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Chapter 1

Introduction

1.1 Motivation

A snake walks into a bar. The bartender says, “How the hell did you
do that?”

It takes no more than 3 seconds for an English speaker to read the above lines
and laugh. Within these few seconds, the brain unpacks relevant common sense
knowledge: Walk is a kind of movement of one’s feet; snakes do not have feet; a
bar that can be walked into and has a bartender present is a place that serves
drinks to people who have money to buy drinks; bartenders talk to customers
who buy drinks at the bar they work; snakes are not people, cannot order drinks
at a bar, and probably do not speak English.

Simultaneously, the brain recognizes the implied incongruities—i.e., things
that violate the given common sense knowledge: 1) a snake walking into a bar,
and 2) the bartender regarding the snake as a (human) customer. Such in-
congruities are an inherent part of both metaphor and humor. Metaphors are
conceptual mappings between a target domain (the domain to be conceptual-
ized) and a source domain (the domain used to conceptualize the target domain)
(Lakoff and Johnson, 1980b). The bartender talking to the snake (the second
incongruity) utilizes a metaphor that compares SNAKE (target domain) to HU-
MAN (source domain). Like metaphor, humor is a universal human experience
in which incongruity plays a central role (Attardo et al., 2024). The humor of
the snake-bartender joke lies in the witty mixture of a snake and the action of
walking (the first incongruity) and the bartender’s unexpected response to the
situation (the second incongruity).

Metaphor and humor are indispensable parts of human cognition and commu-
nication. In English language use, metaphor can occur as frequently as in every
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2 Chapter 1. Introduction

8 words.” The ANIMALS ARE HUMANS metaphor as manifested in the snake-
bartender joke is a type of personification that has always been common practice
when we conceptualize the behavior of animals or interact with them. The snake-
bartender joke is also an instance of “bar joke”, a massive collection of jokes that
start with “...walks into a bar”. A person who is familiar with English jokes
would already be expecting a joke once they hear “A snake walks into a bar”.

We are so used to metaphor and humor processing that interpreting the snake-
bartender joke as intended is easier than finishing a piece of cake, but is this also
true for Al agents? The emergence of modern large language models (LLMs)
such as LLaMA (Touvron et al., 2023) and GPT-3 (Brown et al.,, 2020) has
significantly expanded the capabilities of Al agents. In zero- and few-shot settings,
these general purpose LLMs reach state-of-the-art performance of smaller, fined-
tuned models on classic natural language processing (NLP) tasks such as machine
translation and question answering. People from all over the world now leverage
LLMs for all sorts of complex tasks, including programming, data analysis, and
tutoring. While humans rely on shared knowledge to communicate with each
other, LLMs are pretrained with an enormous amount of data. But when they
interact with human users in real time and receive user input, are they able to link
it to relevant knowledge in their system? Are they able to detect incongruities and
correctly infer whether the incongruities are intended or mere nonsense, as well as
what the intentions are (e.g., as part of metaphor use, or for a humorous effect)?
These are all necessary steps even for a one-liner like the snake-bartender joke.
Given the ubiquity of metaphor use and the importance of humor for all human
beings, failing such steps and, in turn, failing metaphor and humor processing,
can gravely compromise the usefulness of LLMs.

1.2 A walk through the chapters

This thesis establishes a series of benchmarks and human baselines to answer
the question: How well do LLMs understand metaphor and humor? We
divide this broad question into the following research questions—

RQ1: How well do LLMs understand metaphorically used
words?

We start with metaphors in language use. The groundbreaking finding that
metaphors are fundamental components of human cognition (Goatly, 1997; Lakoff
and Johnson, 1980b) inspired a new wave of metaphor research in linguistics, psy-
chology, neuroscience, as well as the NLP community. Large metaphor corpora
were created, providing metaphor annotations on either word or sentence level

2The calculation is based on the VU Amsterdam Metaphor Corpus (Steen et al., 2010D).
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(Mohammad et al., 2016; Mohler et al., 2016; Steen et al., 2010b). These datasets
were widely used for automatic metaphor detection, but they do not contain in-
formation regarding how the annotated metaphors are interpreted. While other
works also developed datasets aimed for metaphor interpretation (Bizzoni and
Lappin, 2018; Joseph et al., 2023; Shutova, 2010), they were often small in scale
(containing 200-1000 instances) and were not designed to test the reasoning pro-
cess by which a metaphor is interpreted, which remains an open question.

Chapter 7: We design and build a dataset to tap into LLMs’ reasoning pro-
cess during metaphor understanding: the Metaphor Understanding Challenge
Dataset (MUNCH). The dataset provides over 10k paraphrases for sentences con-
taining metaphor use, as well as 1.5k instances containing inapt paraphrases. The
inapt paraphrases were carefully selected to serve as control to determine whether
the model indeed performs full metaphor interpretation or rather resorts to lex-
ical similarity. All apt and inapt paraphrases were manually annotated. The
metaphorical sentences cover natural metaphor uses across 4 genres (academic,
news, fiction, and conversation), and they exhibit different levels of novelty. Ex-
periments with LLaMA and GPT-3.5 demonstrate that MUNCH presents a chal-
lenging task for LLMs.

RQ2: How well do LLMs infer intentions behind metaphor
use?

Understanding the contextual meaning of metaphorical words is not the end of
the story. Metaphor use serves a variety of functions in communication: Novelists
use metaphors in their writing to invite the reader to visualize the scenes they
describe; politicians use metaphors in public speech to persuade the audience to
support them; teachers use metaphors in classrooms to explain abstract concepts
and complex phenomena. There has been extensive work in the literature link-
ing metaphor to the fulfillment of individual intentions, but no comprehensive
taxonomy of such intentions, suitable for NLP applications, is available to date.

Chapter 1: We propose a novel taxonomy of intentions commonly attributed to
the use of linguistic metaphors, which comprises 9 categories. We also release the
first dataset annotated for intentions behind metaphor use. We use this dataset
to test the capability of LLMs in inferring the intentions behind metaphor use,
in zero- and in-context few-shot settings. Our experiments show that this is still
a challenge for LLMs.
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RQ3: How well do LLMs understand humorous multimodal
metaphor use?

Humor, as we discuss in Chapter |, is among the intentions commonly attributed
to the use of linguistic metaphors. Yet this relation transcends text and resides in
communication in other modalities as well. Given the central role of incongruity in
both metaphor and humor, it should come as no surprise that visual metaphors
are found to be one of the most common humorous mechanisms in cartoons
(Tsakona, 2009). However, the interplay between metaphor and humor, either in
text or other modality, is largely overlooked in the NLP community.

Chapter 5: We take inspiration from the Incongruity Theory of humor, the
Conceptual Metaphor Theory, and the annotation scheme behind the VU Am-
sterdam Metaphor Corpus, and develop a novel annotation scheme for humor-
ous multimodal metaphor use in image-caption pairs. We create the HUMMUS
Dataset of Humorous Multimodal Metaphor Use, providing expert annotation
on 1k image-caption pairs sampled from the New Yorker Caption Contest corpus.
Using the dataset, we test state-of-the-art multimodal LLMs on their ability to de-
tect and understand humorous multimodal metaphor use. Our experiments show
that current LLMs still struggle with processing humorous multimodal metaphors,
particularly with regard to integrating visual and textual information.

RQ4: How do cultures differ in humor appreciation?

Humor is a universal human experience, but how humans experience it can be
culture-specific. Bar jokes like the snake-bartender one, for example, are strongly
tied to Anglophone humor, and language is a mirror of culture. One of the most
famous bar jokes uses a pun and an idiom: “A horse walks into a bar. The
bartender asks, ‘Why the long face?’”’ The humor will be lost in translation
unless the target language/culture shares the idiomatic meaning of a long face.
The bar joke format is so popular in English-speaking cultures that it has even
become a meta humor (e.g., “A panda, a cowboy, a man with a cat on his shoulder,
and a time-traveler walk into a bar. ‘What is this,” the bartender yells. ‘Some
kind of joke?’”"). People who are unfamiliar with the culture are unlikely to
understand why it is humorous.

Cultural alignment in LLMs has gained much attention in the NLP community
as LLMs enter the lives of people all over the world. However, the topic has not
been studied in the context of humor processing—e.g., whether LLMs align with
culture-specific expectations with regard to what is considered humorous, and how
to respond to humorous vs unhumorous content. One of the obstacles is the lack

3
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of datasets that reflect cultural differences in humor processing. Previous cross-
cultural humor studies typically relied on self-reported humor styles and attitude
towards humor (Chen and Martin, 2007; Jiang et al., 2011; Yue et al., 2016),
instead of participants’ real time reaction to humorous and unhumorous stimuli.
Zhang et al. (2024) collected more than 250M human ratings on New Yorker
cartoons with English captions, but cultural background was not considered as a
variable in their study.

Chapter : As a first step towards an evaluation framework for LLMs’ cultural
alignment in humor processing, we build the first dataset that captures cultural
differences in real-time human reactions to multimodal humor. We consider 3
variables: humor appreciation (whether one finds a stimulus humorous), emotion,
and metaphor use. Humor and metaphor processing are closely related mental
processes, and both are strongly associated with emotional processes. From 4
diverse cultures, Chinese, Mexican, Polish, and the U.S., we obtain 25,600 funni-
ness ratings and emotion responses to 800 New Yorker cartoons (image-caption
pairs) in the Hummus dataset, about half of which exhibit humorous multimodal
metaphor use. Our data analysis reveals that while the correlation between humor
appreciation and various emotions is similar across cultures, there is substantial
difference in terms of what is considered humorous within each culture.

1.3 List of publications

During my PhD; I (co-)authored the following papers:

1. Xiaoyu Tong, Ekaterina Shutova, and Martha Lewis. 2021. Recent ad-
vances in neural metaphor processing: A linguistic, cognitive and social
perspective. In Proceedings of the 2021 Conference of the North Amer-
ican. Chapter of the Association for Computational Linguistics: Human
Language Technologies, pages 46734686, Online.

2. Aarohi Srivastava, Abhinav Rastogi, ... Xiaoyu Tong, ...and Ziyi Wu.
2023. Beyond the Imitation Game: Quantifying and extrapolating the ca-
pabilities of language models. Transactions on Machine Learning Research.

3. Xiaoyu Tong, Rochelle Choenni, Martha Lewis, and Ekaterina Shutova.
2024. Metaphor Understanding Challenge Dataset for LLMs. In Proceed-
ings of the 62nd Annual Meeting of the Association for Computational Lin-
guistics (Volume 1: Long Papers), pages 3517-3536, Bangkok, Thailand.
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https://openreview.net/forum?id=uyTL5Bvosj
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4. Gianluca Michelli*, Xiaoyu Tong*, and Ekaterina Shutova. 2024. A
framework for annotating and modelling intentions behind metaphor use.
Under review at *SEM2026.

5. Xiaoyu Tong, Zhi Zhang, Pia Sommerauer, Martha Lewis, and Ekaterina
Shutova. 2026. Hummus: A Dataset of Humorous Multimodal Metaphor
Use. Conditionally accepted by Transactions of the Association for Com-
putational Linguistics with minor revisions.

6. Xiaoyu Tong, Ivo Verhoeven, Martha Lewis, and Ekaterina Shutova. 2026.
Evaluating LLMs’ cultural alignment in humor appreciation. In prepara-
tion.

* denotes joint first authorship.

1.4 List of released datasets and benchmarks
During my PhD, I created the following datasets:

1. MUNCH:

2. HuMMUS:

I also co-created the following datasets and benchmarks:

3. BIG-bench metaphor understanding:

4. Dataset of intentions behind metaphor use:
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https://doi.org/10.48550/arXiv.2504.02983
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Chapter 2

Background

2.1 Theoretical accounts of metaphor

2.1.1 Conceptual metaphors

According to Conceptual Metaphor Theory (CMT), linguistic metaphors have
their roots in conceptual metaphors, cross-domain mappings in one’s concep-
tual system (Lakoff and Johnson, 1980b). Based on comparable properties and
relations in the target domain and the source domain, conceptual metaphors
invite one to conceptualize the former through the latter. For example, Sen-
tence instantiates the conceptual metaphor ARGUMENT IS WAR, in which
ARGUMENT is the target domain and WAR the source domain. It uses an event
in the domain of WAR to describe an event about ARGUMENT.

(1)  He attacked every point in her argument. (Macmillan)

The target and source domains of a metaphor usually involve abstract and
concrete concepts respectively, which has to do with concept representation in
the brain. According to the theory of embodied cognition (Barsalou, 1999), con-
cepts are represented within sensorimotor circuitry: GRASPING, for instance, is
represented in areas that control hand movements (Gallese and Lakoff, 2005).
When using expressions such as grasp a point, the same areas are involved for
processing the metaphor (Aziz-Zadeh and Damasio, 2008).

Conceptual metaphors that are entrenched in one’s conceptual system are
termed conventional metaphors; those that are not entrenched are termed
novel metaphors. ARGUMENT IS WAR is a typical conventional metaphor; the
expression attack one’s argument, for example, has entered contemporary dictio-
naries of English and is unlikely to be considered novel by the native speakers.
On the contrary, Sentence instantiates a novel metaphor, FEAR IS A SNAKE.
The verb has a single sense in the Macmillan dictionary: a particular movement
of “something long and thin”. Fear is an abstract concept, incapable of any move-

7



8 Chapter 2. Background

ment to be seen. The usage is therefore novel.

(2)  Fear coiled around his heart.

2.1.2 Linguistic metaphors and figures of speech

Informed by CMT, Steen et al. (2010b) proposed Metaphor Identification Proce-
dure VU University Amsterdam (MIPVU) for manually identifying metaphor
related words (MRWs) in texts, which are word uses that can be attributed to
underlying conceptual metaphors. What are usually called metaphorically used
words are a subset of MRWs termed indirect metaphors. The source-domain
word attack in Sentence is an indirect metaphor: It refers to a target-domain
act, and is therefore indirectly related to the underlying conceptual metaphor,
ARGUMENT IS WAR.

Other types of MRWs include direct metaphors, implicit metaphors, and
metaphor flags. Direct metaphors refer to source-domain entities or events.
They often co-occur with metaphor flags, signals that a metaphor is used.
In Example (), the linking verb is signals a use of the BEAUTY AS FLOWER
metaphor. The noun flower is a direct metaphor, referring directly to a source-
domain concept.

(3)  Beauty is but a flower / which wrinkles will devour; [..| (Thomas Nashe)

Implicit metaphors are substitutions or ellipses that are directly or indi-
rectly related to underlying conceptual metaphors. In Example (), the pronoun
that co-refers with the preceding metaphorically used antidote; the determiner
this in the following sentence is also used metaphorically: it refers to what is
talked about in the previous sentence, which is an abstraction of its basic, physical
meaning (Steen et al., 2010b). Metaphorical usage of substitutions are important
for rendering cohesive discourse (Steen et al., 2010b).

(4) Fortunately, there is a single antidote effective against both these myths;
and that is to start all over again .... This antidote is effective against
the romantic-individualist myth .... (BNC)

Discourse-level information is essential for identifying extended metaphors,
sustained use of the same metaphors in a discourse fragment. A typical example
is the “All the World’s a Stage” speech written by William Shakespeare. As
is presented below, the speech begins with a WORLD AS STAGE metaphor, and
proceeds with exploring various target-source pairs within the metaphor. Note
that the last two lines could be mistaken as literal if presented as independent
sentences.

(5)  All the world’s a stage, / And all the men and women merely players: /
They have their exits and their entrances; / And one man in his time plays
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many parts, [..| (William Shakespeare)

Figurative language. Metaphor, simile, personification, and zoomorphism are
different types of figurative language, but they are all considered as metaphors
under CMT. Similes are linguistic metaphors that use metaphor flags such as like
and as to highlight a cross-domain mapping (e.g., my love’s like a red, red rose);
metaphor as a figure of speech uses categorization statements, making the cross-
domain mapping more implicit (e.g., my love is a red, red rose). Personification
is metaphor that compares something non-human to humans (e.g., pets as family
members). Zoomorphism is metaphor with ANIMALS or a species of animal as
the source domain (e.g., the roar of the ocean).

Idioms are sometimes called dead metaphors, expressions that have lost their
metaphoricity over time. There is empirical evidence that people process idioms
and metaphors differently (Desai, 2022; Gibbs, 1992). We therefore treat idiom
and metaphor as different phenomena.

Puns play on the double meaning of the same word or similar-sounding words.
While metaphors also essentially bring together two different meanings (target
domain and source domain), puns are not necessarily metaphorical as the two
meanings at play do not have to be the target and source domains of a metaphor.
Example uses a pun on bar: It achieves a humorous effect by activating both
the meaning of “a place to buy drinks” and the meaning of “a long straight piece
of metal or wood”. However, the word use is not metaphorical because the two
meanings do not share any similarities for them to be compared in a metaphorical
way. Example , on the other hand, uses a metaphorical pun. The word
running means both “functioning” and the physical movement of running; the
“functioning” meaning is a conventional metaphor based on the physical meaning.
An OBJECTS ARE HUMANS metaphor is used at the same time, as the refrigerator
is personified.

(6) a. A man walks into a bar. He said, “Ouch.”

b. Is your refrigerator running? Better catch it before it gets away.

2.1.3 Non-verbal and multimodal metaphors

In addition to linguistic metaphors, conceptual metaphors also give rise to meta-
phor use in other modes of communication. Representing an idea as a light
bulb, for example, is a common visual metaphor. There are also metaphoric
gestures: One may talk about events that happen in a sequence while shifting
one’s body from left to right, as if the events can be placed next to each other
in the current space. Such use of the TIME IS SPACE metaphor is very common
in gestures, and is likely related to a left-to-right writing direction adopted by
the speaker’s native language (e.g., most Indo-Enropean languages) (Cienki and
Miiller, 2008).
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“Three yea's, six ney's, and Anderson is still up in the air on this one.”

Figure 2.1: An example of multimodal metaphor.

There are also metaphors that involve more than one mode of communication.
We call these multimodal metaphors. For example, the image in Figure
shows business people having a meeting; one of them seems to be defying gravity.
The caption implies that the person is literally in the air because they have not
made a decision. The key phrase, up in the air, is an idiom or dead metaphor.
When the caption is considered as a standalone text, the idiom does not count as
metaphor use. However, when the caption and the image is combined as a whole,
the underlying conceptual metaphor, MAKING A DECISION IS SETTLING DOWN,
is revived. The target domain of DECISION MAKING is represented in the text;
the source domain of SETTLING DOWN is both depicted in the image and implied
by the text. As the metaphor makes use of multiple modes (text and image), it
is an instance of multimodal metaphor use.

2.1.4 Metaphor comprehension

There has been a debate about whether metaphor comprehension is a comparison
or a categorization process. Consider again the poem in Example (). According
to the comparison view (e.g., Ortony, 1979), when one processes the poem, one
searches for the shared properties and/or relational structures of the BEAUTY
domain and the FLOWER, such as being pleasing to the eye, and the possibility
of being fragile. Scholars advocating the categorization view (e.g., Glucksberg
and Keysar, 1990), however, would argue that the object, a flower, refers to a
super-ordinate category that both BEAUTY and FLOWER belong to.

The Career of Metaphor Theory (Bowdle and Gentner, 2005) suggests that
both comparison and categorization are possible paths of metaphor processing;
which path is chosen depends on an interaction between the conventionality of
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the metaphor and its linguistic realization. More specifically, novel metaphors are
processed through comparison; as a metaphor becomes conventionalized, people
tend to process it through categorization, which is less cognitively demanding
than a comparison process (Bowdle and Gentner, 2005).

An inevitable result of metaphor processing is the emergence of features not
inherent in the target or the source domain (Tourangeau and Rips, 1991). This
notion of emergent meaning corresponds to the connotations or inference of
metaphorical language in linguistics literature. Consider the difference in meaning
between attack one’s argument and criticize one’s argument. The first contains
far richer shades of meaning than the second. It might be possible to express a
similar meaning without using non-literal language, but the expression is unlikely
to be as concise as the use of a single word, attack.

2.1.5 Metaphor use in communication

The linguistic expression of emotional states often employs metaphor (Fainsilber
and Ortony, 1987; Fussell and Moss, 1998). As emotion is an abstract domain,
it goes with CMT and embodied cognition that we employ more concrete do-
mains, such as physical or bodily experience, to conceptualize it. Moreover, since
metaphor gives rise to emergent meaning, metaphorical language has a stronger
emotional effect than literal language, regardless of the source and target domains
involved (Blanchette et al., 2001; Crawford, 2009; Mohammad et al., 2016). For
instance, Citron and Goldberg (2014) found that metaphorical expressions in-
volving taste (e.g., She looked at him sweetly) would evoke a higher emotional
response than their literal counterparts (e.g., She looked at him kindly).

Metaphor has also proved to be an effective persuasive device (Sopory and
Dillard, 2002; van Stee, 2018). The persuasive power of metaphors is pronounced
in metaphoric framing effect. Since metaphors encourage a particular way to
conceptualize the target domain, repeated use of the same metaphors through-
out discourses in mass media tends to affect how the public perceives and reacts
to societal issues that belong to the target domain (Komatsubara, 2024; Lakoft,
1991; Lakoff and Wehling, 2012). For instance, participants in a series of stud-
ies (Thibodeau and Boroditsky, 2011, 2013) favored different social solutions to
crime after reading articles that associate CRIME with different source domains.
Moreover, while the participants could identify the implicitly advocated solutions
given a metaphor, they were unaware of the influence of the metaphors on their
own preference.

The Deliberate Metaphor Theory is an attempt to link metaphor use in com-
munication with the cognitive process of metaphor comprehension (Steen, 2008,
2017). The theory defines deliberate metaphor use as the intentional introduc-
tion of a topic shift or perspective change to the discourse. Deliberate metaphor
use is associated with online metaphor processing, the construction of concep-
tual metaphors during text comprehension (Steen, 2017). Examples of deliberate
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metaphors include conventional metaphors instantiated as copula metaphors and
all novel metaphors. A systematic procedure for the identification of potential
deliberate metaphors has also been proposed (Reijnierse et al., 2018).

2.2 Computational approaches to linguistic meta-
phors

2.2.1 Datasets

Metaphoricity annotation. Tsvetkov et al. (2014) released a dataset (hence-
forth: TSV) consisting of an equal number (884) of metaphorical and non-
metaphorical adjective-noun (AN) phrases collected from the web. The phrases
were stated to be verified by multiple annotators, but the criteria for metaphor
annotation were not provided.

The dataset released by Mohammad et al. (2016) (henceforth: MOH) consists
of 1639 (1230 literal and 409 metaphorical) sentences extracted from WordNet,
manifesting the use of 440 verbs. Metaphoricity annotation of the verb uses was
obtained through crowdsourcing. Note that the WordNet sentences are mainly in-
stances of conventional metaphor. The specified association between word senses
and metaphoricity makes it easier to determine the source and target domains
involved.

The Language Computer Corporation metaphor datasets (LCC; Mohler et al.,
2016) contain linguistic metaphors in four languages: English, Spanish, Russian,
and Farsi. The metaphors were extracted from web corpora and cover a small
set of target domains. Metaphoricity was annotated at sentence level; conceptual
metaphors and affect information was also specified.

VU Amsterdam Metaphor Corpus (VUA; Steen et al., 2010b) includes 115 text
fragments from the British National Corpus (BNC Consortium, 2007), spanning
four genres: academic, news, fiction, and conversation. The corpus was annotated
using MIPVU, which was developed by the same authors. Every single lexical
unit (~190,000 in total) was annotated in terms of whether it was an MRW,
including function words.

The TOEFL metaphor corpus (Beigman Klebanov et al., 2018) contains 240
argumentative essays sampled from the ETS Corpus of Non-Native Written En-
glish (Blanchard et al., 2014). The native language of the writers is either
Japanese, Italian, or Arabic. Metaphoricity was annotated at word level, fol-
lowing a protocol proposed by Beigman Klebanov and Flor (2013) for identifying
metaphors that help advancing an argument.

Metaphor paraphrase datasets. Mohammad et al. (2016) also obtained lit-
eral paraphrases of the sentences, in which the metaphorically used verbs are re-
placed by their synonyms (171 pairs of sentences in total), selected by the authors.
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Note that the literal paraphrases were considered to convey less emotion than the
original metaphorical sentences in their experiment. It is therefore questionable
to what extent the paraphrases capture the connotations of the metaphorical
sentences.

Bizzoni and Lappin (2018) built a metaphor paraphrase dataset (MPEC) con-
taining 200 sets of 5 sentences; 4 paraphrases at varying levels of aptness are pro-
vided for each metaphorical sentence. Apart from verbs, the dataset also includes
metaphorical uses of adjectives, copula metaphors, and multi-word metaphors.
The dataset takes into account the connotations of the metaphorical sentences to
some extent. For instance, candidate paraphrases for the copula metaphor My
job is a dream include [ love my job and I hate my job, which indicate opposite
sentiment poles. A metaphor processing system will need to infer the sentiment
to select the apt paraphrase.

Taking inspiration from the MPEC dataset, I proposed a method to con-
struct apt and inapt paraphrases systematically, which essentially treat metaphor
paraphrasing as a word sense disambiguation task (Tong, 2021). All candidate
paraphrases replace the indirect metaphor in a reference sentence with a single
word, and the replacement word corresponds to 1) the contextual meaning of the
metaphor (target domain), 2) the more basic meaning (source domain), and ) a
sense of the metaphorical word that is irrelevant to the metaphor. A selection
of the dataset became part of the metaphor-understanding benchmark task in
BIG-bench (Srivastava et al., 2023), together with MPEC. A major limitation of
this method, however, was that it was rather costly to scale up.

2.2.2 Metaphor identification
Neural architectures

Most neural models treat metaphor identification as a sequence labelling task,
outputting a sequence of metaphoricity labels for a sequence of input words (usu-
ally a sentence) (Bizzoni and Ghanimifard, 2018; Chen et al., 2020; Dankers et al.,
2019; Gao et al., 2018; Gong et al., 2020; Mao et al., 2019; Mykowiecka et al.,
2018; Pramanick et al., 2018; Su et al., 2020; Wu et al., 2018). The first se-
quence labelling systems typically represented an input sentence as a sequence
of pre-trained word embeddings and produced a task- and context-specific sen-
tence representation through bidirectional long short-term memory (BiLSTM)
(Dankers et al., 2019; Gao et al., 2018; Mykowiecka et al., 2018; Pramanick et al.,
2018). Bizzoni and Ghanimifard (2018) experimented with separating long sen-
tences into smaller chunks, which led to a 6% increase in F-score when using a
BiLSTM architecture. Their BiLSTM system outperformed their compositional
system, which employed a sequence of fully-connected neural networks (NNs) and
essentially performed bigram phrase composition to modulate the representation
of input words with respect to their neighbors. BiLSTM models also outperformed
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bidirectional gated recurrent unit (BiGRU) models in the study of Mykowiecka
et al. (2018). From Gao et al. (2018), the contextualized Embeddings from Lan-
guage Models (ELMo) (Peters et al., 2018) began to be used in addition to the
context-free Global Vectors (GloVe) (Pennington et al., 2014) for representing in-
put sentences (Dankers et al., 2019; Gao et al., 2018; Mao et al., 2019). The most
recent systems adopted a fine-tuning approach, employing pre-trained contextual
language models such as Bidirectional Encoder Representations from Transform-
ers (BERT) (Chen et al., 2020; Dankers et al., 2019) and RoBERTa (Gong et al.,
2020).

Several BiLSTM-based systems consider both contextualized and pre-trained
representations in the classification layers (Mao et al., 2019; Swarnkar and Singh,
2018). The Di-LSTM Contrast system (Swarnkar and Singh, 2018) encodes the
left- and right-side context of a target word using forward and backward LSTMs.
The classification is based on a concatenation of the target-word vector and its
difference with the encoded context. Mao et al. (2019) combined GloVe and
BiLSTM hidden states for sequence labelling, which outperformed the best model
in the 2018 VUA All POS track.

Wu et al. (2018) and Su et al. (2020) employed separate encoding of local and
long-range context. Wu et al. (2018) used a convolutional neural network (CNN)
and a BiLSTM to extract local and sentence context respectively. The DeepMet
architecture proposed by Su et al. (2020) uses separate Transformer encoder layers
to encode global and local text features for each word. The two systems achieved
the best performance on the VUA All POS tracks in their respective shared tasks
(Leong et al., 2018, 2020).

Modeling metaphor in discourse. Several approaches have also incorporated
wider discourse properties in their models. Mu et al. (2019) focused on the
metaphoricity of verbs. They used general-purpose word, sentence and document
embedding methods (e.g. GloVe, ELMo, doc2vec (Le and Mikolov, 2014), skip-
thought (Kiros et al., 2015)) to represent the surrounding paragraphs. Their
system feeds into a gradient boosting decision tree classifier (Chen and Guestrin,
2016) a concatenation of three feature vectors, representing 1) the lemma of the
target verb, 2) its subject and direct object, and 3) its surrounding paragraph.
All the representations are learned from embedding methods. Representing the
features with ELMo led to the highest F-score (0.668), using the VUA Verbs 2018
shared task data.

Dankers et al. (2020) fine-tuned a BERT model that receives a discourse frag-
ment as input. Using hierarchical attention (which computes both token- and
sentence-level attention) after the encoded layers achieved better performance
than applying general attention to all tokens. Both Dankers et al. (2020) and
Mu et al. (2019) thus demonstrated the importance of context beyond sentence
for word-level metaphor identification. Their qualitative analysis shows that co-
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reference resolution is one of the driving factors in the performance increase.

The above systems use discourse to aid in detecting linguistic metaphors whose
metaphoricity is otherwise ambiguous, but do not monitor whether a metaphor
is sustained throughout a fragment of discourse. Thus, they are unlikely to be
directly applicable to the identification of extended metaphors or metaphoric
frames.

Cognitively-inspired approaches

Categorial features Metaphor processing is concerned with how concepts are
organized in the brain/mind, and is closely related to categorization. It therefore
makes sense to employ categorial features for metaphor identification. Tekiroglu
et al. (2015) tested the use of sensorial categories (the five human senses) for iden-
tifying AN synaesthetic metaphors (e.g., sweet music, soft light). Using sensorial
categories in addition to WordNet supersenses, concreteness, and imageability led
to improved performance (accuracy 0.890 vs 0.845 on TSV). Mykowiecka et al.
(2018) used another general-purpose resource, the Harvard IV psychosocial dictio-
nary , which includes categories of emotions, people and animals, objects, places,
etc. However, it did not lead to consistent improvement in model performance.
Bulat et al. (2017) compared property-based and linguistic embeddings for input
word representation. They obtained property-based word embeddings by map-
ping linguistic word embeddings onto a conceptual space, using as training data
a frequency-based human property-norm dataset (McRae et al., 2005). Using
property-based word embeddings led to a 4% increase in F-score on TSV.

