word is used fig-

uratively in the given context, Choi et al. utilize its isolated
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counterpart as a part of the input. This is done for the same
purpose Mlss WiLDe takes advantage of the target word’s
definition (see Figure 4.2 and 4.3). Although using uncontex-
tualized embedding of the target word proved to yield satis-
factory results in the work of Choi et al., from a theoretical
perspective, this approach does not seem to be free of flaws.
Its main issue lies in the fact that during the pre-training
stage, the word embedding is constructed by looking at the
word’s usages in various contexts. In consequence, at least
some of these usages (even most of them, depending on the
word in question) are already metaphorically motivated. On
the other hand, using the target word’s lexical definition —
more specifically, using the first of the definitions listed in
the dictionary — should be able to bypass this problem. This
is because lexicographers tend to place the definition repre-
senting what is called the word’s basic meaning at the top of
the definitions list. Given the definition is indeed represent-
ing the word’s basic sense, its embedding representation can
be subsequently used to compare it with the contextualized
embedding of the target word. If the gap between them is big
enough, it can be estimated that the word is used figuratively.

Another motivation for using the definition rather than the
target word itself is that — considering RoBERTa was pre-
trained on a large amount of text data with a sentence as
its input unit — I anticipated that using sentences instead of
single words might lead to some performance gains.

The second novelty of my method lies in the way in which
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FIGURE 4.2: Input layer using RoBERTa. As single words
are often divided into multiple tokens, most of the times
the number of input words does not equal the number of
output tokens. Context information is used to determine

all the tokens that correspond to the tar

get word.
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FIGURE 4.3: Input layer using Sentence-BERT. In one of
the sub-models, MIss WiL.De takes advantage of Sentence-

BERT instead of RoBERTa.
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the embedding representation of the sentence is constructed.
In the work of Choi et al., sentence representation is calcu-
lated using the [CLS] special token. However, it has been
experimentally established by Reimers and Gurevych in their
work on Sentence-BERT [89] that this approach falls short
in comparison to using the mean value of tokens without the
[CLS] and [SEP] tokens. It was also further confirmed by the
results I achieved in a number of experimental trials with and
without the use of the aforementioned special tokens.

I present three variants of the MIss WiLLDe model, which I

am going to interchangeably call the sub-models. These are:

o MIlss WiLDe base. This is the core version of my model.
See Figure 4.1 for the model overview and Figure 4.2 for

its input layer using RoBERTA4;
e MlIss WiLDe cos. Both SPV and MIP are methods of

using semantic gaps to determine if a target word is used
metaphorically. Therefore, I also created a sub-model
using cosine similarity to explicitly handle semantic gaps.
This is shown by CS in Figure 4.1. Specifically, similarity
between the meaning of the sentence and the meaning
of the target word is calculated within the SPV block,
while similarity between the meaning of the target word’s
definition and the meaning of the target word itself is
calculated within MIP block. The input layer for this
sub-model is common with the base variant visualized in

Figure 4.2;



Chapter 4. Metaphor Detection Experiments in English 74

o Mlss WiLDe_sbert. Since the results published in [89]
suggest that using Sentence-BERT should result in ac-
quiring sentence embeddings of better quality than those
produced by both [CLS] tokens and averaged token vec-
tors, I have decided to confirm it experimentally. I have
therefore replaced RoBERTa with Sentence-BERT? as an
encoder in one of my three sub-models. The input layer

using Sentence-BERT is depicted in Figure 4.3.

The input to my model consists of the sentence comprising
the target word on one side, and the definition of this target
word on the other (depending on the part of speech and the
availability of the definition in Wiktionary, lemma can be used
instead of the definition; cf. Section 4.5 for the details). The
conversion of words into tokens is then performed using the
improved implementation of Byte-Pair Encoding (BPE), as
proposed by Radford et al. in [87] and used by Choi et al. in
[16] as well. This can be described as follows:

hd TOK(w1/w2/ e tw/ e /wmflzwm) == tl/ t2/ e ttZUI e /tpfll tp,

. TOK(dwl,dZU2, s ,dwn,l,dwn) = dtl,dtz, s ,dtqfl,dtq

where TOK stands for the tokenizer, w represents a single
word within the analyzed sentence, with tw being the target
word or, to put it differently, a metaphor candidate; m in the
subscript is the number of words in the input sentence. t rep-
resents an output token, while p is the number of the output

tokens. Depending on a given target word tw, t;, should be

2Specifically, SentenceTransformer(“roberta-base-nli-stsh-mean-tokens”) was uti-
lized.
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considered an abbreviation for tyy,, trw,, -+, thw, s trw,, Where
z stands for the number of tokens the target word was split
into. This can be observed in Figure 4.2 as well. In the for-
mulas presented in this section, I use the abbreviated forms
for simplicity®. In the second formula, dw stands for a compo-
nent word of the target word’s definition and dt for an output
token; n and g in the subscripts denote the number of words
in the definition and the number of related output tokens,
respectively.

Afterwards, tokens are transformed into embedding vectors
via the encoder layer. Input and output of the two encoders
can be illustrated with the following formulas:

hd ENC(tlltZ/ ot ttTUI e /tpfl/ tp) = t@l, teZI ot tetw/ e /tepfll tep7
. ENC(dtl,dtQ, cee ,dtqfl,dtq) = dtel,dt(fz, cee ,dteq,l,dteq

where ENC stands for the function producing contextualized
vector representation for a given input, t represents a single
token within the analyzed sentence, with tw in the subscript
denoting the target word. te is the vector embedding repre-
sentation that corresponds to the input token with the same
index, while tes, is the embedding representation of the tar-
get word’s tokens. Analogously, dt stands for a token coming
from the definition of the target word and dte for a vector
embedding of the said token. Additionally, p and g denote
the length of the sentence and the length of the target word’s

definition measured in the number of tokens, respectively.

3 A single input word is often transformed into multiple tokens: for more details on
Byte-Pair Encoding cf. https://huggingface.co/docs/transformers/tokenizer_
summary; last accessed on 1 March 2022.
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Subsequently, the mean value of the sentence’s token vec-
tors on one side and the mean value of the definition’s token
vectors on the other are computed within the pooling layer.
To the output of this layer, dropout is subsequently applied.
On both sides, an output vector is then concatenated with the
vector representation of the target word’s tokens having un-
dergone the same operations. In case of the cosine-similarity
sub-model, an additional third vector representing similarity
between the two respective vectors is also concatenated. In
order to calculate the gap between these vectors, a multilayer
perceptron is applied on the output of the concatenation func-
tion. The formulas for the hidden vectors obtained this way

in SPV and MIP layers are presented below.
o hvgp, = CID(;Zf:l te;, teww);

1
o hvy, = @(527:1 dtej, tety)

where @ represents concatenation; p and g denote length of
the sentence and length of the definition, respectively (mea-
sured in number of tokens); i is the index of the sentence’s
token such thati € Z, p—1 > 1 > 1; and j is the index of the
definition’s token such that j € Z, g —1 > j > 1. The hidden
vector hougy, represents a vector being the output of the SPV
layer while the hvmip is used to depict a hidden vector that is
the output of the MIP layer.

