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Abstract

Metonymy and metaphor often co-occur in
natural language, yet computational work has
studied them largely in isolation. We intro-
duce a framework that transforms a literal sen-
tence into three figurative variants: metonymic,
metaphoric, and hybrid. Using this framework,
we construct MetFuse,! the first dedicated
dataset of figurative fusion between metonymy
and metaphor, containing 1,000 human-verified
meaning-aligned quadruplets totaling 4,000
sentences. Extrinsic experiments on eight exist-
ing benchmarks show that augmenting training
data with MetFuse consistently improves both
metonymy and metaphor classification, with
hybrid examples yielding the largest gains on
metonymy tasks. Using this dataset, we also
analyze how the presence of one figurative type
impacts another. Our findings show that both
human annotators and large language models
better identify metonymy in hybrid sentences
than in metonymy-only sentences, demonstrat-
ing that the presence of a metaphor makes a
metonymic noun more explicit.

1 Introduction

Metonymy and metaphor are two fundamental lin-
guistic phenomena in figurative language that in-
volve concept mapping (Radden and Kdovecses,
1999). While both entail a shift in meaning, they
operate through distinct mechanisms. Metonymy
primarily occurs through a change in meaning
of the noun. Metaphors, by contrast, are more
varied in form. Verbal metaphors are a promi-
nent subtype, where the figurative shift arises
through the verb. The crucial difference between
metonymy and metaphor is that in metaphoric map-
ping, two discrete domains are involved, whereas
mapping in metonymy occurs within a single do-
main (Goossens, 1990; Lakoff and Johnson, 1980).

For instance, in the metonymic sentence “The
stadium celebrated joyfully,” the noun stadium (a
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Literal
[ The audience clapped when }

the magician entered the stage.

! '

Metonymy Metaphor

The auditorium clapped when The audience erupted when
the magician entered the stage. | | the magician entered the stage.

|
Hybrid

The auditorium erupted when
the magician entered the stage.

Figure 1: Illustration of generating metonymy, metaphor
and hybrid sentences from literal expressions.

location) refers to the fans in the stadium. The map-
ping stays within the same domain because both the
location and the people associated with it belong
to the broader conceptual domain of real-world en-
tities tied to a place. Now looking at the metaphor
“The fans erupted with joy,” the verb erupted high-
lights the intense emotional reaction of the fans
through the domain of physical explosion, making
it a cross-domain mapping. Hence, metonymy pre-
serves domain continuity, while metaphor requires
a conceptual leap across domains—making it struc-
turally and cognitively more distinct (Lakoff and
Johnson, 1980). Interestingly, a metonymic noun
and metaphoric verb can co-exist in a sentence par-
ticularly in creative writing, resulting in figurative
fusion like “The stadium erupted with joy.” Such
constructions are powerful because they capture
multiple layers of meaning into a single expression,
enriching the expressive potential of the language,
enabling writers to create vivid, memorable scenes
that resonate with readers at both conceptual and
emotional level (Lakoff and Johnson, 1980; Turner
and Fauconnier, 2002). By modeling these com-
binations, we can push LLMs toward generating
more nuanced, stylistically rich text, which is cru-
cial for applications in narrative generation and
other creative domains.

Prior linguistic works have studied metonymy
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and metaphor separately, primarily focusing on
their differences in terms of their linguistic and
cognitive nature (Lakoff and Johnson, 1980; Rad-
den and Kovecses, 1999). There are also some
linguistic works, namely that of Goossens (1990)
and Barcelona (2003), that study metonymy and
metaphor together, theorizing their interactions in
context. However, these theoretical works were
constrained by the lack of resources (Goossens,
1990). To our knowledge, very few works have
explored metonymy and metaphor jointly in the
context of modern NLP and LLMs.

Filling in these research gaps, we explore the
fusion of metonymy and metaphor. We introduce a
literal-to-figurative transformation framework that
takes a literal sentence as input, and produces three
outputs: a metonymic, a metaphoric and a hybrid
(containing both metonymy and metaphor) variant
of the sentence, as depicted in Figure 1. Our ap-
proach significantly outperforms baselines. Human
annotation statistics show that 78% of the gener-
ated sentences using our framework were judged
as valid realizations of the intended figurative cate-
gory, compared to only 53% when using a straight-
forward prompt.

Leveraging this framework, we introduce Met-
Fuse, the first dataset of figurative fusion between
metonymy and metaphor, containing 1,000 quadru-
plets, each comprising a literal sentence paired with
its metonymic, metaphoric and hybrid counterparts,
yielding 4,000 sentences in total. On eight exist-
ing metonymy and metaphor classification bench-
marks, augmenting training data with MetFuse con-
sistently improves performance, with hybrid exam-
ples yielding the largest gains on metonymy tasks.
Using this dataset, we also find that the presence of
a metaphor makes a metonymic noun more explicit.
Human annotators rate the metonymy in hybrid
sentences as more explicit than in metonymy-only
sentences (3.65 vs 3.47 out of 5). Models show the
same pattern: augmenting BERT’s training data
with hybrid examples improves metonymy clas-
sification more than augmenting with metonymy-
only examples across four benchmarks, and four
LLMs more accurately identify metonymy in hy-
brid sentences than in metonymy-only sentences in
a zero-shot setting. In summary, our contributions
are:

1. Framework: We propose a framework to gen-
erate metonymy, metaphor, and hybrid varia-
tions of a literal expression.

2. MetFuse dataset: We introduce MetFuse,
the first dataset of figurative fusion between
metonymy and metaphor, with 1,000 meaning-
aligned quadruplets totaling 4,000 sentences.

3. Findings: Our experimental results demon-
strate that augmenting training data with
MetFuse consistently improves metonymy
and metaphor classification across eight ex-
isting benchmarks, and both humans and
LLMs identify metonymy more easily when a
metaphoric verb is present.

