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Preface

Non-Literal Expressions (NLEs) in natural language are a reflection of fundamental cognitive
processes such as analogical reasoning and categorisation, and are deeply rooted in everyday
communication. NLEs understanding is therefore an essential task for language modeling. This
task is especially challenging because it cannot be tackled by falling back on individual word
meanings, but requires taking into account larger chunks of surrounding text or even contextual
information. At the same time, it is important because the reliable processing of NLEs is relevant
for optimizing downstream tasks like translation and summarization.

This workshop focuses on understanding of Non-Literal Expressions. While most of the earlier
work on NLEs had been devoted to metaphor and metonymy, recent activities target other forms
of NLEs as well, e.g., hyperbole (deliberate exaggeration), litotes (understatement), rhetorical
questions, and irony. Humanly annotated corpora for NLEs have very recently started becoming
available to the research community and may serve as the basis for data-driven approaches
to NLEs processing, with the interrelated goals of first identifying and then interpreting such
expressions. Such data is mostly of high linguistic quality, but still very limited in size. Thus,
the workshop’s focus is on adaptation of Language Models (LMs) and Deep Learning (DL) for
processing of Non-Literal Expressions with limited high-quality data, since such constructs still
pose big identification and processing challenges in natural language analysis tasks.

The workshop features contributions which focus on the use of techniques like self-training for
leveraging unlabelled data, as well as in work that focuses on the incorporation of external
linguistic resources and knowledge injection to enrich features, and also in research that
describes work on utilisation of multitask learning with the aim to benefit from related tasks.

The workshop also wants to discuss alternative approaches which may elaborate on the use
of pre-trained Language Models (LMs) as a foundation and the application of techniques like
contrastive learning and clustering to identify challenging examples within the data, the ultimate
aim of the workshop being to highlight the necessity of high-quality data, as well as cross-lingual
datasets.
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Challenges in Japanese Euphemism Classification: An Analysis of
Pretrained Japanese and Multilingual Models

Noriko Takahashi, Whitney Poh, Libby Barak, Jing Peng, Anna Feldman
Montclair State University

1 Normal Ave, Montclair, NJ 07043, USA
{takahashin1, pohw1, barakl, pengj, feldmana}@montclair.edu

Abstract
Euphemisms present a persistent challenge for NLP because their interpretation depends on pragmatic inference,
social norms, and contextual cues rather than surface meaning alone. Although Potentially Euphemistic Terms
(PET)-based resources have been developed for several languages, Japanese euphemisms remain computationally
unexplored despite their close interaction with honorifics, register variation, and orthographic choice. We introduce
JP-PET, the first PET-based dataset for Japanese euphemism classification, comprising 1,672 annotated sen-
tences across 101 PETs and ten semantic domains with register metadata. We evaluate two Japanese monolingual
transformer models (Rinna RoBERTa and Tohoku BERT) and the multilingual XLM-R under three controlled
PET-level data splits that isolate lexical familiarity and generalization to unseen euphemisms. While models achieve
strong performance when PETs are shared between training and test data, performance drops substantially under
PET-disjoint conditions, indicating reliance on lexical familiarity. Error analysis suggests potential challenges in
politically conventionalized expressions, metaphor-based euphemisms, and orthographic mitigation strategies.
JP-PET provides the first benchmark for studying pragmatic meaning in Japanese NLP.

Keywords: Japanese NLP, euphemism detection, pragmatic inference, PETs, language models, register vari-
ation

1. Introduction

Natural Language Processing (NLP) continues to
face challenges in interpreting indirect language
uses, where meaning depends on pragmatic in-
ference and cultural knowledge rather than lit-
eral expression. Recent work shows that despite
substantial progress on various NLP tasks, pre-
trained transformer still struggle with the process-
ing non-literal expressions, including figurative lan-
guage that is novel in the sense of being rare, re-
cently coined, or not frequently observed during
pretraining, as well as culturally specific expres-
sions (Liu et al., 2022; Jang et al., 2023; Ichien
et al., 2024). Euphemisms pose a related chal-
lenge: they soften or reframe direct meanings to
maintain politeness or avoid discomfort, so inter-
pretation depends on social norms and contextual
cues rather than surface semantics (Allan and Bur-
ridge, 1991; Pinker, 2003). Prior studies show
that pretrained transformer models often struggle
with euphemisms, whose interpretation depends
on context, pragmatic inference, or distinguishing
literal from euphemistic uses, as well as expres-
sions involving metonymy and metaphor (Gavidia
et al., 2022; Lee et al., 2024). These limitations
highlight a central challenge for euphemism re-
search: distinguishing between the literal and eu-
phemistic uses of Potentially Euphemistic Terms
(PETs). Many PETs retain their literal meaning in
some contexts while becoming euphemistic in oth-
ers, making them difficult for models to classify re-
liably. For example, the phrase “the bird and the

bees” could refer to actual birds and bees as ani-
mals, but also refer to the sex-ed talk.