As mentioned, for the cosine-similarity sub-model, the sim-

ilarity vector becomes the third element concatenated in order
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to obtain the aforementioned hidden vectors. Similarity vec-

tors are obtained as follows:

1
I Zf:l te;-terw .
)
mux(H% Zf’zl te; Z-Htethz,s)
1y B
2 ijl dte] tesww

mux(H % Z;’Zl dte]-HZ- Htethz,€>

o similaritysy, =

o similarity,;, =

where similaritysy, stands for the cosine similarity value mea-
sured between the average sentence vector and the target word
vector; analogously similarity,,;, represents the cosine similar-
ity between the average definition vector and the target word
vector. The ||||, denotes the Euclidean norm, the - stands for
the dot product between the vectors, and ¢ is a parameter
of small value used to avoid division by zero®. The output
of the model is calculated by adding bias to the concatena-
tion function that takes in the two hidden vectors and applies
the log-softmax activation function onto the result. Finally,
the candidate with the higher probability score is chosen as
the predicted label. The process can be represented with the

following formula:

o Yr = IOg(U'(WT(D(hUspU/ hvmip) + b))’

o ) = argmax(yr)

where 7 is the label predicted by the model, such that 7 €
{0,1}. This prediction is the result of the argmax operation
applied on y., which in turn stands for the natural logarithm
of the value output by the softmax function denoted with

. Softmax outputs two values that are the probabilities for

3https://pytorch.org/docs/stable/generated/torch.nn.CosineSimilarity.
html; last accessed on 1 March 2022.
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each class (literal and metaphor) that range from 0 to 1 and
sum up to 1. WT denotes the weights matrix, ® stands for
concatenation, and b signifies bias.

I use the negative log-likelihood loss function, which in
combination with log-softmax activation, acts essentially the
same as cross-entropy combined with softmax, but has im-
proved numerical stability in PyTorch [70].

Visualization of the model is provided in Figure 4.1. Two
variants of its input layer can be compared as shown in Fig-
ure 4.2 and 4.3. The code allowing for training the three
sub-models and reproducing the results can be found at my

GitHub®.

4.4 Datasets

In this section, I present the datasets used in the experiments.
I wanted to confirm the validity of my hypothesis that utiliz-
ing lexical definitions of target words would improve the algo-
rithm’s performance and in order to do so I have adopted the
same datasets as in the work of Choi et al. [16]. The original
data is available at the authors’ drive, a link to which can be
found on their GitHub®. The downloadable repository con-
sists of MOH-X, TroFi, VUA-20 (variant of VUA-ALL-POS

4https://github.com/languagemedialaboratory/ms_wilde; last updated on 17
February 2022.

Shttps://drive.google.com/file/d/1738aqF0bjfc0g207knrELmUHulNhoqRz/
view?usp=sharing via https://github.com/jin530/MelBERT; last accessed on 1
March 2022.


https://github.com/languagemedialaboratory/ms_wilde
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known from Metaphor Detection Shared Task [61, 60]), VUA-
18 (variant of VUA-SEQ known from Gao et al. [30] and Mao
et al. [66]), VUA-VERB, eight subsets of VUA-18, four of
which are selected based on the POS tags of the target words
(nouns, verbs, adjectives, and adverbs), and another four on
the genre to which the sentence comprising target word be-
longs (academic, conversation, fiction, and news). Both Gen-
res and POS are used only for testing. The same datasets
enriched with the Wiktionary definitions can be downloaded
directly from my GitHubS.

MOH-X (Mohammad et al. [2016] dataset) [72] and TroFi
(Trope Finder) [8] are relatively small datasets annotated
only for verbs. MOH-X is built with the example sentences
taken from WordNet [28], and TroFi with the ones from the
Wall Street Journal [14]. For the sake of fair comparison with
Choi et al. [16], I use these two datasets only as the test
sets for the models trained beforehand on the VUA-20, in the
same way as performed by the authors of MelBERT. As they
note in the paper, this can be viewed as the zero-shot transfer
learning.

VUAMC (Vrjie Universiteit Amsterdam Metaphor Cor-
pus)’ [100, 98] is the biggest publicly available corpus an-
notated for token-level metaphor detection and it is seem-

ingly the most popular one in the field. It comprises text

Shttps://github.com/languagemedialaboratory/ms_wilde/tree/main/data;
last updated on 17 February 2022.

"http://www.vismet.org/metcor/documentation/home.html; last accessed on 1
March 2022.
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fragments sampled from the British National Corpus®. Sen-
tences it contains were labeled in accordance with MIPVU
(Metaphor Identification Procedure VU University Amster-
dam), the refined and adjusted version of the already de-
scribed MIP (Metaphor Identification Precedure). Both VUA-
ALL-POS (All Parts of Speech) and VUA-SEQ (Sequential)
are based on VUAMC, which has been used in the Metaphor
Detection Shared Task, first in 2018 and later in 2020 [61, 60)].

The repository prepared for the Metaphor Detection Shared
Task is provided on the organizer’s GitHub. Inside, one can

find the links allowing for downloading:

e VUAMC corpus in XML format;

o Starter kits for obtaining training and testing splits of

VUAMC corpus (vuamc__corpus_ train, vuamec_ corpus_ test);

o Listsofids (all__pos_tokens, all pos_tokens test, verb
tokens, verb_ tokens_test) specifying the tokens from
VUAMC to be used as targets for classification in the
two tracks of the Metaphor Detection Shared Task: All-
Part-Of-Speech and Verbs.