2 Related Work

Metonymy & Metaphor. Lakoff and Johnson
(1980) introduced the Conceptual Metaphor The-
ory (CMT), the now-standard view that metaphor
involves cross-domain mappings, which are rela-
tively unconstrained and highly generative (Kdvec-
ses, 2010). In contrast, metonymy operates
within a single domain (Nunberg, 1995), play-
ing a crucial structural role in meaning construc-
tion (Herrero-Ruiz, 2004), making it cognitively
constrained (Ruiz de Mendoza, 2002; Ruiz de
Mendoza and Baicchi, 2005; Herrero-Ruiz, 2004),
and therefore limited by pre-existing contigu-
ity relations such as part-whole and container—
content (Radden and Kovecses, 1999; Brigitte Ner-
lich, 2001). Unlike metaphor, metonymy is of-
ten approached as a cognitive and pragmatic phe-
nomenon, rather than purely linguistic terms (Rad-
den and Ko6vecses, 1999; Jodlowiec and Piskorska,
2015; Papafragou, 1996).

Computational approaches to metonymy have
primarily focused on resolution tasks (Markert and
Nissim, 2007; Gritta et al., 2017; Pedinotti and
Lenci, 2020; Ghosh and Jiang, 2025), treating the
metonymy resolution as a classification task. Re-
cently, metonymy has also been explored in a mul-
timodal setting (Ghosh et al., 2026). Metaphor
identification has been an extensive field of re-
search (Steen, 2010; Mohammad et al., 2016; Birke
and Sarkar, 2007). With the advent of LLMs, re-
cent studies have focused on metaphor interpreta-
tion (Chakrabarty et al., 2022a,b), probing LLMs’
figurative language understanding capabilities.

Existing literature has also studied metonymy
and metaphor together. Goossens (1990) defined
“metaphtonymy,” a phenomenon where metaphor
and metonymy co-occur in figurative expressions.
Barcelona (2003) shows how metaphor often builds
on a metonymic base, or how metonymy becomes
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foregrounded under metaphoric pressure. Maud-
slay et al. (2024) introduces a structured resource
that integrates metaphor and metonymy into Word-
Net, providing relational chains that capture figura-
tive meaning extensions.

Generation. In the NLP space, early work
in metaphor generation was heuristic in ap-
proach (Abe et al.,, 2006; Terai and Naka-
gawa, 2010). Recently, a lot of work has ex-
plored metaphor generation, including using literal-
metaphor verb pairs (Yu and Wan, 2019), trans-
forming literal expressions to metaphors (Stowe
et al., 2021b) and similes (Chakrabarty et al., 2020)
using fine-tuned models. Stowe et al. (2021b)
proposed a supervised and unsupervised method
to generate verbal metaphors, with the former
yielding better results. The work of Stowe et al.
(2021a) analyzed verbal metaphor generation, find-
ing that controlled generation improves metaphoric-
ity, while free generation tends to generate more
fluent paraphrases. Our metaphor generation strat-
egy is inspired by Chakrabarty et al. (2021), which
proposed a supervised method to generate verbal
metaphors by replacing the relevant verb in the lit-
eral expression, and Tian et al. (2021) that uses a
partly-supervised framework to generate hyperbole
without exploring the figurative expression it cre-
ates such as metaphor and sarcasm. Metonymy gen-
eration has not received much attention (Hernandez,
2017), and our research aims to combine metonymy
and metaphor generation.

3 Methodology

In this section, we discuss our methodology of
generating metonymic, metaphoric and hybrid sen-
tences from literal expressions. Our model takes a
literal text as input, and transforms it into three fig-
urative expressions: metonymy, metaphor and a hy-
brid sentence combining metaphor and metonymy.

3.1 Preprocessing Steps

Not all literal expressions can be transformed to
its respective metonymy or metaphor counterpart.
Metonymy occurs through a reference shift in the
meaning of the noun, therefore, it is crucial that
the literal sentence must contain a noun. Prior
linguistic studies have shown that metonymy is
more constrained than metaphor, since the map-
ping must remain within a single conceptual do-
main (Goossens, 1990; Kovecses, 2010). In a
canonical subject—verb—object structure, both the

subject and the object can in principle serve as
sites of metonymic substitution. However, we re-
strict our focus to the subject noun for three rea-
sons: (i) the subject more often denotes animate,
human entities, which are particularly productive
for metonymic shifts, (ii) the subject position of-
fers more flexibility in shifting reference without
disrupting grammatical structure, whereas object
substitutions can more easily lead to semantic or
syntactic anomalies, and (iii) focusing on subjects
provides a consistent and controlled framework
for generation, while still capturing the core phe-
nomenon. Accordingly, we impose three condi-
tions: the noun must denote a human entity, it
must function as the subject, and it must be in a
dependency relation with a verb (enabling us to
study its interaction with verbal metaphors). Un-
der these constraints, the resulting instances mainly
correspond to location metonymy. We then use
the SpaCy dependency parser to extract the literal
sentences from Wikipedia dumps? based on the
conditions set above.