While recent work in English (Lee et al.,
2024; Gavidia et al., 2022; Lee et al., 2023)
has begun to address this challenge by devel-
oping PET frameworks and euphemism-detection
benchmarks, these efforts remain almost entirely
language-specific. Japanese euphemisms, in par-
ticular, remain largely unexplored, even though
Japanese communication is strongly shaped by in-
directness, contextual interpretation, and sensitiv-
ity to social relationships (Maynard, 1997; Cook,
2006). As pretrained transformer continue to
be integrated into education, translation, writing
assistance, and customer-facing computer appli-
cations, it is crucial to evaluate how well they
handle these nuanced forms of indirect mean-
ing. Understanding pretrained transformer perfor-
mance in regards to Japanese euphemisms will
not only highlight current limitations but will also
inform the development of systems that must op-
erate reliably in culturally sensitive contexts. This
study, therefore, examines Japanese euphemistic
expressions and evaluates how pretrained trans-
former interpret them, with the goal of supporting
future applications that require accurate and con-
textually appropriate handling of Japanese prag-
matic meaning.

To address the gap identified above, and to
establish a foundation for computational work on
Japanese euphemisms, this study makes three pri-
mary contributions.
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• Introduces the first PET-based Japanese eu-
phemism dataset, including metadata such as
domain, register, and orthographic variation.

• Evaluates Japanese and multilingual pre-
trained models on distinguishing literal vs. eu-
phemistic PET usage.

• Conducts a focused error analysis to iden-
tify key challenges in modeling Japanese eu-
phemisms.

2. Potentially Euphemistic Terms
(PETs)

To capture the ambiguity inherent in euphemistic
expressions, NLP researchers introduced the
concept of potentially euphemistic terms (PETs),
which are words or phrases whose meaning can
be literal or euphemistic depending on context
(Lee et al., 2022; Gavidia et al., 2022). For in-
stance, between jobs may literally describe a tem-
porary career transition (e.g., She is between jobs
after finishing her contract) or function euphemisti-
cally to mean unemployed (e.g., He has been be-
tween jobs for over a year) (Lee et al., 2022).
Similarly, special may denote a general sense of
uniqueness but can also serve as a euphemism
for disability in expressions such as special needs.
These examples illustrate how a single expression
can function as a euphemism in some contexts but
not in others. Because language and social norms
evolve, and because interpretation varies across
individuals, annotators often disagree on whether
an expression should be labeled as euphemistic.
PETs therefore offer a practical framework for an-
notation and modeling. As noted by Gavidia et al.
(2022), corpora annotated for PETs capture this
pragmatic variability and highlight the importance
of context-sensitive interpretation. Modeling PETs
requires distinguishing pragmatic meaning from
surface semantics, which makes the task consid-
erably more complex than standard lexical classifi-
cation.

3. Linguistic Characteristics of
Euphemisms

Euphemisms are expressions that allow speakers
to avoid direct meaning, hide uncomfortable truths,
or convey politeness through indirect speech in
order to maintain social relationships (Rababah,
2014). As Allan and Burridge (1991) explain, eu-
phemistic expressions soften the impact of a mes-
sage and avoid taboo wording, and they commonly
appear in culturally sensitive domains such as
death, illness, sexuality, disability, aging, and so-
cial class (Casas Gómez, 2009; Valentine, 1998).

Because euphemisms are tied to social norms,
their meanings vary across communities and reg-
isters and change over time. Pinker (2003) de-
scribes this process as the ”euphemism treadmill,”
in which expressions gradually lose their softening
effect as they become associated with the taboo
concepts they refer to, leading speakers to intro-
duce new forms (Pinker, 2007).

Euphemisms are often realized through strate-
gies such as circumlocution, lexical substitution,
abbreviation, and semantic generalization (Allan
and Burridge, 2006). While these mechanisms
are broadly shared across languages, the spe-
cific expressions and their social motivations are
language-specific, which makes their computa-
tional modeling highly dependent on cultural and
contextual knowledge.