In the 12,122 sentences comprised by vuamc corpus train,
all of their component words are labeled for metaphoricity, ir-
respective of the part of speech they belong to. For example,

in the input sentence “The villagers seemed unimpressed , but

8http://www.natcorp.ox.ac.uk/; last accessed on 1 March 2022.
Shttps://github.com/EducationalTestingService/metaphor/tree/master/
VUA-shared-task; last accessed on 1 March 2022.
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were M__given no choice M__in the matter .”, there are alto-
gether 14 tokens, including punctuation marks. Two of the
tokens are labeled as metaphors (the verb given and the prepo-
sition in), and the remaining twelve as non-metaphors. This
is indicated by the prefix “M” attached to the metaphors.
In all pos tokens, only six out of these 14 tokens are cho-
sen as targets for classification. These tokens are: willagers,
seemed, unimpressed, given, choice, and matter. In this dis-
sertation, after Neidlein et al. [73], the name VUA-ALL-POS
refers to the dataset utilizing only the target words specified
by all pos_ tokens and all pos tokens test. The dataset
called VUA-20, which I adopt from Choi et al. [16] and which
I use in the experiments, comprises the same testing data, yet
it produces more training samples from vuamec_ corpus_ train
than specified by all _pos tokens. In the example sentence
above, VUA-20 uses all of the available tokens, excluding
punctuation, as targets for classification. VUA-20 takes ad-
vantage of both content words (belonging to verbs, nouns,
adjectives and adverbs) and function words (members of re-
maining parts of speech), while VUA-ALL-POS is said to
limit itself to the content words only (excluding verbs have,
do and be). This difference results in a much bigger num-
ber of target tokens available in the former’s training set
(160,154 and 72,611 for VUA-20 and VUA-ALL-POS, respec-
tively). At the same time, for reasons unknown, VUA-20

lacks 86 of the target tokens used in VUA-ALL-POS. With
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this exception, VUA-20 can be therefore viewed as an ex-
tended variant of VUA-ALL-POS. VUA-20 includes all of
the sentences utilized by VUA-ALL-POS plus those excluded
from the latter due to the POS-related restrictions. As a
result, while there are 12,122 unique sentences provided in
total by vuamc_ corpus_ train, the numbers of sentences used
for training in VUA-20 and VUA-ALL-POS are 12,093 and
10,894, respectively. The 29 “sentences”, which VUA-20 is
lacking with respect to vuamec corpus train, were excluded,
presumably because they are either empty strings or single
punctuation characters (“7, “”, “!” and “?”). As mentioned,
testing data is common for both datasets: they comprise the
same 22,196 target tokens coming from 3,698 sentences se-
lected from 4,080 available in total in vuamc_ corpus_ test.
VUA-SEQ (I use this name after Neidlein et al. [73]) is an-
other dataset built upon VUAMC. It was used in the works
of Gao et al. [30] and Mao et al. [66], among the others. It
differs from VUA-ALL-POS in that it employs different splits
of VUAMC and in that it uses all of the tokens available in
a sentence as targets for classification (including punctuation
marks). This results in a much bigger number of target to-
kens used by VUA-SEQ in comparison with VUA-ALL-POS
(205,425 and 94,807, respectively). However, VUA-SEQ uses
a smaller number of unique sentences than VUA-ALL-POS
(10,567 and 14,974, respectively). Unlike VUA-ALL-POS,
VUA-SEQ has a development set as well. VUA-18, which I
adopt from Choi et al. [16], is very similar to VUA-SEQ), as it
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uses the same sentences in each of the subsets (6,323, 1,550,
and 2,694 sentences for training, development, and testing
sets, respectively). What does not allow for calling the two
datasets identical is that VUA-18 does not count contractions
and punctuation marks as separate tokens (there is a very
small number of exceptions to this general rule). For exam-
ple, the sentence coded in VUAMC as: “M_ Lot of M_ things
daddy has n’t seen .” is divided into eight tokens in VUA-
SEQ, whereas in VUA-18 it is presented as “Lot of things
daddy hasn’t seen.”, which results in using only six tokens
and six corresponding labels (without “n’t” and “”). In con-
sequence, the numbers of tokens are: 116,622 and 101,975 in
the training sets, 38,628 and 34,253 in the development sets,
50,175 and 43,947 in the testing sets of VUA-SEQ and VUA-
18, respectively. To stay in uniformity with Choi et al. [16],
[ am not utilizing VUA-18’s development set in the experi-
mental trials.

VUA-VERB, which I adopt from Choi et al. [16], uti-
lizes the same sentences as those selected in the lists pre-
pared for the Metaphor Detection Shared Task (verb  tokens
and verb_ tokens_ test), although it splits the original training
data into training and validation subsets. While in verb tokens
there are 17,240 target tokens used for training, in VUA-
VERB there are 15,516 and 1,724 tokens comprised by its
training and development sets, respectively. The number of
tokens used for testing equals 5,873, which is the same in both

cases. In the experimental trials, I am not taking advantage
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of VUA-VERB'’s development set.

Although Neidlein et al. [73] claim that it is only the con-
tent words (verbs, nouns, adjectives, and adverbs), whose la-
bels are being predicted in VUA-ALL-POS, this is not entirely
accurate. There are instances of interjections (Ah in “Ah |
yeah .”), prepositions (like in “(...) it would be interesting
to know what he thought children were like .”), conjunctions
(either in “(...) criminal behaviour is either inherited or a
consequence of unique , individual experiences .”), etc.

While in their paper Su et al. [104, p. 32] formulate the
opinion that “POS such as punctuation, prepositions, and
conjunctions are unlikely to trigger metaphors”, at the same
time they provide the evidence for the opposite, at least with
regard to the prepositions: from Figure 5 they attach [104,
p. 35], it is clear that adpositions are annotated as being used
metaphorically more often than any other part of speech in
VUAMC. This should come as no surprise, as, for example,
there are entire tomes devoted to the analysis of the primarily
spatial senses of temporal prepositions and related metaphor-

ical meaning extensions (cf. [10, 41, 85]).

4.5 Data Preprocessing

For data preprocessing, I use Python equipped with Word-

NetLemmatizer!! for obtaining the dictionary forms of given

Uhttps://www.nltk.org/_modules/nltk/stem/wordnet.html; last accessed on 1
March 2022.


https://www.nltk.org/_modules/nltk/stem/wordnet.html

Chapter 4. Metaphor Detection Experiments in English 85

words and Wiktionary Parser!! for retrieving their definitions.
As the outputs are different for different parts of speech, I take
advantage of the POS tags already included in the datasets.
These, however, have to be first mapped to the format used
by Wiktionary. It is noteworthy that not all of these POS
tags are accurate, which sometimes prevents the algorithm
from retrieving the appropriate definition.