3.2 Generating Metonymy

Generating metonymy is a challenging task. The
noun undergoes a reference shift, but the mapping
must be intra-domain. Our framework contains
three different stages—i) using an LLM to gener-
ate candidate replacement nouns, ii) identifying the
best candidate noun, iii) replacing the noun and
asking an LLM to refine the sentence.

i. Generating candidate metonymic nouns. We
first provide the LLM with the literal sentence
and the target noun. Naively asking it to “make
a metonymic replacement” yields incorrect re-
sponses. Instead, we draw out the contiguity rela-
tions that evoke metonymy. We pose short, targeted
questions about the noun’s location, occupants/con-
stituents, or salient parts. Each answer is treated as
a candidate replacement for the noun phrase. We
set a temperature of 0.7 to encourage diversity.

ii. Selecting the metonymic noun. To select the
most suitable metonymic candidate from those gen-
erated, we used a masked language modeling ap-
proach with BERT. Specifically, we replace the
target noun in the literal sentence with a [MASK]
token and present the sentence to BERT. For each
candidate ¢, we compute its log probability of fill-
ing the masked position. The candidate with the
highest probability is chosen as the replacement,

Zhttps://huggingface.co/datasets/wikimedia/wikipedia
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Noun Literal Input Candidates Scores Metonymic Sentence
law office -4.25
judge | The [MASK] in Lincoln saw issues briefcase -12.28 | The law office in Lincoln saw issues
Springfield -11.96
. crown -1.58 | Buckingham Palace officially
Queen E]lfh{MA;rglsggi;ag{]pﬂz?gg?Zed monarchy -11.58 | pronounced Turing pardoned in
Ep & ' Buckingham Palace | -0.27 | August 2014.

Table 1: Illustrations of transforming literal expressions into metonymic ones using an LLM to generate candidate
substitutions and masked token probabilities to select the best replacement.

as it is deemed the most contextually appropriate.
Table 1 shows an example.

iii. Replacing the noun. We select candidate cx
with the highest probability and substitute it for the
original noun, yielding the metonymic variant of
the sentence. To address any syntactic or grammat-
ical inconsistencies introduced by the substitution,
we then prompt the LLM to refine the sentence
while preserving the metonymic noun. We use a
temperature of 0.4 to discourage creative rewrites,
ensuring that the refinement maintains high seman-
tic similarity with the original literal sentence.

3.3 Generating Metaphor

In this work, we focus on generating verbal
metaphors by mapping the verb to another do-
main. While metonymy typically arises through
a reference shift in the noun, the verb also plays
a crucial role in meaning construction (Radden
and Kovecses, 1999). Mapping the verb to an-
other domain makes the metaphor and metonymy
directly dependent, enabling us to study the rela-
tion between them. Importantly, linguistic studies
highlight that metaphor mapping allows for greater
structural freedom than metonymy, which is typi-
cally constrained by contiguity relations (Kdvecses,
2010). Building on this observation, Stowe et al.
(2021a) showed that in verbal metaphor generation,
controlled settings tend to increase metaphoricity,
whereas free generation produces more fluent para-
phrases. Motivated by these findings, and given
the expressive power of recent LLMs, we allow the
model absolute freedom in selecting the metaphoric
domain—unlike in the case of metonymy—thereby
exploiting this structural flexibility. To further in-
tensify the domain shift, we also incorporate hyper-
bolic verbs in the spirit of Tian et al. (2021), since
hyperboles often make the metaphoric mapping
more dramatic and salient.

Similar to metonymy generation, we use a 3-step
pipeline—i) using an LLM to generate candidate

verbal hyperboles, ii) identifying the best candidate
verb, iii) using the verb and asking an LLLM to re-
fine the sentence.

i. Generate metaphor candidates. We provide
the LLLM with the literal sentence and the target
verb. To generate verbal hyperboles, we instruct
the model to exaggerate the verb to the extent
it maps to another domain (Lakoff and Johnson,
1980). However, we observed that these hyper-
boles often clashed with the overall tone of the
sentence. Since Lakoff and Johnson (1980); Mo-
hammad et al. (2016) noted that tone plays a crucial
role in metaphor interpretation, we incorporate this
insight by asking the LLM to generate verbal hyper-
boles under three distinct tones—positive, negative
and neutral, with a temperature of 0.7 and top-p
0.9 to encourage diversity. This additional context
provides the LLM more flexibility and guidance,
leading to coherent candidate generations.

ii. Selecting the hyperbole verb. To select the
most suitable metaphor candidate verb that aligns
with the overall tone of the literal sentence, we use
a lightweight sentiment analysis model (Camacho-
collados et al., 2022). Based on the predicted senti-
ment, we select the hyperbole candidate that best
matches with the tone.

iii. Refining the Metaphor. We then replace the
target word in the literal expression with the se-
lected hyperbole candidate. We provide the sen-
tence to the LLM and ask it to refine the sentence.
We prompt it to maintain the metaphoric mean-
ing while making any syntactical or structural ad-
justments to improve the sentence quality with a
temperature of 0.6 and top-p 0.9.

3.4 Constructing Hybrid Expressions

To make the hybrid sentences, we take the
metonymic noun phrase from the refined
metonymic sentence, and replace it with the noun
phrase in the refined metaphor sentence. While the
metaphor generation step often alters the structure
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of the literal sentence—reflecting the greater
freedom of metaphoric mapping—metonymy is
more constrained in nature (Radden and Kovecses,
1999). As a result, metonymic generation typically
preserves the original syntactic structure, modify-
ing only the noun phrase. Consequently, inserting
the metonymic noun phrase into the metaphor
sentence produces a hybrid expression without the
need for additional post-processing.

We extracted literal sentences from Wikipedia
as mentioned earlier in this section, and fed them
into our framework to generate the metonymic,
metaphoric and hybrid variants of the sentence. For
our main experiment, we use Llama-3.1-8B.

4 Framework Evaluation & Dataset

In this section, we first evaluate our framework us-
ing both human and automatic evaluation. Then,
we use this framework to create the MetFuse
dataset, the first dataset to contain instances of
metonymy and metaphor combined.