4. Euphemisms in Japanese

4.1. Domains of Japanese Euphemisms
Japanese euphemisms appear across common
taboo domains such as Death & Dying, Bodily
Functions, Sexuality & Relationships, Crime & So-
cial Issues, and Illness & Disability (Allan and Bur-
ridge, 1991; Casas Gómez, 2009). They are also
frequently used in domains such as Appearance,
Personality, Workplace & Economy, and Aging.
For example, 旅立つ (tabidatsu; literal meaning:
to set out on a journey) is used euphemistically
to mean ‘to die’ (Maynard, 1997), and ぽっちゃ
り (pochari) provides a Japanese mimetic expres-
sion that conveys a softened description of body
size (Hamano, 1998).

Although these domains broadly overlap with
those observed in English, the specific expres-
sions and their sociocultural motivations differ, re-
flecting language-specific norms of politeness and
indirectness.

4.2. Japanese Orthography
Japanese orthography allows a single lexical item
to be written in kanji, hiragana, or katakana. These
choices can signal differences in tone and social
nuance. Orthographic variation therefore plays an
important role in euphemistic expression by soft-
ening negative connotations or creating distance
from sensitive meanings. For example, the word
障害 (shōgai) ‘disability’ is sometimes written as
障がい, where the kanji 害 (‘harm’) is replaced
with the hiragana がい to reduce harshness. An-
other example involves katakana: the kanji 物
(mono/butsu) ‘thing’ can appear as ブツ (butsu),
a slang form that can refer to drugs or contraband
and thus carries a more implicit, coded meaning.
By using katakana instead of kanji, the term de-
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parts from the literal sense ‘thing’ and signals an
indirect reference.

These variations introduce additional chal-
lenges for computational modeling, as identical
pronunciations may correspond to different prag-
matic functions depending on the script. Models
must therefore recognize orthographic choices as
signals of pragmatic intent rather than treating all
forms as equivalent.

4.3. Register Variation

Register PET Literal Meaning

Formal お亡くなりになる gone to pass away(onakunari ni naru)

Neutral 女の子の日 girl’s day menstruation(onnanoko no hi)

Informal ボンビー – ‘poor’(bonbii)

Table 1: Examples of Japanese euphemistic ex-
pressions (PETs) across registers, with literal gloss
and euphemistic meaning.

Register refers to the level of politeness and so-
cial distance conveyed through linguistic expres-
sion, and in Japanese, euphemisms often vary by
register even when they express the same under-
lying meaning (Maynard, 1997). In this study, we
group Japanese euphemisms into three levels: for-
mal, neutral, and informal, reflecting differences in
situational context and social expectations (Biber
and Conrad, 2019). These variations create chal-
lenges for computational models, as the same
meaning can be realized through forms that differ
in politeness and social intent. Models must there-
fore rely on contextual cues beyond surface mean-
ing to correctly interpret euphemistic usage. See
Table 1 for an example for each level. The informal
example ボンビー (bonbii) does not have a direct
literal meaning, as it is a phonological modification
of貧乏（binbo-) ’poor’ used to soften or stylize the
expression.

5. Research Questions

Japanese euphemisms challenge computational
modeling because they vary across domains, per-
mit orthographic alternations, and shift register
with social context. Because PET-based re-
sources do not capture these Japanese-specific
patterns, we establish a baseline for Japanese eu-
phemism classification using pretrained Japanese
and multilingual models and analyze their general-
ization across controlled PET-level splits.

RQ1. How reliably do pretrained Japanese and
multilingual language models classify euphemistic

expressions across domains and registers?

RQ2. In which domains and registers do these
models most frequently produce errors, and what
insights do these patterns provide for future eu-
phemism modeling and dataset construction?

Here, domains refer to semantic fields, and reg-
ister refers to politeness level (formal, neutral, in-
formal).

6. Methodology

This study frames euphemism detection as a bi-
nary classification task. For each sentence con-
taining a potentially euphemistic term (PET), we
insert [PET_BOUNDARY] markers around the tar-
get expression and provide the sentence to the
model as input. The model predicts whether the
marked PET is used euphemistically (1) or liter-
ally (0). We fine-tune three pretrained transformer
models Rinna (rinna Co., Ltd., 2023), Tohoku (Uni-
versity, 2020), and XLM-Roberta (Conneau et al.,
2020), on this task and evaluate their general-
ization across two PET-level data splits designed
to test familiar-item learning and strict no-overlap
generalization to new euphemisms.