In Delahunty and Garvey’s book [20], nouns, verbs, adjec-
tives, and adverbs are termed as the major parts of speech,
and as such are contrasted with the minor parts of speech
(all the others). Alternatively, they can be called the content
words and the function words, respectively (cf. Haspelmath’s
analysis [40]). The former have more specific or detailed se-
mantic content, while the latter have a more non-conceptual
meaning and fulfill an essentially grammatical function [18].
As a result of this, in general, definitions of the function words
do not add much of semantic information that could be used
in metaphor detection. On the contrary, using averaged vec-
tors of their component tokens could become a source of un-
necessary noise, leading to performance decay (consider the
first definition of the very frequently occurring determiner the
found in Wiktionary: “Definite grammatical article that im-
plies necessarily that an entity it articulates is presupposed;

something already mentioned, or completely specified later

Uhttps://github.com/Suyash458/WiktionaryParser; last accessed on 1 March
2022.
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in that same sentence, or assumed already completely speci-
fied”). When it comes to function words, I therefore decided
to use their lemmas instead of definitions. In this regard,
I have made an exception for twelve prepositions, namely:
above, below, between, down, in, into, on, over, out, through,
under, and up. These are all very frequent, as they all con-
stitute a part of the stopwords from NLTK’s corpus pack-
age'?. When present in utterances, they often manifest the
underlying image schemata well known from the Conceptual
Metaphor Theory first popularized by Lakoff & Johnson in
[56] and further described in detail by other authors, for ex-
ample by Gibbs in [33]. Admittedly, the choice of the words
from the outside of the major parts of speech category is sub-
jective and could be made differently.

I assumed that it is likely that the first definition available
in the Wiktionary is going to be the one representing a word’s
basic meaning and therefore I retrieve only the first of the def-
initions available for the given part of speech. This choice was
preceded with the lecture of Wiktionary guidelines'®, where —
at least for the complex entries — it is explicitly recommended
to use the logical hierarchy of the word senses, meaning: core
sense at the root. The relation between basic meanings and
metaphoricity within the logical hierarchy is explained in [102,
p. 285] (emphasis added):

Phttps://www.nltk.org/_modules/nltk/corpus.html; last accessed on 1 March
2022.

1Bhttps://en.wiktionary.org/wiki/Wiktionary:Style_guide#Definitions;
last accessed on 1 March 2022.
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The logical ordering runs from core senses to subsenses. Core
meanings or basic meanings are the meanings which are felt as the
most literal or central ones. The relation between core sense and
subsense may be understood in various ways, e.g., as the relation
between general and specialised meaning, central and peripheral,

literal and non-literal, concrete and abstract, original and derived.

Following the general strategy of using only the first of the
available definitions, I make an exception for the words whose
first definitions include the tags archaic and obsolete. Al-
though, as mentioned in Section 4.2.1, MIP (Metaphor Iden-
tification Procedure) postulates considering the historical an-
tecedence as one of the cues in establishing a given word’s
basic meaning, studying the data coming from Wiktionary
led me to the conclusion that very often the definitions com-
prising the aforementioned labels stand for the senses that are
no longer accessible to contemporary language users. For this
reason, [ argue that they should not be treated as the basic
senses and that it is not appropriate to compare them with
the contextual senses in order to decide whether a word is
used figuratively. In practice, my algorithm collects the first
definition of a given target word without the words archaic
and obsolete (or their derivatives) inside the brackets. For
example, the definitions of the verb consist available in the

Wiktionary are as follows:

1. (obsolete, copulative) To be.
2. (obsolete, intransitive) To exist.

3. (intransitive, with in) To be comprised or contained.
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4. (intransitive, with of) To be composed, formed, or made up
(of).

Out of these four, it is the third definition that includes nei-
ther of the tags mentioned above and thus becomes accepted
by my algorithm. Furthermore, as with all other definitions I
collect, the brackets along with their content are erased. The
final shape of the definition adopted for the target word con-
sist is therefore: To be comprised or contained. In the case
where all the definitions of a given word include either archaic
or obsolete labels, I keep the first definition from the list.

Using the algorithm illustrated above, the definitions are
collected automatically and without supervision, which sig-
nificantly reduces costs. Experimental results presented in
the following section prove that this simple method is in fact

efficient.

4.6 Experiments

In this section, I first present the models whose results are
used as the baselines for comparison in Section 4.7. Sub-
sequently, I provide a brief description of the setup used

throughout the experiments.

4.6.1 Models for Comparison

[ compare the performance of MIss WiLDe’s three variants

with nine other models, which are the following:
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« MDGI-Joint-S and MDGI-Joint (denoted as MDGI-
J-S and MDGI-J). These are the two variants of the
model designed by Wan et al. in [109]. The outline
of the model has already been presented in Section 2.3.2.
The first variant of the model (MDGI-Joint-S) shares pa-
rameters between the context encoder and the definition
encoder, while the other one uses independent encoders.
Although in the paper authors present part of their re-
sults as achieved using VUA-ALL-POS, this seems to be
inaccurate!®, and therefore I place them in Table 4.2,
which shows the results for VUA-SEQ/VUA-18. The
results for VUA-VERB reported by the authors can be
found in Table 4.3. As for TroFi, I use it only as the
test set for the model trained on VUA-20 and thus the

results reported in [109] are not comparable with mine.

« BERT. The model presented by Neidlein et al. [73] us-
ing the uncased base BERT model as its backbone and
some standard hyperparameters. In the following tables,

I present the results reported by the authors.

e« RNN HG and RNN MHCA. The two models built
upon Gao et al. [30] and presented by Mao et al. in [66].
The first model follows the guidelines of MIP (Metaphor
Identification Procedure), while the other follows SPV
(Selectional Preference Violation). The first model uses

GloVe (Global Vectors) embedding as the representation

15See the datasets available at the authors’ GitHub: https://github.com/sysulic/
MDGI; accessed on 21 December 2021.
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of the target word’s literal meaning and the hidden state
from the BiLSTM fed with the concatenation of GloVe
and ELMo embeddings as the representation of its con-
textual meaning. In order to compute the contextual
representation of the target word, RNN_ MHCA uses

multi-head contextual attention.

« RoBERTa_ BASE (denoted as RoB_ BASE). A vanilla
version of the RoBERTa model designed for metaphor
detection prepared as a baseline by Choi et al. [16] Unlike
MelBERT), it utilizes all-to-all interaction architecture.

« RoBERTa_ SEQ (denoted as RoB_ SEQ). To paraphrase
Choi et al. [16], this model takes one single sentence as
an input, where the target word is marked as the input
embedding token. The model predicts the metaphoricity

of the target word using its embedding vector.

o DeepMet. The model designed by Su et al. [104], the
winner of the Metaphor Detection Shared Task 2020. Its

outline has already been presented in Section 2.3.2.

o MelBERT. Model presented by Choi et al. in [16]. Its
outline has already been presented in Section 2.3.2 and,

in comparison with my model, in Section 4.3.

e MlIss WiLDe_ base, MIss WiLDe cos and MlIss
WiLDe__ sbert (denoted as MsW__base, MsW _ cos, and
MsW__sbert). These are the three variants of my model
described in details in Section 4.3. As signalized by their

names, the first one is a core model, the second one uses
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a cosine-similarity measure as an additional feature, and
the third one uses the Sentence-BERT encoder in place of
RoBERTa, which is utilized in the first two sub-models.