4.1 Evaluation of Our Framework

To compare against our proposed method, we em-
ploy a general-purpose prompting baseline. For
each literal sentence, the LLM is queried in three
independent passes to produce: (i) a metonymic
variant: given the sentence and target noun, the
LLM is asked to replace the noun with a metonymic
paraphrase, (ii) a metaphoric variant: given the sen-
tence and target verb, the LLM is asked to trans-
form the verb into a verbal metaphor, and (iii) a
hybrid variant combining both: given the sentence,
noun, and verb, the LLM is asked to introduce a
metonymic paraphrase complemented by a verbal
metaphor. Each pass uses a carefully designed
chain-of-thought prompt for that particular variant
with few-shot exemplars, ensuring fair comparison.
Human Evaluation. We pick 250 literal sentences
from our pool and use our framework to generate
the three figurative variants. We also use the gen-
eral prompting method to generate the three vari-
ants for the same sample of 250 literal sentences.
Human annotators are then asked to classify the
sentences. A sentence is classified as positive if: (i)
it carries the intended figurative expression, and (ii)
original meaning of the sentence remains intact.
Table 2 shows the result of the human evalu-
ation. Our framework consistently outperforms
the general method in generating the figurative ex-
pressions from a literal text. LLMs particularly

Metonymy Metaphor Hybrid

38.8% 70.8% 49.2%
75.2% 84.0% 74.0%

General
Ours

Table 2: Percentage of sentences evaluated by humans
to have the intended figurative expression in a sample of
250. General row are sentences from basic prompting.
The sentences generated by our framework are signifi-
cant better with figurative expressions.

Metonymy Metaphor Hybrid

0.70 0.60 0.44
0.84 0.82 0.70

General
Ours

Table 3: Cosine similarity score between the original
literal sentence and the generated variant using a sen-
tence transformer. Our framework better preserves the
semantic meaning of the sentence.

struggle with generating metonymic variations, as
only 38.8% of the sentences generated using a gen-
eral method were judged as metonymy, compared
to 75.2% of the sentences generated by our frame-
work. Overall, our framework has a consistently
better performance, with 84.0% of the sentences
labeled as metaphors, and 74.0% containing both
metonymy and metaphor.

Automatic Evaluation. While the human evalua-
tion showed the percentage of sentences judged to
have the intended expression, an important aspect
of transforming literal expressions to their figura-
tive variations is that the generated sentences must
be faithful to the input (Chakrabarty et al., 2021).
To evaluate this criteria, we use sentence trans-
former (Reimers and Gurevych, 2019) to calculate
the semantic similarity between the generated sen-
tences and the original input sentence. Table 3
shows the result of this evaluation. Metonymic
sentences have higher semantic similarity with the
literal expression, followed by metaphor, while hy-
brid expressions have the least. The sentences gen-
erated by our framework show significantly higher
semantic similarity than the general method. The
sentences generated by general prompting (without
any structural guidance) are semantically differ-
ent from the literal text, with the LLM altering its
structure, which often leads to loss or change in
meaning.

Overall, the human and automatic evaluation on
250 samples shows that naive prompting struggles
to generate metonymic and hybrid sentences from
literal texts. The semantic structure of the gen-
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Literal Input

Metonymy

Metaphor

Hybrid

The researchers formed a ratio-
nal statement of his question.

The laboratory formed a ratio-
nal statement of his question.

The researchers sculpted a ratio-
nal statement of his question.

The laboratory sculpted a ra-
tional statement of his question.

The reporter couldn’t have done
too good a job on you.

The newsroom couldn’t have
done too good a job on you.

The reporter butchered you in
that interview.

The newsroom butchered you
in that interview.

The Queen officially pro-
nounced Turing pardoned in
august 2014.

Buckingham Palace officially
pronounced Turing pardoned in
august 2014.

The Queen’s pardon for Turing
thundered through history in
August 2014.

Buckingham Palace’s pardon
for Turing thundered through
history in August 2014.

The police exposed the crime
ring in 1956.

NYPD exposed the crime ring
in 1956.

The police unearthed the crime
ring in 1956.

NYPD unearthed the crime
ring in 1956.

Table 4: Example of a literal expression and its respective figurative variations from MetFuse dataset.

Metonymy Metaphor Hybrid
Fluency 3.30 3.64 3.61
Meaning 3.51 3.10 2.74
Creativity 2.95 4.01 4.25
Metonymicity 3.47 - 3.65
Metaphoricity - 3.95 3.82

Table 5: Human score on five criteria from 250 samples
from the MetFuse dataset.

erated text also shifts to the degree of a loss or
alteration of meaning. Our framework significantly
outperforms the baseline, generating intended fig-
urative variations of the literal text that are also
semantically similar to its source.

4.2 MetFuse Dataset

Leveraging our figurative-to-literal framework, we
construct the MetFuse dataset. To build this dataset,
human annotators reviewed 1,500 samples gen-
erated by our framework. Of these, 1,104 were
judged to contain all three intended figurative vari-
ants, with around 74% accuracy, as shown in Ta-
ble 2. From this pool, we randomly sampled 1,000
instances to form the final MetFuse dataset. The
final dataset contains 1,000 literal sentences, each
paired with its metonymic, metaphoric and hybrid
variants, resulting in a total of 4,000 sentences.
The inter-annotators score between the annotators,
measured as the raw agreement was measured to
be 96.3% for metonymy, 91.2% for metaphor and
91.1% for hybrid sentences. Table 4 shows some
illustrative examples from the dataset.

Human Score. The MetFuse dataset provides re-
searchers the unique opportunity to study interac-
tion and entanglement of metonymy and metaphor
within a single expression. To this end, we recruit
human annotators to rate the figurative expressions
from the MetFuse dataset. Each annotator was
provided with a sample and asked to rate the fig-

urative texts on a scale of 1 to 5, with the literal
sentences as references. We used four criteria from
Chakrabarty et al. (2021), in addition to one of
ours: (1) Fluency (“How fluent, grammatical, well
formed and easy to understand are the generated
utterances?”), (2) Meaning (‘“Are the input and the
output referring or meaning the same thing?”’) (3)
Creativity (“How creative are the generated utter-
ances?”’), (4) Metonymicity (“How explicit is the
metonymy?”) and (5) Metaphoricity (“How ex-
plicit is the metaphor?”).