Sensory features An important function of conceptual metaphors, according
to CMT, is to use bodily experience to understand abstract concepts; concreteness
features have therefore also proved useful for automated metaphor identification
(Bizzoni and Ghanimifard, 2018; Turney et al., 2011). Shutova et al. (2016)
tested combination of visual and linguistic embeddings on MOH and TSV. The
multimodal system outperformed the monomodal systems in both tests. Gong
et al. (2020) also included both categorial and sensory features. In addition to
RoBERTza, the system employs concreteness features, topic distributions, Word-
Net classes, VerbNet classes, verb clusters, and part of speech (POS), which led
to improvements in performance on VUA All POS.

Word-context incongruity The neural model of Swarnkar and Singh (2018)
computes the difference between a target word and its context. This operation
can be associated with the comparison view of metaphor, including CMT, and is
reflected in MIPVU. Shutova et al. (2016) used cosine similarity between word or
phrase embeddings to predict the metaphoricity of verb-noun (VN) or AN pairs;

1
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a word pair is marked metaphorical if the cosine similarity is below a trained
threshold. The systems reached an F-score of 0.71 on MOH and 0.76 on TSV
using linguistic embeddings alone. Rei et al. (2017) proposed a supervised similar-
ity network, which learns to calculate weighted cosine similarity in a task-specific
vector space. This allows the model to learn which dimensions of similarity are
most relevant in particular metaphoric comparisons. The system outperformed
Shutova et al. (2016) without the use of visual representations. Mao et al. (2018)
dealt with word-level metaphor identification in sentences. Given a target word
in a sentence, the system searches WordNet for the synonym or direct hyper-
nym of the target word most similar to the context words. The target word
is metaphorically used if its cosine similarity with the selected word is below a

threshold.

Metaphor and emotion Motivated by the close relationship between meta-
phor use and the expression of emotions, Gargett and Barnden (2015) successfully
used emotion features, amongst others, for metaphor identification. Kozareva
(2013) and Strzalkowski et al. (2014) modeled the affect carried by metaphors in
texts in different languages. Most recently, Dankers et al. (2019) employed multi-
task learning (MTL) to train models of metaphor identification and emotion pre-
diction jointly. Models were based on BiLSTM and BERT, with a range of MTL
architectures. The emotion prediction task used the Valence-Arousal-Dominance
model (Mehrabian, 1996), and each of these was considered separately in a MTL
setup. The best performance was achieved with the BERT architecture. Dankers
et al. (2019) found that while predicting dominance was the most challenging
task on the emotion side, it also provided the greatest and most consistent im-
provements to metaphor identification, and vice versa.

2.2.3 Metaphor interpretation

Recent research on automated metaphor interpretation mainly followed Shutova
(2010) in treating the problem as a paraphrasing task. Su et al. (2017) proposed
a property transfer process for the interpretation of copula metaphors in Chi-
nese and English. Given a target-source pair, the system extracts source-domain
properties from hand-crafted databases™, represented as adjectives. It then se-
lects the property that contributes the most to the semantic relatedness of the
target-source pair. The resultant pair of target-domain word and property is
taken as interpretation of the copula metaphor. The metaphor LOVE IS TIDE, for
instance, was interpreted as The love is unstoppable. Su et al. (2017) thus took
into account the emergent meaning of metaphors. Note that the literal explana-
tions they obtained can be regarded as explanations of conceptual metaphors as

2For instance, the adjective taxonomy provided by Sardonicus:
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well.

The above-mentioned system of Mao et al. (2018) performs both metaphor
interpretation and identification: the synonym or hypernym of the metaphoric
target word that matches the context can be considered the literal counterpart of
the target word. The output interpretations were evaluated through a English-
Chinese machine translation task: words classified as metaphorically used were
paraphrased prior to translation. The system improved the accuracy of both
Google Translation (0.60 vs 0.34) and Bing Translation (0.66 vs 0.42) on the
metaphorical sentences in MOH. The experiment thus demonstrated the value of
metaphor interpretation for machine translation.

Bizzoni and Lappin (2018) presented a neural model that detects paraphrases
of sentences containing metaphor use. Given a metaphorical sentence and a can-
didate paraphrase, the system uses parallel CNN-LSTM blocks to encode the two
sentences separately. The sentence representations are then merged and passed
through fully-connected layers to produce a prediction. The system reached an
F-score of 0.746 in a binary classification task and a Pearson correlation of 0.553
in a paraphrase ordering task, on the authors’ own dataset.

2.3 Computational approaches to visual and mul-
timodal metaphors

2.3.1 Videos

Alnajjar et al. (2022) released a metaphor corpus containing 27 YouTube videos
(~4 hours long in total), with metaphoricity annotation on the texts. Words or
phrases involving metaphor use were highlighted and labelled as either vehicle
(the source domain) or tenor (the target domain). A total of 371 metaphori-
cal expressions were identified. The study found in the annotation process that
gestures in the videos could make certain metaphors more salient (e.g., accom-
panying the expression sprinkling keywords with a sprinkling gesture). However,
since the videos themselves are not annotated, the resulting corpus does not con-
tain information about how the metaphorical expressions in text are related to
other modes.

Alnajjar et al. (2022) adopted the DeepMet architecture proposed by Su et al.
(2020) for the metaphor detection task. The best performance (F1 0.62) was
achieved when the model was trained on VUA and later fined-tuned using their
own corpus. The authors also experimented with an audio model (Facebook’s
XLSR-Wav2Vec2 pretrained in multiple languages (Baevski et al., 2020; Conneau
et al., 2020)), a video model (18 layer deep R(2+1)D network (Tran et al., 2018)
pretrained on the Kinetics human action video dataset (Kay et al., 2017)), and
three mulimodal models that combined the text-only model with one or both of
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the other models. However, none of these architectures outperformed the text-
only model.

2.3.2 DMemes

Liu et al. (2022a) created the FigMemes dataset for figurative language classifica-
tion in politically-opinionated memes. A total of 5,141 memes were collected
from an online bulletin board’ and classified in terms of figurative language
use. Six categories of figurative language were identified: allusion, exaggera-
tion/hyperbole, irony/sarcasm, anthropomorphism/zoomorphism, metaphor /si-
mile, and contrast. Around 70% (3,600) of the memes were annotated as using
one of the 6 types of figurative language. Metaphor/simile was found to be the
most frequent (30%). The dataset was used to train and test text-only, image-
only, and multimodal models on a figurative language classification task. The
highest performance in identifying the use of metaphor/simile (F1 44.87) was
achieved by an image-only model that uses the CNN component of the Con-
trastive Language-Image Pre-Training (CLIP) model (Radford et al., 2021) with
linear probing (only the classification layer was trained). CLIP (the multimodal
version with the image and text representations concatenated for classification)
with full fine-tuning reached the highest F1 score (41.76) on identifying the use
of anthropomorphism /zoomorphism.

Xu et al. (2022) created the MET-Meme dataset, which contains 6,045 Chinese
and 4,000 English memes with metaphor, sentiment, intention, and offensiveness
annotations. Metaphor annotations include 1) whether or not the meme uses
metaphor; 2) whether the metaphor resides in the image, text, or both modes;
3) the name of the target/source domain and whether it is represented in the im-
age or text. Sentiment annotation involves 7 categories: happiness, love, anger,
sorrow, fear, hate, and surprise. Intention annotation considers 5 categories: in-
teractive, expressive, purely entertaining, offensive, and other. Offensiveness is
annotated on a scale from 0 (non-offensive) to 3 (very offensive). A total of 3,441
(34%) memes were annotated as metaphorical. The dataset was used to train and
test text-only, image-only, and multimodal models on metaphor understanding,
sentiment analysis, intention detection, and offensiveness detection. Multilin-
gual BERT" with VGG16 (Simonyan and Zisserman, 2015) for image processing
reached the highest F1 score (0.82) on understanding the metaphors in English
memes. Multilingual BERT with Resnet50 (He et al., 2016) reached the highest
F1 score (0.77) on understanding the metaphors in Chinese memes.

2.3.3 Visual advertisements

Akula et al. (2023) built a dataset of visual metaphors in advertisements, contain-
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ing bk samples that were identified as metaphorical and 6.5k distractors, which
comprise a balanced number of symbolic and non-symbolic samples. The ads were
obtained from an existing dataset of image and video ads (Hussain et al., 2017).
Each of the metaphor samples is also annotated with a one-sentence metaphor
interpretation statement in the form “<target> is as <property> as <source>",
as well as bounding boxes around representations of target- and source-domain
concepts in the images. Based on the dataset, the authors proposed MetaCLUE,
a set of computer vision tasks concerning visual metaphors: 1) classification
(whether a given image uses metaphor), 2) understanding (interpretation state-
ment), 3) localization (bounding boxes), and 4) generation (given an interpreta-
tion statement, generate a visual metaphor).

Akula et al. (2023) evaluated state-of-the-art models on MetaCLUE, includ-
ing EfficientNet (Tan and Le, 2019) and Vision Transformer (ViT; Dosovitskiy
et al., 2021) for task 1; CLIP, ALBEF (Li et al., 2021), and PaLI-17B (Chen
et al., 2023) for task 2; CLIP based phrase localization model (Li et al., 2022)
for task 3; Imagen (Saharia et al., 2022) and Stable Diffusion (Rombach et al.,
2021) for task 4. The experiments indicated that the tasks were challenging for
the models. For example, both fine-tuned EfficientNet and ViT models struggled
with differentiating metaphor samples from symbolic distractors (highest accu-
racy 0.67, achieved by ViT-B/16). Both CLIP and ALBEF models struggled in
metaphor understanding when asked to choose between the correct interpretation
statement and a distractor that swapped the target and the source domain (high-
est accuracy 0.50, achieved by ALBEF with Flickr30k image-encoder in zero-shot
setting).

2.4 Humor and metaphor

2.4.1 Humor theories

Humor theories are usually divided into 3 groups: incongruity theories, hostil-
ity /disparagement theories, and release theories (Attardo, 1994; Morreall, 1983;
Raskin, 1984). Incongruity theories of humor consider perceived incongruity
as the cause of laughter. Beattie (1779), who is among the first to explicitly
articulate this idea, wrote the following:

May we not then conclude, that “Laughter arises from the view of
two or more inconsistent, unsuitable, or incongruous parts or circum-
stances, considered as united in one complex object or assemblage, or
as acquiring a sort of mutual relations from the peculiar manner in
which the mind takes notice of them?”

Suls (1972) proposed a two-stage model for humor appreciation: perception of
incongruity and resolution of incongruity. Consider Example (7). The first sen-
tence introduces an incongruity: It is such a strange question. A guy who is really
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loud can be called any name. The answer “Mike” is a witty pun that resolves the
incongruity—a mike amplifies one’s voice, and Mike happens to be a name that is
usually given to boys. We use this model in Chapter © to understand the humor
in New Yorker cartoons.

(7)  What do you call a guy who's really loud? Mike.

Attardo (1994) argued that the incongruity view is essentialist, and there-
fore “not incompatible” with the other two groups of humor theories. Hos-
tility /disparagement theories regard humor in the context of social interac-
tion, positing that laughter expresses a sense of superiority over the object being
laughed at. Thomas Hobbes famously described the passion of laughter as “sudden
glory” as one recognizes one’s “eminency” compared to the “infirmity” of others
or one’s former self (quoted from Raskin, 1984). Hutcheson (1750) critiqued this
view by arguing that feelings of superiority are neither necessary nor sufficient for
laughter to arise. Release theories focus on the psychological effect of laughter.
In essence, these theories contend that humans are constantly under constraints
(e.g., social norms and expectations), and humor offers a way to release the ner-
vous energy that has built up over time. Advocates of this view of humor include
Spencer (1875) and Freud (1960). Modern empirical studies continue to investi-
gate the use of humor as a strategy to cope with stress or regulate emotions (e.g.,
Kugler and Kuhbandner, 2015; Kuiper et al., 2004; Mesmer-Magnus et al., 2012).

2.4.2 Humor styles

Martin et al. (2003) classified one’s use of humor along two axes: 1) whether
one’s use of humor serves to enhance oneself or one’s relationship with others,
and 2) whether one’s relationship with others or oneself is harmed in the process.
Four humor styles were thus identified: 1) Self-enhancing humor enhances
oneself without harming one’s relationship with others; 2) aggressive humor
enhances oneself at the expense of interpersonal relationships; 3) affiliative hu-
mor enhances one’s relationship with others while also being kind to oneself;
4) self-defeating humor enhances one’s relationship with others at the expense
of oneself.

Martin et al. (2003) also developed the Humor Styles Questionnaire (HSQ),
which has been widely used in the literature to assess one’s humor style. Kuiper
et al. (2004), for example, adopted HSQ along with two other self-report measures
(Coping Humor Scale (Martin, 1996); Humorous Behavior Deck-Revised (Kirsh
and Kuiper, 2003)) to study the relationship between one’s sense of humor and
psychological well-being (e.g., self-esteem, depression level). They found that
self-enhancing and affiliative humor were associated with better psychological
well-being as compared to self-defeating humor. Aggressive humor, on the other
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hand, was not related with psychological well-being. HSQ has also been used to
study cultural differences in the usage of humor (e.g., Chen and Martin, 2007
Hiranandani and Yue, 2014; Kalliny et al., 2006). Schermer et al. (2023) collected
HSQ responses from 28 countries and found affiliative humor to be the most
popular humor style across all countries.

2.4.3 Figurative humor

Humor has a close relationship with figurative language. Figurative language
is “omnipresent across humorous genres (Godioli and Chlopicki, 2024)”. Types
of figurative languages that are frequently used for humorous purposes include
metaphor, pun, hyperbole, irony, sarcasm. Visual metaphors are among the most
common humorous mechanisms in cartoons (Tsakona, 2009).

In the NLP community, the relationship between humor and metaphor use has
not received much attention. The FigMemes dataset and the MET-Meme dataset
provide metaphor annotation for memes, which can be humorous (Tanaka et al.,
2022), and both are included in a recent survey of computational modeling of
humor (Lemmens and De Marez, 2026). However, neither studies make an ex-
plicit connection between humor and metaphor use. The datasets do not contain
information about, for example, whether the identified metaphors are used for a
humorous purpose.






Chapter 3

The Metaphor Understanding Challenge
Dataset

3.1 Introduction

LLMs such as BERT (Devlin et al., 2019), GPT-3 (Brown et al., 2020), and
LLaMA (Touvron et al., 2023) have become a common paradigm in NLP re-
search. Several benchmarks have been proposed to investigate the capabilities of
LLMs (Hendrycks et al., 2021; Liang et al., 2022; Srivastava, 2022); and compre-
hensive analyses have been conducted, evaluating their performance on a range of
NLU tasks (Bang et al., 2023; Kocon et al., 2023; Qin et al., 2023; Ye et al., 2023,
Zhong et al.; 2023). The community has extensively examined LLM performance
on question answering, summarization, sentiment analysis, natural language infer-
ence; a few studies have also shed light on LLMs’ analogical reasoning capabilities
(Czinczoll et al., 2022; Webb et al., 2023). However, the ability of LLMs to com-
prehend metaphor—a fundamental linguistic and cognitive tool—is still poorly
understood.

Metaphors are linguistic expressions based on conceptual mappings between
a target and a source domain (Lakoff and Johnson, 1980b). The verb phrase to
stir excitement, for example, is based on the conceptual metaphor FEELING IS
LIQUID, with FEELING (excitement) being the target domain and LIQUID (some-
thing that can be stirred) the source domain. The metaphor compares FEELING
with LIQUID, introducing vividness into the description of an otherwise intangible
emotional impact. Such cross-domain mappings are sets of systematic ontological
correspondences, mapping concepts and their relational structure across distinct
domains. Performing this mapping is an essential part of reasoning involved in
the interpretation of metaphorical language (Gentner and Markman, 1997; Grady
et al., 1999; Lakoff, 2014).

Humans use metaphors so naturally and frequently that they largely fly under
our radar. In VUA (Steen et al., 2010b), one of the largest metaphor corpora
annotated by linguists, every 8th word is metaphorical, as averaged over four dif-
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() Mark’s promotions and progress No golden light «bathed= the red

up the company =ladders. brick of the house.
& hierarchy, payroll covered, enveloped, illuminated,
immersed, reached
@& V hierarchy, X steps v covered, X cleaned

Table 3.1: MUNCH dataset samples. FEach metaphor sample ((+)) has a
xhighlighted* word that is metaphorically used. The dataset provides up to 5
crowdsourced paraphrases (¢§)) for each metaphor sample: Substituting the high-
lighted word (e.g., “ladder”) with one of the provided words (e.g., “hierarchy” or
“payroll”) should result in an apt paraphrase. For a selection of metaphor sam-
ples, the dataset also provides expert annotation (&) of a pair of correct (v') and
incorrect (X) substitution words.

ferent genres, including academic and conversation. LLMs, therefore, require the
ability to comprehend metaphor in order to have a full command of language. As

such, metaphor understanding is an essential task for evaluating the capabilities
of LLMs.

Several corpora have been created that contain metaphor annotations at either
word or sentence level. These include the VUA corpus (Steen et al., 2010b), the
LCC metaphor datasets (Mohler et al., 2016) and the metaphor-emotion dataset
of Mohammad et al. (2016), among others. These datasets have been widely used
to develop and evaluate automated metaphor identification systems (see Tong
et al. (2021) for a survey), but they do not contain information of how the an-
notated metaphors are interpreted. On the other hand, several works developed
datasets with a focus on interpretation, typically casting the problem as a para-
phrasing task (Bizzoni and Lappin, 2018; Joseph et al., 2023; Shutova, 2010). Yet,
those datasets were often small in scale (containing 200-1000 instances) and were
not designed to test the reasoning process by which a metaphor is interpreted,
which remains an open question.

This study presents a novel Metaphor Understanding Challenge Dataset for
LLMs (MUNCH). It provides over 10k paraphrases for metaphorical sentences
and 1.5k triples of a metaphorical sentence and two candidate paraphrases, which
could be apt or inapt (for dataset examples see Table ; for statistics see
Appendix ). The metaphorical sentences were extracted from VUA texts,
spanning four genres (academic, news, fiction, and conversation) and featuring
metaphors at different levels of novelty. Each metaphorical sentence contains a
content word that is marked as metaphorically used. A candidate paraphrase
replaces the metaphorical word with another word, so that the resulting sentence
is the same as the reference sentence except for that one word, therefore repre-
senting a lexical substitution task. An apt paraphrase shows correct contextual
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“Mark’s promotions and Human:
progress up the company “hierarchy”; “payroll”
ladder.” LLaMA-13b:
Both ranked >10th
X A. “steps” LLaMA-30b:
B. “hierarchy” “hierarchy” ranked 5th
X C. BothAandB GPT-3.5:
X D. Neither AnorB “hierarchy” ranked 2nd

Paraphrase Judgemena Paraphrase GeneratiorD

Figure 3.1: Two tasks for MUNCH: Given a sentence containing a metaphorically
used word, a model is prompted to 1) select correct paraphrases from two given
candidates (Paraphrase Judgement), and 2) paraphrase the sentence by replacing
the highlighted metaphorically used word (Paraphrase Generation).

interpretation of the metaphor while an inapt paraphrase uses a word that is re-
lated to a literal, source domain sense of the metaphorical word (see the examples
of correct and incorrect substitution words in Table 7. 1). Such a setup of the task
is inspired by Conceptual Metaphor Theory (Lakoff and Johnson, 1980b) and al-
lows us to investigate whether the model performs full metaphor interpretation
by cross-domain mapping or rather resorts to more shallow lexical similarity. In
order to investigate this in a more controlled fashion, we opted for a lexical sub-
stitution task. Specifically, we test whether the model consistently chooses the
correct target domain paraphrase (therefore, fully interpreting the metaphor) or
rather bases its decisions on lexical similarity and chooses the inapt paraphrase
that is similar in meaning to the literal use of the metaphorical word.

We set up a fill-in-the-blank task to crowdsource apt paraphrases, and manu-
ally selected the best paraphrases using expert knowledge. We also manually
created inapt paraphrases from WordNet synsets, so that the apt and inapt
paraphrases reflect the target and source domains of the metaphors respectively.
Specifically, the inapt paraphrases are synonyms or hypernyms associated with
the word’s literal use (the source domain).

Using this dataset, we tested the metaphor understanding capabilities of
LLaMA-13B, 30B, and GPT-3.5 zero-shot in two tasks: paraphrase judgement
and paraphrase generation, as illustrated in Figure & 1. Our results show that
both tasks are challenging for the models. In particular, the models are prone to
confuse the target and source domains of the metaphors, as they often fail to dis-
tinguish the inapt paraphrases from the apt paraphrases or reference sentences.
Our experiments also reveal that LLMs’ metaphor understanding capabilities are
associated with genre, metaphor novelty, and POS of the metaphorical word. The
MUNCH tasks thus allow us to gain insight into how LLMs process metaphors
as well as how this remarkable ability can be improved in the future.
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3.2 Related work

Steen et al. (2010b) created the VUA corpus, which marks out MRWs (Sec-
tion ) in a 4-million-word subset of the British National Corpus. It has been
widely used in studies on automated metaphor detection (Choi et al., 2021; Leong
et al., 2018, 2020; Li et al., 2023; Zhang and Liu, 2022). However, the corpus does
not specify the conceptual metaphors indicated by the MRWs or provide anno-
tation for interpreting the metaphors. The corpus is not directly applicable to
automated metaphor interpretation.

Shutova (2010) defined automated metaphor interpretation as a paraphrasing
task: Given a metaphorical expression where a word is marked as metaphorically
used, the model should replace this word with another word to render a literal
paraphrase of the expression. For example, the verb phrase stir excitement, where
stir is used metaphorically, should be paraphrased as provoke excitement.

Bizzoni and Lappin (2018) created a Metaphor Paraphrase Evaluation Cor-
pus (MPEC), which provides correct and incorrect paraphrases for ~200 short
sentences containing metaphor use; paraphrases could greatly differ from the ref-
erence sentences. Joseph et al. (2023) created the NewsMet dataset, which con-
sists of 1k verbal metaphors in news headlines as well as their literal equivalents;
incorrect paraphrases are not provided.

Several recent studies approached metaphor understanding as an inference
task. The IMPLI dataset (Stowe et al., 2022) includes entailed and non-entailed
sentences for ~900 metaphorical sentences. The FLUTE dataset (Chakrabarty
et al., 2022b) provides entailment and contradiction pairs for 1500 metaphorical
sentences (including 750 similes). Fine-tuned transformer-based models reached
> 0.8 accuracies in these 2 studies in predicting the class of a given sentence pair.

Recent studies also employed multiple-choice and generative tasks to assess
LLMs’ ability to reason with metaphorical language. The MiQA benchmark
(Comsa et al., 2022) uses such tasks to test whether models can distinguish
metaphorical and literal uses of the same words; 150 conventional metaphors
are involved. The Fig-QA task (Liu et al., 2022b) includes 10k similes (a type of
direct metaphor) and requires models to distinguish a pair of metaphors of oppo-
site meanings. Chakrabarty et al. (2022a) examined LLMs’ figurative language
understanding by asking them to generate text after encountering an idiom or
simile.

The MUNCH dataset provides 3k samples of indirect metaphors, 10k correct
paraphrases, and 1.5k incorrect paraphrases. It is therefore one of the largest
datasets for paraphrasing of indirect metaphors. The candidate paraphrases are
also systematically different from the ones in previous datasets, as we tailored the
dataset for testing LLLMs’” understanding of metaphors as cross-domain mappings
and correctly capturing the underlying relational structures. We summarize dif-
ferences between MUNCH and previous datasets and provide more details for the
latter in Appendix
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3.3 Data collection: metaphor samples

The metaphor samples in our dataset were selected from the VUA corpus. Each
metaphor sample is a sentence containing a highlighted MRW, the metaphori-
cal word to be interpreted; a paraphrase uses a single word to substitute the
metaphorical word. We use two criteria for selecting metaphorical sentences:
novelty of the metaphor and possibility of single-word substitution. We explicate
our selection process below.

The novelty criterion. We employed novelty scores from Do Dinh et al. (2018)
to increase the proportion of novel metaphors in our dataset. Scores range from -1
to 1. VUA contains a large proportion of conventional metaphors: The metaphor-
ical use of the word can be found in a dictionary of contemporary language
use (Steen et al., 2010a). As LLMs might have encountered enough data for
such conventional metaphor uses during pre-training, the understanding of such
metaphors should be relatively easy. To render a more challenging dataset, we
excluded MRWs with novelty scores below -0.3. Metaphors with a novelty score
higher than -0.3 could still be conventional: The crowd workers who provided the
novelty annotations in Do Dinh et al. (2018) relied on their intuition instead of a
dictionary like Steen et al. (2010a). And metaphorical uses included in dictionar-
ies may still be considered novel by lay people. We chose -0.3 as the threshold in
order to collect a large and diverse dataset as a starting point.

The single-word criterion. To ensure that the metaphorical sentences can be
paraphrased via single-word substitution, we excluded MRWs that are marked as
direct metaphors, as well as a portion of indirect metaphors. Directly used MRWs
usually occur in a sequence, such as I knew the pathway like the back of my hand.
They are thus not suitable for single-word substitution. Also, the direct metaphor
back of my hand refers literally to the back of the speaker’s hand—its contextual
meaning is directly associated with the source domain. This is contrary to our
task setup, where apt paraphrases (contextual meaning) should be associated
with target domains. We therefore opted to focus on indirect metaphors in this
study.

Within the category of indirect metaphors, we filtered out new-formations,
consecutive MRWs, and proper names. New-formations are words that do not
have an entry in dictionary, so VUA annotated the parts that do have corre-
sponding entries. For example, in the phrase a rose-tinted vision of the world,
the word rose-tinted was a new-formation. Consequently, rose and tinted are
marked as separate MRWs in VUA and received their separate novelty scores
in the study of Do Dinh et al. (2018). We filtered these out because a single
metaphorical word should have a single novelty score (rose-tinted has two), yet
it is hard to paraphrase rose or tinted instead of rose-tinted altogether.
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Likewise, we excluded cases where multiple content words marked as indirect
metaphors occur consecutively, such as take place, long road home, great leap
forward. These often involve fixed expressions or phrases that either should be
replaced as a whole or should not be marked as consecutive indirect metaphors.
We also excluded metaphorical words that are part of a proper name, which, like
fixed expressions, need to be treated as a whole. For example, the proper name
Nord Stream would lose its meaning if one changed the metaphorical word stream
into another word.

3.4 Annotation of apt paraphrases

Crowdsourcing task. We constructed a fill-in-the-blank task to crowdsource
(apt) paraphrases for the metaphorical sentences. Each task included 30 sentences
to be paraphrased, so that the task can be finished within 30 minutes. Under
each sentence, the workers were presented with a copy of the sentence where the
metaphorical word is replaced with a blank; they were asked to fill the blank with
a single word so that the new sentence is a semantically and grammatically apt
paraphrase of the reference sentence. If they were not able to paraphrase the
sentence, they were asked to explain why it was difficult. Examples of good and
bad answers were provided in the instructions (see Appendix \ .2).

The workers were recruited via . We set prescreening criteria to only
include adult (age > 18) native English speakers who were living in an English-
speaking country and did not have any language-related disorders. The workers
were asked to confirm within the task that they met these criteria. After giving
consent to participate and reading the instructions, they were also required to
correctly paraphrase a trial sentence in order to access the task. More details
(worker’s consent, the trial sentence) are given in Appendix

We released 99 tasks in total and collected 5 data points for each of the 2970
reference sentences. We received single-word substitutions for 2953 sentences
(the other 17 are presented and explained in Appendix ), and 61% of them
got repeated answers—multiple workers submit the same paraphrase despite the
question being open-ended. This confirms the reliability of our task.

Expert validation. For a selection of the reference sentences for which we
later annotated inapt paraphrases (Section .0), we further validated the crowd-
sourced paraphrases to determine the best paraphrase for creating the triples (one
metaphor sample, two candidate paraphrases).

We used both majority vote and expert knowledge to find one best para-
phrase for each reference sentence. First, we ranked the single-word substitutions
collected for each reference sentence in order of popularity (i.e., how many par-
ticipants proposed each substitution). We then went through the list and verified
each option in terms of whether it would result in an apt paraphrase of the ref-
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erence sentence. Among the verified paraphrases, we selected the one that was
proposed by the largest number of participants as the best paraphrase for that
reference sentence.

When multiple apt paraphrases have the same number of votes, we chose
the one that is clearly within the target domain—that is, the paraphrase clearly
shows that the metaphorical word is interpreted in its contextual sense. For
instance, we received 5 different single-word substitutions for the metaphorical
word attack in Sentence (1). These are remarks, views, offense, incursion, and
disagreement, each proposed by a single participant. All of them can be considered
apt paraphrases. We chose remarks because it clearly shows the metaphorical
word attack is interpreted in the ARGUMENT domain. The meaning of offense
and disagreement are more abstract and could involve other conceptual domains;
the paraphrases that replace attack with views and incursion respectively are
still metaphorical, as view can be associated with VISION and incursion, like the
metaphorical word itself, is still in the domain of BATTLE. These four are thus
less preferable with regard to the purpose of our dataset.

(1)  They have also aroused Protestant anger against Dr Runcie, at the same
time as he has become involved in a row over his attack on the “Pharisees”
of British society. (VUA)

While we managed to find one best paraphrase for most reference sentences,
there are 45 for which we selected two paraphrases as the best, as the two received
the same votes and are equally apt. There are also 11 sentences for which no
paraphrase was selected. These are cases where the given context is insufficient
for determining the contextual meaning of the metaphorical word.

3.5 Annotation of inapt paraphrases

Tong (2021) shows that incorrect paraphrases based on the basic sense of the
metaphorical word are the least distinguishable from correct ones (i.e., para-
phrases based on the contextual sense) with respect to aptness. To render truly
challenging inapt paraphrases for our task, we therefore created inapt paraphrases
exclusively from basic senses.

We employed WordNet for identifying basic senses and obtaining sense-specific
synonyms, following the annotation guidelines presented in Appendix . For
each metaphorical word, we first locate the WordNet synsets that correspond to
its more basic meaning (relative to its contextual meaning in the reference sen-
tence). Then we go through the synonyms (or hypernyms when no synonyms are
provided) under the basic-sense synsets and select those that are clearly associ-
ated with the metaphor’s source domain and would render a grammatical (but
inapt) paraphrase.

We went through all 2970 sentences released for the crowdsourcing task and
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ACPROSE NEWS FICTION CONVRSN TOTAL

1061 922 593 377 2953
N 50%  38% 35% 25% 40%
\Y 35%  42% 39% 51% 40%
A 15%  20% 26% 24% 20%

Table 3.2: Number of metaphor samples per genre (academic, news, fiction, con-
versation), and the percentage of sentences where the metaphorical word is a
noun (N), a verb (V), or either an adjective or an adverb (A).

genre
1 NEWS
ACPROSE
14 FICTION
0.5 4 - 1 CONVRSN

0.0 0.0 T
-0.2 0.0 0.2 0.4 0.6 -0.2 0.0 0.2 0.4 0.6

novelty_score novelty_score

Figure 3.2: Novelty distribution of the metaphor samples, across all genres (left)
and in different genres (right). The novelty scores are extracted from Do Dinh
et al. (2018).

found inapt paraphrases for 991 of them. After removing items lacking apt para-
phrases (either because no single-word substitutions were crowdsourced or be-
cause none of the collected ones are of sufficient quality), we created 1492 triples
for 728 metaphorical sentences, including 1072 triples with an apt and an inapt
paraphrase, 375 triples with two inapt paraphrases, and 45 with two apt para-
phrases.