4.6.2 Experimental Setup

In order to confirm my suppositions concerning possible im-
provements acquired through the introduction of the innova-
tions outlined above, the experimental setup is kept the same
as in the work by Choi et al. [16]. For the sake of brevity, I
compare the models without using a bootstrapping aggrega-
tion technique. I use the same hyperparameters for training
the models: The batch size is set to 32, the max sequence
length is set to 150, and the number of epochs is set to 3.
The AdamW optimizer is used with the initial learning rate
of 3x107° and the third epoch is set as the warm-up epoch.
I perform five trials for every experiment. The results pre-
sented in the tables are calculated, taking the mean value of
the scores achieved over five runs. To preserve reproducibility
and exclude any form of cherry-picking, I use the same set of
random seeds: 1, 2, 3, 4, and 5. The same GPU, specifically
Tesla P100-PCIE-16GB provided by Google Colab®, is used
for every experiment performed. The code is implemented

using PyTorch.

Bhttps://colab.research.google.com/; last accessed on 1 March 2022.
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4.7 Results

In this section I present the results achieved on the datasets
described in Section 4.4 and compare them with the mod-
els introduced in Section 4.6.1. If in Section 4.6.1 it is not
stated otherwise, the results in the tables yielded by the mod-
els other than the three variants of MIss WiL.De (my proposed
method) are cited from Choi et al. [16]. The bold font and
the underline stand for the best and the second-best results,
respectively. Choi et al. [16] report the results up to one
place after the decimal point, which sometimes did not allow
for a definite assertion as to which model performed better.
As a consequence, there are columns with two values marked
in bold or underlined. Using a horizontal line, I separate the
results achieved by my proposed method from those achieved

by other models.

TABLE 4.1: Results for VUA-ALL-POS (All Parts of
Speech) and VUA-20 (variant of VUA-ALL-POS from
Choi et al.; cf. Section 4.4 for details).

Dataset Model Precision Recall F1
VUA-ALL-POS BERT 75.4% 64.7% 69.7%
RoB BASE 71.7% 60.2% 65.5%
RoB_SEQ 76.9% 66.7% 71.4%
DeepMet 76.7% 65.9% 70.9%
VUA-20 MelBERT 76.4% 68.6% 72.3%
MsW _ base 75.4% 69.9% 72.5%
MsW _ cos 75.4% 70.3% 72.7%

MsW __sbert 76.2% 66.5% 71.0%
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TABLE 4.2: Results for VUA-SEQ (Sequential) and VUA-
18 (variant of VUA-SEQ from Choi et al.; cf. Section 4.4
for details).

Dataset Model Precision Recall F1
MDGI-J-S 81.3% 73.2% 77.0%
VUA-SEQ MDGI-J 82.5% 72.5% 77.2%
BERT 78.0% 76.9% 77.5%
RNN HG 71.8% 76.3% 74.0%
RNN MHCA 73.0% 75.7% 74.3%
RoB BASE 79.4% 75.0% 77.1%
RoB_ SEQ 80.4% 74.9% 77.5%
VUA-18 DeepMet 82.0% 71.3% 76.3%
MelBERT 80.1% 76.9% 78.5%
MsW base 79.6% 78.3% 78.9%
MsW  cos 79.3% 78.5% 78.9%
MsW _ sbert 75.6% 71.0% 72.7%

TABLE 4.3: Results for VUA-VERB.

Dataset Model Precision Recall F1
MDGI-J-S 78.8% 71.5% 75.0%
MDGI-J 78.9% 70.9% 74.7%
RNN_ HG 69.3% 72.3% 70.8%
RNN_ MHCA 66.3% 75.2% 70.5%
RoB BASE 76.9% 72.8% 74.7%
VUA-VERB RoB_ SEQ 79.2% 69.8% 74.2%
DeepMet 79.5% 70.8% 74.9%
MelBERT 78.7% 72.9% 75.7%
MsW base 62.1% 771% 68.8%
MsW  cos 60.9% 77.7% 68.3%
MsW sbert 67.2% 77.7% 72.0%

As shown in Tables 4.1 and 4.2, when using either VUA-
20 or VUA-18, MIss WiLDe manages to outperform all other
models in terms of Fl-score and recall. It achieves the best

recall on VUA-VERB as well, however performs significantly
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TABLE 4.4: Results for Genres.

Genre Model Precision Recall F1
RNN_ HG 76.5% 83.0% 79.6%
RNN MHCA 79.6% 80.0% 79.8%
RoB BASE 88.1% 79.5% 83.6%
RoB_SEQ 86.0% 77.3% 81.4%
Acad DeepMet 88.4% 74.7% 81.0%
MelBERT 85.3% 82.5% 83.9%
MsW _ base 85.3% 82.4% 83.8%
MsW _ cos 84.4% 83.5% 84.0%
MsW __ sbert 85.6% 81.0% 83.2%
RNN HG 63.6% 72.5% 67.8%
RNN MHCA 64.0% 71.1% 67.4%
RoB_ BASE 70.3% 69.0% 69.6%
RoB_SEQ 70.5% 69.8% 70.1%
Conv DeepMet 71.6% 71.1% 71.4%
MelBERT 70.1% 71.7% 70.9%
MsW _ base 69.2% 73.8% 71.4%
MsW __cos 70.2% 72.7% 71.4%
MsW _ sbert 68.0% 73.5% 70.6%
RNN HG 61.8% 74.5% 67.5%
RNN MHCA 64.8% 70.9% 67.7%
RoB BASE 74.3% 72.1% 73.2%
RoB_SEQ 73.9% 72.7% 73.3%
Fict DeepMet 76.1% 70.1% 73.0%
MelBERT 74.0% 76.8% 75.4%
MsW _ base 73.6% 77.6% 75.5%
MsW __ cos 73.3% 77.1% 75.2%
MsW _ sbert 72.9% 77.3% 75.0%
RNN HG 71.6% 76.8% 74.1%
RNN MHCA 74.8% 75.3% 75.0%
RoB BASE 83.5% 71.8% 77.2%
RoB_SEQ 82.2% 74.1% 77.9%
News DeepMet 84.1% 67.6% 75.0%
MelBERT 81.0% 73.7% 77.2%
MsW __base 82.2% 76.1% 79.0%
MsW  cos 81.5% 76.0% 78.7%
MsW _ sbert 81.6% 74.3% 77.8%

worse in regards to both the precision and F1-score. Surpris-

ingly, in other cases an overall weaker variant of my model
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based on Sentence-BERT yields the best scores out of the
three variants. The results for VUA-VERB are compared in
Table 4.3. Tables 4.4 and 4.5 show the results for Genres and
Parts of Speech, respectively. As for Genres, at least one of
my sub-models manages to either outperform all other models
or at least to draw with one of the competitors. Again Mlss
WiLDe performs overall better than the other models in terms
of recall, while it loses in precision. When it comes to Parts of
Speech, specifically verbs and adjectives, the base variant of
MlIss WiL.De proves to be by far the best model in terms of F'1-
score. This raises the question as to why it is not performing
similarly well on the VUA-VERB dataset. The answer might
be that for Genres and POS, the results are presented for
the models trained beforehand on VUA-18, which provides
a significantly larger training set then VUA-VERB. Lastly,
Tables 4.6 and 4.7 show the results for MOH-X and TroFi.
As described in Section 4.4, following the approach of Choi
et al. [16], these datasets are used only for testing with the
models trained beforehand on VUA-20. When using MOH-X,
the base variant of my model outperforms the competition in
terms of Fl-score. Neither of my models manages to win on
TroFi; it is the model of Choi et al. [16] that achieves the
best F1l-score and recall for the said dataset.