Table 5 shows the human scores. Metaphor
sentences are rated to have the highest fluency.
Metonymy is judged as less creative and fluent,
but they best conserve the meaning. The flu-
ency, meaning, and creativity ratings corrobo-
rate with previous linguistic works that states that
metonymy is structurally limited and play a crucial
role in meaning preservation (Radden and Kovec-
ses, 1999; Ruiz de Mendoza and Baicchi, 2005),
while metaphor is more nonrestrictive (Kdvecses,
2010), leading to higher creativity and lower mean-
ing preservation. Hybrids have the highest cre-
ativity score due to both the noun and verb being
altered in a figurative way. But this tends to lose the
implicit meaning, having the lowest meaning score.
Table 5 also shows that metaphor sentences were
judged to have higher metaphoricity (how explicit
is the metaphor), slightly edging out hybrid sen-
tences. Interestingly, hybrid sentences were rated
as having noticeably higher metonymicity (how ex-
plicit is the metonymy) over metonymic sentences.
The results indicates that the human judges found
the metonymy to be more explicit in the sentences
when it was accompanied by a verbal metaphor.

S Analysis

In this section, we analyze the MetFuse dataset
through an extrinsic evaluation, examining how
metaphoric verbs influence metonymic noun.
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Train Train Train
+MTF,,;, +MTF,,
ConMeC 7549 76.71 +1220 79.33 (+334)
Pedinotti  68.42 66.92 (1500 70.44 (+2.02)
RelocaR  67.33  69.99 +266)  70.67 (+334)
WiMCor 81.67 82.33 +066) 82.67 (+1.00)

Table 6: Test accuracy for downstream tasks on
metonymy datasets. Each dataset is split in a 70-
30 train-test ratio. Train = original training sam-
ple, Train+MTF,,;, = original training sample aug-
mented with metonymic examples from MetFuse,
Train+MTF,; = original training sample augmented
with hybrid examples from MetFuse.

5.1 Extrinsic Evaluation

While the MetFuse dataset is helpful for analyzing
how metonymy and metaphor interact together, it
can also be used for other tasks. To showcase this,
we perform an extrinsic evaluation. Specifically,
we examine if our dataset can improve metaphor
and metonymy classification using existing datasets
via data augmentation.

Datasets. We use four existing metonymy
datasets: two common noun metonymy datasets—
ConMeC (Ghosh and Jiang, 2025) and Pedinotti
and Lenci (2020), and two named entity
datasets—RelocaR (Gritta et al., 2017) and WiM-
Cor (Alex Mathews and Strube, 2020). For
metaphor, we use four verbal datasets as well:
VUA Verb (Steen, 2010), Flute (Chakrabarty et al.,
2022b), MOH-X (Mohammad et al., 2016), and
TroFi (Birke and Sarkar, 2007). All eight datasets
are binary classification tasks—a system should
determine whether the given sentence contains a
figure of speech or not.

Experimental Setup. For a given dataset, we
use a 70-30 train—test split and fine-tune BERT-
base (Devlin et al., 2019) under three settings: (i)
the original training samples (Train), (ii) the train-
ing set augmented with MetFuse figurative exam-
ples (Train + MTF,,;,, or Train + MTF,,;,), and
(ii1) the training set augmented with MetFuse hy-
brid examples. For the metonymy classification
task, the figurative examples in (ii) are metonymic
variants, whereas for the metaphor downstream
task, the same setup is followed except that the
added samples are metaphoric variants. In all cases,
the MetFuse augmentation size is fixed at 50% of
the original training set. We fine-tune BERT for 3
epochs with a learning rate le-5 and a batch size 8.

Train Train Train
+MTF,,;,  +MTFy,,
VUA Verb 64.38 64.53 +0.15  66.55 (+2.17)
Flute 7626  79.73 347y 78.47 (+221)
MOH-X 76.26 76.92 0.16)  77.43 +0.51)
TroFi 60.42 63.30 238 61.76 (+1.39)

Table 7: Test accuracy for downstream tasks on
metaphor datasets. Each dataset is split in a 70-
30 train-test ratio. Train = original training sample,
Train+MTF,,;, = original training sample augmented
with metaphor examples from MetFuse, Train+MTF},
= original training sample augmented with hybrid ex-
amples from MetFuse.

Metonymy results. Table 6 presents the re-
sults of the downstream experiment on metonymy
datasets. Test accuracy improves when the training
set is augmented with metonymic samples from
MetFuse in three out of the four datasets, with
only Pedinotti and Lenci (2020) being the excep-
tion. Notably, across all datasets, the highest test
accuracy is achieved when the training set is aug-
mented with hybrid examples. This suggests that
the model learns the metonymic usage of a noun
more effectively when exposed to a co-occurring
metaphoric verb. This pattern aligns with the find-
ings in Table 2, where human annotators also found
metonymic nouns easier to identify when paired
with metaphoric verbs.

Metaphor. Table 7 presents the results of the
metaphor downstream experiment. Test accuracy
improves consistently across all four datasets when
the original training data is augmented with the
MetFuse samples, underscoring the usefulness and
generalizability of MetFuse. Hybrid examples
yield the best performance on VUA Verb and MOH-
X, whereas metaphoric examples perform better
on Flute and TroFi. This suggests that the influ-
ence of metonymy on metaphor is not uniform—
unlike the more consistent effect of metaphor on
metonymy. In some cases, hybrid constructions
dominate, while in others, purely metaphoric ex-
amples are more effective.