Inter-annotator agreement. From the 991 sentences for which inapt para-
phrases were identified, we randomly selected 200 to be annotated by a second
annotator. The annotator was a PhD candidate in linguistics specializing in
metaphor research. We explained the annotation process to the second annota-
tor through a meeting and the guidelines in Appendix . The Gwet’s gamma
coefficient for the agreement between the two expert annotators is 0.84.
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pair
target-apt
0.8 1 target-inapt
apt-inapt
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similarity score
Figure 3.3: Distribution of the cosine similarity between target-apt, target-inapt,
and apt-inapt pairs.

3.6 Data analysis

The dataset contains approximately the same number of samples from academic
and news genres, and fewer samples from fiction and conversation, as shown in
Table 2.2, These metaphor samples cover metaphorical use of content words in all
four parts of speech. Noun and verb MRWs are of a higher proportion compared
to adjectives and adverbs. In news and fiction, these two categories have similar
percentages. The academic genre contains more noun MRWs than verbs whereas
in conversation the situation is reversed: Half of the metaphorical words are verbs,
while the percentage of nouns is similar to that of adjectives and adverbs.

As we excluded MRWs of novelty scores lower than -0.3, the metaphor sam-
ples exhibit a wider range of novelty scores above 0 than below 0 (Figure 7.2).
Meanwhile, a large proportion of the metaphor samples could be considered only
slightly novel or conventional (novelty scores between -0.3 and 0.3). Metaphor
samples of the highest novelty scores can be from any of the four genres. Despite
their different proportion in the entire dataset (Table 3.2), all four genres include
metaphor samples across all levels of perceived novelty.

We also examined the cosine similarity between the metaphorical words and
apt and inapt substitutions. Since the inapt paraphrases were based on the more
basic meaning of the MRWs (Section .7), we expected inapt substitution words
to be more similar to the metaphorical words than apt substitution words. We
computed the cosine similarity scores using glove-wiki-gigaword-300 embed-
dings (Pennington et al., 2014), accessed through the gensim Python library.
Figure shows the distribution of cosine similarity scores for 1006 triples, ex-
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gelect words that can replace the highlighted word in the given\
sentence without altering the sentence's meaning.

Sentence: ... *extending* the Government's borrowing power ...
Option A: increasing

Option B: exserting

Option C: Both Option A and Option B

Option D: Neither Option A nor Option B

@rrect answer: Option /

Figure 3.4: Example prompt for the Word-judgement task (the Implicit condi-
tion). The given sentence is shortened for illustration.

cluding the ones containing out-of-vocabulary words. Surprisingly, the target-apt
pairs tend to have higher cosine similarity scores than the target-inapt pairs. The
plot suggests that the 3 pairs are distinguishable in terms of cosine similarity
scores, with target-apt pairs being the most similar, and apt-inapt the least simi-
lar. This might be associated with the fact that our metaphorical sentences were
sampled from VUA, which, being representative of metaphor use in natural dis-
course, includes a large percentage of conventional metaphors. Nonetheless, the
majority of the cosine similarity scores are above 0, and the 3 pairs still share a
wide range of similarity scores. The distribution plot is therefore also suggestive
of the reliability of our dataset, as well as its potential challenge for LLMs.

3.7 Model evaluation

We evaluated LLaMA-13B, LLaMA-30B, and GPT-3.5 (text-davinci-003) on
two tasks: (Task 1) paraphrase judgement, which requires a model to select
correct paraphrases for a given reference sentence from given candidates; and
(Task 2) paraphrase generation, which asks a model to generate correct para-
phrases for a given reference sentence. The paraphrase judgement task used the
1492 triples that include inapt paraphrases; the generation task used all 2953
metaphorical sentences. Details regarding computational budget is given in Ap-
pendix

3.7.1 Paraphrase judgement

We evaluate the LLMs in a prompting setup. We test the models’ ability to
interpret metaphor under different conditions. In the first scenario, we prompt
the model by providing the reference sentence with the metaphorical word high-
lighted and two candidate replacement words for it ( Word-judgement). In the
second scenario, each of the candidate replacement words is embedded in the sen-
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LLaMA-13B LLaMA-30B GPT-3.5

Word-judge

Implicit 0.28 (0.18) 0.21 (0.10) 0.23 (0.10)

M-Sent 0.30 (0.16) 0.19 (0.09) 0.20 (0.10)

M-Word 0.33 (0.18) 0.21 (0.08) 0.20 (0.08)

Sent-judge

Implicit 0.13 (0.06) 0.14 (0.03) 0.17 (0.07)

M-Sent 0.12 (0.07) 0.17 (0.03) 0.16 (0.06)

M-Word 0.10 (0.08) 0.27 (0.05) 0.21 (0.02)

Table 3.3: Mean (SD) accuracies across 3 prompts for each paraphrase judgement
condition.

tence (Sentence-judgement). In both cases the model needs to solve a multiple
choice task. Besides providing the apt and inapt paraphrases (Options A and B)
as answer options, we also complement them with Option C, that both candi-
dates are correct, and Option D, that neither are correct. See Figure for an
example. We expect Word-judgement to be more challenging, as the model would
need an additional inference step compared to sentence judgement, to replace the
metaphorical word with the two given options and (implicitly) form the intended
paraphrases.

For both Word-judgement and Sentence-judgement setups, we further inves-
tigate whether it makes a difference if the model is explicitly “told” that the task
is to paraphrase a metaphor or not. This results in three further conditions: Im-
plicit (not mentioning metaphor in the prompt), Metaphor-Sent (revealing that
the reference sentence contains a metaphor), and Metaphor-Word (revealing that
the specific highlighted word in the sentence is metaphorically used). The Implicit
condition corresponds best to the real-life application of LLMs, where the model
needs to be able to interpret metaphors without being instructed that metaphors
are there.

We tested LLaMA-13B and 30B, and GPT-3.5 in each of the 6 conditions,
using 3 prompts for each condition (the prompts are listed in Appendix ).
Table shows the mean accuracy and standard deviation for each model in
each condition. The random baseline achieves an accuracy of 0.25, as there is
always only one correct option out of the given four. The performance of all three
models was below the random baseline in most cases, except for LLaMA-13B in
the Word-judgement tasks and LLaMA-30B in the Metaphor-Word condition of
the Sentence-judgement task. Meanwhile, the accuracy of LLaMA-13B varied a
great deal across different prompts in the Word-judgement tasks.

The Sentence-judgement task seems to be more challenging than Word-judge-
ment for the models. For LLaMA-30B and GPT-3.5, the task was particularly
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Use a single word to replace the highlighted word in the given sentence,
so that the new sentence and the given sentence mean the same thing.
Sentence: 'You must stop visiting him,' Madame said *firmly*.

New sentence: 'You must stop visiting him,' Madame said * *.

lStep 1: query a single token

sternly —>» Rank 2

- strongly 1.res
2. st
-solidly e 3.em Step 2: complete likely answers
match 4 strong
- sternly 5. author
strongly ~—>» Rank 4
HUMAN GPT-3.5

Figure 3.5: Procedure of the paraphrase generation task, using GPT-3.5 prompt
and outputs as example. We first ask the model to generate a single token to
get a glimpse of its top 5 answers. For each token that matches the beginning
of a human answer, we let the model complete it to see whether it is a complete
match.

difficult when they were not instructed to focus on the metaphorical word, and
were not informed that the word is metaphorically used (the Metaphor- Word con-
dition). For LLaMA-13B, all three Sentence-judgement conditions are similarly
difficult. However, its higher accuracies in the Word-judgement tasks also indicate
the benefit of instructing the model to focus on the metaphorical word.

3.7.2 Paraphrase generation

The purpose of this task is to compare model and human performance in para-
phrasing metaphorically used words. The prompts were thus designed to be
semantically close to the instructions in our crowdsourcing task (Section . 1).
The model answers were generated in two steps (see Figure 7.0). We first let the
models generate a single token—this allowed us to access the models’ ranking of
all tokens in their vocabulary. Of these, we selected the ones that match human
annotations and let the models complete them into words. The completions were
then compared with human annotations to determine the rank of each expected
answer.

We tested the models on 3 prompts (see Appendix /1) and their mean per-
formance in terms of mean reciprocal rank (MRR), recall at top 5 paraphrases
and recall at top 10 paraphrases is shown in Table = |. GPT-3.5 performed best
and LLaMA-30B came second. The models’ performance was also more stable
across different prompts as compared to the paraphrase judgement task. Nonethe-
less, all three models clearly preferred different answers as compared to human
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MRR Recall@5 Recall@10

LLaMA-13B  0.33 (0.02) 0.22 (0.02)  0.33 (0.02)
LLaMA-30B  0.47 (0.03) 0.28 (0.02)  0.40 (0.03)
GPT-3.5 0.54 (0.02) 0.32 (0.01) N/A

Table 3.4: Mean (SD) performance across 3 prompts in the paraphrase generation
task. Recall@10 does not apply to GPT-3.5 as the OpenAl API only allows access
to the top-5 answers.

annotators.

3.8 Discussion

Paraphrase judgement. We looked into the type of errors the models made
in paraphrase judgement. The number of each combination of expected and
predicted answers for each model is in Figure 3.0. We found that LLaMA-30B
and GPT-3.5 could ignore the semantic differences between a given sentence and
an inapt paraphrase, as they tend to predict both candidates as correct when
presented with one or more inapt paraphrases. LLaMA-13B, on the other hand,
tends to assume that the two given candidates always contain one apt and one
inapt paraphrase. Nonetheless, it did not seem capable of distinguishing the two,
as it made a similar number of Option A and Option B predictions.

Paraphrase generation. We examined the top-ranked answers of the models
and found 4 categories that the “incorrect” or unexpected answers could fall into.
1) Nonsensical: For the sentence K

13

...for this number line I would say ...”,
GPT-3.5 gives thus as the best substitution word, ignoring the meaning of line,
whereas LLaMA-13B repeats number. 2) Lack of contextual understanding:
In “...he touched both sides of the coin ...”, GPT-3.5 replaces the word sides
with facets, suggesting that it neglects details of the meaning of the sentence (that
a coin only has 2 sides). 3) Ungrammatical: On the other hand, the model
may have understood the metaphor, but fails to convert its understanding into
a suitable substitution word. In “...they all shared the emphasis on ‘her’ ...”,
LLaMA-30B suggests concurred as the best answer, implying that the meaning
of shared is understood, but that grammatical agreement has been sacrificed. 4)
Preference: Finally, the disagreement between the models and human anno-
tators may simply be a matter of preference. For “For a man whom Rebecca
West . ..called ‘repulsive’ and ‘treacherous’ ...”, crowd workers provide 4 possi-
ble answers: revolting, disqusting, awful, and grotesque. Both LLaMA-30B and
GPT-3.5 give odious as the best answer. Here, both the human annotators and
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Figure 3.6: Number of each combination of correct answer and model prediction.
The counts are based on the predictions of the models when they reach their
respective highest accuracy in our experiments.

the models understand and can paraphrase the sentence, and it is hard to say
whose answer is best.

Factors associated with model performance. We also examined the asso-
ciation between model performance and 3 factors: genre, metaphor novelty, and
the POS of the metaphorical word. The details are available in Appendix

We found metaphors of higher novelty scores to be more difficult for LLaMA-30B
in paraphrase judgement, and for GPT-3.5 in paraphrase generation. The asso-
ciation between genre or POS and model performance tends to differ per model
and task. The fiction genre, for example, is the easiest for the LLaMA models in
paraphrase generation; yet it is the most difficult for GPT-3.5 in the generation
task and for LLaMA-30B in the judgement task. Similarly, noun metaphors are
the easiest for LLaMA-30B in the generation task and for GPT-3.5 in the judge-
ment task. Meanwhile for GPT-3.5 in the generation task, adverb metaphors
become the easiest.

To sum up, the results of the two paraphrase tasks indicate that the LLMs
are unable to (fully) understand some of the metaphors in our dataset. The
paraphrase judgement task further reveals that the models have difficulty dis-
tinguishing the metaphors’ source domains (implied by the inapt paraphrases)
and target domains (implied by the reference sentences and apt paraphrases).
This further suggests that the models are unlikely to perform reasoning across
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semantic domains; when they succeed in understanding the metaphor, they may
still reason in ways that are different from humans. This means that for down-
stream NLP tasks such as opinion mining, bias detection, humour detection, and
intent recognition, the LLMs could overlook the entailment of a metaphor. In
machine translation as well as summarization of highly figurative or poetic texts,
the problems may manifest as incorrect or peculiar explanation of metaphors.

A direction for improvement is to mark out metaphor uses in texts and direct
the model’s attention to them: In the paraphrase judgement task, the mod-
els reach higher accuracies when the metaphorical word is marked out (in the
Word-judgement task or in a Metaphor-Word condition). However, since the
models generally performed poorly in the experiments, the LLMs may need to be
fine-tuned in order to better understand metaphors. When fine-tuning, one can
consider increasing the proportion of certain metaphor types in training data, as
genre, metaphor novelty, and POS of the metaphorical word are all associated
with model performance. Future studies could first employ MUNCH to detect
the weak points of an LLM and then curate training data accordingly.

3.9 Conclusion

We release a dataset of manually created apt and inapt paraphrases for metaphor-
ical sentences and present two metaphor understanding tasks, which we demon-
strate to be challenging for current LLMs. The errors the models make in the
paraphrase generation task indicate various levels of misunderstanding of the
metaphors. In the paraphrase judgement task, the models’ accuracy was lower
than the random baseline in the majority of the cases; a closer look at their er-
rors reveals that the models had difficulty in detecting the inaptness of the inapt
paraphrases. The experiments also show that the models performed better when
being instructed to focus on the metaphorical word, and that genre and the POS
and novelty of the metaphorical word are all potential factors that affect model
performance.

3.10 Limitations

We designed the metaphor understanding tasks to be representative of a lexi-
cal substitution task: The metaphorical word is the only difference between a
reference sentence and a candidate paraphrase. This setup makes it possible to
examine whether LLMs indeed perform metaphor interpretation or resort to lexi-
cal similarity when they encounter metaphorically used words. At the same time,
however, it also means that the models’ understanding of multi-word metaphors
and direct metaphors (e.g., similes) could not be tested using our dataset.

We tested the latest and state-of-the-art LLMs available at the time that our
study was ongoing, but newer LLMs such as GPT-4 and Llama 2 emerged shortly
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after the completion of our study. We suggest running a data contamination test
before evaluating newer LLMs using our dataset.

This study reveals that LLMs have difficulty distinguishing the target and
source domains of linguistic metaphors. A more extensive analysis is desirable
to uncover more differences between LLMs and humans in terms of metaphor
interpretation.

3.11 Ethics statement

The metaphor resources used in this study are publicly available. The crowd-
sourcing task was approved by an ethics committee. The crowd workers received
fair payment (9 GBP per hour), and no personal information was collected or
stored in our database.

The metaphor samples in our dataset come from excerpts of natural discourse.
They may therefore involve bias, taboo, violence, or other aspects of everyday
language use that could be considered negative (we also pointed this out to the
crowd workers before they gave their consent to participate, as presented in Ap-
pendix ). Nonetheless, these are integral parts of language use, and should be
properly understood by NLP systems, which is precisely what this study aims at.
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Chapter 4

A framework for annotating and modeling
intentions behind metaphor use

4.1 Introduction

The meaning of a metaphorical word always has to be considered within the
context. Similarly, adequate understanding of metaphor use always has to take
into account what the metaphor is used for. The literature relating metaphor
and intention is rich but generally fragmented. With some exceptions (Roberts
and Kreuz, 1994), metaphor scholars tend to focus only on isolated intentions.
Hence, there is still a lack of a systematic and comprehensive account of intentions
behind metaphor use and an operationalized framework enabling annotation of
such intentions in linguistic data.

In this chapter, we fill in this gap by systematizing the existing literature
on metaphor and intention, and proposing a first-of-a-kind unified taxonomy of
intentions behind metaphor use. We further propose an annotation procedure
and release a first dataset annotated for intentions behind metaphor use. We
show that the proposed taxonomy is thus suitable for annotating metaphors in
unrestricted text. We make our dataset publicly available.

Using our dataset, we tested GPT-4 Turbo and two Llama2-Chat models (the
13B and 70B versions) on their ability to infer the intentions behind metaphor
use. The task required the models to select one category from the taxonomy
for a given metaphorical expression in a sentence. The best-performing model,
GPT-4, reached an average accuracy of 43.30% in the zero-shot setting and a
slightly higher accuracy of 45.09% in the five-shot setting, demonstrating that
inferring the intentions behind metaphor use is a challenging task for state-of-
the-art LLMs.

I co-developed the taxonomy, co-annotated the dataset, and conducted the
computational experiments and error analysis independently.

1
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4.2 Related work

Conceptual and deliberate metaphor. In a seminal paper, Ortony empha-
sized the necessary role of metaphor in everyday language (Ortony, 1975). Propo-
nents of CMT reinforced this idea, highlighting that our own conceptual system
is, at least partly, metaphorically structured (Lakoff and Johnson, 1980b). Ab-
stract concepts, e.g., emotions like love, are understood through various kinds of
conceptual metaphors.

While CMT revealed the pervasive nature of metaphor in human cognition,
several authors emphasized the importance of communicative aspects in the anal-
ysis of metaphors. In particular, Steen (2008) stressed the significance of discern-
ing deliberate metaphors from non-deliberate ones. Deliberate Metaphor Theory
(DMT) departs from CMT by recognizing that only metaphors intentionally used
as metaphors involve online cross-domain mappings (Steen, 2023, 2017), and
non-deliberate metaphors can be processed differently—by lexical disambigua-
tion. DMT faced criticisms, however. For instance, Gibbs (2011) highlighted the
difficulty of identifying deliberate metaphors without specific linguistic markers
and the unreliability of producers’ conscious judgments on their own intentions.
In order to address these challenges, advocates of DMT developed the Deliberate
Metaphor Identification Procedure (DMIP) and clarified the distinction between
deliberate and conscious use of metaphors (Reijnierse et al., 2018; Steen, 2014).

Intentions in language use. The notion of communicative intention (CI)
holds a central position in pragmatics. CI is the speaker’s intention to convey non-
natural meaning through their utterances (Grice, 1957). Subsequent research has
shown that one can distinguish among different intentions, varying in nature—
prior intention vs intention in action (Searle, 1983), temporal aspect—proximal
vs prospective (Haugh and Jaszczolt, 2012), and social dimension—individual vs
social (Ciaramidaro et al., 2007).

As stressed by Gibbs (1999), conceiving of intentions as individual mental
states makes them opaque since agents are not always aware of the causes of their
behavior. Intentions should be viewed as social judgments instead. Inspired by
the philosophy of action proposed by Anscombe (1957), we conceive intentions
here as features attributed to linguistic acts. More specifically, intentions are
those reasons that speakers may provide once asked why they resorted to certain
metaphors. They serve as interpretive tools for understanding human behavior
broadly, and linguistic behavior in particular.

Intentions and metaphor. Although there is not a common notion of inten-
tion shared among all metaphor scholars, in the literature intentions are typically
formalized as prior intentions, i.e., as representations in the speaker’s mind of
their goals. Roberts and Kreuz (1994) build a first taxonomy of intentions for
various forms of figurative language, including metaphor. This taxonomy was
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developed through experiments where participants were asked to provide reasons
for using each figure of speech. We believe that this study has some limitations.
Around 20 participants were asked to provide intentions only for 10 metaphors
each, and there is no information on the typological variation of the selected
items . In contrast, we propose a metaphor-specific taxonomy that draws on a
larger and more varied set of linguistic data.

Previous work has partially explored the relation between metaphor and indi-
vidual intentions. Researchers have observed how metaphors can convey emotions
(Fainsilber and Ortony, 1987; Fussell and Moss, 2014), persuade (Sopory and
Dillard, 2002; van Stee, 2018), contribute to argumentation (van Poppel, 2021
Wagemans, 2016), serve didactic purposes (Cameron, 2003), add humor (Attardo,
2015), and cultivate intimacy between interlocutors (Cohen, 1978; Goatly, 1997).

4.3 Taxonomy of intentions

To compile our taxonomy, we reviewed existing literature from psychological
(Roberts and Kreuz, 1994) and linguistic perspectives (Goatly, 1997). While we
drew inspiration from individual categories, no single taxonomy served as a basis
for our own. An initial version was informally tested against the VUA dataset,
ensuring each category was represented and that most instances in the corpus
would fit naturally within the taxonomy. The iterative process of refinement
through successive revisions eventually stabilized. Hence, the resulting taxonomy
reflects a continuous exchange with real linguistic data.

We now introduce each intention category, motivating it through theoretical
considerations, previous literature and examples from available material.

Lexicalized metaphor. These metaphors are associated with a plain commu-
nicative intention, and the utterance is judged as meant to convey just its propo-
sitional message. For lexicalized metaphors, the question of why a metaphor was
preferred over a literal paraphrase does not arise in interpretation. In Cameron’s
words, the metaphoric expression is “just the way to say it (Cameron, 2003)”.

(1) a. 1 fell in love.
b.  Summer bedding is looking tired.

Sentence is an example of how the language of emotions often relies on
metaphors. This observation, already noted by Fainsilber and Ortony (1987),
aligns with the idea that emotions may be conceptualized metaphorically, as
maintained by CMT. Example , instead, shows how the language we use to
talk about some activities tends to have its own metaphorical jargon. This is true

2We note that the authors presented participants with a comparativist definition of metaphor
(i.e., metaphor as implicit comparison), resulting in potentially biased judgments.
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for academic domains such as mathematics, physics and the like, but also for non-
academic domains like sports or hobbies. Both examples are cases of lexicalized
metaphors which constitute the most conventional way of talking about the target
domain.

Artistic use of metaphor. These metaphors are used to attribute at once a
whole set of features to the target domain. These features need not be clearly
determined in advance. Ultimately, the intention is to stimulate the receiver’s
creative interpretation.

(2)  a. It is the east, and Juliet is the Sun.
b. Fermi’s mantle in physics had fallen on his young shoulders.

Some metaphors are not easily paraphrasable because they could be para-
phrased in a number of different, yet equally valid, ways. The ambiguity of the
metaphorical meaning can be inherent to the target domain of the metaphor or
it can be related to the set of features that the metaphor attributes. At least
in poetry and literature, interpreters tend to activate multiple mappings at once
(Rasse et al., 2020) and ambiguity in interpretation is shown to correlate with
aesthetic liking (Jacobs and Kinder, 2017).

Visualization. The utterer might resort to a metaphor whose source domain is
easier to visualize than the TARGET. The goal is to prompt an intuitive mental
representation of the latter.

(3) a. It was like a very bright light was just shining outward.
b. It would bounce up and down like a yo-yo.

Metaphors often hinge on a highly concrete/imaginable source domain to ad-
dress an abstract target domain’. This is particularly true for subjective feelings,
as in Example . Fussell and Moss (2014) provide evidence for the ability of
metaphors to express precise emotional states. More recently, Broadwell et al.
(2013) developed a prototype model for automated metaphor identification partly
based on imageability.

Some metaphors do not constitute mappings from the concrete to the abstract,
but just from the familiar to the unfamiliar, like Example . As already
stressed by Ortony (1975), metaphoric expressions are often perceived as more
vivid than their literal paraphrases. Thus, they can foster the formation of a
more insightful mental image. Vivid metaphors can be instrumental not only for
descriptive purposes. As reported in (Cameron, 2003), they can also be used to

3In psycholinguistics literature, imageability refers to the property of words to easily evoke
a mental image of their meaning (Paivio et al., 1968). Imageability and concreteness, thought
positively correlated, might be two distinct constructs (Dellantonio et al., 2014; Gargett and
Barnden, 2015).
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express more clearly some commands (c.f., a PE teacher explaining their pupils
how to perform a dance: you are spokes in a wheel).

Persuasiveness. Using a metaphor to refer to the target domain—in a political
speech, for instance—the author can give it a non-neutral connotation. This
connotation is not motivated by explicit arguments. The intention is for the
audience to adopt the utterer’s perspective or stance towards the target domain.

(4)  a. The islamic wave.
b. This slender and anaemic first novel by a notable poet.

As already stressed by Lakoff and Johnson (1980b), metaphors generally high-
light some aspects of the target domain, while at the same time hiding others.
This process of highlighting and hiding causes a framing effect on the receiver,
whereby the target domain is seen, as it were, through the distorting lens of the
source domain. The availability of several experiments and of meta-studies (So-
pory and Dillard, 2002; van Stee, 2018) makes the Persuasiveness category one
that is most supported empirically.

Explanation. This type of metaphors are used for didactic purposes. The
intention is to explain a new or already familiar concept to the addressee. There
is some knowledge asymmetry in the discourse from specialists to non-specialists,
e.g., from teacher to students.

(5) a. The atmosphere is the blanket of gases that surrounds the earth.
b.  When the neutron falls apart, spits out an electron, it becomes a
proton.

The clarifying effect of metaphor has been recognized in the existing study of
intentions behind it by Roberts and Kreuz (1994). The role metaphors play in
educational settings—viz., in primary education—has been analyzed in detail by
Cameron (2003). Moreover, there is some empirical evidence for the usefulness of
certain (deliberate) metaphors in undergraduate lectures (Beger and Jikel, 2015).
However, the use of metaphors in education does not go without risks of blocking
further understanding, as highlighted by Spiro et al. (1989).

Argumentative metaphor. These metaphors are part of explicit arguments
intended by the author to convince the audience of a certain claim. The intention
is to make the argument more compelling.

(6) a. But the villages are dying, becoming suburbs or dormitories where
few people work but many sleep.
b. If so, it will be a gamble, because he flopped on his only previous
international appearance in Saudi Arabia.
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As pointed out by van Poppel (2021), among others, argumentative metaphors
can be used to make an effective statement, either as a standpoint or as a starting
point (premise) for an argument. Moreover, they can also actively contribute to
the flow of argumentation, like Example

Social interaction. These metaphors focus on interpersonal relations, group or
cultural conventions. The aim is to create or reinforce a bond between producer
and receiver.

(7)  a. Sleepy Joe, Crooked Hillary.
b. She passed away.

A metaphor can bring closer its maker and appreciators in a number of differ-
ent ways. First, it can exploit the fact that they belong to the same group—e.g.,
Trump’s supporters, as in Example . In such cases, a social metaphor is
used to isolate the desired receiver from the general public (Cohen, 1978), thus
reinforcing the in-group/out-group dynamic. Second, metaphor can be used to
conceal a TARGET that is experienced as negative. If they understand this,
the receiver becomes aware of the additional care put by the producer in their
utterance. The shared awareness fosters intimacy building between the pair and
stimulates empathetic effects, like Example

Humor. The intention is to entertain the addressee, to be funny. Metaphoric
language is exploited for its divertive effects, which would fade in literal para-
phrases.

(8) a. I'm a doormat in the world of boots.
b.  You walked into what I would call a cupboard but they classed it as
the bathroom.

Language is not only used to communicate. Among the many and varied uses
of language, there is also the one of entertaining others, and being entertained in
return. Steen (2008) and Steen (2014) cite typical cases of humorous metaphors:
sports newspaper headers, jokes, riddles and so on. The incongruity theories of hu-

mor offers a possible explanation for the divertive potential of certain metaphors
(Dynel, 2009; Oring, 2003).

Heuristic reasoning. The intention is to provide an interpretative model for a
theory, an artwork, etc., typically an abstract domain which is otherwise difficult
to structure and conceive of. The metaphoric expression is used to organize the
addressee’s conceptualization of the target domain, based on their prior knowledge
about the source domain. The discourse generally remains among specialists.

(9) a. A gasis like a collection of billiard balls in random motion.
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b. It is her body as the canvas, her appearance as art.

Metaphor is a matter of seeing something as something else, that is, of inter-
preting things from a certain perspective. In cognitive terms, we map the source
domain to the target domain in order to better understand it. Thus, a primary
intention of metaphor, especially within academic contexts, is to provide an inter-
pretation for the products of science, like Example , as illustrated by Hesse
(1966), or of art, like Example , and literature (Ricoeur, 1975).

4.4 Data collection and annotation

Collecting the data. In order to empirically test the proposed taxonomy,
we collected and annotated data (~ 1.2k metaphors) from the VU Amsterdam
Metaphor Corpus (VUA; Steen et al., 2010b)". This freely-accessible corpus was
chosen since it contains fine-grained metaphoricity annotations at word level; it
includes different genres; it contains metaphors in different grammatical construc-
tions; and it has been extended in subsequent work with other relevant annota-
tions, such as metaphor novelty scores (Do Dinh et al., 2018). Metaphor-related
words (MRWs) in the VUA are identified following the MIPVU identification
procedure (Steen et al.; 2010b). The core idea behind the procedure is the dis-
tinction between contextual and basic meaning of words. Text fragments are col-
lected from the British National Corpus (BNC) Baby (The BNC Baby, 2005), a
4-million-words corpus of English language covering 4 registers (Academic, News,
Fiction, Conversation). The VUA encodes multiple information at word level, in-
cluding information on metaphor type, distinguishing among direct and indirect
metaphors.

Direct metaphors are expressions whose dictionary meaning coincides with the
contextual meaning. For example, the word ferret in the phrase he’s like a ferret
is a direct metaphor. Indirect metaphors, instead, are defined as expressions
having a more basic dictionary meaning, differing from the contextual meaning.
Cf., the use of valuable in the sentence teachers do a valuable work.

Our corpus consists of 1214 MRWs collected from the VUA. We annotated all
unique instances of direct metaphors found in the corpus (301 MRWs), and a sub-
set of indirect metaphors (913 MRWs). The VUA contains redundant instances
of the same direct metaphor—several MRWs correspond, e.g., to the phrase like
a pinata above the teeming streets of the city. However, for the purpose of anno-
tating intentions the most natural unit of analysis is the phrase since the same
intention is typically attributed to all MRWs in it. Thus, for each direct metaphor
we assigned an intention only to one MRW. Annotators manually selected which
word to annotate, based on their intuition of which lexical unit contributes the
most to the metaphoricity of the phrase.
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To select a subset of indirect metaphors to annotate we used the novelty scores
collected by Do Dinh et al. (2018). We divided all indirect metaphors into 5 bins
according to their novelty scores. We opted to focus only on the top two bins—
MRWs with novelty scores in [1,0.6] or (0.6,0.2]—which correspond to the most
novel metaphors. Our rationale was that more creative uses of metaphor would
yield more interesting material for investigating intentions. Within these indirect
metaphors, we annotated 913 MRWs.