6.1. PETs List and Data Collection
We collected data from the Balanced Corpus
of Contemporary Written Japanese (BCCWJ) via
Shonagon, which covers diverse genres (e.g.,
news, magazines, books, web, official documents)
and supports variation in register and orthography.
We compiled 100 PETs based on prior PET work
(Lee et al., 2022; Biyik et al., 2024), Japanese
pragmatics and politeness research (Maynard,
1997; Cook, 2006), and native-speaker judgment,
and queried BCCWJ to retrieve naturally occurring
sentences containing inflected and orthographic
variants.

6.2. Automatic PET Extraction
We used Sudachi (Takaoka et al., 2018) for
morphological analysis and customized rules to
capture inflectional and orthographic variants of
PETs. Detected PET spans were marked with
[PET_BOUNDARY] so the model could focus on
the target region (e.g., Input: 「彼は去年、亡く
なりました。」’He passed away last year.’ Anno-
tated:「彼は去年、[PET_BOUNDARY]亡くなりま
した [PET_BOUNDARY]。」‘He [PET_BOUNDARY]
passed away [PET_BOUNDARY] last year.’).

6.3. Annotation Procedure
Three native Japanese speakers annotated each
PET instance as euphemistic (1) or literal (0) us-
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Model Type Tokenization Pretraining Data Coverage Main Characteristics

Rinna Monolingual SentencePiece
(subword)

Japanese CC-100 +
Wikipedia

Japanese Broad web coverage; captures mod-
ern usage and stylistic variation

Tohoku BERT Monolingual MeCab + UniDic
→ WordPiece

Japanese
Wikipedia

Japanese Linguistically informed segmenta-
tion; encyclopedia-style language

XLM-R Multilingual SentencePiece
(subword)

Multilingual CC-100 100+ lan-
guages

Large-scale multilingual training;
strong generalization

Table 2: Comparison of models, tokenization, and pretraining data.

ing shared guidelines with examples of clear and
ambiguous cases. Inter-annotator agreement was
high (Fleiss’ κ = 0.87, 95% CI [0.85, 0.89]), and
final labels were determined by majority vote.

6.4. Dataset Overview

JP-PET contains 1,672 annotated sentences for
101 PETs spanning multiple domains (Table 3) Per-
PET statistics are reported in Appendix A.1.

Domain Count Percent (%)

Death & Dying 406 24.3
Bodily Functions 299 17.9
Sexuality & Relationships 224 13.4
Crime & Social Issues 168 10.1
Illness & Disability 146 8.7
Appearance 98 5.9
Personality 86 5.1
Workplace & Economy 83 5.0
Aging 69 4.1
Others 63 3.8
Politics & War 30 1.8

Total 1,672 100.0

Table 3: Distribution of domains in the JP-PET
dataset.

Note: Domains correspond to semantic categories
commonly observed in euphemism research (Allan
and Burridge, 2006).

6.5. Dataset Splitting

To investigate how Japanese euphemisms vary
in difficulty across semantic domains and individ-
ual Potentially Euphemistic Terms (PETs), we de-
signed two complementary data-splitting schemes.
Both splits use the same canonical test pool to en-
sure that model performance is directly compara-
ble across conditions. In Split 1, PETs may ap-
pear in the training, validation, and test sets, al-
lowing lexical overlap. In Split 2, PETs in the test
set are strictly unseen during training, enforcing a
no-overlap condition.

6.5.1. Always vs. sometimes euphemisms

For each PET, we first examined its label dis-
tribution. PETs annotated as euphemistic in
all occurrences (label = 1) were categorized as
always-euphemistic, whereas PETs that appeared
with both euphemistic and non-euphemistic la-
bels were categorized as sometimes-euphemistic.
Because always-euphemistic expressions provide
stable pragmatic meaning, all of their sentences
were reserved for the test pool to probe model per-
formance on consistently euphemistic items.

6.5.2. Canonical shared test pool and 10
folds

The canonical test pool consisted of:

• all sentences containing always-euphemistic
PETs, and

• a stratified sample of sentences for
sometimes-euphemistic PETs, balanced
across labels (1 = euphemistic, 0 = non-
euphemistic) for each PET.

This pool was partitioned into 10 disjoint folds, en-
suring that across the 10 folds, every PET instance
appears exactly once in a test set. This design
enables fine-grained inspection of model perfor-
mance on all PETs while keeping the evaluation
consistent across both splits.