5.2 Metaphor Improves Metonymy

Our previous results highlighted that both humans
(Table 5) and supervised BERT (Table 6) found it
easier to identify the metonymic usage of a noun in
hybrid sentences, i.e., when the metonymic noun
was paired with a metaphoric verb. We investigate
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Metonymy Hybrid
Pre Rec Fl Pre Rec Fl
GPT-OSS-20B  95.8 519 673 96.1 57.0 71.6
Qwen3-30B 793 925 854 799 963 873

Llama-3.1-70B 85.6 95.8 904 859 975 913
Gemini-2.5 924 954 939 925 97.0 947

Model

Table 8: F1 score of positive metonymic sentences under
two conditions: using metonymy only sentences as pos-
itive sentences, and using hybrid sentences as positive
sentences. Literal sentences are the negative sentences.

this further by performing metonymy resolution
task using LLMs. We use two setups designed
to test how the presence of metaphor influences
metonymy identification: (i) treating metonymic
sentences as positive cases and their literal counter-
parts as negative, and (ii) treating hybrid sentences
as positive cases and their literal counterparts as
negative. For each input, we provide the sentence
and the noun to the LLM and ask if the noun
is used metonymically (Ghosh and Jiang, 2025).
We use four state-of-the-art models: GPT-OSS-
20B (OpenAl et al., 2025), Qwen3-30B (Yang et al.,
2025), Llama-3.1-70B (Grattafiori et al., 2024), and
Gemini-2.5-Flash (Comanici et al., 2025).

Table 8 shows the results. Across all four mod-
els, the precision, recall and F1 scores are consis-
tently higher for hybrid samples than for purely
metonymic ones. This suggests that LLMs can eas-
ily identify the metonymic usage of the noun when
it co-occurs with a metaphoric verb.

We investigate further with the token embed-
dings to check if similar patterns persist. We
take the contextual embeddings of the nouns in
the literal sentence (N;;;) and embeddings of the
metonymic nouns in the metonymic sentences
(Nynty) and calculate the cosine similarity between
them. This effectively tells us how similarly the
nouns are used in the literal and metonymic sen-
tences. Similarly, we find the embeddings of the
metonymic nouns in the hybrid sentences (Ny,,3)
and calculate the similarity with (Ny;;). This tells
us how similarly the nouns are used in the lit-
eral and hybrid sentences. We then compare
Sim(Nlit, Nmty) with Sim(Nlit, Nhyb)-

Table 9 shows the results. sim (N, Npyp) con-
sistently has a higher value than sim (N, Ny ).
This means according to the LLLM contextual em-
beddings, the same noun in the hybrid sentence
is more similar to its literal sentence counterpart
than in metonymic sentence. This suggests the

sim (N, Nngy) - 8im(Nyig, Nayp)

GPT-0SS-20B 71.00 72.38 (+138)
Qwen3-30B 90.88 91.75 +057)
Llama-3.1-70B 57.78 59.64 (+136)
BERT 65.42 65.62 (+0.20)

Table 9: Similarity score between the contextual embed-
dings of the noun tokens. sim(Ny;t, Ny, ) = similarity
between the noun in the literal sentence and metonymic
sentence. sim (N, Npyp) = similarity between the
noun in the literal sentence and hybrid sentence.

metonymy in the hybrid sentence is more explicit
as its embeddings are more similar to that of a
non-metonymic usage. This corroborates with the
human judgement in Table 5.

Qualitative Discussion. Our empirical results
show that metonymy’s strength tends to increase
when paired with a metaphor. We look at this
from a purely linguistic and cognitive point of
view. In a purely metonymic sentence such as “The
newsroom was harsh on the actor,” the noun news-
room can remain cognitively unresolved due to
metonymy’s single domain mapping nature. Read-
ers may or may not consciously resolve it to jour-
nalists, since both the literal (place) and metonymic
(people inside) readings remain available. When
a metaphoric verb is introduced, the interpretive
dynamics change. In “The newsroom butchered the
actor,” a verb like “butchered” belongs to a seman-
tic domain of physical violence, carrying strong
selectional preferences for an animate, agentive
subject. Because newsroom is not literally animate,
the metaphor exerts pressure on the reader to re-
solve the metonymy.

In this way, the out-of-domain mapping intro-
duced by the metaphor forces explicit metonymy
resolution, making the metonymy more salient than
it would be in isolation. Thus, metaphor func-
tions as a forcing device: its cross-domain map-
ping imposes constraints that push the metonymic
noun into an explicit, agentive reading. This ex-
plains why in hybrid cases, metonymy is often
perceived as more prominent and harder to ignore
than in purely metonymic sentences. As a com-
parison, further analysis in Appendix B shows that
the co-occurrence of metonymy does not impact
metaphor’s performance consistently.

Takeaway. Our analysis shows that humans and
LLMs agree on one thing: a metaphoric verb can
strengthen the metonymic nouns strength if they
co-occur in a sentence with a dependency relation.
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Type Original Sentence Generated Sentence

(1) His guitarist realizes what he did and knocks him out.  His chord realizes what he did and knocks him out.
(}21) Ihe reporters questioned, “why would a cricketer do  The reporters questioned, “why would a bat do this?”
this?”

Metonymy (3) His father guided him in his early year. His wisdom guided him in his early years.
(4) The player was furious at the referee. The athlete was furious at the referee.
(5) The teacher encouraged her to apply for the position. Thg §taff at the school encouraged her to apply for the

position.

(6) A dancer should watch her diet carefully. A dancer should obsess over her diet carefully.

Metaphor (Z?I]ﬁy%reat menacing student warns her not to trust her A great menacing student poisoned her mind.
(8) The economist described the “battle for the net”. The economist waged a war.

Hybrid (9) The painters worked on this masterpiece for 11 years.  The studio forged this masterpiece for 11 years.

Table 10: Error analysis of the generated sentences using our framework. Words highlighted in blue in the original
sentence are the target words that are being altered. The red words are the cause of the errors in the generated

sentence.