Although, as mentioned before, in the tables I quote the re-
sults published by Choi et al. in [16], at the same time I would
like to share the results of MelBERT’s reruns for both VUA-20
and VUA-18 that I have conducted myself using the same set
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TABLE 4.5: Results for POS (Parts of Speech).

POS Model Precision Recall F1
RNN HG 66.4% 75.5% 70.7%
RNN MHCA 66.0% 76.0% 70.7%
RoB BASE 77.0% 72.1% 74.5%
RoB_SEQ 74.4% 75.1% 74.8%
Verb DeepMet 78.8% 68.5% 73.3%
MelBERT 74.2% 75.9% 75.1%
MsW _ base 74.9% 78.1% 76.5%
MsW  cos 74.0% 77.9% 75.9%
MsW  sbert 74.5% 76.1% 75.3%
RNN HG 59.2% 65.6% 62.2%
RNN MHCA 61.4% 61.1% 61.6%
RoB BASE 71.7% 59.0% 64.7%
RoB_ SEQ 72.0% 57.1% 63.7%
Adj DeepMet 79.0% 52.9% 63.3%
MelBERT 69.4% 60.1% 64.4%
MsW _ base 68.5% 65.0% 66.7%
MsW _ cos 67.5% 65.1% 66.3%
MsW  sbert 69.3% 63.8% 66.4%
RNN HG 61.0% 66.8% 63.8%
RNN MHCA 66.1% 60.7% 63.2%
RoB BASE 78.2% 69.3% 73.5%
RoB_SEQ 77.6% 63.9% 70.1%
Adv DeepMet 79.4% 66.4% 72.3%
MelBERT 80.2% 69.7% 74.6%
MsW base 76.4% 69.3% 72.7%
MsW  cos 78.9% 69.8% 74.0%
MsW sbert 78.3% 67.5% 72.4%
RNN HG 60.3% 66.8% 63.4%
RNN MHCA 69.1% 58.2% 63.2%
RoB BASE 77.5% 60.4% 67.9%
RoB SEQ 76.5% 59.0% 66.6%
Noun DeepMet 76.5% 57.1% 65.4%
MelBERT 75.4% 66.5% 70.7%
MsW _ base 76.2% 64.9% 70.1%
MsW  cos 75.4% 66.0% 70.4%

MsW _sbert 73.9% 64.7% 69.0%
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TABLE 4.6: Results for MOH-X (Mohammad et al. [2016]

dataset).
Dataset Model Precision Recall F1
DeepMet 79.9% 76.5% 77.9%
MelBERT 79.3% 79.7% 79.2%
MOH-X 2 [sW base 82.3% 80.0%  80.8%
MsW _ cos 81.0% 80.0% 80.2%
MsW  sbert 83.3% 77.7% 80.1%

TABLE 4.7: Results for TroFi (Trope Finder).

Dataset Model Precision Recall F1
DeepMet 53.7% 72.9% 61.7%
MelBERT 53.4% 74.1% 62.0%
TroFi MsW  base 53.3% 73.4%  6L.7%
MsW  cos 53.2% 72.8% 61.4%
MsW _ sbert 53.7% 69.7% 60.6%

of random seeds as well as the same GPU. These are as follows:
VUA-20 (precision: 75.8%, recall: 69.6%, F1: 72.6%); VUA-
18 (precision: 79.9%, recall: 77.3%, F1: 78.6%). Additionally,
I have compared these F1l-scores with the F1l-scores achieved
by MsW _base and MsW _ cos, using two-tailed ¢-test. The
value achieved was p > 0.05, meaning that the differences are

not statistically significant.

4.8 Considerations

In this section I present my considerations regarding the ex-
perimental results introduced above. Example sentences pre-

sented in this section come from the output of the experiment
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performed on VUA-20 sharing common test data with VUA-
ALL-POS which is considered one of the most representative
datasets for evaluating the performance of the algorithms de-
signed for metaphor detection. Target words are marked in
bold font. I compare the predictions of Choi et al’s Mel BERT
[16] and my model. Out of the three variants of MIss WiLDe,
I have chosen the base one. In doing so, I can argue that
the differences in the output stem mostly from my decision
to use lexical definitions instead of the isolated target word.
As mentioned earlier, for each of my models I have conducted
five runs of experiments, using the same random seeds rang-
ing from 1 to 5 for fairness. Since the output and its specific
values may slightly vary between random seeds, for both Mel-
BERT and Miss WiLDe base, I use the outputs of the models
having yielded the best Fl-score among all five seeds.

4.8.1 Results Analysis

As can be told from the tables above, MIss WiLLDe managed
to outperform competing models in several categories, most
significantly in adjectives (cf. Table 4.5). Consider the fol-

lowing example:

FEventually they will be replaced, but more than 60 years on they

run with the rhythmic reliability of a Swiss watch.

Here my model voted for metaphorical use with a high de-
gree of confidence (0.2:0.8), while MelBERT estimated it was
literal (0.66:0.34). The definition of the target word retrieved



Chapter 4. Metaphor Detection Experiments in English 99

from Wiktionary and used by my model is ‘Of or relating to
rhythm. and this of the modified noun is ‘The quality of being
reliable, dependable, or trustworthy. In terms of Wilks [111],
MlIss WiLDe managed to detect the violation of semantic re-
strictions present between basic senses of the target adjective
rhythmic and the noun reliability.

Another example including an adjective is the following:

There is a refreshing simplicity and tenderness in Motion’s ac-
count of the way Francis nurses her, but she herself is too sketchily

drawn for the episode to carry much weights.