6.5.3. Split 1 – Shared PETs across
train/validation/test

In Split 1, PETs are allowed to appear in all par-
titions. After constructing the canonical test pool,
the remaining sometimes-euphemistic sentences
were divided into training and validation sets using
label-balanced sampling within each PET. The test
sets correspond exactly to the predefined canon-
ical folds; no additional test instances were cre-
ated.

The test folds (Split 1-1 through 1-10) follow the
fixed test partitions, while train and validation re-
main constant across folds. This split reflects a
standard setting in which the model encounters the
same PET string during training and testing but in
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different contexts, allowing us to measure contex-
tual generalization without lexical novelty.

6.5.4. Split 2 – PET-disjoint
train/validation/test

Split 2 reuses the exact same 10 test folds as Split
1 but enforces complete PET disjointness across
all partitions. No PET in the test set appears in
train or validation, and no PET in validation ap-
pears in train. For each fold, entire PETs (not sin-
gle sentences) were assigned to train or validation,
while keeping label balance within each PET as
much as possible. This split evaluates zero-shot
PET generalization – whether a model can rec-
ognize euphemistic meaning for lexically unseen
PETs.

6.5.5. Data Partitioning and Label Balancing

Across all splits, data are partitioned into train-
ing, validation, and test sets using an approxi-
mate 8:1:1 ratio, subject to PET-level constraints.
For sometimes-euphemistic PETs, we perform la-
bel balancing by sampling approximately equal
numbers of euphemistic (1) and non-euphemistic
(0) instances within each PET and split. Always-
euphemistic PETs appear exclusively in the test
sets, which facilitates comparison of model behav-
ior for stable euphemisms across Splits 1–2.

The distribution of test instances by domain and
label is reported in Appendix A.2. Within the
sometimes-euphemistic subset, the test data re-
main close to balanced across labels. Small imbal-
ances occur for PETs with inherently uneven label
distributions, where perfect balancing is not possi-
ble. Nevertheless, the overall distribution remains
close to balanced and supports stable evaluation
across domains.

The dataset is publicly available.1

6.6. Models
We fine-tuned three transformer models (Table 2):
Rinna (monolingual RoBERTa; SentencePiece;
(rinna Co., Ltd., 2023)), Tohoku (monolingual
BERT; MeCab/UniDic + WordPiece; (University,
2020)), and XLM-R (multilingual; SentencePiece;
(Conneau et al., 2020)). We used max length
320, batch size 16, learning rate 2 × 10−5, up to
8 epochs with early stopping, and selected mod-
els by validation macro-F1. Results are averaged
over five runs.

As a baseline, we train a linear classifier over
a frozen encoder. Each input instance is en-
coded by a pretrained model, and the final-layer

1https://github.com/NLPlabMSU/
jp-pet-dataset.git

Split 1 (Seen) Split 2 (Unseen)

Model Baseline Fine-tuned Baseline Fine-tuned

Rinna RoBERTa 0.45 0.68 0.46 0.57
Tohoku BERT 0.50 0.73 0.51 0.59
XLM-RoBERTa 0.48 0.73 0.52 0.61

Table 4: Macro-F1 scores for baseline and fine-
tuned models across Split 1 (seen expressions)
and Split 2 (unseen expressions). The baseline
uses a frozen encoder with a linear classifier.

[CLS] representation is used as a fixed feature vec-
tor. A logistic regression classifier is trained on
these [CLS] representations without updating the
encoder. The baseline is trained and evaluated on
the same data splits as the fine-tuned models.

6.7. Evaluation Metrics
We report macro-F1 and per-label F1 (F11, F10).
Thresholds are tuned on development data, and
final results are averaged across runs. We addi-
tionally compute domain- and register-level error
rates for error analysis.

7. Results

7.1. RQ1. How reliably do the models
classify euphemisms?

Table 4 presents macro-F1 scores for baseline
and fine-tuned models across Split 1 (seen expres-
sions) and Split 2 (unseen expressions).

All models achieve their highest performance in
Split 1, where the training, validation, and test sets
share euphemistic expressions. In this setting,
fine-tuning substantially improves performance for
all models. XLM-R and Tohoku BERT achieve
the highest macro-F1 (0.73), with large gains over
their baselines (from 0.48 to 0.73 and from 0.50 to
0.73, respectively), while Rinna shows a smaller
improvement (from 0.45 to 0.68). These results
suggest that models benefit from lexical overlap
and can learn expression specific patterns when
the same euphemisms appear in both training and
test data.