Some further cases were excluded from the annotation of intentions: cases
where there was not sufficient context to fully interpret the metaphor and assign
an intention; cases of idiomatic use’; some highly conventionalized interjections.
Instances marked as cases to be excluded were not considered in subsequent study
phases. The final dataset comprises 988 MRWs, each annotated with at least one
intention from the taxonomy.

Annotation procedure and guidelines. The annotation procedure consists
of two key steps:

1. The annotator should distinguish lexicalized metaphors from other types
of metaphors. If they perceive some intention behind the metaphor other
than communication of information, then they shall move on to step 2.

2. The annotator is asked to assign up to three intentions to the metaphor
under analysis. In order to complete the task, they are provided with a
table listing the taxonomic categories, each with its description and some
examples.

The full guidelines can be found in Appendix [*.|. In the guidelines, we provide
a detailed description of the sequential steps to be followed during annotation.
We also work out at length an example of annotation performed following the
guidelines.

Corpus annotation. The annotation was carried out by an author of this pa-
per, who was a Master’s student in logic and philosophy of language. In addition
to the 9 intention categories in the taxonomy, we also include a “dummy category”
to keep track of cases where an intention could not be attributed.

Inter-annotator reliability. Another author, a metaphor researcher, anno-
tated a subset of the data (360 MRWs). This subset is representative of the whole
annotated corpus and replicates its proportions between different metaphor types:
direct metaphors, indirect metaphors with novelty score in [1-0.6] and in (0.6-0.2].

5Idiom differs from metaphor: while the former is a relatively fixed and stable expression
within a linguistic community, metaphor is more productive and can show variation.
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Direct Indirect [1,.6] Indirect (.6,.2] Total

Lexicalized metaphor 9 379
Artistic metaphor 19 13 43 75
Visualization 11 132 196
Persuasiveness 2 15 o1 68
Explanation 9 3 30 42
Argumentative metaphor 4 7 48 29
Social interaction ) 2 26 33
Humour 12 10 28 50
Heuristic reasoning 16 3 39 58

Table 4.1: Distribution of intentions by metaphor type, with the most frequent
instances boxed in red.

We calculate inter-annotator reliability for 301 of the 360 items, to which both
annotators assign at least one intention category. Their agreement in terms of
Krippendorff’s a (Artstein and Poesio, 2008) is 0.77. More details about the
metric used, as well as a discussion of the resulting IAA score, can be found in
Appendix

4.5 Corpus analysis

We analyzed our corpus to shed some light on the relationship between inten-
tions and metaphor type, genre and novelty. Only the first attributed intention
was considered for data analysis since no other intention was selected in most
cases (827/988). Distribution of intention categories in the whole corpus and per
metaphor type is shown in Table | |, and further analysis of metaphor type can
be found in Appendix

Genre. The genre of a discourse can offer clues about a metaphor’s presumed
intention, with certain intentions more likely to appear in some genres than others.
This is suggested also by Steen (2008), who claims in passing that the function
of a deliberate metaphor depends on the function of the discourse in which it is
found. In the VUA, four intuitive tags provide information on the genre of each
fragment: FICTION, NEWS, CONVRSN, ACPROSE.

In Figure | |, we report how individual intention categories (the vertical bars)
are distributed over the four genres (the coloured parts in each bar). Our find-
ings support the assertion that intentions behind metaphor use seem to correlate
with the discourse genre in which the metaphor is found. For instance, Artistic
metaphor and Visualization are found mostly in Fiction; Persuasiveness and Ar-
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gumentative metaphor in News; Explanation and Heuristic reasoning in Academic
texts; Social interaction in Conversation. All of these results agree with what one
would intuitively expect. However, reality is complex and suggests that drawing
one-to-one correspondences would be too simplistic. In most cases, instances of
the same intention are found in all four registers. Genre can thus help to track

most common uses but not all uses.
Information on the novelty vs conventionality of metaphors is

Novelty score.

crucial for understanding how different intentions are reflected in different lan-
guage choices. While certain intentions seem to correlate with highly conventional

metaphors, others result in more original ones.
(a) contrasts the distribution over Lexicalized metaphor (the blue
(b),

Figure
line) vs all other intentions merged together (the orange line). In Figure
we zoom in and plot individual distributions. Each coloured line corresponds to
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the distribution of a single intention category. Finally, we have computed mean
novelty scores per intention with confidence intervals, as shown in Figure 1 2(c).

In terms of novelty, metaphors with different perceived intentions show dif-
ferent degrees of conventionality. Taking into account average novelty scores and
estimated distributions, categories such as Persuasiveness, Explanation, Humour
and Artistic metaphor are generally more original, while Lexicalized metaphor,
Social interaction and Heuristic reasoning are more conventional.

4.6 FEvaluation of LLMs

We use our dataset to test GPT-4 Turbo (gpt-4-0125-preview; OpenAl et al.,
2023), Llama2-13B-Chat, and Llama2-70B-Chat (Touvron et al., 2023) in terms
of their ability to predict the intentions behind metaphor use (for details regarding
model access, parameters, and computational budget, see Appendix ). The
task requires the models to choose a single intention category from our taxonomy;,
given a highlighted metaphorical expression in a sentence.

We test the models in zero-shot, as well as five- and nine-shot in-context
learning settings. In the zero-shot setting, a short explanation for each intention
category is provided. We compute the average performance of the models across
3 different prompts, as shown in Appendix

The few-shot settings provide randomly selected examples for each test item.
As there are nine categories in total, the nine-shot settings select one example
for each category; in the five-shot settings, the category of the test item is always
exemplified.

Since the in-context examples implicitly explain the intention categories, we
test the models under two conditions in the few-shot settings: one provides expla-
nations for the intention categories, just like the zero-shot setting (5/9-shot); the
other removes those explanations from the prompt (5/9-shot-short). The latter
setup tests whether the models can correctly infer what each intention category
means from in-context examples.

Results. Table shows the models’ performance in these tasks in terms of
accuracy. All three models reach accuracies that are above the random baseline
in the zero-shot experiments. The accuracies are still relatively low, however,
demonstrating that this is a challenging task for the LLMs.

The models reach their respective best performances under different condi-
tions: GPT-4 in 5-shot (45.09%), Llama2-70B-Chat in 9-shot (39.00%), and
Llama2-13B-Chat in 9-shot-short (30.88%). Llama2-13B-Chat is the only model
whose accuracy increases with the number of in-context examples, albeit at the
expense of success rates. The accuracy of Llama2-70B-Chat and GPT-4 drops in
the 5-shot and 9-shot experiments respectively.
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Model 0-shot 5-shot 9-shot
24.88 (2.48) 27.16 29.10
Llama2-13B
23.76 30.88 S
27.29 (5.54) 21.63 39.00
Llama2-70B
14.62 24.39 S
43.30 (1.58) 45.09 39.00
GPT-4
41.61 34.42 S
Random 13.01 20.00 13.01

Table 4.2:  Model accuracy (%) in zero- and few-shot settings, compared to
random baseline. Zero-shot accuracy is averaged over 3 runs that use different
prompts, with standard deviation in parentheses. The s rows show 5-shot-short
and 9-shot-short results, settings that remove intention category explanations
from the prompts. Success rates under 100% are highlighted (190-94% , 95-99% ).

In the few-shot settings, the models perform worse when explanations for
the intention categories are removed from the prompts. The only exception is
Llama2-13B-Chat in the 9-shot setting: There is a 1.78% increase in its accuracy
when the explanations are removed. The result indicates that, overall, the models
struggle to infer a correct characterization of the intention from the in-context
examples.

Error analysis. Figure shows the mean F; score for each intention category
in the zero-shot experiments, averaged across the three prompts (for analysis of
the few-shot experiments, see Figure in Appendix ). GPT-4 reaches
the highest F; scores when it comes to Lexicalized metaphor and Visualization,
closely followed by Llama2-70B-Chat with regard to Visualization. On the other
hand, all three models show great difficulty in dealing with metaphors in the Social
interaction and Heuristic reasoning categories, which are also the least represented
categories in our dataset (Section |.7). A possible explanation, therefore, is that
the models encounter few of such data in the training phase.

Both GPT-4 and Llama2-70B-Chat mistake Lexicalized metaphor as Visual-
ization. These concerns conventional metaphors whose TARGET domains per-
tain to visible objects or the action of seeing, e.g., a glimpse of the impact of the
1980-1 riots, and channels of communication.

These two models also mistake Visualization for other intentions, such as
Artistic metaphor or Persuasiveness, e.g., as enjoyable as feeling gently hungry
or amorous; the wide sleeves of limp cotton hung from her freckled arms like rags
thrown over a stick. These errors can be attributed to LLMs’ lack of embodied ex-
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perience. These metaphors naturally evoke a mental image or sensory experience
in humans. LLMs, on the other hand, do not automatically form representations

of the meaning of a text in another modality.

4.7 Conclusion

We have gathered evidence from existing literature and incorporated it into a
novel taxonomy of intentions commonly attributed to metaphor. The taxonomy

can be used to annotate metaphors in unrestricted text, as demonstrated by
our corpus annotation effort. Data collected from the VUA helped to better
understand the nature of the different intentions and how these are realized in
linguistic metaphors varying in their type, genre, and novelty score.

We have created and released a first dataset with metaphors annotated ac-
cording to the taxonomy, Our experiments show that inferring intentions behind
metaphor use is still a challenging task for current LLMs, proving that our dataset
is a valuable resource for the community. As addressed in our error analysis, we
anticipate future work that provides data for the less represented categories in

our dataset, as well as employment of multimodal LLMs to tackle the issue of

embodiment in metaphor processing.
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4.8 Limitations

This study inevitably has some limitations; we discuss three of them here. First,
the corpus used for the annotation, the VUA, contains mostly indirect metaphors,
which are generally quite conventional. Adopting a corpus with more direct and
novel metaphors would probably yield interesting results in terms of attributed
intentions. However, such a corpus, comparable in size and range to the VUAMC,
is missing. Second, while the output of the reliability study is encouraging, fu-
ture work that includes more annotators could further validate the robustness of
our annotation procedure. Third, the current experimental setup asks LLMs to
select only one intention category per metaphor, whereas our annotation guide-
lines allow for up to three intention categories per metaphor. We opted for this
experimental setup to make the task easier for the models. Nevertheless, we ac-
knowledge that this choice does not reflect the complexity inherit to the analysis
of metaphors in language use.

4.9 Ethical considerations

The metaphorical sentences annotated in this study are sampled from the VUA
corpus, which is licensed under CC BY-SA 3.0 and suitable for research purposes.
The two annotators are authors of the paper and volunteered to annotate the
dataset.



Chapter 5

Hummus: A Dataset of Humorous
Multimodal Metaphor Use

5.1 Introduction

Conceptual Metaphor Theory (CMT; Lakoff and Johnson, 1980b) contends that
the metaphors we use in language are based on cross-domain mappings in our
mind; metaphor is essentially a cognitive process of understanding one thing in
terms of another. For example, when one says Our marriage has gone off the
track, one is using the LOVE IS A JOURNEY metaphor, conceptualizing LOVE or
RELATIONSHIP in terms of a JOURNEY. CMT marks a turning point in metaphor
research, shifting focus towards how metaphors are represented or processed in
the mind and the brain (see Holyoak and Stamenkovi¢, 2018 for a survey). There
has also been an increased interest in nonverbal and multimodal manifestations of
metaphor, such as metaphor in films, cartoons, adverts, and gestures (Forceville,
2015, 2017; Kappelhoff and Miiller, 2011; Tsakona, 2009).

The influence of this cognitive turn in metaphor research has extended to the
field of natural language processing. VUA, which is created by cognitive linguists
and employs an annotation scheme that closely follows the CMT, has inspired
research on automatic detection of metaphors in text (see Tong et al., 2021 for
a survey). There is also recent work on computational modelling of visual and
multimodal metaphors in adverts, memes, and videos (Alnajjar et al., 2022; Xu
et al., 2022; Zhang et al., 2021, 2023).

Metaphor use serves many purposes in communication, including the delivery
of humor (Attardo, 2015; Michelli et al., 2024). Metaphor and humor share a
lot of common ground. The Incongruity Theory explains that humor arises from
the perception of incongruity, something that violates one’s expectations (Clark,
1970; Morreall, 2024). Similarly, metaphor researchers consider incongruity as a
major contextual clue for identifying metaphors in text (Cameron, 2003; Steen
et al.; 2010b). Metaphor and humor have even been suggested to share neural
pathways in the brain (Hellberg, 2018), and visual metaphor is found to be one

93
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T e T Conceptual metaphor:
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“I thought our sex life was a <i>train wreck</1>.” | sarcasm; pun; exaggeratfion

Figure 5.1: HUMMUS metaphor sample, with annotation for image (bounding
box and label), caption (<i></i>), conceptual metaphor, explanation of how the
metaphor use contributes to humor, and additional figurative devices.

of the most common humorous mechanisms in cartoons (Tsakona, 2009).

This chapter is concerned with the humorous capacity of multimodal meta-
phors, and sheds light on how well multimodal large language models (MLLMs)
understand humorous multimodal metaphor use. We created a Dataset of Hu-
morous Multimodal Metaphor Use (HUMMUS), providing expert annotation on
1k image-caption pairs sampled from the New Yorker Caption Contest (CapCon)
corpus (Hessel et al., 2023). Each image-caption pair is annotated in 6 aspects:

1. Whether it contains humorous multimodal metaphor use;

2. The conceptual metaphors involved;

3. Image areas related to the metaphor use;

4. Parts of caption related to the metaphor use;

5. How the metaphor use contributes to humor;

6. Use of other figurative devices (e.g., idiom, irony, hyperbole).

An example is provided in Figure . |. Our final dataset contains 558 metaphorical
and 382 non-metaphorical items.

Based on the annotations, we created 6 tasks to test MLLMs’ ability to iden-
tify and understand humorous multimodal metaphor use: Classification, Naming
(of conceptual metaphors), ImageBbox, ImageLabel, CaptionHL, and Explana-
tion. We tested four open-source and two closed source MLLMs: LLaVA-NeXT-
110B/8B, Qwen2-VL-72B/7B-Instruct, GPT-40, and GPT-4 Turbo, finding that
the models struggle with distinguishing metaphorical and non-metaphorical items,
as well as understanding the humorous multimodal metaphor use involved. Our
ablation study and error analysis reveal that the models’ struggles are likely to
be caused by difficulties in integrating visual and textual information.
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5.2 Related work

Linguistic metaphor. A large proportion of research on computational mod-
elling of metaphor is restricted to linguistic metaphors, and automatic metaphor
detection in particular (Li et al., 2023; Maudslay and Teufel, 2022; Shutova, 2015;
Tong et al., 2021; Wang et al., 2023; Zhang and Liu, 2022). Most of these studies
employ the VUA corpus (Steen et al., 2010b), where every single word in 115 text
fragments is annotated by metaphor experts with regard to whether it is related
to an underlying conceptual metaphor. The underlying conceptual metaphors
themselves, however, are not specified.

Nevertheless, recent years have seen an increased interest in metaphor un-
derstanding. More paraphrase datasets are released (Joseph et al., 2023; Tong
et al., 2024), following earlier works that treat metaphor understanding as a para-
phrasing task (Bizzoni and Lappin, 2018; Shutova, 2010). Other studies frame
the issue as an inference task, providing entailed and non-entailed (Comsa et al.,
2022; Stowe et al., 2022) or contradictory statements (Chakrabarty et al., 2022b;
Liu et al., 2022b) for metaphorical sentences. A framework for intentions behind
metaphor use has also been proposed (Michelli et al., 2024).

Visual and multimodal metaphor. Automatic identification of text-based
metaphors in videos (Alnajjar et al., 2022) and figurative language use in memes
(Liu et al., 2022a) has been tackled. For metaphor understanding, the V-FLUTE
dataset (Saakyan et al., 2024) provides automatically generated explanations for
visual metaphors. Other datasets provide detailed annotations for monomodal
and multimodal metaphors in social media and adverts (Zhang et al., 2021, 2023)
or memes (Xu et al., 2022). Their annotations concern metaphor occurrence,
modality (whether the metaphor is text-based, image-based, or multimodal), tar-
get domain, source domain, intent, and sentiment category.

Akula et al. (2023) annotate visual metaphors in adverts and introduce Meta-
CLUE, a set of five visual metaphor processing tasks: classification (whether
a given image contains metaphor), localization (identifying image regions), un-
derstanding (interpreting metaphors in the form “<target> is as <property> as
<source>”) and generation (generating visual metaphors from text prompt).

Humor and metaphor. Hessel et al. (2023) propose a set of humor under-
standing tasks based on their New Yorker Caption Contest (CapCon) corpus.
The corpus contains earlier releases (Jain et al., 2020; Radev et al., 2016; Shahaf
et al., 2015) of The New Yorker cartoons and captions. It also provides manually
created explanations for 651 image-caption pairs.

Chang et al. (2024) annotate a subset of the CapCon corpus and propose NYK-
MS, a benchmark for metaphor and sarcasm understanding. While our work also
uses the CapCon corpus, our contributions are different in the following ways:
1) Every metaphorical item in HUMMUS qualifies as multimodal metaphor use,
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and its multimodality is reflected in the annotations; NYK-MS, on the other hand,
is primarily concerned with metaphorical words in captions. 2) We annotate
the conceptual metaphors underlying the identified multimodal metaphor use;
NYK-MS lacks this type of annotation. 3) We provide bounding box annotations
for image areas related to the identified metaphor use, which is also absent in
NYK-MS. /) We explain our metaphorical items in relation to the humorous effect
of the image-caption pairs, whereas NYK-MS does not consider the interplay
between metaphor and humor. 5) HUMMUS is annotated by a linguist specializing
in metaphor research while the ground truth of NYK-MS is based on GPT-4V
generations.

5.3 Dataset creation

HuMMUS is built upon the image-caption pairs in the CapCon corpus (Hessel
et al., 2023). Each week, The New Yorker publishes a captionless cartoon and
receives caption submissions from readers. The submitted captions are then rated
by readers, based on which the magazine selects 3 finalists. Apart from the
official caption contest, Jain et al. (2020) collected through crowdsourcing 119M
funniness ratings for ~1M captions received in 176 contests. The CapCon corpus
includes 2578 funny caption submissions for 679 cartoons of The New Yorker,
including both the 3 official finalists per cartoon and, if available, 3 additional
finalists per cartoon according to the crowdsourced ratings. We randomly sampled
251 cartoons from the corpus, for which a total of 1000 image-caption pairs are
available. For the cartoon image in Figure , for instance, the following 3
captions are available:

(1) I thought our sex life was a train wreck.
(2)  Well, at least he made curfew.

(3)  We should tell the G.P.S. people that they changed the off-ramp.

The same image yields different jokes when combined with the different captions,
and only Example uses the train wreck metaphor. We thus treat each image-
caption pair as a unique instance in terms of its humor and possible metaphor
use.

We designed an annotation scheme informed by theories of humor under-
standing and metaphor use, and manually annotated the image-caption pairs on
Labelbox. Our annotation scheme can be summarized into two stages: 1) hu-
morous metaphor identification, which takes less than a minute per item, and
2) detailed metaphor annotation, which takes ~15 minutes per item.
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“The way I see it, I'm the miner, and you're
the canary.”

Figure 5.2: Metaphor sample for which multiple conceptual metaphors are anno-
tated: PUB IS A COAL MINE; HUMANS ARE ANIMALS.

5.3.1 Humorous metaphor identification

Humorous metaphor use is identified in two steps: humor understanding and
metaphor identification. Image-caption pairs are tagged “Yes”, “No”, “WIDLII
(While In Doubt, Leave It In)”, or “Discard” at this stage. Given an image-
caption pair, the annotator first employs the incongruity-resolution approach to
understand the humor (see Section 2 1): They note down all possible incongruities
in the image and see how the caption resolves those incongruities. If the annota-
tor fails to understand the humor (incongruities remain unresolved), the item is
tagged as “Discard”.

If the annotator understands the humor, they proceed to determine whether
the humor involves metaphor use—whether it can be attributed to any cross-
domain mapping, or a process of conceptualizing/depicting one thing in terms
of another. If the answer is a definite yes or no, the item is marked as “Yes” or
“No” respectively. If the annotator is uncertain, the item is marked as “WIDLII”
instead. We adopt this strategy from the annotation scheme behind the VUA
corpus (Steen et al., 2010b). Both “Yes” and “WIDLII” items participate in the
subsequent stage of detailed metaphor annotation; this allows us to avoid mistak-
enly marking an interesting or implicit case of metaphor use as non-metaphorical.

5.3.2 Detailed metaphor annotation

Image-caption pairs that are tagged as “Yes” or “WIDLII” in terms of the involve-
ment of humorous metaphor use are further annotated in 4 aspects:

1. Which conceptual metaphor(s) are involved;
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2. How the conceptual metaphor(s) are reflected in the image (highlighting
the relevant objects);

3. How they are reflected in the caption (highlighting relevant words);

4. How the metaphor use contributes to the humorous effect of the image-
caption pair (a concise explanation).

WIDLII items could be re-labelled as No or Discard items; an explanation is
provided if a WIDLII item is eventually Discarded.

Conceptual metaphor. Following the tradition of previous research (Lakoff
and Johnson, 1980a; Lakoff et al.; 1991), underlying conceptual metaphors are
annotated in “TARGET DOMAIN IS SOURCE DOMAIN” format (e.g., “LOVE IS A
JOURNEY” for the image-caption in Figure 7 1).

An image-caption pair could employ multiple conceptual metaphors to achieve
humorous effects. The annotator is thus asked to be as inclusive as possible,
specifying all conceptual metaphors they can identify. Take the image-caption
pair in Figure as an example. The image shows two people having drinks in a
pub. One of them wears a hazmat suit, which is unheard-of in pubs. The caption
justifies this strange clothing choice (thus resolving the incongruity) by revealing
that the person considers himself in a coal mine. There is thus a metaphorical
comparison between PUB and COAL MINE. The caption also explicitly compares
the man in an ordinary suit to a canary in a coal mine (in its literal sense), which
is an instantiation of the HUMANS ARE ANIMALS metaphor.

Image and caption annotation. The annotator also marks out image and
text fragments that are related to the annotated conceptual metaphor(s). Meta-
phor-related image areas are annotated using both bounding boxes and texts—
a word or phrase that specifies which part of the image is highlighted. Each
bounding box has a corresponding textual description. Metaphor-related words
or phrases in the caption are surrounded by <i></i> tags.

A conceptual metaphor is a mapping between two conceptual domains. To
annotate the image and the caption thus requires the annotator to determine how
the two domains are reflected in the two modalities. Usually, representations of
the two domains are unbalanced: The image should have a recognizable setting
that represents the target or the source domain of the metaphor, while a small
part of the image (e.g., a particular object) points to the other domain, thus
creating incongruity and cross-domain mapping. Similarly, the context of the
caption can be assigned to the target or the source domain, while a particular
word or phrase suggests the involvement of the other domain. The annotator’s
job is therefore to mark out the less represented domain in the image and the
caption respectively.
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Let us return to the image-caption pair in Figure 5 |, which illustrates the
LOVE IS A JOURNEY metaphor. The image predominantly belongs to the LOVE
domain, with a bedroom as the setting and the couple sitting in bed occupying
more than half of the image. The car crashing into the room on the left side
of the image evokes the JOURNEY domain, creating incongruity and encouraging
cross-domain mapping. While the cracks in the ceiling, the damaged door and the
mess on the ground come along with the car crash, they are visual representations
of the result of the cross-domain mapping, as opposed to belonging to the source
domain, JOURNEY, itself. The car is thus annotated as the metaphor-related
fragment in the image, with both a bounding box surrounding the car and a
corresponding textual description, “car”. The caption talks about the couple’s
sex life and compares it explicitly with a train wreck. The phrase train wreck is
the “incongruous” part of the caption, evidence of the JOURNEY domain in the
context of the LOVE domain. It is therefore marked out as metaphor-related.

Explanation. For each image-caption pair that contains humorous multimodal
metaphor use, we also provide a short explanation about how the metaphor use
contributes to the humor. This is different from the explanations provided in the
CapCon corpus: While the CapCon corpus focuses on humor understanding and
only explicitly mentions metaphor use for two image-caption pairs, our expla-
nations, as exemplified in Figure .|, focus specifically on the interplay between
humor and metaphor use.

5.3.3 Annotation of figurative devices

For both metaphorical and non-metaphorical items, we also provide annotation
of the use of other figurative devices, such as pun, idiom, irony, hyperbole. If we
identify the use of personification or zoomorphism, which we regard as subtypes
of metaphor use (see Section ), we also note it down.

This part of the annotation is not used for testing MLLMs in this research,
as our focus is on the models’ performance in metaphor processing. However,
the annotation is included in the dataset and made publicly available for future
research, as it provides insights into the relation between humor and the use
figurative expressions in general, as well as co-occurrence of metaphor and other
figures of speech in delivering humor. Moreover, it makes the dataset equally
valuable for researchers who do not necessarily classify metaphor and related
figurative devices (analogy, personification, idiom, etc.) in the same way as this
research.

5.3.4 Inter-annotator agreement

A second expert annotated 300 image-caption pairs randomly sampled from the
1000. Like the first annotator, the second annotator is a linguist with knowledge
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of CMT and experience in linguistic metaphor annotation.

To ensure timely completion of the task, the procedure was slightly simplified
to leave out the explanation and figurative device annotations. The second expert
was thus asked to produce the following:

1. Classification of the items into Yes/No/WIDLII/Discard categories in terms
of humorous metaphor use;

2. Identification of conceptual metaphors used in the Yes/WIDLII items;
3. Bounding box annotation for image;
4. Caption annotation.

To facilitate comparison with model performance, we use the same metrics for
inter-annotator agreement calculation and model evaluation: multicalss F1 score
for humorous metaphor identification, cosine similarity for conceptual metaphor
identification, Intersection over Union (IoU) for image annotation, and Jaccard
index for caption annotation.

The co-annotation process started with us introducing the second annota-
tor to our annotation scheme. We provided them with the written annotation
guidelines and verbally walked them through every step of the scheme (excluding
explanation and figurative device annotation), exemplifying both metaphorical
and non-metaphorical instances. After the first meeting, the second annotator
was assigned the first 50 items to complete independently. Upon finishing the
first 50 items, the two annotators inspected their disagreements together and
discussed necessary amendments to the original annotation guidelines. After the
second meeting, we updated the guidelines and let the second annotator finish the
remaining 250 items independently. The annotation was completed in 2 months.
With sufficient familiarity with the procedure, annotation for a metaphorical item
can be completed in 7 minutes. The guidelines are provided in Appendix

The final agreement scores were calculated without further discussion of dis-
agreements: 0.73 average F1 score for humorous metaphor identification, with
0.75 for metaphorical (Yes/WIDLII) items and 0.71 for non-metaphorical (No)
items; 0.63 mean similarity score for conceptual metaphor identification (SD =
0.20); 0.73 mean IoU score for image annotation (SD = 0.32); 0.65 mean Jaccard
index for caption annotation (SD = 0.41).

5.4 Data analysis
HuMMUS provides annotations for 1,000 image-caption pairs, including 558 items

that contain humorous multimodal metaphor use (331 “Yes” and 227 “WIDLII”),
382 “No” items, and 60 items marked as “Discard”.
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Figure 5.3: Conceptual metaphors identified in our dataset. Font size corresponds
to frequency of occurrence.

Multimodality of the metaphor samples. Are the metaphors annotated in
our dataset identifiable from the captions alone? To answer this question, we
employ FrameBERT, an automatic textual metaphor detector proposed by (Li
et al., 2023). The model reaches an F1 score of 0.73 when tested on the VUA-
20 dataset (Leong et al., 2020). We consider it as a “Yes” answer if the model
predicts that a given caption contains a content-word real metaphor or borderline
metaphor. Compared with ground truth, the model reaches an accuracy of 0.53
and a F1 score of 0.54, both of which are close to a random guess, and also lower
than the model’s performance on detecting linguistic metaphors. This can be
considered as an indicator of the multimodal nature of the metaphors annotated
in our dataset.

Conceptual metaphor. Around 390 conceptual metaphors are identified in
the dataset. As shown in Figure 5.2, The most frequently occurring ones are
ANIMALS ARE HUMANS (23% metaphor samples) and HUMANS ARE ANIMALS
(8%). In addition to comparison with ANIMALS, the dataset also includes map-
pings from HUMANS as a source domain to other target domains such as OBJECT,
GOD, and ALIENS. Personification thus appears to be the most frequently used
type of metaphor in these humorous image-caption pairs (51%).
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“Let's keep this brief. I've got to get back to
staring out the window.”

don't call me at work!”

(b)  ANIMALS/HUMANS  ARE  HU-
(a) ANIMALS ARE HUMANS. MANS/ANIMALS.

Figure 5.4: Example of (a) unidirectional and (b) bidirectional metaphorical map-
pings between ANIMALS and HUMANS in our dataset.

Directionality of metaphors. A crucial and inevitable step in identifying any
(conceptual) metaphor is determining the direction of the metaphorical mapping
—in other words, which of the two conceptual domains at play is the target do-
main, and which is the source domain. Metaphorical mappings are unidirectional:
Properties and relations of the source domain are projected onto the target do-
main, not the other way around. One cannot reverse the direction of a mapping
without creating an entirely different metaphor. Consider the image-caption pair
in Figure , for example. It is clear that the joke is based on a metaphor with
ANIMALS as the target domain and HUMANS as the source domain: A hippo is
given human characteristics—it uses telephones and gets angry when someone
calls it at an inconvenient time.

This rule of unidirectionality applies to “prototypical metaphors of all kinds
and occurring in all media” (Forceville, 2002) while exceptions also exist (Carroll,
1994; Forceville, 1995). HUMMUS also demonstrates some exceptions to the rule,
especially with regard to the HUMANS and ANIMALS domains. The image-caption
pair in Figure , for example, shows a cat having a meeting with some other
animals in a modern conference room. The cat expresses its wish to keep the
meeting brief, so that it could go back to staring out the window. The fact that
the animals are sitting in a conference room and engaged in a meeting can be
considered as employing the ANIMALS ARE HUMANS metaphor. The humor of
the image-caption pair thus lies in the cat attaching ample importance to staring
out the window despite its position in the company; it also invites the reader to
wonder what kind of business this company might be running.

On the other hand, one can also interpret the joke as based on the metaphor
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“I don't know why you're so jolly—
your cholesterol is through the roof.”

Figure 5.5: Example of metaphorically used idiom (go through the roof) in our
dataset.

HUMANS ARE ANIMALS—people working in a company are represented as animals
in the image. By representing the person in a higher position as a cat, the
metaphor satirically emphasizes the absurdity of a common scenario in society:
A person has an important position in a company while all they care about is
something as unproductive as staring out the window. For this image-caption
pair, therefore, it is difficult to distinguish HUMANS and ANIMALS in terms of
target and source domains, unless we ask the caption writer directly; but it could
also happen that the caption writer intended the metaphor to be bidirectional
in the first place. Nonetheless, the double interpretation adds to the depth of
such image-caption pairs, making them particularly interesting cases for both
metaphor analysis and model evaluation.