The definition of refreshing is ‘That refreshes someone;
pleasantly fresh and different; granting vitality and energy’,
while simplicity is defined as ‘The state or quality of being
simple’. Although the middle part of the adjective’s defi-
nition seems to already point at the figurative meaning of
the word, it can still be argued that overall it is more literal
than metaphorical and therefore it constitutes the word’s ba-
sic meaning. In the prototypical situation, for its modifier,
refreshing would demand a noun belonging to the semantic
field of FLUIDS, DRINKS. Simplicity is not fulfilling this con-
dition, which hints at figurative usage. Although the phrase
refreshing simplicity is quite commonly used, my model man-
aged to detect that it is metaphorically motivated. Due to its
high frequency in corpora, it would be difficult to argue that
such word matching is unnatural or exotic. As recent lan-

guage models are pretrained also on the texts from the books,
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where juxtapositions similar to refreshing simplicity are ob-
served quite often, without the use of definitions, it would
be difficult for them to discern metaphoricity underlying such
wordings. In other words, without the definitions conveying
the basic meanings it would be hard to find any indication of
breaking some semantic restrictions. In this case, MelBERT
voted 0.84:0.16 for refreshing to be used literally, while MIss
WiLDe leaned towards metaphoricity with the probabilities
of 0.41:0.59. By looking at the estimation scores, it can be
assumed that making the decision was not easy for my model,
which can be explained with the reasoning just outlined.

An incoming Labour government would turn large areas of White-

hall upside down (...)

Phrase incoming Labour government from the sentence
above can be viewed as an example of TIME AS SPACE metaphor
27, 86], where the target word incoming is used in the sense
of ‘future’. Its primary meaning related to physical motion is
described by the first definition found in Wiktionary and thus
provided to my model (‘Coming in; arriving’). The contextual
meaning is portrayed by the second of the Wiktionary’s def-
initions (‘Succeeding to an office’). This example also shows
that, as a general rule, my choice to use only the first defi-
nitions as the ones likely to convey basic meaning was right.
In this example, Mel BERT predicted incoming as being used
literally (0.67:0.33), while MIss WiLDe made a correct and
firm decision voting for a metaphor (0.14:0.86).
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4.8.2 Error Analysis

It should be noted that a word’s basic meaning sometimes
does not provide much help in metaphor detection. Consider
the following example:

There are always accusations of piracy and copy-catting, though

they can’t usually be substantiated.

The target word’s definition in this case is ‘Robbery at
sea, a violation of international law; taking a ship away from
the control of those who are legally entitled to it’, which in-
deed probably should be considered the word’s basic sense, as
it is historically older than ‘The unauthorized duplication of
goods protected by intellectual property law’ (the third from
the definitions listed in Wiktionary). One should notice that
in this case the target word does not violate any selectional
preferences. Both senses relate to the notion of CRIME and
the target word used in either of them does not sound particu-
larly awkward in the given context. In such cases, utilizing the
information provided by the SPV (Selectional Preference Vi-
olation) module does not resolve the problem. As my method
adopts only simplified interpretation of MIP (Metaphor Iden-
tification Procedure) as well, it cannot differentiate between
the word senses based on historical reasons. When encoun-
tering samples of this kind, my model is rather powerless.

In my opinion, some of the missed predictions are the out-
come of an inaccurate annotation process. Consider the fol-

lowing example:
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See if you can rustle up a cup of tea for Paula and me, please.

Although the target word from the above sentence is an-
notated as a non-metaphor, I strongly believe that in this
context, it is used figuratively. Following the MIP procedure,
the annotator should first read the whole sentence to under-
stand its meaning. Next, it should be determined whether
the target word has a more basic meaning in other contexts.
The first Wiktionary definition of the target word is ‘To per-
ceive or detect someone or something with the eyes, or as if
by sight’. At this point it should be already clear that in this
case, the contextual meaning of the verb see differs from the
meaning described by the first definition. The context sug-
gests that semantically it is closer to ‘To determine by trial
or experiment; to find out (if or whether)’, the eighth of the
Wiktionary definitions for the verb see. As the basic meaning
tends to be more concrete and related to bodily action [36,
p. 4], it should be rather straightforward to judge the contex-
tual meaning as non-basic!’. Assuming that I am correct, I
have to give credit to MelBERT, which estimated very confi-
dently that it deals with a metaphor (0.04:0.96). MlIss WiLDe
also voted for a metaphor, however apparently it was not an

easy choice (0.41:0.59).

17Tt might be, however, that the annotators decided to treat the expression as based
on a metonymy rather than on a metaphor. For a related discussion, see [97, pp. 57-61].
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Chapter 5

Conclusions and Future Work

In this dissertation, I presented the outcome of my research
in automatic metaphor detection using machine learning.

In Chapter 3, I reported on the two sets of classification ex-
periments conducted using the datasets in Japanese. The task
was to predict whether an input sentence belongs to the non-
literal or the literal dataset. Non-literal data was retrieved
from the digitalized dictionary of figurative expressions [76],
where all the sentences were selected by hand. As a source of
literal data, I used a random mix of sentences acquired from
Wikipedia articles, local parliamentary minutes, and news ar-
ticles. Testing data comprised sentences coming from literary
texts and labeled by three human annotators.

In the first trial, I was comparing the performance of fea-
ture vectors representing seven sets of seed words whose choice
was inspired by the cognitive-linguistic approach to metaphor.
These sets contained the words often employed in figurative
language, belonging to categories such as colors, body parts,
and spatial positions. The values of the aforementioned in-

put vectors were expressing presence or absence of said words
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in a target sentence. Depending on the combination of the
categories used for prediction, F-1 score yielded by the pro-
posed method exceeded 70%), which suggests that the selected
features were useful.

In the second trial, each input sentence was represented by
a word-count vector of length equal to the size of the vocab-
ulary available in the training set after excluding stopwords
and simile indicators (yo, mitai, kurai etc.). Using such fea-
tures, I compared the performance of three popular classifi-
cation algorithms: Naive Bayes, Random Forest, and Sup-
port Vector Machines. The last of them achieved the most
balanced results with the highest Fl-score of 71.4%. The re-
sults might suggest that, provided with sufficient amount and
quality of training data, even relatively simple bag-of-words-
based method can be useful in figurative language identifica-
tion task.

In Chapter 4, I described MIss RoBERTa WiL.De (Metaphor
Identification using Masked Language Model with Wiktionary
Lexical Definitions), a model designed for automatic metaphor
detection. My method is logically consistent and supported
theoretically, as utilizing literal basic meanings of words fol-
lows the guidelines of Metaphor Identification Procedure (MIP)
and the concept of Selectional Preference Violation (SPV). I
argue that there is no better source of purely literal word
senses than the lexical definitions of said words. I have en-

hanced the existing algorithm [16] by introducing a different
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kind of sentence representation and collecting dictionary def-
initions of the target words in a fully automatic manner. The
results I achieved in the set of experiments suggest that imple-
menting my ideas can lead to performance gains in metaphor
identification task.