Performance drops in Split 2, where all test ex-
pressions are unseen. Macro-F1 falls to 0.57–
0.61 across models, indicating that generaliza-
tion to new euphemistic expressions remains chal-
lenging. Although fine-tuning still improves per-
formance (e.g., XLM-R from 0.52 to 0.61, Rinna
from 0.46 to 0.57), the gains are smaller than in
Split 1. This gap suggests that a substantial por-
tion of model performance is driven by lexical fa-
miliarity, and that models struggle to interpret eu-
phemistic meaning when surface forms differ.
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There are also differences across models. XLM-
R shows the largest improvement in Split 1 (+0.25),
followed by Tohoku BERT (+0.23) and Rinna
(+0.23). In Split 2, XLM-R achieves the highest
macro-F1 (0.61), indicating relatively stronger gen-
eralization to unseen expressions. Tohoku per-
forms comparably (0.59), while Rinna shows lower
performance (0.57), suggesting weaker general-
ization to new euphemistic expressions.

We observe an apparent per-label performance
gap when evaluating on the full canonical test pool,
where F1 is consistently higher for euphemistic
instances (label 1; F1 ≈ 0.83–0.89) than for lit-
eral instances (label 0; F1 ≈ 0.29–0.57) (see Ap-
pendix A.3). This gap is partly influenced by test-
set composition, as the canonical pool includes
always-euphemistic PETs that are labeled only as
euphemistic.

To examine this bias, we additionally evaluate
on sometimes-euphemistic PETs only, which are
label-balanced within each split. Under lexical
overlap (Split 1), models achieve relatively bal-
anced performance across labels (e.g., F11 ≈
0.75–0.84, F10 ≈ 0.62–0.80). However, under
no-overlap generalization (Split 2), F1 for label 0
drops substantially (≈0.40–0.56), while F1 for la-
bel 1 remains higher (≈0.63–0.68). This persistent
gap suggests that models tend to over-predict eu-
phemistic usage and rely on lexical associations.

On always-euphemistic PETs, models achieve
high F1 for label 1 (≈0.88–0.95), indicating strong
performance on lexically stable euphemisms.

Overall, the results suggest that current mod-
els capture useful cues for euphemistic usage but
rely heavily on lexical familiarity and tend to over-
predict positive cases. This highlights the impor-
tance of evaluating per-label behavior when as-
sessing pragmatic generalization.

7.2. RQ2. Where do the models produce
errors, and why?

To examine model behavior beyond aggregate per-
formance, we conducted error analysis by seman-
tic domain and register. For each domain and
register category, we computed the error rate as
the proportion of incorrectly classified instances
among all test instances in that category:

Error Rate =
#Incorrect

#Total Instances

Error rates were calculated separately for each
model and split. Because these values represent
proportions of misclassified instances, higher val-
ues indicate poorer performance within a given cat-
egory.

Domain Rinna Tohoku XLM-R

Base S1 S2 Base S1 S2 Base S1 S2

Aging (46) 57% 13% 27% 38% 13% 31% 54% 8% 19%
Appearance (51) 42% 25% 18% 44% 37% 31% 70% 39% 47%
Bodily
Functions (134) 47% 23% 31% 49% 20% 31% 39% 20% 30%
Crime &
Social Issues (47) 47% 21% 38% 46% 25% 23% 28% 19% 27%
Death &
Dying (208) 51% 10% 16% 35% 7% 18% 40% 9% 16%
Illness &
Disability (29)

44% 29% 39% 55% 19% 55% 29% 19% 35%

Others (28) 40% 11% 14% 53% 7% 11% 60% 14% 7%
Personality (48) 59% 19% 19% 54% 13% 27% 69% 13% 19%
Politics &
War (30)

63% 50% 23% 78% 63% 50% 95% 67% 53%

Sexuality &
Relationships (113) 51% 15% 20% 32% 12% 19% 31% 8% 20%
Workplace &
Economy (43) 61% 24% 33% 63% 22% 38% 63% 24% 38%

Table 5: Domain-level Error Rates (%) for base-
line (Base), Split 1 (S1: seen expressions), and
Split 2 (S2: unseen expressions). Lower values in-
dicate better performance and boldface indicates
the highest error rate within each column (i.e., ver-
tical comparison).

7.2.1. Per Domain

Table 5 reports domain-level error rates for
Splits 1–2. We analyze each split separately to
identify which semantic domains are most chal-
lenging.

Across models and splits, Death & Dying con-
sistently shows the lowest error rates (e.g., 7–10%
in Split 1 and around 16–18% in Split 2), indicating
that this domain is the most reliably classified. This
suggests that euphemisms related to death are
highly conventionalized and semantically transpar-
ent, making them easier for models to recognize.
This domain also contains the largest number of
test instances (n=208), which contributes to the
stability of the observed error rates.