5.3 Error Analysis

Table 10 shows some qualitative examples of the er-
ror cases during generating metonymic, metaphoric
and hybrid expressions using our framework. Sen-
tence (1) and (2) are examples of the major error
cases in generating metonymy, caused by the se-
mantic structure of the original sentence. These
instances of nouns renders itself difficult to be trans-
formed to a metonymic variant, often yielding no
natural metonymic replacements. In sentence (3),
the metonymic substitution (father — wisdom) al-
ters the meaning of the original sentence. Sentence
(4) is an instance of a literal substitution, an er-
ror made by Llama when generating metonymic
substitutions. Sentence (5) is an example of the
error occurring due to LLM paraphrasing after sub-
stituting the noun. In this case, Llama correctly
generated a metonymic noun substitution (feacher
— school). However, when the LLM was asked to
refine the already metonymic sentence “The school
encouraged her to apply for the position,” the para-
phrasing added the clause staff at the school, ren-
dering the sentence non-metonymic.

In sentence (6), the annotators agreed the verb is
non-metaphoric. Sentence (7) and (8) are the major
error cases in metaphor generation, with the mean-
ing of the paraphrased sentence being inherently
different from the literal source. In sentence (9),
replacing the noun and the verb makes the hybrid
expression creative, but the annotators agree that
the sentence loses some of the intended meaning
as the literal one. The literal expression refers to
the art of painting, but one cannot understand the
context just by looking at the hybrid expression

(it can refer to any type of art, such as painting,
singing, music, or sculpture).

6 Conclusion

We introduced a framework that transforms a literal
sentence into metonymic, metaphoric, and hybrid
variants while preserving the meaning, and used it
to construct MetFuse, the first dedicated dataset of
figurative fusion between metonymy and metaphor.
MetFuse contains 1,000 meaning-aligned quadru-
plets totaling 4,000 sentences. Across eight exist-
ing benchmarks, augmenting training data with
MetFuse consistently improves both metonymy
and metaphor classification. Our analysis further
shows that both humans and large language models
identify metonymy more easily when a metaphoric
verb is present, suggesting that the metaphor’s
cross-domain mapping forces a more explicit read-
ing of the co-occurring metonymic noun. We
hope MetFuse will enable further study of how
metonymy and metaphor interact in context.

Limitations

While our study makes important progress in
addressing metonymy and metaphor interaction
within NLP, certain limitations remain.

Our current work does not encompass the full
range of metonymy that occurs in natural language.
We limit ourselves to the animate subject nouns
leading to location-for-people or institution-for-
people metonymy, focusing on instances that are
common and frequent. This choice allows us to
build a strong foundation while avoiding excessive
fragmentation of the problem space. We leave other
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metonymy types for future exploration.

In our experiments, we do not explicitly com-
pute or annotate the domain mappings for both
metonymy and metaphor. Our goal is to lay the
groundwork for metonymy-metaphor interaction
study without constraining them to a fixed inven-
tory of conceptual domain. We hope our work
inspires future research to computationally study
the domain mapping of these linguistic phenomena.

Ethical Considerations

In this work, we employed large language models
(LLMs) to generate candidate nouns and verbs for
constructing metonymic, metaphoric, and hybrid
expressions. For named-entity metonymy, in par-
ticular, the LLM was prompted to suggest location-
based entities (e.g., cities, institutions) as replace-
ments for target nouns. While this procedure lever-
ages the generative capacity of LLMs, we recog-
nize that such models may reproduce unintended
biases or stereotypes, especially when dealing with
named entities (e.g., associating certain locations
with actions). We did not observe such issues in our
generated samples; however, we acknowledge that
these risks are possible. Importantly, our dataset
does not include any private or personally identi-
fiable information: all named entities are in the
public domain. By acknowledging these limita-
tions and safeguards, we emphasize that our use
of LLMs is confined to controlled generation for
research purposes, with human oversight applied to
ensure that the final dataset avoids harmful content.
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A Generalization of our Framework

To assess how well our framework generalizes
across different LLMs, we use human to annotate
100 quadruplets generated by different models. Ta-
ble 11 shows the results, which highlights that our
framework generalizes well across models of all
sizes. The success rate of the framework depends
primarily on the semantic structure of the input sen-
tence, and not on the LLMs capability. Due to this,
we chose Llama 3.1-8B to as the base model in
our framework, as it keeps our model lightweight
without compromising performance.

Metonymy Metaphor Hybrid
Llama-3.1-8B 74 86 73
GPT-0ss-20B 74 87 74
Qwen3-30B 75 86 75
Llama-3.1-70B 75 87 74
GPT-5 72 90 72

Table 11: Number of sentences evaluated by humans to
have the intended figurative expression in a sample of
100 when ran on our framework with different LLMs.

A.1 Diversity

An important factor in generating the metonymic
replacements of the noun is diversity. Open-source
LLMs like Llama and Qwen are more suited to our
framework as it gives the user flexibility in terms of
diversity by increasing temperature and top-p value.
While being the latest model in the bunch, GPT-
5 suffered from repetitive replacements. We ran
experiments with different “thinking effort” condi-
tions, but the repetitiveness did not subside.

B Metonymy’s Impact on Metaphor

To analyze the impact of metonymy on metaphors,
we repeat the token embedding similarity experi-
ment conducted in Section 5.2, but this time, we
compare the embeddings of the verb. Specifically,
we find how similar the verbs are in the literal and
metaphoric sentence. We calculate the similarity
between the verb in the literal sentence and the
metaphoric sentence sim(Vy, Vi), and com-
pare it with the verb in the literal sentence and
hybrid sentence sim(Viiz, Viyp).