Co-occurrence with other figurative devices. More than half (65%) of the
metaphor samples in HUMMUS feature metaphor use co-occurring with the use of
other figurative devices (excluding personification and zoomorphism, which are
considered metaphors in this study). The most frequently used ones include pun
(27%), exaggeration (10%), and satire (10%).

We also find a small percentage of metaphor samples (5%) where the humor-
ous metaphor use concerns an idiom—recall that idioms are usually considered
dead metaphors (Section ). Consider the image-caption pair in Figure
When we look at the caption alone, its use of the idiom go through the roof is
non-metaphorical: One understands it refers to a high cholesterol level without
visualizing cholesterol actually going through the roof. When the caption is com-
bined with the image, however, the metaphorical mapping between AMOUNT and
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HEIGHT is resurrected, and it is precisely the resurrection of the dead metaphor
that brings out humor.

5.5 Model evaluation

We design six tasks for humorous multimodal metaphor processing: Classifica-
tion, Naming, ImageBbox, ImageLabel, CaptionHL, and Explanation. Table
provides an overview of the instructions and evaluation metrics for each task. The
(Classification task includes all items in the test set—that is, the image-caption
pair is tagged “Yes”, “No”, or “WIDLII” in terms of whether or not it involves
humorous multimodal metaphor use. The “No” items are considered negative
cases in the Classification task; the “Yes” and “WIDLII” items positive, as our
dataset provides full metaphor annotation for both categories. All other tasks
only involve the positive cases.

The Naming task and the ImageLabel task employ LaBSE (Feng et al., 2022)
as the evaluator. Our choice is based on a pilot Naming test that involves the
first 100 items in our test set and two models: GPT-40 and GPT-4 Turbo. We
calculate cosine similarity scores between the model outputs and ground truth
using a variety of SBERT models. We choose LaBSE as its predictions align the
most closely to human judgement of good and bad answers.

We evaluate six models, including four state-of-the-art MLLMs, GPT-4 Omni
(GPT-40, gpt-40-2024-05-13), GPT-4 Turbo (gpt-4-turbo-2024-04-09), LLaVA-
NeXT-110B (Liu et al., 2023a,b, 2024), and Qwen2-VL-72B-Instruct (Wang et al.,
2024), and two smaller, open-source models, LLaVA-NeXT-8B, Qwen2-VL-7B-
Instruct. The smaller models require less computing resources and can be more
versatile than their larger counterparts in certain use cases (e.g., for fine-tuning).

5.5.1 Benchmark results

Table and show results of testing the six models on the six tasks presented
in Table 5. 1. We also report success rates, which measure whether the models
provide meaningful answers for evaluation (e.g., if a model merely repeats the
instructions, it fails to provide a meaningful answer).

The random baseline for the Classification task is calculated by randomly
choosing between a “Yes” and a “No” answer for each item, and averaging the
results of 100 iterations. For ImageBbox, we follow standard practice in object
detection (Everingham et al., 2010; Lin et al., 2014) and consider IoU scores
of 0.5 or higher as indicating sufficient overlap between model prediction and
ground truth. For Naming, ImageLabel, and Explanation, we decide thresholds
for good answers by manually examining model answers in various score ranges.
The threshold for Naming and ImageLabel is set at 0.6. For Explanation, model
answers reaching a ROUGE-1 score of 0.35 and a ROUGE-2 score of 0.087 are
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considered acceptable. Model outputs of different score ranges in these three
tasks are presented in Appendix

How well do the models identify humorous multimodal metaphor use?
All six models are prone to classifying the image-caption pairs as metaphorical.
While they achieve F1 scores higher than the random baseline in identifying
positive cases, even the highest F1 score for the negative category (0.47 by GPT-
4 Turbo) is merely around the random baseline (0.45).

How well do the models identify the underlying conceptual metaphors?
All models struggle with identifying the underlying conceptual metaphors. Only
a small proportion of model predictions (21%) reachs the threshold of 0.6 in the
Naming task.

How well do the models localize humorous multimodal metaphor use
in image and caption? The models are much better at labelling metaphor-
related image areas than providing their coordinates: Around 40% model answers
reach the 0.6 threshold in the ImagelLabel task, whereas the highest mean IoU
score in the ImageBbox task is 0.25 (GPT-40), which suggests barely any overlap
with the ground truth.

When highlighting metaphor-related text fragments, the models are able to
cover a large proportion of ground truth annotations, but their answers also
tend to be longer, including text fragments that are not related to the humorous
metaphor use.

How well do the model explain humorous multimodal metaphor use?
The Explanation task proves to be difficult for the models. Merely 5% of model
predictions reach our threshold of acceptable explanations.

5.5.2 Prompt engineering

We experiment with other ways to formulate the Classification task, to see whe-
ther the high probability of “Yes” answers is associated with the prompt we use.
Using the first 100 items in the test set, we run a pilot study that tests a wide
range of prompts on one of the worst performing models, Qwen2-VL-7B-Instruct.
Instead of asking the model to reply with “Yes” or “No”, these prompts require
different ways to label the given image-caption pair, such as “Metaphorical /Non-
metaphorical”, “True/False”, “A /B”.

Based on the performance of Qwen2-VL-7B-Instruct in the pilot study, we
select the top-3 prompts that result in the highest average F1 scores. These
prompts ask the model to reply with 1) “Yes (i.e., metaphor use is involved) or No
(i.e., metaphor use is not involved)”, 2) “No or Yes”, and 3) “A or B”, respectively.
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In the third prompt, the order of the two options (the given image-caption pair
“involves” or “does not involve” humorous metaphor use) is randomized for each
test item. Full forms of the prompts are provided in Appendix

We test these three prompts on three models: GPT-40, and the two Qwen2-VL
models. GPT-40 is one of the best-forming models over all tasks, and its success
rate is always 100%. The two Qwen2-VL models represent the best and the worst
open-source models. The 72B model has 100% success rate on all tasks. The 7B
model is the most unstable, achieving a 41% success rate on the CaptionHL task.

As shown in Table .|, the two Qwen2-VL models, especially the smaller one,
are sensitive to different prompts. The performance of GPT-40, on the other
hand, remains stable over different prompts. The experiment thus proves the
reliability of our Classification benchmark results.

5.5.3 Comparison with human performance

Is the models’ compromised performance really due to the their lack of capacity
to process humorous multimodal metaphor use, or is it due to the subjectivity of
the tasks? To answer this question, we design a new prompt that is similar to the
annotation guidelines we provided to the second expert annotator—the models
are instructed to complete Classification, Naming, ImageBbox, and CaptionHL
in one go, following the same steps as the expert annotator. We also ask the
models to adopt a persona that is representative of the human experts: a linguist
who is familiar with CMT and has experience in manual metaphor annotation.
The prompt is provided in Appendix . It is tested on the smallest model,
Qwen2-VL-7B, before being used for the full experiment.

As shown in Table 7.5, even when following similar guidelines, none of the
models reach the level of agreement between the two expert annotators. Model
performance is closer to human performance in the Naming task, as compared to
the other tasks. In CaptionHL, LLaVA-NeXT-110B reaches a Jaccard index score
(0.62) that is close to human (0.65), but with a low success rate (62%): for ~40%
of the instances the model identifies as metaphorical, it fails to provide a caption
annotation. In Classification and ImageBbox, the human expert surpasses the
models by a large margin.

Also note that this new approach does not help with the Classification task
despite its more detailed instructions about what is metaphor and how to identify
humorous metaphor use: most of the models appear to be better at excluding
negative cases in the benchmark task (Table ©.7), although the performance is
still much lower than the human expert. Nonetheless, the new approach benefits
the Naming task and yields higher Jaccard index scores in the CaptionHL task
for GPT-40, LLaVA-NeXT-110B, and Qwen2-VL-7B, albeit with compromised
success rates for the two larger models. Overall, the new approach of following the
manual annotation guidelines is better suited for detailed annotation of humorous
metaphor use (Naming, ImageBbox, and CaptionHL). As for the Classification
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model = GPT-40 model = Qwen2-VL-72B model = Qwen2-VL-7B
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Figure 5.6: Model performance in multimodal versus monomodal experiments:
average F'1 score for Classification, sentence similarity score for Naming and Im-
agelabel, Jaccard index score for CaptionHL, ROUGE-1 for Explanation. Suc-
cess rate is 100% except for Qwen2-VL-7B-Instruct in the monomodal CaptionHL
task (97%).

task, the models’ inability to identify negative cases seems to go beyond what
can be achieved by prompt engineering.

5.5.4 Ablation study

To examine the models’ processing of multimodal input in our tasks, we design an
ablation study that replaces image input with textual descriptions of the images,
making the input data purely textual. We use the image_description data
provided in the CapCon corpus, which are short, literal descriptions of the scene.
For example, the description for the image in Figure is as follows: “A man
and woman are in bed together under the covers. They are looking towards the
bedroom door when a car has crashed into their home. They don’t seem too
upset about the situation.”

We rerun the six tasks on the same three models for prompt engineering: GPT-
40 and the two Qwen2-VL models. For Classification, we use the prompt that
results in the highest average F1 score for most models in prompt engineering: It
asks the models to answer the question with “No or Yes” instead of “Yes or No”.

As shown in Figure © .0, there is not much difference between the models’
performance in the multimodal and monomodal experiments, except for GPT-40
in the Classification task. The comparison indicates that the multimodal input
data is not adequately utilized by the models. Our error analysis provides more
support for this.

5.5.5 Error Analysis

A primary reason for incorrect answers is the models’ inability to integrate visual
and textual information into a coherent story. For example, the humor of the
image-caption pair in Figure is based on personification of the sharks: They
communicate in human language and can experience and express embarrassment.
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Class. Yes No

Naming  ANIMALS ARE HUMANS; A EMBARRASSMENT IS A SHARK
PERSON IS AN OBJECT ATTACK

Image.  Person Shark

Caption. <i>Well, that's embarrassing.  Well, that's embarrassing. How
How long has <i>it</i> been long has it been there?
there?</i>

Expla-  The shark on the right didn't  The image of a person standing

nation realize someone is standing  on a shark while another shark
RLNEY : : "
on it until another shark approaches from behind
point it out for it .... creates a metaphor for being in
“Well, that's embarrassing. How long has it been there?” a precarious situation ...

Figure 5.7: Ground truth (left) versus LLaVA-NeXT-110B predictions (right) for
the given image-caption pair. Explanations are shortened.
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“And they say life can't exist in a vacuum.”

Figure 5.8: All models except GPT-40 predict LIFE IS A VACUUM for this item
in the Naming task.

Subsequently, the person in the image is compared metaphorically to an object,
referred to as it in the caption.

LLaVA-NeXT-110B’s answers indicate that the model assumes the caption is
uttered by the person in the image, thus overlooking the ANIMALS ARE HUMANS
metaphor and the subsequent A PERSON IS AN OBJECT metaphor. This example
also shows the importance of metaphor processing in humor understanding: One
cannot understand the humor of this image-caption pair without recognizing that
the sharks are personified.

On the other hand, the models can usually identify common metaphorical or
idiomatic expressions in the caption, although it does not guarantee adequate un-
derstanding of humorous multimodal metaphor use. For example, the cartoon in
Figure © = depicts an alien spaceship as a vacuum cleaner. The humor comes from
the pun on vacuum in the caption: It refers both to aliens physically existing in a
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vacuum cleaner, as depicted in the image, and life existing in a vacuum in an id-
iomatic sense. The ground truth annotation of the conceptual metaphor is ALIEN
SPACESHIP IS A VACUUM CLEANER, because it is the base of the pun on vacuum
in the caption. The MLLMs acknowledge the metaphoricity of the expression life
can’t exist in a vacuum, but their prediction in the Naming task, LIFE IS A VAC-
UUM, indicates that they do not relate it to the vacuum cleaner spaceship in the
image, thus failing to properly understand the humorous multimodal metaphor
use.

Our analysis indicates that the models’ performance can potentially be im-
proved when they are instructed more explicitly to combine image and caption
information. For example, one can use chain-of-thought prompting to instruct
an MLLM to mimic the human annotation process: first process the image, and
then integrate it with the caption, before proceeding to metaphor identification
and understanding.

5.6 Conclusion and limitations

This study releases a dataset that provides expert annotation on humorous multi-
modal metaphor use. Using the dataset, we benchmark popular and state-of-the-
art MLLMs on their capabilities to identify and understand humorous multimodal
metaphor use. Our experiments show that current MLLMs struggle with pro-
cessing humorous multimodal metaphor use, especially with regard to integrating
visual and textual information.

Limitations and future directions. We hope this study will encourage more
research on MLLMs’ capabilities to process humorous multimodal metaphors.
While we have experimented with promoting model performance through prompt
engineering, other possibilities such as few-shot prompting and fine-tuning are
beyond the scope of the current study.

We also acknowledge that the latest reasoning models such as DeepSeek R1
and OpenAl ol are not included in this study. They are released after the exper-
iments were conducted and do not necessarily have multimodal capabilities (e.g.,
DeepSeek R1).

5.7 Ethical considerations

We accessed the GPT-4 models through OpenAl API. The open-source models
(LLaVA-NeXT-8/110B and Qwen2-VL-7/72B) as well as the CapCon corpus were
accessed through HuggingFace. The CapCon corpus has CC-BY-4.0 license. Our
dataset is freely accessible on GitHub.
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Our dataset includes jokes that could be considered offensive, and certain jokes
may be inappropriate for a younger audience. These data remain in our dataset
as they are a nonremovable part of multimodal humor and can be valuable for
future research.
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Task

Instructions

Evaluation

Classification “Does the humor of the given image-and-caption

Naming

ImageBbox

ImageLabel

CaptionHL

Explanation

combination involve metaphor use? Answer the

question with Yes or No.”

“The humor of the given image-and-caption com-
bination involves metaphor use. Which conceptual
metaphor is used? Answer the question in ‘TARGET
DOMAIN IS SOURCE DOMAIN’ format (e.g., ‘LOVE IS
A JOURNEY’).”

“The humor |[...] involves metaphor use. Which ob-
ject in the image is related to the metaphor? An-
swer with its label and normalized bounding box
coordinates in ‘label: [top, left, height, width|" for-
mat.”

“The humor |[...| involves metaphor use. Which ob-
ject in the image is related to the metaphor? An-
swer the question with a single word.”

“The humor |[...] involves metaphor use. Which
part of the caption is related to the metaphor? Sur-
round it with a pair of <i></i> tag.”

“How does metaphor use contribute to the humor of
the given image-and-caption combination? Explain
in no more than 30 words.”

Multiclass F1
score

Sentence simi-
larity

IoU, precision,
recall

Sentence simi-
larity

Jaccard index,
precision, re-
call

ROUGE-1,
ROUGE-2

Table 5.1:
metrics.

Benchmark tasks and corresponding prompts and evaluation
A full prompt includes an image, a caption, and instructions:

<image>+Caption: <caption>\n\n<instructions>. The first sentence of Im-
ageBbox/Label and CaptionHL tasks are the same as the Naming task. IoU =
Intersection over Union.
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Model Classification Naming Explanation
Pos Neg Avg ROUGE-1 ROUGE-2
— Omni 0.70 0.39 0.55 0.47 (0.22) 0.23 (0.08) 0.03 (0.04)
Turbo 0.64 047 056 049 (0.21) 0.22 (0.08) 0.03 (0.04)
110B  0.69 0.36 0.53 0.43 (0.18) 0.27 (0.08) 0.05 (0.04)
LLaVA-NeXT 8B 0.74 0.00 0.37 0.46 (0.18) 0.26 (0.08) 0.04 (0.04)
72B 0.64 043 054 0.44 (0.18) 0.25 (0.08) 0.04 (0.04)
Qwen2-VL — -p 0.61 0.46 053 0.40 (0.18) 0.26 (0.08) 0.04 (0.04)
Random 0.54 0.45 0.50 - - -

Table 5.2: Classification, Naming, and Explanation benchmarks. Standard de-
viations are in parenthesis. Success rate is 100% except GPT-4 Turbo in the
Naming task ( 96% ).

Model ImageBbox ImageLabel Caption
P R TIoU P R Jaccard
GPT-4 Omni  0.40 (0.34)  0.43 (0.34)  0.25 (0.22) 0.63 (0.29) 0.47 (0.36)  0.85 (0.32)  0.42 (0.32)
Turbo 0.38 (0.37)  0.32 (0.34)  0.19 (0.21) 0.56 (0.27) 0.54 (0.39)  0.80 (0.37)  0.47 (0.36)
LLaVA-NeXT 110B 0.17 (0.20)  0.50 (0.38)  0.14 (0.16) 0.58 (0.27) 0.42 (0.38)  0.93 (0.24)  0.40 (0.37)
8B 0.17 (0.20)  0.64 (0.39)  0.15 (0.16) 0.58 (0.27) 0.33 (0.33)  0.95 (0.20)  0.31 (0.30)
Quen2-VL 72B 0.17 (0.20)  0.40 (0.35)  0.13 (0.14)  0.59 (0.28)  0.40 (0.37)  0.89 (0.29)  0.36 (0.34)
7B 0.17 (0.21)  0.40 (0.34)  0.13 (0.14) 0.57 (0.27) 0.36 (0.35)  0.94 (0.22)  0.34 (0.32)

Table 5.3: ImageBbox, ImageLabel, and CaptionHL: benchmarks in mean (SD)
format. A few tests result in success rates less than 100% : no less than 98%
in the ImageBbox task; 97% for LLaVA-NeXT-8B, 89% for LLaVA-NeXT-110B,
and 41% for Qwen2-VL-7B in the CaptionHL task.

Model Positive Negative Average

GPT-4o 0.71 (0.01) 0.43 (0.02) 0.57 (0.01)
Qwen2-VL-72B  0.61 (0.06) 0.46 (0.07) 0.53 (0.01)
Qwen2-VL-7B  0.66 (0.06) 0.36 (0.11) 0.51 (0.03)

Table 5.4: Mean F1 scores using 3 different prompts for the Classification task.
Qwen2-VL stands for Qwen2-VL-Instruct. Success rate is always 100%.
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Model Classification Naming ImageBbox Caption

Pos Neg Avg
GPT-4 Omni 0.70 0.36 0.53 0.53 (0.23) 0.25 (0.20) 0.50 (0.39)
Turbo 0.73 0.22 048 0.50 (0.23) 0.21 (0.20) 0.33 (0.33)
LLaVA-NeXT 110B  0.73 0.00 0.37 0.49 (0.19) 0.17 (0.17) 0.62 (0.43)
8B 0.74 0.01 037 0.45 (0.17) 0.15 (0.16) 0.30 (0.31)
Qwen2-VL 72B 0.73 0.00 0.37 0.47 (0.19) 0.17 (0.19) 0.39 (0.39)
7B 0.73 0.00 0.36 0.51 (0.20) 0.13 (0.15) 0.38 (0.36)
Human 0.75 0.71 0.73 0.63 (0.20) 0.73 (0.32) 0.65 (0.41)

Table 5.5: Model performance compared with human performance on Classifica-
tion, Naming, ImageBbox (IoU), and Caption (Jaccard index) tasks. Prompts for
the models are similar to the annotation guidelines. Some of the tests result in
success rate less than 100% : >90% in Naming; >90% for the Qwen2-VL mod-
els and =80% for the other models in ImageBbox; =90% for GPT-4 Turbo and
Qwen2-VL-72B, 79% for GPT-40, and ~60% for the other models in CaptionHL.






Chapter 6
Cultural differences in humor appreciation

6.1 Introduction

Humor exhibits both universality and cross-cultural variation: While the ability
to appreciate and produce humor is shared by the entire human race, it is also
shaped by one’s cultural background. Previous studies find humor to be perceived
more positively in Western cultures compared to Eastern cultures; Westerners
also tend to use more aggressive humor while Easterners prefer more affiliative
humor (Jiang et al., 2019). As LLMSs reach global users, modeling such differences
becomes essential for the models to align their responses with the preferences and
expectations of specific cultures. Misaligned behavior such as overlooking the
humor in user input or interpreting seriousness as humorous may upset the user
unintentionally.

Cultural alignment in LLMs has been rigorously researched in recent years,
with a heavy focus on cultural values, such as collectivism vs individualism, sig-
nificance of friendship, confidence in government (AlKKhamissi et al., 2024; Kabir
et al., 2025; Masoud et al., 2025b). The community has not yet looked at the
problem in the context of humor processing. Therefore, while studies have consis-
tently shown Western cultural biases in LLMs, it is unclear whether these biases
also apply to humor processing; and if they do, how they manifest in this specific
scenario, and how to alleviate them.

This chapter serves as a first step towards a framework for evaluating LLMs’
cultural alignment in humor processing. Our research question is: How do cul-
tures differ in humor appreciation? By answering this question, we aim to estab-
lish human baselines that LLMs can be compared to. We consider the relationship
between humor, emotion, and metaphor use, and how it varies across cultures.
Humor and emotion are closely related: Humor appreciation activates brain re-
gions associated with emotional processes (Farkas et al., 2021); humor is also
an effective strategy to cope with negative emotions (Kugler and Kuhbandner,
2015; Samson and Gross, 2012). However, humor is not equally appreciated in

75
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all cultures (Lu, 2023); culture also influences one’s preferred types of humor
(Schermer et al., 2023). There could be cultural differences with regard to how
humor is associated with different emotions. Moreover, metaphors are frequently
used to induce humor (Chapter | and °), and metaphorical expressions tend to
be regarded as more emotional than equivalent literal expressions (Mohammad
et al., 2016). Metaphor use could therefore add another layer of complexity to
emotional responses to humorous content.

We thus seek answers to the following questions in this chapter: 1) To what
extent do cultures differ in what is considered humorous? 2) How do cultures
differ in terms of emotional responses to humorous stimuli? ) Is metaphor use
associated with humor appreciation in different cultures? We utilized the HUM-
MUS dataset (Chapter ) to answer our questions: it contains 1,000 New Yorker
cartoons (image-caption pairs), ~560 of which are identified as involving humor-
ous multimodal metaphor use. Through a web-based experiment, we collected
funniness and emotion annotations for these cartoons from four diverse cultures:
the U.S., Mexican, Polish, and Chinese. These four cultures differ in terms of
primary spoken languages, history, and ideologies, providing a fair starting point
to building a paradigm that is applicable to a broad range of cultures.

We collected a total of 25,600 data points for 800 cartoons, including 482
metaphorical ones. Our data analyses showed that the cartoons tended to be con-
sidered funnier and receive more emotional responses from Mexican and Chinese
culture than Polish and the U.S. culture. On the other hand, all cultures tended
to give higher funniness ratings and select more emotions for cartoons involv-
ing humorous multimodal metaphor use than those not involving the metaphor
use. We also found a similar pattern of how funniness and emotion categories
were associated in the four cultures, although there were also subtle differences.
Through qualitative analysis, we found that one may focus more on the source
domain of a metaphor if the metaphor was not an intrinsic part of one’s culture
or was expressed differently in one’s native language. This could lead to negative
emotions and low funniness ratings. Nevertheless, familiarity with the setting of
a cartoon does not guarantee a positive or negative response; how the humor is
appreciated will still depend on how the message of the cartoon is perceived in a
culture.

6.2 Related work

Cultural preferences in humor. Previous studies have investigated how cul-
tures differ in terms of attitude towards humor. A common consensus is that
Western cultures such as the U.S. have a more positive view of humor than East-
ern cultures such as Chinese. Jiang et al. (2011), for example, find that humor is
associated with positive adjectives in the U.S. culture and negative adjectives in
Chinese culture. Yue (2011) finds that while humor is valued in Chinese culture,
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Chinese people do not consider themselves humorous. Both Yue (2011) and Yue
and Hiranandani (2014) suggest that humor is more associated with comedians
than ordinary people in Chinese culture.

Cultural preferences in humor usage has also been investigated. Many studies
used the Humor Styles Questionnaire (HSQ; Martin et al., 2003) to measure how
one uses humor (Chen and Martin, 2007; Hiranandani and Yue, 2014; Kalliny
et al., 2006). Four humor styles are identified: affiliative, self-enhancing, aggres-
sive, and self-defeating (see Section 2. 1). Schermer et al. (2023) collected HSQ
responses from 28 countries and found affiliative humor to be the most popular
humor style across all countries; self-enhancing humor is the least common in
Japan. Pozdena (2020) annotated 31 American and 31 Hungarian TED talks in
terms of humor type. They considered 3 humor types that corresponded to the 3
groups of humor theories: incongruity-based, superiority-based, and release-based
(see Section 2. 1). Incongruity-based humor was found to be the most represented
in both cultures, followed by superiority-based humor. The author argued that
the popularity of superiority-based humor could be explained by both cultures
being individualistic.

Cultural alignment in LLMs. Studies on cultural alignment in LLMs have
mainly focused on culture values, leveraging culture value questionnaires such as
World Values Survey (Haerpfer et al., 2022) and Hofstede’s cultural dimension
framework (Hofstede et al., 2010) to compare model answers with human baselines
(AlKhamissi et al., 2024; Bulté and Terryn, 2025; Masoud et al., 2025b). Western
cultural biases are found consistently across studies. Several strategies to improve
cultural alignment have been studied, including prompting (AlKhamissi et al.,
2024), fine-tuning (Masoud et al., 2025b), and prompt tuning (Masoud et al.,
2025a). Kabir et al. (2025) demonstrated that strictly following the close-style
culture value surveys was insufficient for understanding cultural alignment in
LLMs. They thus called for a more robust evaluation framework.

6.3 Data collection

We designed a web-based experiment to collect humor appreciation data for the
captioned New Yorker cartoons in the HuUMMUS dataset. The experiment in-
terface is presentedn in Figure (.1. For each cartoon, we asked two questions:
1) Do you find the cartoon funny? 2) What emotions arose after reading the
cartoon? A 5-point Likert scale was used for the first question to register an-
swers ranging from “definitely not” to “definitely yes”. The second question gave
participants 8 options, including 6 primary emotions from Plutchik’s Wheel of
Emotions (Plutchik, 1980): Joy, Sadness, Fear, Disgust, Surprise, and Anger; as
well as an “Other, namely” option for participants to provide emotions outside of
the provided 6, and a “None” option. The “None” option was exclusive; otherwise
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Do you find the cartoon funny?

Might or
might not

@) @) @) @) @)

Definitely not Probably not Probably yes Definitely yes

What emotions arose after reading the cartoon? Select up to 3 (1--3) categories.

0O Joy

[ sadness

3 Fear
(3 pisgust
[ surprise

[ Anger

"It was the only way | could get into the country."” [ None

Figure 6.1: Data collection interface.

up to 3 options can be selected for each cartoon.

We included four cultures: Chinese, Mexican, Polish, and the U.S.. For Mex-
ican, Polish, and the U.S. cultures, we used the following screeners to select
participants: 1) The participant is 18 years old or above; 2) The participant
spent most of their time before turning 18 in the target country (Mexico, Poland,
the U.S.); 3) Both the participant’s first language and their primary spoken lan-
guage are the (de facto) official language of the target country (Spanish, Polish,
English); 4) The participant is fluent in English. For Chinese culture, we ex-
panded screener 2 from a single country to four regions: Mainland China, Hong
Kong, Macau, and Taiwan. We also changed screener 3. While Mandarin can
be considered the official language of both People’s Replublic of China (which
includes Mainland China, Hongkong, and Macau) and Taiwan, it is far from the
first or primary spoken language for a large part of the population. Instead of first
language and primary spoken language, therefore, we accepted participants who
were fluent in Chinese, Cantonese, Mandarin, or Hakka. These languages/dialects
were both widely spoken in the target regions and listed by Prolific as individual
languages. There were also other languages that were first languages of people
living in certain parts of China, such as Mongolian (in Inner Mongolia) and Ko-
rean (in Northeastern Jilin). These were not included as they were primarily
related with other regions/cultures.

We collected 32 responses (8 per culture) for each cartoon. Each participant
provided response to 20 cartoons; participating for multiple times was not allowed.
While HuMMUS included multiple captions per image, we made sure that there
was always only one instance of each image in each batch of 20 cartoons. We also
did the following to avoid bots and low-effort responses: 1) A reCAPTCHA was
implemented at the beginning of the experiment. 2) Participants were informed
that external resources, including dictionaries, translation tools, and Al tools,
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Effect df F p

Metaphor 2,782.49 15.20 < .001
Culture 3,1248.30 25.24 < .001
Age 1, 1264.56  3.61 .058
Sex 1, 1265.79  0.29 .592
Education 7, 1264.80 0.63 .730

Table 6.1: ANOVA summary of fixed effects (humorous multimodal metaphor
use in cartoon, culture, age, sex, and highest level of education completed) from
linear mixed model of funniness ratings with random intercepts for cartoons and
participants.
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Figure 6.2: Estimated marginal means of funniness ratings by culture (left); by
both culture and humorous multimodal metaphor use (right).

were strictly prohibited before they accepted the study on Prolific, before they
gave consent to participate, and on every page where they were asked to provide
responses to cartoons (including the screening questions to test their English
proficiency). 3) Participants had to pass a small test right after the reCAPTCHA
to show that they spoke English and could read the cartoon images. 4) Right
click was disabled throughout the experiment. 5) Tab switches were monitored
throughout the experiment. Experiment would be terminated automatically if the
participant switched tabs or minimized the window for 3 times. 6) Two attention
checks for included.

6.4 Data analysis

From 1,280 participants (320 per culture), we collected a total of 25,600 responses
for 800 cartoons. Demographic information of the participants is summarized in
Appendix
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Effect df F p

Metaphor 2, 773.29 12.83 < .001
Culture 3,1255.84 21.28 < .001
Age 1,1267.24  0.38 .540
Sex 1, 1268.21  0.91 .339
Education 7, 1267.57  0.86 .543

Table 6.2: ANOVA summary of fixed effects (humorous multimodal metaphor
use in cartoon, culture, age, sex, and highest level of education completed) from
linear mixed model of number of emotions selected with random intercepts for
cartoons and participants.
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Figure 6.3: Estimated marginal means of number of emotions selected by culture
(left); by both culture and humorous multimodal metaphor use (right).

6.4.1 Effect of culture and metaphor use on funniness rat-
ings

We fitted a linear mixed model using restricted maximum likelihood to predict
funniness ratings from humorous multimodal metaphor use in cartoon as well
as participants’ culture, age, sex, and highest level of education completed, with
random intercepts for cartoons and participants.” An ANOVA on the fixed effects
(Table (. 1) showed that both culture and metaphor use were significant predictors
of funniness ratings (culture F(3,1248.30) = 25.24, p < .001; metaphor use
F(2,782.49) = 15.20, p < .001).