In contrast, Politics & War exhibits the highest er-
ror rates across models (e.g., up to 67% in Split 1
and above 50% in Split 2). Errors remain ele-
vated in both splits, indicating that this domain is
consistently difficult regardless of lexical overlap.
This pattern is largely driven by expressions such
as 遺憾 (ikan) ‘regrettable’. Across models, 遺憾
shows a substantially higher error rate than other
items in this domain and accounts for a large pro-
portion of domain-level errors. Removing this ex-
pression leads to a noticeable reduction in over-
all error, suggesting that a small number of politi-
cally conventionalized euphemisms disproportion-
ately affect model performance.

The Illness & Disability domain also remains
challenging, particularly under unseen conditions.
Error rates increase substantially in Split 2 for all
models (e.g., from around 19% to over 50% for
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Register Rinna Tohoku XLM-R

Base S1 S2 Base S1 S2 Base S1 S2

Formal (89) 67% 17% 17% 51% 24% 29% 49% 26% 22%
Informal (82) 27% 13% 18% 36% 10% 18% 28% 12% 24%
Neutral (623) 51% 19% 25% 45% 17% 27% 50% 17% 26%

Table 6: Register-level error Rates (%) for base-
line (Base), Split 1 (S1: seen expressions), and
Split 2 (S2: unseen expressions). Lower values
indicate better performance and boldface indi-
cates the highest error rate within each column
(i.e., vertical comparison).

Tohoku). Many errors involve orthographic vari-
ants such as 障がい (shōgai) ‘disability’, where
partial replacement of kanji with hiragana func-
tions as a mitigation strategy. Instances of 障が
い show higher error rates than other items in this
domain. Excluding this variant reduces the overall
domain error, suggesting that orthographic mitiga-
tion poses a distinct challenge for the models.

The Appearance and Workplace & Economy do-
mains show moderate-to-high error rates, espe-
cially in Split 2 (often around 30–40% or higher).
In the Appearance domain, XLM-R exhibits higher
error rates than the monolingual Japanese models,
suggesting that culturally grounded or metaphor-
ical expressions may benefit from language-
specific pretraining. In both domains, errors are
frequently associated with culturally grounded or
context-dependent expressions. For example, 社
会の窓 (shakai no mado; literal meaning: win-
dow of society) ‘open fly’ relies on metaphorical
mapping, while 出向 (shukkō; literal meaning: go
outward) ‘forced transfer’ can be either literal or
euphemistic depending on context. Such expres-
sions show elevated error rates relative to other
items and contribute disproportionately to domain-
level errors, indicating that metaphor and con-
text dependence remain difficult for the models.
Notably, in the Appearance domain, the multilin-
gual XLM-R model shows higher error rates than
the monolingual models, suggesting that culturally
grounded expressions may benefit from language-
specific representations.

Overall, the results suggest that models perform
well on conventionalized euphemisms but struggle
with politically conventionalized, orthographically
mitigated, and metaphorical expressions, particu-
larly when lexical cues are absent.

7.2.2. Per Register

We analyze performance across register cate-
gories (Formal, Neutral, Informal); see Section 4.3
for details on register annotation. Table 6 re-
ports error rates for baseline and fine-tuned mod-
els across Split 1 (seen) and Split 2 (unseen).

A consistent pattern emerges across models:
the Formal register is the most challenging. Base-
line error rates are high (e.g., 67% for Rinna, 51%
for Tohoku, and 49% for XLM-R), and although
fine-tuning reduces error substantially (e.g., 17%
for Rinna in Split 1), performance remains rela-
tively worse than in other registers, especially un-
der unseen conditions (e.g., 29% for Tohoku in
Split 2). This suggests that models struggle to
capture euphemistic meaning in formal contexts,
where indirectness and honorific forms encode
pragmatic meaning beyond surface cues.

In contrast, the Informal register shows the low-
est error rates across models. Fine-tuned models
achieve relatively low error (e.g., 12% for XLM-R
in Split 1), and baseline performance is also lower
than in other registers. However, error increases in
Split 2, indicating limited generalization to unseen
expressions.

The Neutral register shows intermediate but
more variable performance. While error is mod-
erate in Split 1, it increases in Split 2 (e.g., up to
27% for Tohoku), suggesting that neutral expres-
sions rely on both lexical and contextual cues and
lack consistent surface patterns.