As indicated by Mao et al. [66], having access to large-scale
textual resources using words only in their basic literal mean-
ings could elevate the performance of the algorithms used for
metaphor detection. However, metaphors are abundant in
human language irrespective of the genre and, because of it,
finding a perfect knowledge base of this kind does not seem
possible. Nonetheless, I think that in comparison to other
types of currently available resources, it is very likely that
dictionaries are closest to that ideal.

Having witnessed that deep-learning-based language mod-
els combined with information conveyed by lexical definitions
proved successful in token-level metaphor detection task in
English, in future I plan to introduce a similar method for
Japanese as well.

However, in my approach to figurative language identifi-
cation in Japanese, the datasets I have been using so far are
labeled on the sentence-level. If I wanted to use the same
method as in the experiments performed on English data, I
would have to obtain the ground truth labels corresponding
to all the words comprised by each sentence in the datasets.
In order to do so, I may employ a number of annotators, using

one of the crowd-sourcing platforms available online.
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Appendices

ZF 'hand, arm, paw', J€ 'leg, foot', JH « &7z ¥ 'head', 14 + 5> 572 body', & 'body', &5 + ¥A L
A 'whole body', BH * & 'face', JH + £ W 'eyebrow, brow', £ W1} 'eyebrow', HIR ‘eye', H A A
‘ear', 511372 'nose', 1+ { b 'mouth, maw', & + { H U5 'lips', B4 'tooth', T * L 7z ‘tongue’,
B+ { O 'neck' (...)

Appendix 1. (Sample) Body Parts (BP).

£, B, o, TEL MK, TEL ML, TEECAME, AL K SV TH W,
£5T, SZ, 0ICH AN, b - fab - 5D, 3L, 515 - IRV (..)

Appendix 2. (Sample) Simile Indicators (SI).

1 ‘interior, inside, middle', 9 Z 'upper side, top, upper part, surface’', T+ % & 'bottom, bottom part,
under', [l © HV>72 between', N + 9 B 'inside', #¢ + Z & 'outside', Hii + F X 'front, frontal part, in
front of', ¥4 + & < 'the inner part, the depths', & 5 'the back, the rear’ (...)

Appendix 3. (Sample) Spatial Position Indicators (PI).

4, 'color', B5, & + &I 'blue, green', H17T + HI5721F 'bluish green, malachite green', 7R *+ &
/> 'red, crimson, scarlet', 752, & 7>32 'madder’, FEa « HIF WA « DWW A 'scarlet, cardinal,
crimson', ¥ && & + H I XA 'pale greenish blue', /NG.f4 « HT XU A 'reddish brown,
russet', HFREA « HFE VY A 'ecru, beige', B+ 9 <UVFUNA 'brownish green, olive green',
B - 9 <WT B 'greenish brown', a1 - 9 Z AWNA 'bright yellow', (L% « 2 &
ip 5 & X 'royal purple, bluish purple', #%& 2 « X N5 'reddish brown, maroon', 5 2 -
Z A U5 'dark red, crimson', 77— 'khaki', H¥EE « e 5 & XA 'Tyrian pur-
ple, royal purple', filife + 7> V)5 'persimmon color, dark orange', 4L « FEHAL « 705 < AU/
V) 'erimson’, 3 + XU\ A 'yellow' (...)

Appendix 4. (Sample) Colors (CO).
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i+ &AL A 'peace of mind, relief, sense of security, sense of safety’, %2 + 5 & A
'uneasiness, uncertainty, anxiety', &} + 7>A L %> 'gratitude, gratefulness, appreciation', &
1% « & X 9 23< ‘'astonishment, amazement, shock, fright, #L% - Z 95 5 A  'excitement,
arousal', B < - 3 E A< 'be surprised, be astonished, be amazed', &f#7.Lr « Z 9 X L A
'curiosity, inquisitiveness', 3 Ef « ALV HE U 'calm, cool, self-possessed, 65 + HHE D 'be
hasty, act hastily, make (undue) haste', ~ &%, + 5 L X 'wonderful, wondrous, amazing,
marvelous. strange', U 7 v 7 A 'relax', B3k « X A5 X 9 'tension, be tensed, nervous', =
S S - BESS - B -+ A Z 5 'be glad, be happy, be pleased', fiE LU+ 9 4L LU 'glad,
joyful, delightful, happy', %=+t - L &>t 'happiness, happy, lucky, fortunate', 25 L\ « 2372
L\ 'sad, unhappy, sorrowful, depressed, depressing, tragic', F{ LU « #RLUY « A LU »
S VL 'lonely, lonesome, isolated', 7%« U /> D) 'anger, rage, fury, wrath', 2% - 3 Z %
'be angry, be furious, be mad', /&) - 7>/ £ 9 'deep emotion, strong impression, sensation'

()

Appendix 5. (Sample) Emotions (EM).

- Z % 'voice', /K + &7 'water', & + & 'sound, noise', Jt: + UV 'light, beam, ray’,
« Z B 'sky, air', i - 2> 'wind, breeze', £ * (%72 'flower, blossom', ¢ « 727 'wave', ‘K
'fire, flame, blaze', #f + 9 7 'sea', i 'bottom, bed (of a river), % * 33 A7 'woman, female,
lady', % « Z &3 'word, expression, language', f * & 'rain', £ + < & 'cloud’, AL * X
72 'skin', £ LV« 9D < LU 'beautiful, pretty, attractive, lovely, charming, picturesque,
sweet', B2 « [Xo X 'leaf, 72V « D724 'cold, cool, icy, coldhearded, indifferent, 25 -
P X 'snow', 5% + /T 'shade, shadow' (...)

HY Bt

Appendix 6. (Sample) Frequently Figuratively Used (FF).

PRZ % + & %5 'burn, blaze, be in flames', # % * 7> U % 'bite, gnaw, nibble', #7235 'go up,
rise, ascend', & < 'open, be opened', & L © 9 'treat, handle', & TS 9 'apply, fit', & TiLE
% ‘apply, be applicable, be valid, fit', & T % 'put, place, apply', & 72 & % 'despise, disdain,
scorn, look down on', & T}'% 'bathe in (sth), pour (sth) on oneself', & .51 T % 'overflow', &
541 % 'oveflow, spill over', VY X415 'get angry', V) X729 'invite', VN U % 'play with, touch,
tamper with', \» 55 L %% 'come, visit, be', 9 > H % % 'throw away, discard, abandon', 9
AT % % 'be flustered, be confused, be upset', 35 2. % 'finish, complete, bring to an end', 33 &
% 'get up, get out of bed', 33D D < 'shudder, tremble, shiver' (...)

Appendix 7. (Sample) Wago Verbs (WV).
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