Figure presents estimated marginal means (EMMs) obtained from the
model. Mexican culture showed the highest adjusted mean funniness rating
(3.40 £+ 0.08, 95% CI [3.24,3.56]), followed by Chinese (3.26 + 0.08, 95% CI
[3.10, 3.42]) and Polish (3.01 £ 0.08, 95% CI [2.86, 3.16]); the U.S. culture had
the lowest EMM (2.96+0.08, 95% CI [2.80, 3.12]). Pairwise comparison using the

'We used the JASP software (JASP Team, 2026) to conduct the statistical analyses.
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2

Emotion df X p
Joy 3 68.28 < .001
Sadness 3 61.43 < .001
Fear 3 7446 < .001
Disgust 3 18.66 < .001
Surprise 3 19.34 < .001
Anger 3 28.88 < .001
Other 3 1830 < .001
None 3 61.74 < .001

Table 6.3: Abridged ANOVA summary of effect of culture from mixed effects
(culture, age, sex, highest level of education completed) logistic regression model
of each emotion category (with random intercepts for participants and cartoons).

Holm-Bonferroni Method for p-value adjustment indicated that there was no sig-
nificant difference between the EMMs of Polish and the U.S. culture (p = .407).
In general, therefore, the cartoons were significantly funnier for participants from
Mexican culture than those from Chinese culture; both cultures also found the
cartoons significantly funnier than Polish and the U.S. culture.

Regarding humorous multimodal metaphor use in the cartoons, the EMMs
indicated that all cultures tended to give higher funniness ratings to metaphorical
cartoons than non-metaphorical ones; cartoons not fully understood by the expert
metaphor annotator (the Discarded items) also tended to be the least funny across
all cultures. Pairwise comparison using the Holm-Bonferroni Method for p-value
adjustment showed that the differences in funniness ratings for metaphorical and
non-metaphorical cartoons were significant across all cultures (p = .005).

6.4.2 Effect of culture and metaphor use on emotional re-
sponse

Presence of emotions. We fitted a linear mixed model to predict the number
of emotions selected from humorous multimodal metaphor use in cartoon, culture,
age, sex, and highest level of education completed, with random intercepts for
cartoons and participants. The ANOVA summary (Table ©.2) showed that both
culture and metaphor use were significant predictors of the number of emotions
selected (culture F'(3,1255.84) = 21.28, p < .001; metaphor use F'(2,773.29) =
12.83, p < .001).

The adjusted mean number of selected emotions (Figure ¢.7) was the highest in
Mexican culture (0.9440.05, 95% CI [0.85, 1.03]), followed by Chinese (0.90+0.05,
95% CI [0.81,0.99]) and Polish (0.74+0.05, 95% CI [0.65, 0.83]), and the lowest in
the U.S. culture (0.71+0.05, 95% CI [0.61, 0.80]). The differences in EMMs were
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significant for all culture pairs (p < .001, adjusted using the Holm-Bonferroni
Method) except for Mexican-Chinese (p = .408) and Polish-the U.S. (p = .408).
In other words, participants from Mexican and Chinese culture were significantly
more likely to select any emotions than those from Polish and the U.S. culture.

On the other hand, participants from all 4 cultures tended to select more
emotion categories for metaphorical cartoons than non-metaphorical cartoons
(Figure 0.2). However, the differences between the EMMs were not statistically
significant (p = .069, adjusted using the Holm-Bonferroni method).

Emotion categories. For each emotion category, we fitted a mixed effects lo-
gistic regression model to predict whether the category was selected from culture,
age, sex, and highest level of education completed, with random intercepts for
participants and cartoons. We initially attempted to include metaphor use as a
fixed effect variable, but the model for Disgust failed to reach convergence within
a reasonable computation time in JASP. A likely cause was a lack of sufficient data
(1,472 selections of Disgust in 25,600 observations) to support the complexity of
the model. We therefore opted for a simpler setup for more stable estimates.

Effect of culture from each of the models is provided in Table 0.5, Full ANOVA
summary of fixed effects from the models, as well as EMMs by culture, are pro-
vided in Appendix . The ANOVA results showed that culture had a significant
main effect on all of the emotion categories (p < .001).

The EMMs indicated both cross-cultural similarities and differences in emo-
tional responses to the cartoons. Joy, Surprise, and None (absense of emotion)
had the highest estimated probabilities of being selected across all cultures. Par-
ticipants from Mexican culture, in particular, were more likely to select Joy and
Surprise than the other cultures. Participants from Chinese culture were more
likely to select Fear, Sadness and Anger; both Mexican and Chinese culture had
a slightly higher probability to select Disgust than Polish and the U.S.. Partici-
pants from Polish culture were more likely to select None, while those from the
U.S. culture were more likely to provide answers outside of the given categories.

6.4.3 Association between funniness and emotions

For each culture, we performed a chi-square test of independence using the
scipy.stats module in Python to assess the relationship between funniness rat-
ings and emotion categories. As shown in Table , there was a significant
relationship between the two variables for all cultures. We also calculated the
effect size of the associations in terms of Cramér’s V (Table 0.1): the effect size
was the smallest for Chinese culture (0.34) and the largest for Polish culture

2There was one cell with value lower than 5 but larger than 1 for the U.S. and Mexican
culture. Since it only accounts for 2.50% of the cells for either culture, we consider the results
of chi-square test reliable.
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X2 df N p \Y%

Chinese  3494.05 28 7687 < .001 0.34
Mexican 4081.49 28 7818 < .001 0.36
Polish 447782 28 7484 < .001 0.39
The U.S. 3512.01 28 7163 < .001 0.35

Table 6.4: Results of chi-square test of independence and Cramér’s V of funniness
ratings and emotion categories from each culture.

(0.39). Taking into account the dimensions of the contingency tables (5 funniness
categories x 8 emotion categories), we followed Cohen (1988) and interpreted the
results as indicating strong associations between funniness and emotion responses
from all cultures.

Figure shows standardized residuals calculated from the chi-square tests.
Overall, we found a similar relationship between funniness ratings and emotion
categories in the four cultures, with slight differences. In all cultures, high fun-
niness ratings (> 3) were most strongly associated with Joy while low ratings
were most strongly associated with the None category (absence of emotion). Sur-
prise was also associated with high funniness ratings while Disgust, Anger, and
Sadness low funniness ratings. Fear was associated with a lower funniness rating
in Chinese and Polish culture than Mexican and the U.S. culture. The Other
category was the most associated with low funniness ratings in Chinese culture,
and the least so in the U.S. culture.

6.4.4 The “Other” emotion categories

When answering the emotion questions, participant could select “Other, namely”
and provide an answer outside of the given options (6 primary emotions and
“None”). We received a total of 2,033 “Other” responses from the participants.
We corrected spellings and merged answers that only had grammatical differences
(e.g., “amused” and “amusement”; “unfunny” and “not funny”). Different words
that were arguably similar in meaning (e.g., “amused” and “funny”) were still
considered as different answers.

As shown in Figure 0.7, the proposed emotions can be positive (e.g., happi-
ness), negative (e.g., annoyance), or neutral (e.g., intrigue). Participants also ex-
pressed emotions at different levels of intensity: Apart from “amused” or “amuse-
ment”, there were also “very amused”, “mild amusement”, and “very mild amuse-
ment”.

Overall, the most frequent answers were “confused” (32%), “amused” (11%),
and “bored” (5%). A similar pattern was found within the individual cultures
(Figure 0.0), although “indifference” outnumbered amusement and boredom in
Mexican and Polish culture. Participants from Chinese culture used the word
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Figure 6.4: Standardized residuals calculated from chi-square test of independence
of funniness ratings and emotion categories per culture.

“funny” much more frequently than “amused”. “Funny” was also used more fre-
quently in Mexican and Polish culture than the U.S. culture.

)

The use of the word “funny” in the Chinese, Mexican, and Polish samples
indicated an underlying relationship between emotion and verbal expressions of
emotion. Participants from the U.S. culture provided the largest number of unique
answers (N = 123), which corresponded with their higher estimated probability
of selecting the “Other” option than the other cultures (Section ). Since the
experiment was in English, and the U.S. was the only culture among the four
where English must be a person’s first language, it was probably the easiest for
participants from the U.S. culture to articulate their emotional reactions from
those from the other three cultures. On the other hand, there were a few occas-
sions where a participant from Mexican culture used Spanish words such as “risa”
and “desilusion” in their answers. We treated these as different from their most
likely translations in English (“laughter” for “risa”, “disappointment” or “disillu-
sion” for “desilusion”) because they may contain culture- and language-specific
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Figure 6.5: “Other” emotions annotated by participants.
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(a) Chinese. (b) Mexican. (c) Polish. (d) The U.S..

Figure 6.6: “Other” emotions annotated by participants from each culture.

connotations that cannot be translated into English.

6.4.5 Case studies

To find cartoons where the cultures differed in their responses, we fitted a logistic
regression model that predicted funniness (1 for ratings > 3, 0 for ratings <
3) from 1) cartoon; 2) interaction of cartoon and participant; 3) interaction
of cartoon, participant, and culture; and /) interaction of culture and cartoon.
We then used the R package VEMIRT (Lyu et al., 2025) to detect differential
item functioning in the model. We used the D2PL_pair_em function to estimate
difference between each culture pair in term of funniness response to each cartoon
(B values). Figure 0.7 presents distributions of the estimates.

Using these scores, we found instances where the association between funniness
and emotions differed across cultures. For example, the cartoon in Figure 0. 50
uses a pun that is based on a PROBLEM IS FORCE metaphor: The word gravity
in the caption refers to both the seriousness of a situation and literal gravity
that makes the brick in the image fall down (and potentially hit the man who
is oblivious to the literal gravity of the situation). The S values suggested that
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Figure 6.7: Distribution of £ values indicating differences between each culture
pair in terms of funniness response to the same cartoon. The values were obtained
through differential item functioning detection for a logistic regression model
predicting funniness response from the interaction of cartoon and culture.

this cartoon was much more likely to be considered funny in Polish and Mexi-
can culture than Chinese culture (5 = 11.80 and 10.16 respectively). Emotion
responses to this cartoon showed that while most participants from Polish and
Mexican culture selected Joy or both Joy and Surprise, half of the participants
from Chinese culture selected Fear. On the other hand, their selection of Fear was
only associated with low funniness ratings when no other options were selected.
When they selected Joy together with Fear, the funniness ratings were > 3. A
few participants from Mexican culture also selected Fear, but it was accompanied
by Surprise, and the funniness ratings were 3 or above.

The cartoon in Figure uses a pun based on a BAR IS A CHURCH metaphor:
Bloody Mary in this context refers to both the cocktail and the religious figure,
Virgin Mary. Participants from Mexican culture had the highest probability to
rate this cartoon as funny, and those from Chinese culture the lowest (§ = 14.18
comparing Mexican to Chinese culture); Polish and the U.S. culture had similar
probabilities (8 = —0.52). Most participants from Mexican culture selected Joy
for this cartoon. Multiple participants from Chinese culture selected Fear; other
negative emotions such as Sadness and Disgust were also selected.

Both cartoons in Figure use puns, and both puns are based on metaphors.
The humor of these two cartoons thus relies on the contrast between the target
domain (PROBLEM, DRINK) and the source domain (FORCE, WOMAN) that the
metaphors bring out. Participants from Chinese culture may not be familiar with
the gravity metaphor in Figure : While the PROBLEM IS FORCE metaphor is
used in Chinese to describe the seriousness of a problem, Chinese equivalence of
the word gravity emphasizes the meaning of attraction and thus is usually used in
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“Joe, do you understand the gravity [ v R )
of the situation?” “Just don't order a Bloody Mary.”
(a) Gravity. (b) Bloody Mary.
Figure 6.8: Cartoons using puns and metaphors.
a different context. With regard to Figure , participants from Chinese culture

could be more familiar with the Bloody Mary in British history (it is taught in
school) than the cocktail. Even if they knew about Mary’s role in the Bible, they
might not immediately relate it to the cocktail if they did not know that Virgin
Mary was a non-alcoholic version of Bloody Mary.” For someone unfamiliar with
these metaphors, the contrast between target and source domains might stand
out more than someone used to the associations. Thus, the Fear and unfunny
responses from participants from Chinese culture might have resulted from a
stronger focus on the source domain—the heavy brick falling from the ceiling,
and a woman covered in blood.

On the other hand, familiarity is not necessarily associated with high funniness
ratings. The cartoon in Figure is based on Batman stories. The humor is
that Batman, a superhero, has to take the subway to catch Joker. Batman
and Joker came from the U.S. culture, but have gained popularity in the other
three cultures as well. The subway setting should also be recognizable in all
the cultures. Nevertheless, the g values suggested that Chinese and Mexican
culture had much higher probabilities to rate the cartoon as funny than the U.S.
(8 = 13.79/13.46 comparing Chinese/Mexican to the U.S.) and Polish culture
(8 = —21.03/ —20.70 comparing Polish to Chinese/Mexican). While participants
from Chinese and Mexican culture mostly selected Joy, those from the U.S. and
Polish culture mostly selected None.

The humor of the cartoon in Figure likely has to do with the “Dad”, who
seems to be going surfing in a business suit. A parent trying to build a good

31 regret the misogyny underlying the naming of these drinks.
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“Well, this is just great. IThe Joker is probably halfway to

Brooklyn on the L by now.” “Now you're embarrassing me, Dad.”

(a) Batman. (b) Father and son.

Figure 6.9: Cartoons based in pop culture or universal phenomenon.

relationship with the child should be a universal phenomenon. However, this
cartoon showed the highest probability to be considered funny in Chinese culture,
followed by Mexican. Both cultures were much more likely to rate the cartoon as
funny than the U.S. (8 = 19.68/13.32 comparing Chinese/Mexican to the U.S.)
and Polish culture (8 = —21.47/ — 15.11 compared to Chinese/Mexican). As for
emotion categories, most participants from Chinese and Mexican culture selected
Joy whereas most from Polish and the U.S. selected None. A few participants
from Mexican also selected Sadness and gave the cartoon low funniness ratings,
suggesting that they might not appreciate the son’s attitute toward his father.

6.5 Discussion and conclusion

In this chapter, we investigated cultural differences in humor appreciation. We
collected funniness ratings and emotions data for 800 captioned New Yorker car-
toons from four cultures: Chinese, Mexican, Polish, and the U.S.. Using the data,
we examined how culture and metaphor use were associated with funniness rat-
ings and emotions, as well as how funniness ratings were associated with emotion
categories. We also conducted qualitative analysis on cartoons where the cultures
showed differences in their responses. We found a significant effect of both culture
and metaphor use on funniness ratings and emotions. Specifically, Mexican and
Chinese culture tended to give higher funniness ratings and were more likely to
select emotions that were not “None” than Polish and the U.S. culture. Cartoons
involving humorous multimodal metaphor use were more likely to receive higher
funniness ratings and emotional responses than the non-metaphorical ones in all
cultures.

With regard to emotion categories, all cultures showed higher probabilities to
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select Joy, Surprise, and None than the other categories. Joy and Surprise were
associated with high funniness ratings and None low funniness ratings across all
cultures. Nevertheless, we also found subtle differences between the cultures. For
example, the U.S. culture had a higher probability to select “Other” than the
other cultures, and it provided a wider variety of “Other” answers than the other
cultures. This was probably because verbal expression of emotions in English
was the easiest and the most natural for participants from the U.S. culture. We
also found participants from Mexican culture resorting to Spanish words to name
emotions outside of the given options.

On the other hand, Chinese culture had a higher probability of selecting Fear
than the other cultures; Fear also had a stronger association with low funniness
ratings in Chinese culture than Mexican and the U.S. culture. Through case
studies we found that negative emotions such as Fear could be caused by an
unpleasant mental image that was brought out by a metaphor that the receiver
was unfamiliar with. We also demonstrated that familiarity was not necessarily
related with high funniness ratings—it would at least partially depend on one’s
opinion on that specific scenario.

Future directions. Our findings suggest that our current framework, which
includes funniness, emotions, and metaphor use, successfully captures cultural
differences in humor appreciation, and therefore serves as a solid basis for an
evaluation framework of LLMs’ cultural alignment in humor processing. As a next
step, we will investigate whether there are other factors that help to explain the
cultural similarities and differences observed in this study. For example, one may
wonder how much the similarities and differences can be explained by Hofstede’s
cultural dimension framework. The connection will open doors to forming an
evaluation framework that can be integrated with existing evaluation frameworks
of cultural alignment in LLMs. The joint framework will provide richer context
for diagnosing misalignment in humor processing—whether it is due to misaligned
values/beliefs or something else.

When asking LLMs to predict the funniness of a cartoon and elicited emotions,
we will also consider using open-ended questions or letting the models to explain
their answers. As Kabir et al. (2025) have pointed out, closed-style questionnaires
can lead to unstable model performance and do not provide sufficient information
for understanding the models’ cultural alignment. Considering the intricacies of
the relationship between funniness and emotional responses that are shown in our
study, detailed model outputs will likely be essential for us to measure how well
a model aligns with different cultures in humor processing. It will also provide
great insights into why any misalignemnt happens, which will shed light on the
right directions to for improving the models.
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6.6 Limitations

We set aside potential cultural differences in metaphors in this study. The
metaphor annotations used in this study require expert knowledge in metaphor; it
was infeasible to ask the participants to provide such annotations. While there is
the option to ask metaphor scholars from different cultures to do the annotation,
it would require the involvement of multiple scholars from each culture—just like
we had multiple participants from each culture for the funniness and emotion
annotations. That does not fit the scope of the current study. Nevertheless, our
metaphor annotation was done by a Chinese scholar, and it had an F1 score of
0.73 compared to the annotation of a Dutch scholar (Chapter 7). We therefore
contend that our annotation is representative of universally recognized metaphors.

Due to restrictions of Prolific, it was impossible within the scope of our study
to include participants from Chinese culture who were residing in Taiwan or
People’s Republic of China when the experiment took place. However, all of our
participants from Chinese culture were strictly required to have spent most of
their time in Taiwan or People’s Republic of China before turning 18. They were
thus still deeply connected with Chinese culture.

There were also much less available participants from Chinese, Mexican, and
Polish culture as compared to the U.S.. This has been reflected in some differences
in age and education level distributions. Nevertheless, we have taken age, sex, and
education level into account in our analysis of the relationship between funniness,
emotions, and metaphor use.

6.7 Ethical considerations

The experiment was approved by the Ethics Committee for Information Sciences
at the University of Amsterdam.

Participants were informed of our additional screening procedure and measures
to avoid bots before they took part in the experiment. They were also informed
beforehand that the cartoon stimuli may contain explicit or sensitive content.
Screened out participants received a compensation of 0.10 GBP; full participation
was rewarded on the basis of 9 GBP per hour.
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Conclusions

In this thesis, we sought answers to the question: How well do LLMs understand
metaphor and humor? We built datasets and established benchmarks that con-
cern the processing of metaphor and humor in both linguistic and multimodal
communication. In this chapter, we revisit our key findings and discuss their
implications for future research.

7.1 Dissecting incongruity

First, let us take a look at what lies at the core of both metaphor and humor
understanding—incongruity. In Chapter , we built the MUNCH dataset, provid-
ing apt and inapt paraphrases for ~3k metaphorical sentences. The paraphrases,
both apt and inapt, only alter the metaphorical word in the reference sentence
while everything else remains intact. Moreover, we made sure that the replace-
ment words in the apt and inapt paraphrases correspond to the target and source
domains of the metaphors respectively. A key motivation behind this design
was to test whether and to what extent LLMs were able to map source-domain
meaning onto the target domain, thus performing full metaphor understanding.
Our experiments revealed that the models often confused the two domains of a
metaphor. We also found that the models struggled with generating paraphrases
for some of the metaphors in our dataset, resulting in nonsensical or ungrammat-
ical outputs. In other cases, the generated paraphrases have opted for words that
imply negligence of certain aspects of the target domain (e.g., implying that a
coin has more than two sides by paraphrasing both sides of the coin as both facets
of the coin). Nevertheless, the models showed increases in accuracy rate when
they were explicitly told which word in the given sentence is metaphorically used.

In Chapter !, we proposed a taxonomy of 9 intentions behind metaphor use:
Lexicalized metaphor, Artistic use of metaphor, Visualization, Persuasiveness,
Explanation, Argumentative metaphor, Social interaction, Humor, and Heuristic
reasoning. We annotated ~1.2k linguisic metaphors according to the taxonomy
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and tested LLMs’ capabilities to infer the intentions behind metaphor use in zero-
and few-shot settings. We found that while humorous metaphors were slightly
less represented in our dataset, LLMs were better at recognizing a humorous
intent than other less represented intentions, such as Heuristic reasoning and
Social interaction. This could be explained by the central role of incongruity
in humor: Unlike use cases such as Persuasiveness or Argumentative metaphor,
where the person producing the metaphor may want their metaphor use to stay
under the radar (i.e., to hide the incongruity), humor is one use case where
detecting the incongruity is essential. The situation thus appears to be similar
to the paraphrasing challenge in Chapter °: Model performance improved when
the incongruity was made more salient.

Chapter © dealt with multimodal metaphor use in humorous cartoons. We
created the HuUMMUS dataset, which consists of 1k New Yorker cartoons with
English captions, including ~560 that we marked as involving humorous multi-
modal metaphor use. For these metaphorical items, we provided detailed anno-
tations with regard to which conceptual metaphors are used, how the source and
target domains are represented in text and image, and how the metaphor use
contribute to the humorous effect of the cartoon. Our experiments with state-
of-the-art MLLMs revealed that the models were prone to false positives when
asked whether a given cartoon contains humorous multimodal metaphor use. The
models also struggled with identifying and localizing the underlying conceptual
metaphors. Our ablation study and error analysis suggested that the models’
compromised performance could be attributed to inability to integrate visual and
textual information.

Implications and future directions. These studies suggest that LLMs are
not good at interpreting metaphors as they are—i.e., mappings between distinc-
tive but relevant domains. We observe this issue in the models’ processing of both
monomodal and multimodal metaphors. Moreover, the false positive predictions
of humorous multimodal metaphor use echos a previous study by Akula et al.
(2023), which found that vision models struggled with differentiating metaphor-
ical and symbolic advertisements. Our study points out a broader issue: LLMs
struggle with processing incongruities in general.

Successful processing of incongruities requires both world knowledge and the
activation of relevant world knowledge in real-time interaction. Our studies sug-
gest that the latter is an area we can work on, as we observed improvement in
model performance when it was clearer to the models what they should focus on.
However, this strategy is likely infeasible in actual human-Al interactions, where
the human user is not necessarily interested in teaching the AI how to under-
stand what they have said. Like what E. B. White famously said, “Explaining a
joke is like dissecting a frog. You understand it better but the frog dies in the
process.” When the user has to guide AI through their creative language use, the
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conversation deviates from its original purpose.

An alternative solution, therefore, is to either train the model beforehand or
in the background when a conversation is ongoing. Both options would need a
protocol tailored to the purpose (e.g., to detect metaphor use, to analyze the
underlying conceptual metaphor, to infer its intention) and datasets that back
up the protocol. One such much-needed protocol, as implied by our findings,
is to differentiate different types of incongruity—when it should be treated as
metaphor use, when it is humorous but non-metaphorical, when it is humrous
metaphor use, among others.

7.2 Communicating humanity

In addition to the explicit differentiation of source and target domains, Chapter
also investigated whether and to what extent LLMs and humans have similar
preferences when paraphrasing metaphorical words. Our experiments showed that
LLMs’ interpretation of metaphorical words diverged from humans’, attributing
lower probabilities to paraphrases created by humans than other words in their
vocabulary. While some of such cases could be explained by insufficient reasoning
ability with the presence of incongruity, other cases appeared to be simply a
matter of preference.

In our study of LLMs’ capabilities to infer the intentions behind metaphor
use (Chapter '), we observed increased model accuracies in few-shot settings,
albeit being accompanied by a higher percentage of nonsensical model outputs.
Additionally, the descriptions for each intention category turned out to be indis-
pensable even with few-shot in-context learning—the models appeared to need a
combination of high-level explanation and specific examples to gain better under-
standing of the task.

On the other hand, our experiments showed that the models generally strug-
gled with intentions that were less represented both in our dataset and in natural
discourse. There was a huge gap between the mean F1 scores of GPT-4 in identify-
ing Lexicalized metaphor as compared to Heuristic reasoning or Social interaction.
Lexicalized metaphor, which typically uses highly conventionalized metaphors,
arguably accounts for the majority of metaphor use in natural discourse (Steen,
2017; Steen et al., 2010a). However, this does not make the recognition of less
represented intentions less important. Metaphors for Social interaction have their
roots in social and cultural norms, conveying how the speaker views the relation-
ship between themselves and the receiver, as well as how the speaker expects
the receiver to respond. In human-Al interactions, therefore, recognizing such
intentions could be crucial for the Al to be perceived as friendly and helpful.

In Chapter 0, we examined cultural differences in humor appreciation. We
collected 25.6k funniness and emotion annotations for 800 New Yorker cartoons
with English captions, covering 4 diverse cultures: Chinese, Mexican, Polish, and
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the U.S.. Our statistical analyses indicated that both culture and metaphor had
significant effects on humor appreciation. Cartoons involving humorous multi-
modal metaphor use tended to be considered funnier and more likely to evoke
emotional reactions than cartoons not involving such metaphors. Nevertheless,
the same metaphor could lead to different emotional reactions depending on the
receiver’s culture.

Implications and future directions. Our findings highlight a concern that
current LLMs may appear disconnected with human users in human-AT interac-
tion. They tend to have difficulty engaging with highly intellectual discussions
(where metaphors could be used for Heuristic reasoning), or recognizing user ex-
pectations (which could be implied by metaphorical expressions). While such
circumstances may be sparse compared to, e.g., the occurrence of Lexicalized
metaphor, failed attempts would still leave a mark—especially considering the
close relationship between metaphor and emotion. The situation is even more
challenging when we take cultural differences into account. Ignorance or insuf-
ficient modeling of the intricate relationship between culture, metaphor, humor,
and emotion can easily lead to offensive

Adding to the complexity of the issue is the implication that in-context exam-
ples themselves may not be sufficient for LLMs to infer what is left unspoken and
make the right decisions. Explicit instructions may still be needed. However, a
set of abstract rules is not the same as what happens in real-time communication;
a lot of details are lost.

While communication in this broad sense is different from identifying the two
domains of a metaphor, the latter (i.e., understanding incongruity) may still form
the backbone of more complex tasks that involve intentions, emotions, and cul-
tural differences. Even for metaphor and humor scholars, the analysis always
starts with dissecting the incongruity; LLMs may benefit from this thinking pro-
cess as well.
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Appendix to Chapter 3

A.1 Previous metaphor understanding datasets &
tasks

Table summarizes the differences between MUNCH and previous datasets.

Example (1) is extracted from MPEC. The correct paraphrase, Sentence ,
is almost completely different from the original sentence. The two distractor
sentences that follow indicate different types of misinterpretation: Sentence
wrongly interprets the meaning of the original sentence, while the last sentence
is based on a literal use of the word wheels.

(1) the wheels of justice turn slowly

a. it might take time but eventually justice prevails
b. ; justice prevails in very little time
c. | the wheels of a car turn slowly

The MPEC corpus is employed by two metaphor understanding tasks in BIG-
Bench (Srivastava et al., 2023). The uses a binary classi-
fication setup: Given a pair of sentences, is the second sentence a paraphrase of the
first? GPT-2 only reached 0.41 accuracy on this task in a zero-shot scenario. The
consists of two subtasks: metaphor to paraphrase,
which asks the model to select the correct paraphrase from 4 candidates; and
paraphrase to metaphor, which requires the model to distinguish the metaphori-
cal sentence corresponding to a given paraphrase from 3 other metaphors. GPT-2
large performed poorly on both subtasks: In a zero-shot scenario, the model gave
0.27 accuracy on the metaphor-to-paraphrase task, and 0.67 accuracy on the
paraphrase-to-metaphor task.
The metaphor-literal pairs in the NewsMet dataset was created with the help
of LLMs. Each news headline has a verb considered as the focus word. They
first passed the headlines with the focus words masked to ALBERT (Lan et al.,
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Metaphor Correct Distractor
n  Length n  Type n Type
MPEC 192 9+4 218 s—s 526 mixed
NewsMet 791 12+ 3 91 w—-w 0 -
IMPLI 913 16 £ 10 1032 w—p 281  context change
FLUTE 1500 11 +£5 1500 p—p 1500 opposite meaning
MiQA 150 8+ 2 150 s—s 150  context change

Fig-QA 10256 9+ 3 10256 s—s 10256 opposite meaning
MUNCH 2953 26 + 15 10261 w —w 1492 paraphrase

Table A.1: Differences between MUNCH and previous datasets that
provide paraphrases for metaphors: MPEC (Bizzoni and Lappin, 2018;
), NewsMet (Joseph et al.,
2023;
), IMPLI (Stowe et al., 2022; ),
FLUTE (Chakrabarty et al., 2022b;

), MiQA (Comsa et al., 2022), and Fig-QA(Liu
et al., 2022b; ). We
present their differences regarding number of metaphor samples, mean + SD
length of the metaphor samples (measured by number of words), number of cor-
rect paraphrases, the part of a metaphor sample that is replaced to create correct
paraphrases (s=sentence, p—phrase, w=word), number of distractors, and dis-
tractor type. The numbers are calculated from the datasets available on GitHub.
Note that our dataset is much more extensive than the previous ones.

2020) to obtain the first 200 words that can replace the focus word. These 200
words were then passed to a metaphor detector to obtain the top-6 metaphorical
and top-6 literal candidates. Human annotators then identified the best literal
counterparts for metaphorical focus words and the best metaphorical counterpart
for literal focus words.

In the IMPLI example (7 ), the correct paraphrase uses a phrase, paid
for, to explain the metaphorically used word absorbed in the original sentence.
The distractor, on the other hand, is based on the literal meaning of absorbed.
Fine-tuned RoBERTa base and RoBERTa large achieved high accuracies (> 0.8)
on labelling these metaphor-paraphrase and metaphor-distractor sentence pairs.

(2)  he absorbed the costs for the accident

a. he paid for the costs for the accident
b. ; he absorbed the sunlight after the accident

Example () is extracted from the FLUTE dataset; included in the parentheses


github.com/yuri-bizzoni/Metaphor-Paraphrase
https://github.com/AxleBlaze3/NewsMet_Metaphor_Dataset/tree/main
https://github.com/AxleBlaze3/NewsMet_Metaphor_Dataset/tree/main
github.com/UKPLab/acl2022-impli
https://github.com/tuhinjubcse/model-in-the-loop-fig-lang
https://github.com/tuhinjubcse/model-in-the-loop-fig-lang
https://github.com/nightingal3/Fig-QA/tree/master
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are explanations for the paraphrase and the contradict respectively. Contrary to
the MUNCH dataset, the authors aimed at paraphrases that use more than one
word to replace a metaphorically used word. Note that sentence is more of a
direct contradiction of the reference metaphor than the paraphrase, as it preserves
the metaphorically used word louder. The difference between the contradict and
the reference metaphor may thus be easier to detect as compared to a contradict
that is more similar to the paraphrase (e.g., Actions are not more important than
words).

(3)  Actions speak louder than words.

a. Actions are more important than words. (This phrase is used to say
that what someone does is more important than what they say.)

b. § Actions are not louder than words. (The metaphor suggests that
deeds or actions are more important than words, while the contradic-
tion suggests that words are more important than deeds or actions.)