Table 12 shows the results. The results are less
consistent than Table 9. GPT-0ss-20B and Qwen3-
30B shows higher similarity between the verb in
the literal-hybrid pair, while Llama 3.1-70B and
BERT shows higher similarity in literal-metaphor
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sim(Viie, Viner)  $Im(Vige, Vi)

GPT-0ss-20B 70.19 70.28 (+0.09)
Qwen3-30B 92.83 93.07 +0.24)
Llama-3.1-70B 57.32 52.88 (-4.44)
BERT 65.24 65.02 (0.22)

Table 12: Similarity score between the contextual em-
beddings of the verb tokens. sim(Vyit, Vi) = simi-
larity between the verb and in the literal sentence and
metaphoric sentence. sim (N, Npyp) = similarity be-
tween the verb and in the literal sentence and hybrid
sentence.

pair. This observation aligns with the metaphor
downstream experiment results in Table 7. The
impact of metonymic noun on the metaphor verb
is not consistent. We believe there are deeper se-
mantic complexities at play, and we leave this for
future work.

Model Similarity Entailment

Mt Hyb Mtr  Hyb
GPT-OSS-20B  86.45 84.82 96.03 93.84
Qwen3-30B 84.79 83.34 94.54 9431
Llama-3.1-70B  82.02 78.59 85.94 79.40
Gemini-2.5 86.31 82.13 93.24 90.96

Table 13: Semantic similarity and entailment scores of
metaphor (Mtr) and hybrid (Hyb) sentences with respect
to their literal counterparts.

We also investigate how the presence of a
metonymic noun impacts the interpretability of the
metaphor, i.e., if LLMSs can recover the literal mean-
ing from the metaphor expression (Chakrabarty
et al., 2022a,b). For this task, we provide the
metaphor and hybrid sentence to the LLM and ask
it to paraphrase them to their literal meaning. We
then evaluate the paraphrased outputs using en-
tailment (Liu et al., 2019) and semantic similarity
scores. Table 13 shows the results. We find that
metaphor-only sentences achieve equal or higher
similarity and entailment scores compared to hy-
brid sentences. This suggests that an LLMs ability
to interpret a metaphor may decrease when the
metaphor is anchored to a metonymic noun.

C Additional Metonymy Downstream
Results

Metonymy identification have been shown to strug-
gle under cross-domain settings (Ghosh and Jiang,
2025). To this end, we employ the MetFuse dataset

to study its impact in cross-domain metonymy clas-
sification. For this experiment, we train BERT on
one dataset, and test it on another. We separate
the two common noun datasets: ConMeC (Ghosh
and Jiang, 2025) and Pedinotti and Lenci (2020),
and the two named entity datasets: RelocaR (Gritta
et al., 2017) and WimCoR (Nastase and Strube,
2009). When the model is trained on a common
noun dataset, it is tested on a common noun dataset
as well, and augmented with common noun exam-
ples from MetFuse. This goes the same for named
entity dataset as well. This is done to ensure a fair
setting, as MetFuse has both common noun and
named entity examples. We keep the same condi-
tions as before—the augmented MetFuse examples
are 50% the size of the original training sample,
learning rate was set at le-5 over 3 epochs and
batch size 8.

Figure 2 shows the result of the cross-domain
classification experiment. The test accuracy in-
creases when the model is trained with the MetFuse
dataset in all three cases, the only exception being
when it is trained with RelocaR and tested on Wim-
CoR. The hybrid examples from MetFuse always
has a better performance than purely metonymic
examples. The results highlight the usefulness and
generalizability nature of the MetFuse dataset. It
also shows the metonymic noun can be identified
more easily by language models when it is accom-
panied by a metaphor, supporting the observation
made in the main paper.

D Surprisal Scores

For further analysis, we calculate the token sur-
prisal scores from the MetFuse dataset. For a token
x with model probability p(z), surprisal score is
given by:

s(@) = —logp(a).

Higher surprisal score indicates the model was not
expecting this token, hence is “surprised”. For
the literal, metonymy, metaphor and hybrid sen-
tences, we calculate the surprisal of the noun token
(responsible for metonymy) and the verb token (re-
sponsible for metaphor).

Table 14 shows the results of this experiment.
The bold numbers indicate the instances where the
word was changed by our framework to create the
figurative expression. It is evident that the surprisal
for the noun is high in metonymy and hybrid, while
the surprisal for verb is high in metaphor and hy-
brid.
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Figure 2: Figure showing results of the downstream experiment. Blue bar shows the performance when trained
on an existing metonymy dataset. Green bar shows the performance when trained on existing dataset + MetFuse
metonymic samples, orange bar is existing datatset + MetFuse hybrid samples.

Surprisal Lit Mty Mtr Hyb
Noun token 9.01 12.79 9.65 12.81
Verb token 7.03 9.02 11.38 12.66

Table 14: Surprisal scores for the noun and verb token
in literal (lit), metonymy (Mty), metaphor (Mtr) and
hybrid (Hyb) sentences. Bold indicates the token was
altered to create the intended figurative expression.

E Discussion - Metonymy vs Metaphor
Generation

Our findings highlight an important asymme-
try between metaphor and metonymy generation.
Metonymy is significantly harder to generate in
a controlled fashion. Its constraints come from
the fact that metonymic substitutions are restricted
to in-domain mappings (Goossens, 1990), which
sharply narrows the candidate space. Moreover,
the substituted expression must still refer to the
same underlying entity, a requirement that is not
always straightforward to satisfy For example, “his
father guided him” cannot simply be replaced by
his father’s hand guided him without changing the
referent).

In contrast, metaphor generation is compara-
tively more permissive (Kovecses, 2010). Be-
cause metaphors involve cross-domain mappings,
a wider range of substitutions are tolerated, even
in uncontrolled generation. While many generated
metaphors may be novel or unconventional, they
still tend to preserve intelligibility without the strict
referential constraints that metonymy demands.

These observations suggest that while metaphor

generation can often succeed through broad lex-
ical substitution, metonymy requires more fine-
grained semantic control and discourse aware-
ness.  Evidently, table 2 shows 75.2% of
the sentences were judged to be metonymic
by humans, compared to 84.0% judged to be
metaphors. A deeper investigation into when hy-
brids (metaphor—metonymy blends) outperform
pure metaphors or pure metonymies is left for fu-
ture work.
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