As example shows, each metaphorical premise in the MiQA dataset is
paired with a literal premise exemplifying literal use of the metaphorical word;
the dataset also includes implications (the text in parenthesis) of the metaphorical
and literal premises:

(4)  a. Isee what you mean (I understand you)
b. I see what you are pointing at (My eyes are working well)

Comsa et al. (2022) set up 2 binary-choice tasks using the MiQA dataset:
1) Given a metaphorical premise, select the correct implication; 2) given an
implication, select the corresponding premise. They also set up a generative task:
Given a metaphorical premise, answer whether it implies the literal conclusion.
LLMs performed well on these tasks.

The Fig-QA dataset provides similes of opposite meanings as well as their
implications (given in parentheses):

(5)  a. The meteor was as bright as New York City (The meteor was very
bright)
b.  The meteor was as bright as coal (The meteor was not bright at all)

The binary-choice task is similar to MiQA: Given a metaphorical premise, select
the correct implication. They also develop a generative task which prompt models
to generate implications freely. Liu et al. (2022b) found these tasks challenging
for LLMs in zero-shot settings.
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1 The summer’s sprawl begins to be oppressive at this stage in the year
and trigger fingers are itching to snip back overgrown mallows, clear out
the mildewing foliage of golden rod and reduce the overpowering bulk of
bullyboy ground cover.

2 The red and green of the Aztec necklace links it compositionally with the
indigenous plants to the “south” of the painting, the pink colonial-style
dress tonally blending with the skyscrapers to the “north”.

3 Nine out of 10 are routine calls, many of which could be carried out by
mini cabs.

4 This example assumes that a sympathy for motorists with overwhelm any
tendency to logical analysis.

5 There were, in fact, about a score.

6 Mrs Bottomley is convinced the Tory victory provides the opportunity
to entrench the reforms — and to give doctors, nurses and managers the
confidence to make them work.

7 Thus, as with biological theories, crime is seen as pathological (a disease),
as something to be looked at from the medical point of view.

8 “So you've decided to put in an appearance?”

9 He was in there twice, at a Wimpole Street number and again at an address
in Mill Hill: Rufus H. Fletcher, MB, MRCP.

10 Once again he backtracks and assumes a larger unity in which conflict
takes place.

11 no I'm alright Ann, I mean, feel a bit ba ah I mean I'm sorry I do have to
buy a feel a bit of, I feel a bit dizzy you know as if I

12 Mick said to me last night, he said to me you can never fit not used to it,
but

13 Now if he doesn’t get the economy right he’s gon na end up with egg on
his face and

14 That take me nearly all the er

15 As this is been shared by lines int it?

16 Well seven nines, well ee er, it takes you so long

17 Take what you want and leave the rest, your mother’ll get rid of it.

Table A.2: Sentences that did not receive single-word substitutions in the crowd-
sourcing task.



A.2. Crowdsourcing task 99

A.2 Crowdsourcing task

The participant information sheet, which was presented to the crowd workers
prior to the consent form, has a section dedicated to potential disadvantages and
risks involved in participating in the study—

The sentences you will paraphrase were from a wide range of sources,
including newspapers, fiction, and dialogues. You may occasionally
encounter violence or taboo topics (e.g., war, crime, sex), as well as
potentially disturbing opinions.

If you are concerned, you do not have to give consent; you can also
withdraw anytime during the experiment.

The information sheet also explains how data collected from the study will be
used. The workers were informed that their participation would remain confiden-
tial, that their response would be anonymized, and that the data would be made
open access at the end of the study.

The annotation guidelines are shown in Figure . The trial sentence is pro-
vided in Example (6), where introduce is the metaphorical word to be interpreted.
Our final list of acceptable answers includes: address, advance, clarify, convey,
cover, define, describe, discuss, elucidate, establish, explain, mention, present,
propose, reveal, share, show, state, submit, suggest, teach, unveil.

(6) I shall now introduce the concept of an elementary charge, 1.6 x 10 -19
C, carried by an elementary particle called the electron.

Table presents the 17 sentences for which none of the crowd workers were
able to provide single-word substitutions for the metaphorical words. These are
mainly highly conventionalized metaphors, for which it is usually difficult to find
an alternative expression. There are also cases where the target word is part
of a multi-part word (e.g., carry out, point of view) or a phrase (e.g., put in
an appearance, get rid of ). These seem to be an oversight of the VUA corpus:
According to the MIPVU method the corpus employs, a multi-part word or phrase
should be considered as a single annotation unit. Nonetheless, as there were no
suitable way to filter them out automatically, such cases were included in the
crowdsourcing task.

A.3 Guidelines for inapt paraphrase annotation

Thank you for taking part in this annotation task. I will send you 200 sentences
that need your annotation, split into 20 surveys (10 sentences in each), so that it
will be easier for you to navigate.
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In this document I will explain the two annotation steps, namely identifying
the more basic meaning and selecting good-enough inapt paraphrases. 1 use
multiple choice questions to prompt your annotations; there is also a comment
box for each sentence (at the end of all the questions for that sentence), in case you
have anything that needs to be expressed about the sentence or your annotation.
If you have any questions along the way, please feel free to contact me.

A.3.1 Identify the more basic meaning

Each sentence has a highlighted word, which we call the target word. The first
question provides you with all the senses of the target word extracted from Word-
Net; your job is to see whether you could find one or more senses that are more
basic than the word’s contextual sense. In essence, you are asked to perform the
contextual sense and basic sense identification steps of the MIPVU procedure,
but with WordNet in the place of the Macmillan Dictionary.

You can choose more than one sense, as WordNet employs fine-grained sense
distinctions, and multiple senses may qualify as more basic.

If none of the listed senses are more basic (for example, when you believe the
target word is used non-metaphorically), please select “None of the above”.

If you find a sentence too difficult to comprehend, or the target word’s con-
textual meaning unclear without further context, you can say so in the comment
box and skip the sentence.

A.3.2 Select inapt paraphrases

When a sense is selected, you will see a list of words related to that sense, each
word being followed by a candidate paraphrase, which uses the related word to
replace the target word in the original sentence. Please read through each sen-
tence and select the ones that are good-enough inapt paraphrases of the original
sentence. If multiple senses are selected in the first step, please go through the
options for each selected sense; if no additional question appears when you select
a sense, it means this sense does not have related words in WordNet, and you are
done with the annotation of this sense.
A good-enough inapt paraphrase should meet the following requirements:

1. It is different from the original sentence in meaning.

2. It indicates that a more basic sense is mistaken as the contextual sense of
the target word.

3. It is grammatically acceptable.

I further explain these requirements below.
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Requirement 1: Different meanings. Consider the original sentence

and a candidate paraphrase . While Sentence clearly refers to Paula’s
emotions, Sentence presents some different images: Either Paula was pro-
tected (by sandbags or metaphorical sandbags) while repeating something dan-
gerous, or what she repeated irritated someone and that person hit her hard with
a sandbag. Since the two sentences invoke different images, Sentence meets
the first requirement and can be further considered for inapt paraphrase annota-
tion (in fact, it also meets the other two requirements and should be marked out
as a good-enough inapt paraphrase).

(7)  a. Paula repeated, stunned.
b. Paula repeated, sandbagged.

Sentence is also ambiguous and can be interpreted in different ways. Such
ambiguous sentences are always considered inapt paraphrases, even if one of the
interpretations does correspond to the original sentence-they do not necessarily
convey the meaning of the original sentence.

Requirement 2: Wrong sense. A good-enough inapt paraphrase tells us
that a more basic sense might have been assigned to the target word (by using
a word related to the more basic sense to replace the target word), instead of
the contextual sense. Sandbag is related to the hitting sense of stun; the result-

ing sentence is thus an inapt paraphrase of . In the example below,
however, communication is not necessarily related to the physical sense of sign.
Sentence thus should not be selected as a good-enough inapt paraphrase of
Sentence , although it meets the first requirement of conveying a different
meaning.

(8)  a. The one thing they do not do is to re-examine the original for the
tell-tale signs of forgery.
b. The one thing they do not do is to re-examine the original for the
tell-tale communications of forgery.

Requirement 3: Grammar. We focus on semantic differences in this study,
so ungrammatical candidate paraphrases should be ruled out. Sentence

is ungrammatical as cover is a transitive verb and should not be followed by a
preposition. It thus should not be selected as a good-enough inapt paraphrase
for

9) a. But the most striking thing about Bagehot’s essay on Peel, in the
light of the last full week of this election campaign, is that it simply
does not apply to Major at all.

b. But the most striking thing about Bagehot’s essay on Peel, in the
light of the last full week of this election campaign, is that it simply
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does not cover to Major at all.

Overall Please keep in mind that the candidate paraphrases were generated
automatically by replacing a target word with a word related to a random sense
of the former. They are not provided by humans with an attempt to paraphrase
the original sentences, so please do not try to justify them (that is, to find a
reason why an English speaker would paraphrase the original sentence like that).

A.4 Model evaluation details

We accessed the LLaMA models through Hugging Face; the queries used ~880
GPU hours. Our GPT-3.5 queries through the OpenAl API cost ~255 USD.

We provide all the prompts used in this study: three prompts for each con-
dition of the paraphrase judgement tasks, including word judgement (Table )
and sentence judgement (Table ); and three prompts for the paraphrase gen-
eration task (Figure A .2).

A.5 FError analysis details

Table summarizes the novelty scores of the metaphor samples that receive
correct versus incorrect answers from the models in the two paraphrase tasks.
Table and show model accuracies in different genres and for different

POS of the metaphorical word respectively. The statistics are based on the best
performance of each model. For the paraphrase judgement task, this means the
Metaphor-Word condition of Word-judgement for LLaMA-13B, using the third
prompt (see Table /\ 3); the Metaphor-Word condition of Sentence-judgement for
LLaMA-30B, using the second prompt (see Table ); the Implicit condition of
Word-judgement for GPT-3.5, using the third prompt. In paraphrase generation,
the LLaMA models achieve their respective best performance when given the first
prompt (see Table ); for GPT-3.5, it is the second prompt.
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Instructions

Each trial gives you a sentence with a target word,
for example:

o The artist captured her perfectly.
Your task is to paraphrase the given sentence by
substituting the target word with another word.
We will provide you with the original sentence
with the target word removed, so you will just
need to fill in the blank:

e The artist her perfectly.
Some trials may provide (much) longer or shorter
sentences, but there will always be only one target
word in each sentence.

What basic rules should | follow?

Describe seems to be the right synonym, but to use
it in your paraphrase, you would need to add more
context, which is not allowed in this task:
e The artist described her perfectly. (The
artist talked about her?)
o The artist described her perfectly in the
picture.

Can | use the same substitution for the same
target word?

Your paraphrase should always be apt: You should
be able to use your paraphrase in real life to
express the meaning of the original sentence. For
the sentence above, we consider the following apt
paraphrases:
e The artist depicted her perfectly.
e The artist portrayed her perfectly.
As you can see, the substitution should be a single
word: There should be no whitespace in your
substitution.
Please also use the correct word form: The target
word captured should be replaced by a verb in its
past tense. If you replace captured with depicts in-
stead of depicted, for example, your paraphrase
will be describing a present instead of a past event.
o The artist depicts her perfectly. (The event
being described is shifted to the present.)
e The artist depict her perfectly. (Ungram-
matical paraphrases are always inapt.)

Can | use a dictionary?

You may encounter the same target word multiple
times; we encourage you to find the most suitable
paraphrase for each case. You can, of course, reuse
a substitution if you believe that is the best option.

What if | can’t find an apt paraphrase?

Yes, you can use dictionaries, thesauruses, or any
other resources to help finish the task.

Do | simply look for synonyms?

It depends; please always read through your
paraphrase to check whether your synonym fits
the context.

Synonyms could render inapt paraphrases as well.
For the above example, a thesaurus would list im-
prison as a synonym of capture, but substitu-
ting captured with imprisoned would change the
sentence’s meaning:

e The artist imprisoned her perfectly.

There is a comment box at the end of each trial.
Please use the space to provide your reasons when
you could not find an apt paraphrase. Avery
short explanation will do, for example:

Original sentence: It's the first time in his career
he hasn’t come out on top.
Your explanation:

Please therefore do not feel pressured to fill in a
blank—with the target word itself, a random
word, “N/A”, etc.—when you believe the target
word is impossible to paraphrase given our
requirements.

You can also leave comments in those boxes when
you have found an apt paraphrase, but this is
entirely optional.

Figure A.1: Instructions for the paraphrasing task.
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Implicit
1 Choose the word(s) that can replace the highlighted word in the given
sentence without changing the meaning of the sentence.
Sentence: {metaphor_sample}
Option A: {candidate_substitution_word_1}
Option A: {candidate_substitution_word_2}
Option C: Both Option A and Option B
Option D: Neither Option A nor Option B
Correct answer: Option

2 Select words that can replace the highlighted word in the given sentence
without altering the sentence’s meaning.

3 Which of the given options can replace the highlighted word in the given
sentence without altering the sentence’s meaning?

..

Metaphor-Sent

1 Choose the word(s) that can replace the highlighted word in the given
metaphorical sentence without changing the meaning of the sentence.

2 Select words that can replace the highlighted word in the given metaphorical
sentence without altering the sentence’s meaning.

3 Which of the given options can replace the highlighted word in the given
metaphorical sentence without altering the sentence’s meaning?

..

Metaphor-Word

1 Choose the word(s) that can replace the highlighted metaphorically used
word in the given sentence without changing the meaning of the sentence.

2 Select words that can replace the highlighted metaphorically used word in
the given sentence without altering the sentence’s meaning.

3 Which of the given options can replace the highlighted metaphorically used
word in the given sentence without altering the sentence’s meaning?

..

Table A.3: Prompts for the word judgement task.
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Implicit

1

Choose the correct paraphrase(s) for the given sentence.
Sentence: {metaphor_sample}

Option A: {candidate_paraphrase_1}

Option A: {candidate_paraphrase_2}

Option C: Both Option A and Option B

Option D: Neither Option A nor Option B

Correct answer: Option

Select sentences that paraphrase the given sentence.
Select sentences that are semantically equivalent to the following sentence.

..

Metaphor-Sent

1

Choose the correct paraphrase(s) for the given metaphorical sentence.
Select sentences that paraphrase the given metaphorical sentence.

.

Select sentences that are semantically equivalent to the following metaphor-
ical sentence.

..

Metaphor-Word

1

You are given a sentence where the highlighted word is metaphorically used.
Choose the correct paraphrase(s) for the given sentence.

Given a sentence where the highlighted word is metaphorically used, select
sentences that paraphrase this sentence.

Given a sentence where the highlighted word is metaphorically used, select
sentences that are semantically equivalent to this sentence.

..

Table A.4: Prompts for the sentence judgement task.
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1 Paraphrase the given sentence by substituting the highlighted word with another word.
The substitution should be a single word.
Sentence: No golden light *bathed* the red brick of the house.

Paraphrase: No golden light *[blank]* the | | Paraphrase: No golden light *___* the
red brick of the house. red brick of the house.

[blank] should be “
For LLaMA For GPT

2 Use a single word to replace the highlighted word in the given sentence, so that the new
sentence and the given sentence mean the same thing.
Sentence: [...]
New sentence: [...]

3 Given a sentence with a highlighted word, replace this word with a different word to
make a paraphrase.
Sentence: [...]
Paraphrase: [...]

Figure A.2: Prompts for the paraphrase generation task. The underscores ()
denote the place where models are asked to provide their answers: The LLaMA
models append answer after the left quotation mark () while GPT-3.5 inserts
answer between the two asterisks (). The underscores themselves are not part
of the prompts.

Judgement Generation
LLaMA-13B  0.07 / 0.07 0.07 / 0.06
LLaMA-30B  0.05 / 0.08 0.06 / 0.06
GPT-3.5 0.06 / 0.08 0.04 / 0.07

Table A.5: Mean novelty scores of metaphor samples for which each model gives
correct /incorrect answers when it achieves its respective highest performance in
the paraphrase judgement and paraphrase generation tasks. All standard devia-
tions are 0.20+0.01. Differences that are statistically significant are highlighted.
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ACPROSE NEWS FICTION CONVRSN

Judgement

LLaMA-13B 0.44 047 0.47 -
LLaMA-30B 0.37 0.33 0.24 -
GPT-3.5 0.34 0.36 0.32 -
Generation

LLaMA-13B 0.15 0.17 0.21 0.13
LLaMA-30B 0.34 0.37 0.37 0.32
GPT-3.5 0.45 041 0.40 0.40

Table A.6: Model accuracy in different genres when the models achieve their best
performance in the paraphrase judgement and paraphrase generation tasks. The
metaphor samples for the paraphrase judgement task do not cover the conversa-
tion genre. Statistically significant difference between the highest and lowest
accuracies on the same row is highlighted.

N A% A R

Judgement

LLaMA-13B  0.44 0.47 0.46
LLaMA-30B 0.34 032 0.30
GPT-3.5 0.38 0.29 0.31

Generation

LLaMA-13B  0.18 0.16 0.15 0.13
LLaMA-30B 0.37 0.36 0.32 0.37
GPT-3.5 0.44 041 040 0.52

Table A.7: Model accuracy per POS of the metaphorical word (Noun, Verb,

Adjective, and adveRb) when each model achieves its best performance in the

paraphrase judgement and paraphrase generation tasks. Statistically significant

difference between the highest and lowest accuracies on the same row is high-

lighted. Accuracies for adverb metaphors in the paraphrase judgement task are
as the task only includes 10 adverb samples.
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Appendix to Chapter 4

B.1 The annotation guidelines

In this task, you are asked to annotate the intentions behind direct and indirect
metaphors. For each sentence you are presented with, please annotate the text
delimited by <b> and </b>. For instance, in the sentence “Usually the slightest
whisper travelled like jungle <b>drums</b> through the world of fashion” you
should annotate the word “drums”, following the steps that are detailed below.

e Step 1: decide if the metaphoric expression could be avoided.
If there are (literal) paraphrases that would convey roughly the same mes-
sage in the given context, please continue the annotation and proceed with
Step 2. If you cannot think of any paraphrase that avoids the metaphor
and would work just fine, then mark the metaphor as Lezicalized metaphor
and skip Step 2.

e Step 2: select categories from the taxonomy of intentions.
In this step, you are asked to select a possible intention behind the metaphor
you are analyzing. The list of categories that you should use is the following
one: Artistic metaphor, Visualization, Persuasiveness, Explanation, Argu-
mentative metaphor, Social interaction, Humour, Heuristic reasoning. If
you think that more intentions might play a role, feel free to select multiple
categories—up to a maximum of 3.

B.1.1 Explanation

Lexicalized metaphors. To discriminate between lexicalized metaphors and
other metaphors, try to think about the subject matter (the Topic) of the meta-
phor. If the metaphor is just the most common way to talk about the Topic,
then mark it as Lezicalized metaphor. On the other hand, if the metaphor could
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be avoided, and the intended message could be expressed in a different way, then
the metaphor is not lexicalized. Consider the following examples:

(1) a. Do you <b>follow</b>?
b. Usually the slightest whisper travelled like jungle <b>drums</b> th-
rough the world of fashion.

is an example of a lexicalized metaphor. The speaker is asking the hearer
if they are “following” (most likely) their words. This simply reflects the way in
which we generally conceptualize discourse, namely in spatial terms (e.g., as a
path).

On the other hand, the metaphor in is not lexicalized. The noun “drum”
is not commonly used to talk about fashion. One could express the intended
message through the following paraphrase “Usually the slightest whisper spread
very fast and loud though the world of fashion”.

Intention categories. For Step 2, try to think of which communicative goals
the metaphor might accomplish better than its paraphrases. To decide which
intention(s) to select, refer to the following overview of the taxonomic categories.
Each item is provided with its description and some paradigmatic examples.

1. Artistic metaphor: These metaphors are used to predicate at once a
whole set of features of the Topic. These features need not to be all clearly
determined in advance. Ultimately, the intention is to stimulate the re-
ceiver’s creative interpretation.

e To her, the long summer days had stretched ahead, <b>world</b>
without end.

e Amaldi dodged the American invitation, perhaps because (with Rome
liberated) Fermi’s <b>mantle</b> in physics had fallen on his young
shoulders and there were younger minds to teach.

e The summer’s <b>sprawl</b> begins to be oppressive at this stage in
the year and trigger fingers are itching to snip back overgrown mal-
lows, clear out the mildewing foliage of golden rod and reduce the
overpowering bulk of bullyboy ground cover.

2. Visualization: The utterer might resort to a metaphor whose Vehicle (i.e.,
the conventional referent) is easier to visualize than the Topic (the contex-
tual referent). Typically, this happens when the latter belongs to an ab-
stract domain or when the audience is not familiar with it. The intention
is to help the receiver to form an intuitive representation of the Topic.

e Relief surged through her like a physical <b>infusion</b> of new blood.

e And beyond, green grass and geraniums like <b>splashes</b> of blood.
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e The results are terse and sharply <b>etched</b>, like the best line
drawings.

3. Persuasiveness: Using the metaphor to refer to the Topic, the author gives
it a non-neutral connotation, which is not motivated on explicit grounds.
The intention is for the audience to adopt the utterer’s positive or negative
attitude towards the Topic.

e The <b>ramshackle</b> Whitley Council negotiating machinery is the
other reason why the ambulance workers have lost out.

e America may have changed Presidents a year ago, but the fiscal ticket
remains as <b>impenetrable</b> as ever.

e An atmosphere <b>poisoned</b> by mistrust.

4. Explanation: These metaphors are used for didactic purposes. The inten-
tion is to explain a new or already familiar concept to the addressee.

e Canals within the algae stand out as <b>rods</b> in this kind of preser-
vation, which is common in Ordovician rocks.

e Thus one can and must say, that each fight is the singularisation of all
the circumstances of the social whole in movement and that by this
singularisation, it <b>incarnates</b> the enveloping totalization which
the historical process is.

e The ego-identity of that person is <b>shaped</b> by these choices.

5. Argumentative metaphor: These metaphors are part of explicit argu-
ments intended by the author to convince the audience of a certain claim.
The intention is to support the argument, to make it more compelling for
the addressee.

e The effect is rather like an extended <b>advertisement</b> for Marl-
boro Lights.

e There was already a rather perfunctory air to the Queen’s visit three
years ago, as if it were just a required <b>coda</b> to her tour of
China.

e But the villages are dying, becoming suburbs or <b>dormitories</b>
where few people work but many sleep.

6. Social interaction: These metaphors focus on interpersonal relations,
group or cultural conventions and the like. The intention is to create or
strengthen some bond between producer and receiver.

e But I'm starting to think that everything’s a turn-off for you, <b>doll
</b>.
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e Smoking heroin (“<b>chasing</b> the dragon”) was one feature of the
upsurge.

e Political correctness, just as we suspected, will be perfectly <b>grey
</b>.

7. Humour: The intention is to entertain the addressee, to be funny. Meta-

phoric language is exploited for its divertive effects, which would go missing
in literal paraphrases.

e Not sure of the music policy, but the name sounds like the <b>ingre-
dients</b> of a takeaway from a less salubrious Chinese.

e From there, like a <b>buzzard</b> in its eyrie, he would make forays
round the US and abroad in spite of his advanced age.

e It ’s my life which is about to go down the <b>plughole</b>.
Heuristic reasoning: The intention is to provide an interpretative model
for a scientific theory, a work of art, etc. The metaphoric expression is used
to organize the addressee’s conceptualization of the Topic, based on their
prior knowledge about another domain.

e [t is her body as the <b>canvas</b> her appearance as art.

e [t is as if it is walking through a <b>minefield</b>.

e At the moment, history is made without being known (I’histoire se fait
sans se connaitre); history constitutes, we might say today, a political
<b>unconscious</b>.

B.1.2 Example

Here below is one example annotated following the guidelines.

(2)

Allan Ahlberg says: “In the past, a lot of children’s books seemed to be
the work of talented illustrators whose pictures looked brilliant framed in
a gallery, but when you tried to read the book, there was nothing there,
because the words started as a <b>coat-hanger</b> to hang pictures on.”
(VUA)

Step 1. This sentence from a news fragment is about old children’s books.
The author highlights the characteristic of these books of focusing more on the
quality of the illustrations, rather than on the narration. The words that make
up the story are metaphorically compared to coat-hangers. The utterer invites
us to think of the relation between the illustrations and the words as the one
existing between a coat and a coat-hanger. The latter is just instrumental, it
has no purpose or value in itself which is independent of the former. Through
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the metaphor, the author predicates these features of the words in the children’s
books. The same message could have been conveyed in a literal way, along the
following lines: “the words had no value in themselves, they were just instrumental
for the illustrations”. Thus, the output of Step 1 is that the metaphor is not
lexicalized and we may move on to Step 2.

Step 2. The metaphoric expression is used in this case to explain the way in
which illustrations and words are related in old children’s books. The author
invites the addressees to understand this relation in terms of the more familiar
and concrete relation between coats and hangers. For this reason, the metaphor
can be annotated as FEzplanation. It should be noted, however, that also other
intentions seem to play a role. For instance, one might read a negative judgment of
value in the author’s remark. Thus, the annotation could also be Persuasiveness
or Argumentative metaphor, depending on whether some rational justification is
given by the utterer to support their judgment.

B.2 Inter-annotator agreement

Our annotation task consists of a multi-label classification with multiple anno-
tators—individual instances can be associated with multiple, non-exclusive inten-
tions. After a brief survey of the available options (Artstein and Poesio, 2008),
we opted for a variant of Krippendorff’s « as an indicator of the inter-annotator
agreement. In particular, we adopted the MASI distance, which is suitable for
set-valued labelling tasks such as ours . Out of the 360 MRWs included in the
reliability study, 59 distinct items were judged as cases to be excluded by either or
both of the two coders. Inter-annotator agreement was computed on the remain-
ing 301 metaphors, where at least one intention was assigned by each annotator.
The inter-annotator agreement score was 0.77.

While in his seminal work Krippendorff (1980) sets 0.8 as the minimal require-
ment for reliable annotation schemes, we believe that 0.77 is a satisfactory result
in our specific case for various reasons. First, we can refer to other paradigms
in the literature that confirm our value reflects high agreement beyond chance
(Green, 1997). Second, the task of inferring communicative intentions behind
metaphoric expressions is complex, even for humans, requiring advanced seman-
tic and pragmatic reasoning capacities. Such tasks tend to exhibit lower inter-
annotator agreement than many other annotation tasks (e.g., those related to
syntax). Third, as detailed in Section 5, in most cases only one intention was
assigned per metaphor. Our metric to compute the IAA score is sensible to each
element in the set of intentions assigned to metaphorical items. For the cases

!The metric has been applied by Passonneau and colleagues to the annotation of co-reference
chains (Passonneau, 2004) and Summary Content Units (Passonneau, 2006).
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that are currently a full disagreement between the annotators, adding more in-
tentions would increase the probability of marginal agreement, leading eventually
to a higher TAA score.

Overall, unlike other classification tasks such as POS tagging, there may be
no gold standard for our task: different annotators can indeed interpret the same
metaphor in different, yet equally acceptable ways. However, this does not mean
that any annotation would be acceptable. What we hope to track with our
annotation scheme are the intentions most likely perceived by humans. In other
words, there is individual variation in the interpretation of metaphors that we
should not expect to erase entirely with our scheme. While this variation does
not invalidate the annotation effort, it does make the objective of a near-perfect
agreement score unrealistic.

B.3 Corpus analysis: Type

Proponents of DMT maintain that direct metaphors constitute principled exam-
ples of deliberate metaphors. Since direct metaphors overtly introduce a referent
from a source domain from which a conceptual mapping has to be made (Steen,
2011), they would require the intentional use of metaphor as metaphor. On the
contrary, given the availability of a contextually relevant non-basic meaning, in-
direct metaphors would be non-deliberate-though ambiguous cases are possible
(Steen, 2023). Thus, information on the type of linguistic metaphor would help to
identify deliberate uses in communication. In Table ' |, we outline the distribu-
tion of metaphors in our dataset across the intention categories for all metaphor
types.

The results partially align with the claim that direct and indirect metaphors
show different tendencies when it comes to their perceived intentions. While all
meaningful metaphors are uttered with the minimal intention to communicate,
direct metaphors generally correlate with other discourse goals, too. The cate-
gories mostly associated to direct metaphors are Visualization, Artistic metaphor,
Heuristic reasoning. Indirect metaphors, especially the most conventional ones,
are instead judged as lexicalized metaphors.

B.4 Model details

The GPT-4 model is accessed through the OpenAl API, and the two Llama2-Chat
models Hugging Face. We employ greedy search for all 3 models. For the two
Llama2-Chat models, this is done by setting do_sample=False and num_beams=1;
for the GPT-4 model, temperature is set to 0.

Our GPT-4 queries cost ~ 60 USD. Our Llama2-Chat queries used ~ 460
GPU hours (58946:35 SBU).
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B.5 Prompts

The prompts for zero-shot and five-shot experiments are presented in Figure
and respectively. In the zero-shot experiments, the GPT-4 model always
starts its answer with the intention category it predicts for the given metaphor.
The Llama2-Chat models, on the other hand, need to generate some text (for
example, Based on the provided sentence, I would select the category of .. .) before
providing its prediction. We thus provide the Llama2-Chat models the text they
tend to generate at the start of their assistant messages (as part of the prompts),
so that the first few new tokens they generate will be the intention category they
predict.

Such assistant prompts are determined in the following way: We first take a
prompt (system message and user message) that works for GPT-4 and apply it
directly to a Llama2-Chat model (the 13B model for the first 2 prompts, and the
70B model for the last one). We do this for 3 different input sentences to obtain
the text the model is most likely to produce before providing its prediction. This
text is then used as the assistant prompt for both Llama2-Chat models. As shown
in Figure , the 3 prompts contain different assistant messages, as we follow
the messages that the Llama2-Chat models naturally produce when provided with
different system prompts.

B.6 Model performance

As reported in Table | 2, Llama2-13b-Chat outperformed Llama2-70b-Chat in
most few-shot-learning settings. We decided to carry out a more fine-grained
analysis of the performance across intention categories to shed some light on this
surprising result. Figures and show the three models’ performance (F4
scores) in the 5-shot settings with regard to each intention category. Figures

and show analogous results for the 9-shot settings.

The standard deviation across prompts (indicating model robustness) as well
as the F1 score show significant variation across intention categories. For instance,
Llama2-70b consistently outperforms Llama2-13b in recognizing Visualization,
Persuasiveness, Humour, and Heuristic reasoning, while it surprisingly shows dif-
ficulty with Lexicalized metaphors in few-shot settings. The tentative conclusion
we can draw is that different models have implicitly learned different aspects of
metaphor use. A more detailed analysis of why this is the case—whether it de-
pends on the model training and/or the experimental setup—will be investigated
in future work.
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[SYSTEM]

You are a linguist. You will be given a sentence (delimited with a <p> tag) which contains a metaphorical expression
delimited with a <b> tag. Please annotate the intention behind the metaphor in <b> tag. Your answer should be one of the
following intention categories:

- Argumentative metaphor: The intention is to support an explicit argument, to make it more compelling.

- Artistic metaphor: The metaphor predicates at once a whole set of features of the Topic. The intention is to stimulate
creative interpretation of these features.

- Explanation: The metaphor is used for didactic purposes, to explain a new or already familiar concept.

- Heuristic reasoning: The intention is to provide an interpretative model for a scientific theory, a work of art, etc..
The metaphor organizes the receiver's conceptualization of the Topic.

- Humour: The intention is to entertain, to be funny.

- Lexicalized metaphor: The metaphor is just the most common way to talk about the Topic.

- Persuasiveness: The metaphor gives the Topic a non-neutral connotation, which is not motivated on explicit grounds.
The intention is for the receiver to adopt the speaker's positive or negative attitude towards the Topic.

- Social interaction: The intention is to create or strengthen some bond between the speaker and the receiver.

- Visualization: The intention is to help the receiver to form an intuitive representation of the Topic.

[USER]
<p>But there is a <b>puff</b> of dust on the horizon .</p>

[ASSISTANT]

Visualization

[SYSTEM]

You are an expert at metaphor analysis, and you are asked to annotate the intentions behind metaphors. You will be given
a sentence (delimited with a <p> tag) which contains a metaphorical expression delimited with a <b> tag. Please annotate
the intention behind the metaphor in <b> tag by selecting from the following intention categories:

[...]
Please select one and only one category.

[USER]
[...]

[ASSISTANT]
[...]

[SYSTEM]

You are a linguist. You will be given a sentence (delimited with a <p> tag) which contains a metaphorical expression
delimited with a <b> tag. Please annotate the intention behind the metaphor in <b> tag. Your answer should be one of the
following intention categories:

Please always start your answer with the intention category you choose.

[USER]
[...]

[ASSISTANT]
[l

Figure B.1: Prompts for zero-shot experiments and example model output. The
same explanations for the intention categories are used in all 3 prompts. Assistant
messages in violet are provided to the models, so that model outputs
always start with the predicted intention category.
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[SYSTEM]

You are a linguist. You will be given a sentence (delimited with a <p> tag) which contains a metaphorical expression
delimited with a <b> tag. Please annotate the intention behind the metaphor in <b> tag. Your answer should be one of the
following intention categories:

- Argumentative metaphor
- Artistic metaphor

- Explanation
Heuristic reasoning

- Humour
Lexicalized metaphor
Persuasiveness

- Social interaction

- Visualization

[USER]

<p>Lewis got up and pulled the curtains across with a <b>pettish</b> jerk of his hands .</p>

[ASSISTANT]

Persuasiveness

[USER]

<p>‘ He told me you two were pakiteng , little <b>heifers</b> . ’</p>

[ASSISTANT]

Social interaction

[USER]

<p>This time the front door was open and a <b>swathe</b> of sunlight lay across the red-tiled floor .</p>
[ASSISTANT]

Visualization

[USER]

<p>Ruth could think of few worse fates , but her stomach <b>lurched</b> at the thought of leaving Millfield .</p>
[ASSISTANT]

Visualization

[USER]

<p>The storm was abating rapidly , the evening sky clearing in the west with the golden rays of the setting sun adding a
dying colour to the <b>sullen</b> slate blue water .</p>

[ASSISTANT]

Visualization

[USER]

<p>But there is a <b>puff</b> of dust on the horizon .</p>

[ASSISTANT]

Visualization

Figure B.2: Prompts for five-shot experiments and example model output.
are removed in the 5-shot-short setting.
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Figure B.3: Model F; score in few shot-settings, averaged across three prompts.

Figures (a), (b) show the Fy score for the 5-shot experiments with and without

explanations respectively. Similarly, Figures (c), (d) present the Fy score for the
9-shot experiments, again comparing results with and without explanations.



Appendix C

Appendix to Chapter 5

C.1 Annotation guidelines

C.1.1 Objective

You will annotate New Yorker cartoons and their captions in terms of humorous
metaphor use.

C.1.2 Labelling steps

1. Look at the cartoon image alone (without referring to the caption). Find
any incongruities in the image. You can write these down in the incongruity
field, but this is optional.

2. Copy and paste the caption to text_hl.

3. How does the caption resolve the incongruities in the image? If you can an-
swer this question, then you understand the humor of the image-and-caption
combination. You can write down your understanding in the resolution
field, but this is optional.

(a) If you understand the humor, continue with the annotation;

(b) Otherwise, select “Discard” for the is_met field, assign “1” to complete
and submit your annotation for this item.

4. Based on your understanding of the humor, consider whether metaphor
use (as detailed in “What counts as metaphor”) is involved in creating
that humorous effect. Any kind of involvement counts. In essence, for
each metaphor use you find in the image-and-caption combination, consider
whether the humor will still be there when the metaphor use is removed.

119
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(a) If the answer is an absolute yes, assign “Yes” to is_met and continue
with the annotation;

(b) If the answer is an absolute no, assign “No” to is_met, “1” to complete
and submit your annotation;

(c) If you hesitate, assign “WIDLII” to is_met and continue with the
annotation.

5. Specify the conceptual metaphor(s) in “X is Y” format. “X” should be
the target domain; “Y” should be the source domain. Separate multiple
conceptual metaphors with *; ” (a semicolon followed by a whitespace).

(a) To decide how general /specific the conceptual metaphor should be, try
to relate the instantiation of the metaphor in the image-and-caption
combination to other instantiations of the same metaphor (in any
modality), and then find a term that can cover them all.

(b) You can draw inspiration from this (non-exhaustive)

(c) Finishing the image_hl and text_hl annotation first (Step 6) could
be helpful if you had difficulty pinpointing the two domains.

6. Annotate the metaphor-related image areas (image_hl) and text fragments
(text_hl):

(a) To annotate metaphor-related image areas, try to assign each ob-
ject/element of the image to either the target or the source domain
of the conceptual metaphors you have annotated. Typically, the ma-
jority of the image should belong to the same domain (e.g., the target
domain); that one object/element that belongs to the other domain
(e.g., the source domain) is the metaphor-related image area. Draw
a image_hl bounding box for each such “odd” object/element (e.g., if
the minority domain is CAT and there are 3 cats in the image, draw
3 bounding boxes, one box for each cat);

(b) Do the same for the caption. In the text_hl field, where you already
have the caption copied and pasted, surround each word /phrase/clause
that belongs to the “odd” domain with a pair of <i></i> tag. If the
entire caption really belongs to a single domain, surround the entire
caption in a pair of <i></i> tag. Note that image_hl and text_hl
do not have to belong to the same domain.

C.1.3 Mandatory fields

1. Every item should have a is_met value.


https://www.lang.osaka-u.ac.jp/~sugimoto/MasterMetaphorList/MetaphorHome.html
https://www.lang.osaka-u.ac.jp/~sugimoto/MasterMetaphorList/MetaphorHome.html
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2. If is_met value is “Yes” or “WIDLII”, the following fields should also be
filled:

(a) image_hl,
(b) text_hl (with <i>highlighted text</i>), and

(c) conceptual_metaphor.

C.1.4 What counts as metaphor
Following the Conceptual Metaphor Theory, we define metaphors as conceptual

mappings between two difference domains. Therefore:

1. Personification and zoomorphism are considered metaphor use. Personifi-
cation is metaphor use with HUMAN as the source domain; zoomorphism is
metaphor use with ANIMAL as the source domain.

2. Metonymy within the same conceptual domain does not count as metaphor
use.

3. Idioms are not metaphors, unless the underlying cross-domain mapping is
strictly required to make sense of the humor.

4. Puns can indicate metaphor use. Whether they are metaphorical depends
on whether the two meanings can be attributed to some sort of cross-domain

mapping.

C.1.5 Non-metaphorical examples

See Figure

C.1.6 Metaphorical examples

See Figure

C.1.7 Bounding box examples

The bounding box should fit tightly around the object of interest—for example,
the bear in Figure . Make sure the entire object is included; Figure is
therefore incorrect. But also avoid including excessive empty space around the
object, such as Figure
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Model Output Ground Truth Score
Dogs are people Animals are humans 0.83
Temperature is music Temperature is pitch 0.73
Thoughts are bathwater Psychotherapy is a bath 0.63
Parenting is egg incubation Human baby is an egg 0.60
Humor is a drug Preaching is a joke 0.55
Faith is a wedding Alcohol is god 0.45
Work is a tool Psychotherapy is a bath 0.35
Slaying a dragon is a task Modern man is knight 0.26

Ending a relationship is falling off a cliff Social media is physical world 0.17

Table C.1: Sample model outputs in the Naming benchmark task and their cosine
similarity scores compared with ground truth.

C.2 Additional prompts and model outputs

Table , Table , and Figure provide example model outputs in the
ImageLabel, Naming, and Explanation benchmark tasks respectively.

The top-3 alternative Classification prompts (Section ) are provided in
Table

The prompt used in Section to compare model and human performance
is provided in Figure
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Model Output Ground Truth Score

Gun Pistol 0.86
Teddy-bear Toy bear 0.75
Meteor Asteroid 0.69
Tree stump Trunk 0.62
Ball Egg 0.57
Hat Cellphone 0.47
Alligator Customer 0.40
Laptop Asteroid 0.32
Beer Human-shaped hole 0.21
Broom Alien spaceship 0.10

Table C.2: Sample model outputs in the ImagelLabel benchmark task and their
cosine similarity scores compared with ground truth.

{image}
Caption: {caption}

Does the humor of the given image-and-caption combination involve

metaphor use?

B Answer the question with Yes (i.e., metaphor use is involved) or No (i.e.,
metaphor use is not involved).

[

Answer the question with No or Yes.

FH Choose from the following options:
A. The humor of the given image-and-caption combination involves
metaphor use.
B. The humor of the given image-and-caption combination does not in-
volve metaphor use.
Answer the question with A or B.

Table C.3: The top-3 prompts in the prompt engineering study for the Classifi-
cation task. A prompt always starts with an image, a caption, and the question,
followed by an instruction about what the model should output: &, &, or (5. The
order of the two options in FJ is randomized for each query.



124 Appendiz C. Appendiz to Chapter 5

Image-Caption Pair Annotation

? Giant beach ball

! Whoever that was confident to
catch the ball is now under it

> It’s literally a giant ball; someone’s
literally under it in the pool.

? Man going to a bar with boxer
shorts and duck on his head

! He just got a divorce; it’s his
coping strategy.

> The man is literally doing this
because he doesn’t feel well.

? Bathing in someone’s living room

! The man taking a bath is a guest.
The host insists that he does it,
otherwise he is not allowed to sit
on the brand new couch.

> The host literally can’t stand it
otherwise. It’s an exaggeration, but
no metaphor use is involved.

“I hope you don't mind. My couch is brand new.”

Figure C.1: Non-metaphorical examples and annotation of (?) incongruity, (!) res-
olution, and (>) why they are non-metaphorical.
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Humor Understanding & Metaphoricity Detailed Metaphor Annotation

= SR, & S |

“Thanks for checking on the salmon. How's the lamb?”

? Bear in a restaurant “Thanks for checking on the <i>salmon</i>. How's
! The bear is a waiter the lamb?”
> Restaurant waiters are human beings ANIMALS ARE HUMAN WORKERS

“Three yed's, six ney's, and Anderson is still up in the air on this one.”

? Someone’s defying gravity “Three yea's, six ney's, and Anderson is still <i>up
! Pun “up in the air” in the air</i> on this one.”
> The pun is based on a metaphor MAKING A DECISION IS SETTLING ON THE GROUND

“Never mind. It looks like they fixed the copier.”

? Identical men “Never mind. It looks like they fixed the
! The are copied by a copier <i>copier</i>."

> Men cannot be copied by a copier PEOPLE ARE PAPERS

Figure C.2: Metaphorical examples and annotations. The left side shows the
image-caption pairs and annotation of (?) incongruity, (!) resolution, and (>) why
they are metaphorical. The right side shows annotation of the image, the caption,
and underlying conceptual metaphors.
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(a) Correct. (b) Too small.

Figure C.3: Good and bad examples for bounding box annotation.
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Image-Caption Pair

Ground Truth

Model Output Rouge Scores

JON ADAMS
“Let's just say he'll have what you're having.”

“Is that a new outfit?”

A giant head of the man floats like a
balloon outside building, and the
woman refers to it as the man's
inflated ego. The joke is thus
comparing someone's ego to a huge
floating balloon.

The joke is based on a metaphorical
comparison between a man's penis
(erectile dysfunction) and a snake
("reptile dysfunction").

The waiter addresses the alligator as
if he is addressing a person, and he
indicates that the alligator will have
a meal, which is very likely to be the
customer. The joke thus compares
the alligator to a person, and a
person to a meal.

The joke uses metaphors that
compare a man to a king, and a
woman to a queen. It is humorous
that the man's idea of treating his
wife like a queen is to treat himself
like a king.

The man assumes that the woman is
wearing a protective suit for sex
appeal. The joke thus uses a
metaphor that compares the
protective suit to a sexy roleplay
costume.

[LLaVA-NeXT-110B]: The 0.47/0.229
metaphor of an inflated ego as a

giant balloon adds humor by

exaggerating the concept and

making it visually absurd, as the

woman points out the comically

oversized representation of the

man's ego.

[LLaVA-NeXT-110B]: The 0.38/0.087
metaphor of a snake wrapped

around a person's body to represent

erectile dysfunction adds humor by

applying a familiar concept in an

unexpected and absurd context.

[LLaVA-NeXT-8B]: The metaphor 0.34/0.108
suggests the man will have a meal

with an alligator, implying a

dangerous or absurd situation,

which is humorous due to the

unexpected twist on a typical dining

scenario.

[LLaVA-NeXT-8B]: The metaphor 0.31/0.063
of a "king" and "queen" in a

mundane setting creates a humorous

contrast between grandeur and

reality, implying a lack of actual

royal treatment.

[Qwen2-VL-7B]: The robot's 0.15/0.000
human-like appearance and actions

create a humorous contrast,

suggesting it's not just a machine

but a personified one.

Figure C.4: Sample model outputs in the Explanation benchmark task and their
ROUGE-1/ROUGE-2 scores as compared to ground truth.
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[SYSTEM]

You are a linguist with extensive knowledge and experience in metaphor study. You are an expert in the
Conceptual Metaphor Theory and in using the Metaphor Identification Procedure VU University Amsterdam to
manually identify metaphor-related words in language use.

[USER]
{image}

Caption: {caption}

You are an annotator of **humorous metaphor use in New Yorker cartoons**. Each item consists of an image (the
cartoon) and a caption. Follow the steps below carefully and produce structured annotations.

## Steps

1. **Look at the cartoon image (without the caption).**

*

Identify any incongruities in the image. (Optional: put them in the “incongruity” field.)
2. **Read the caption.**

* Ask: *How does the caption resolve the incongruities in the image?*

*

If you understand the humor, proceed. (Optional: describe it in the “resolution” field.)

*

If you cannot understand the humor, set “is_met = "Discard"  and stop.
3. **Decide if metaphor use is part of the humor.*x*

* Ask: *Would the humor still exist if the metaphor use were removed?*

If **yes**, set “is_met = "Yes" ' and continue.
If **no**, set “is_met = "No"  and stop.
* If unsure, set “is_met = "WIDLII"  and continue.

4. **Identify the conceptual metaphor(s).**

Use **"X is Y"** format (target domain = X, source domain = Y).

Separate multiple metaphors with ; °

Example: "ARGUMENT is WAR".

Choose a level of generality that connects this instance to other possible instances of the same metaphor.

I

5. **Highlight metaphor-related parts of the image and caption.**

* “image_hl": mark bounding boxes around objects/elements that belong to the *minority* domain (the one that
stands out as metaphorical). If multiple, draw multiple boxes. Output should be normalized bounding box
coordinates in **"[top, left, height, width]"** format.

* “text_hl": wrap the metaphor-related words/phrases in “<i> ... </i>". If the entire caption belongs to one
domain, wrap the whole caption.

## Output Fields

* “is_met": One of “"Yes"", “"No"', “"WIDLII" , “"Discard" .

* “conceptual_metaphor’: List of metaphors in "X is Y" format (if “is_met’ is “"Yes"  or “"WIDLII" ).

* “image_hl": Normalized bounding box coordinates in "[top, left, height, width]" format for metaphor-related
areas (if “is_met® is “"Yes"' or “"WIDLII" ).

* “text_hl': Caption with “<i> ... </i>" around metaphor-related text (if “is_met’ is “"Yes"  or “"WIDLII" ).
* “incongruity’ (optional).

* “resolution” (optional).

## What counts as metaphor

**Metaphor definition:** a conceptual mapping between two domains.

**Personification (X is HUMAN)** and **zoomorphism (X is ANIMAL)** count as metaphor.
**Metonymy** within the same domain does *not* count.

**Idioms** are not metaphors unless cross-domain mapping is essential to the humor.

EE

**Puns** may indicate metaphor; they only count if based on cross-domain mapping.

Figure C.5: Prompt for comparing model and human performance.
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D.1 Participant details

Sex. We had a balanced amount of female (N = 649) and male (N = 631)
participants overall. As shown in Figure , there were approximately the
same number female and male participants from Mexican and the U.S. culture.
However, female participants outnumbered male participants in Chinese culture,
whereas the opposite was found in Polish culture.

Age. Our participants ranged from 18 to 83 years old. The mean age was
34.83 (SD = 11.44); around 75% of our participants were no more than 41 years
old. As shown in Figure , the U.S. culture contributed the most to the more
senior samples. The average participants from Polish (M = 29.64, SD = 7.82)
and Mexican (30.65, SD = 6.96) culture were much younger than those from
the U.S. culture (M = 44.96, SD = 12.82). Chinese culture also provided more
senior samples than Polish and Mexican culture, although it also had much larger
number of younger participants (M = 34.09, SD = 10.11) than the U.S. culture.

Education. Prolific provided 8 categories regarding participants’ highest level
of education completed. All categories were found in our data. Figure shows
the percentage of each category, with categories “No formal qualifications” and
“Don’t know / not applicable” combined into one, as very few participants were
from these two categories (N = 6 and N = 3 respectively).

Overall, those who had received higher education constitute the majority of
the recruited participants; 41.6% of our participants had obtained an under-
graduate degree. A similar distribution in this regard was observed within the
individual cultures. Nevertheless, a much higher percentage of participants from
Polish (25.9%) and the U.S. (21.9%) culture had completed a high school diploma
or A-levels as compared to Mexican (8.7%) and Chinese (5.6%). On the other

129
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Chinese Mexican Polish The U.S.
64.7% 47.8% 35.3% 55.0%
(207)0 (153) (]_]_3)o (176)
35.3% 64.7%
(113)0 52.2% (207)0 45.0% Female
(167) (144) Male
Figure D.1: Participants’ sex distribution per culture.
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Figure D.2: Participants’ age distribution.

hand, Chinese culture had the highest percentage of participants with a gradu-
ate degree (40.6%), as well as a much higher percentage of participants with a
doctorate degree (12.8%) than the other three cultures (lower than 3%).

D.2 Additional data analysis results

ANOVA summary for the mixed effects logistic regression model of each emo-
tion category is provided in Table . Estimated marginal means by culture is
provided in Table
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Overall Chinese Mexican
8.1% 37.8% L 4.7%
2 2.2%
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=134 —0.39
41.6% 12 0.3% \?j%of‘;
=059 12.8%
43% o
40.6% 29.1%
28.6%
Polish The U.S.
10.0% 25.9% 15.6%
Secondary education (e.g. GED/GCSE) 21.9%
High school diploma/A-levels o
X _ 0.9%
Technical/community college :%g?? = 0_93/2
Undergraduate degree (BA/BSc/other) 32.2% 0.6% 40.9% 2.5%
Graduate degree (MA/MSc/MPhil/other) ” 17.2%
27.5%

Doctorate degree (PhD/other)
No formal qualifications / don't know / NA

Figure D.3: Participants’ highest level of education completed.

Culture Age Sex Education
Emotion  x? p X p X p X p
Joy 68.28 < .001 4.66 .031 0.29 590 13.36 .064
Sadness 61.43 < .001 2.71 100 0.23 636 13.94 .052
Fear 74.46 < .001 0.00 1.000 7.74 005 275 916
Disgust  18.66 < .001 0.90 .343 0.06 801 10.25  .175
Surprise 19.34 < .001 0.81 .369 10.70 .001 835 .303
Anger 28.88 < .001 0.00 1.000 047 491 0.00 1.000
Other 18.30 < .001 5.53 019 12.12 .001 7.43 .386
None 61.74 < .001 1.59 207 0.03 864  8.48 .292

Table D.1: ANOVA summary of mixed effects (culture, age, sex, highest level of
education completed) from mixed effects logistic regression model of each emotion
with random intercepts for participants and cartoons. Degrees of freedom for
culture, age, sex, and education level are 3, 1, 1, and 7 respectively.
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95% CI
Emotion Culture Estimate SE Lower Upper
Joy Chinese 0.385 0.034 0.320 0.454
Mexican 0.483 0.037 0.412 0.555
Polish 0.364 0.033 0.302 0.431
The U.S. 0.261 0.029 0.208 0.321
Sadness  Chinese 0.040 0.009 0.025 0.063
Mexican 0.024 0.006 0.015 0.038
Polish 0.015 0.004 0.009 0.024
The U.S. 0.013 0.003 0.008  0.022
Fear Chinese 0.012 0.004 0.006 0.024
Mexican 0.004 0.001 0.002  0.008
Polish 0.003 9.807 x 1074 0.001  0.005
The U.S. 0.002 7.422 x 107*  8.059 x 10~*  0.004
Disgust ~ Chinese 0.008 0.233 2.220 x 107 1.000
Mexican 0.008 0.239 2.220 x 1076 1.000
Polish 0.005 0.152 2.220 x 10~ 1.000
The U.S. 0.005 0.152 2.220 x 10~ 1.000
Surprise  Chinese 0.111 0.018 0.081 0.150
Mexican 0.164 0.025 0.122 0.219
Polish 0.114 0.018 0.084 0.153
The U.S. 0.105 0.017 0.076  0.144
Anger Chinese = 8.277 x 10~* 2.031 2.220 x 107 1.000
Mexican ~ 3.526 x 10~* 0.865 2.220 x 10716 1.000
Polish 2.476 x 1074 0.608 2.220 x 10716 1.000
The U.S.  3.934 x 1074 0.965 2.220 x 1076 1.000
Other Chinese 0.008 0.018 9.918 x 107°  0.390
Mexican 0.006 0.014 8.025 x 107°  0.342
Polish 0.005 0.012  6.566 x 107> 0.297
The U.S. 0.013 0.028 1.589 x 10~*  0.506
None Chinese 0.155 0.026 0.111 0.213
Mexican 0.131 0.023 0.092 0.182
Polish 0.282 0.039 0.213 0.364
The U.S. 0.267 0.039 0.198  0.350

Table D.2: Estimated marginal means of emotion response by culture, adjusted
for age, sex, and highest level of education completed. Highest estimate per
emotion category is highlighted .
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Samenvatting

Deze scriptie onderzoekt de mogelijkheden van grote taalmodellen (LLM’s) met
betrekking tot de verwerking van metaforen en humor. Metaforen en humor zijn
onmisbare onderdelen van menselijke cognitie en communicatie, maar ze kunnen
uitdagingen vormen voor LLM’s. Naarmate mensen over de hele wereld steeds
vaker LLMs gebruiken, is het belangrijk te weten hoe goed de modellen metaforen
en humor begrijpen en hoe ze verbeterd kunnen worden. Deze scriptie onderzoekt
de verwerkingscapaciteiten van LLM’s voor metaforen en humor in de volgende
opzichten:

Parafrasering van taalkundige metaforen. Voortbouwend op eerder onder-
zoek naar automatische interpretatie van metaforen, beschouw ik het begrijpen
van metaforen als een parafraseertaak. Ik selecteer zinnen met metaforen uit het
VU Amsterdam Metaphor Corpus (VUA) en creéer een dataset met meer dan
10.000 handmatig gemaakte, passende parafrases voor deze metaforische zinnen.
Daarnaast construeer ik handmatig 1.500 <referentiezin, parafrase 1, parafrase
2>-voorbeelden met ongeschikte parafrases; De paren van passende en ongepaste
parafrases leggen de verschillen vast tussen een contextuele, metaforische inter-
pretatie en een letterlijke interpretatie van de termen. Ik evalueer taalmod-
ellen (LLM’s) op twee taken: het genereren van parafrases (met behulp van
alle passende parafrases in de dataset) en het beoordelen van parafrases (een
meerkeuzetaak gebaseerd op de paren van passende en ongepaste parafrases). De
experimenten tonen aan dat LLM’s moeite hebben met het correct parafraseren
van taalkundige metaforen.

Intenties achter metafoorgebruik. Ik ontwikkel samen met anderen een tax-
onomie met negen categorieén van mogelijke intenties achter metafoorgebruik. Op
basis van deze taxonomie annoteer ik samen met anderen een dataset met intentie-
annotaties voor 1000 metaforische zinnen uit VUA. Vervolgens gebruik ik deze
dataset om de capaciteiten van LLM’s te onderzoeken om de intenties achter
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taalkundige metaforen te voorspellen. Onze experimenten met zero- en few-
shot voorbeelden laten zien dat het afleiden van de intenties achter taalkundige
metaforen een uitdagende taak is voor de huidige LLM’s.

Humoristisch multimodaal metafoorgebruik. Wat betreft het gebruik van
multimodale metaforen, focus ik op de wisselwerking tussen metafoor en hu-
mor in multimodale communicatie: de twee fenomenen hebben gemeenschap-
pelijke kenmerken en metafoor is een van de meest voorkomende humoristische
mechanismen. Geinspireerd door de incongruiteitstheorie van humor, de con-
ceptuele metafoortheorie en het annotatieschema achter VUA, ontwikkel ik een
nieuw annotatieschema voor humoristisch multimodaal metafoorgebruik in beeld-
bijschriftparen. Ik annoteer 1000 beeld-bijschriftparen uit het corpus van de New
Yorker Caption Contest. Op basis van deze dataset ontwerp ik een reeks taken
om het vermogen van multimodale LLM’s te testen om humoristisch multimodaal
metafoorgebruik te detecteren en te begrijpen. De experimenten tonen aan dat
huidige LLM’s nog steeds moeite hebben met het verwerken van humoristische
multimodale metaforen, met name wat betreft de integratie van visuele en tek-
stuele informatie.

Culturele verschillen in humorwaardering. Humor vertoont zowel univer-
saliteit als culturele variatie. Het vermogen om aan te sluiten bij het 'gevoel
voor humor’ van individuele culturen is belangrijk in de interactie tussen mens
en Al. Als eerste stap naar een raamwerk voor het evalueren van de culturele
aansluiting van LLM'’s bij de verwerking van humor, beoogt deze studie menselijke
basiswaarden vast te stellen die culturele verschillen in humorwaardering verte-
genwoordigen. Specifiek onderzoek ik de associatie tussen humor, metafoor en
emotie, en hoe deze verschilt per cultuur. Hiertoe rekruteer ik deelnemers uit
de Chinese, Mexicaanse, Poolse en Amerikaanse cultuur en verzamel ik 25.600
beoordelingen van de grappigheid en annotaties van emotionele reacties voor 800
cartoons uit The New Yorker met bijschriften, waaronder 482 met gedetailleerde
annotaties van humoristisch multimodale metaforen. Mijn kwantitatieve en kwal-
itatieve analyses onthullen zowel algemene patronen als de complexiteit van wat
in verschillende culturen als humoristisch wordt beschouwd, hoe humorwaarder-
ing samenhangt met emotionele reacties en hoe metaforen de humorwaardering
kunnen beinvloeden, athankelijk van de cultuur.



Abstract

This thesis investigates the capabilities of large language models (LLMs) with
regard to the processing of metaphor and humor. Metaphor and humor are in-
dispensable parts of human cognition and communication, yet they can pose
challenges to LLMs. As LLMs enter the lives of people around the world, it is im-
portant to know how well the models understand metaphor and humor, and how
they can be improved. This thesis studies LLMs’ metaphor and humor processing
capabilities in the following respects—

Paraphrasing of linguistic metaphors. Following prior research on auto-
matic metaphor interpretation, I frame metaphor understanding as a paraphras-
ing task. I sample sentences containing metaphor use from the VU Amsterdam
Metaphor Corpus (VUA) and create a dataset that includes over 10,000 manually
created apt paraphrases for these metaphorical sentences. I also manually con-
struct ~1,500 { reference sentence, paraphrase 1, paraphrase 2 ) instances that
involve inapt paraphrases; the apt-inapt paraphrase pairs capture differences be-
tween a contextual, metaphorical interpretation and a literal interpretation of the
vehicle terms. I evaluate LLMs on two tasks: paraphrase generation (using all
apt paraphrases in the dataset) and paraphrase judgement (a multiple choice task
based on the apt-inapt pairs). The experiments show that LLMs face challenges
in correctly paraphrasing linguistic metaphors.

Intentions behind metaphor use. I co-develop a taxonomy that contains
nine categories of possible intentions behind metaphor use. Based on the tax-
onomy, [ co-annotate a dataset that provides intentions annotation for ~1,000
metaphorical sentences sampled from VUA. I then use the dataset to examine
LLMs’ capabilities to predict the intentions behind linguistic metaphors. Our
zero- and few-shot experiments show that inferring the intentions behind linguis-
tic metaphors is a challenging task for current LLMs.
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Humorous multimodal metaphor use. With regard to multimodal meta-
phor use, I focus on the interplay between metaphor and humor in multimodal
communication: The two phenomena share common grounds, and metaphor is
one of the most common humorous mechanisms. Taking inspiration from the
Incongruity Theory of humor, Conceptual Metaphor Theory and the annotation
scheme behind VUA| T develop a novel annotation scheme for humorous multi-
modal metaphor use in image-caption pairs. I annotate 1,000 image-caption pairs
sampled from the New Yorker Caption Contest corpus. Based on the dataset, I
design a set of tasks to test multimodal LLMs’ ability to detect and understand
humorous multimodal metaphor use. The experiments show that current LLMs
still struggle with processing humorous multimodal metaphors, particularly with
regard to integrating visual and textual information.

Cultural differences in humor appreciation. Humor exhibits both univer-
sality and cultural variance. The ability to align with the “sense of humor” of
individual cultures is important in human-Al interaction. As a first step towards
a framework for evaluating LLMs’ cultural alignment in humor processing, this
study aims to establish human baselines representing cultural differences in humor
appreciation. Specifically, I consider the association between humor, metaphor,
and emotion, and how it differs across culture. To this end, I recruit participants
from Chinese, Mexican, Polish, and the U.S. culture, and collect 25,600 funniness
ratings and annotation of emotional reactions for 800 captioned New Yorker car-
toons, including 482 with detailed annotation of humorous multimodal metaphor
use. My quantitative and qualitative analyses reveal both general patterns and
intricacies of what is considered humorous in different cultures, how humor ap-
preciation is associated with emotional reactions, and how metaphor may affect
humor appreciation depending on the culture.
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