Model differences further highlight sensitivity to
register. Tohoku shows higher error in Formal, par-
ticularly in Split 2, while Rinna remains relatively
stable but slightly weaker in Neutral. XLM-R ex-
hibits more balanced but less specialized perfor-
mance across registers.

Overall, these results indicate that euphemism
detection depends not only on lexical cues but also
on register-specific pragmatic information. Formal
expressions remain difficult even after fine-tuning,
whereas informal expressions are more easily cap-
tured due to their lexical transparency.

7.2.3. Additional Experiment: Tokenization
and Pretraining Effects

The higher error rates of Tohoku in the Formal
register suggest that performance differences may
be partly driven by tokenization and pretraining.
While Rinna and XLM-R use SentencePiece, To-
hoku relies on MeCab/UniDic-based morphologi-
cal analysis followed by WordPiece segmentation.

To examine this, we analyzed tokenization frag-
mentation relative to morpheme boundaries using
Sudachi-based segmentation. Formal Japanese
expressions often involve keigo, which consists of
honorific prefixes and auxiliary constructions and
thus exhibits complex morphology.

On matched Formal spans shared by all models,
Tohoku produced more subword tokens per mor-
pheme than Rinna and XLM-R (paired Wilcoxon
tests, p < 10−12), with mean differences of +4.5
and +2.4 tokens, indicating greater fragmentation
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of morphologically complex expressions. This pat-
tern was particularly evident for keigo forms.

We also observed that Tohoku-specific errors in
the matched keigo subset were concentrated in
a small number of honorific and euphemistic lex-
emes (e.g., ご逝去 ‘passing away’, ご年配 ‘ad-
vanced age’). Tohoku further showed higher error
rates on keigo expressions compared to the other
models.

These findings suggest that Tohoku’s elevated
error in the Formal register is partly related to to-
kenization. More fine-grained segmentation may
fragment semantically coherent honorific units,
making them harder to interpret. However, given
the limited data, these results should be inter-
preted as suggestive rather than conclusive.

8. Discussion

The results provide several insights into how cur-
rent models interpret Japanese euphemisms.

Model performance is strongly influenced by lex-
ical familiarity. When the same expressions ap-
pear in both the training and test sets, all mod-
els perform well; however, performance drops sub-
stantially for unseen euphemistic forms. This pat-
tern suggests that models rely on memorized lex-
ical patterns rather than inferring the underlying
pragmatic functions of euphemisms. The limita-
tion is particularly evident in context-dependent
cases, where the distinction between literal and
euphemistic meaning depends on cues beyond
the sentence. In domains such as Workplace
and Economy, models frequently misclassify literal
descriptions as euphemistic or fail to detect soft-
ened references, indicating difficulty in leveraging
broader contextual information.

Models also struggle with euphemisms that over-
lap with formality, politeness, or metaphor. Politi-
cal euphemisms, for instance, are highly conven-
tionalized and tied to specific genres, leading mod-
els to treat them as fixed polite formulas rather
than softened criticism, as in 遺憾 (ikan) ‘regret-
table’. A similar pattern appears with metaphor-
based expressions. In the Appearance domain,
expressions such as 社会の窓 (shakai no mado)
‘open fly’ rely on visual metaphor to mitigate em-
barrassment, which requires interpretation beyond
the literal meaning. These results suggest that
metaphor and pragmatic softening remain chal-
lenging for current models.

Orthographic variation introduces an additional
challenge. Expressions such as 障がい (shōgai)
‘disability’, which avoid standard kanji, are often
used to convey a gentler impression. However, the
models do not appear to treat such variation as a
meaningful cue.

Further analysis suggests that tokenization may

contribute to model differences, particularly for
Tohoku BERT. Honorific expressions (keigo) in
Japanese are morphologically complex and en-
code pragmatic meaning through prefixes and aux-
iliary constructions. Using Sudachi-based seg-
mentation (Takaoka et al., 2018), we observed
that Tohoku produces higher token-to-morpheme
ratios on matched formal-register spans, indicating
greater fragmentation of these expressions. Errors
unique to Tohoku are also concentrated in keigo-
related lexemes. While this suggests that segmen-
tation may affect the representation of pragmati-
cally marked forms, the current dataset is insuffi-
cient to establish a direct causal relationship.

Finally, XLM-R achieves the strongest perfor-
mance, particularly in the unseen setting, sug-
gesting that multilingual pretraining may provide
broader semantic coverage or exposure to para-
phrastic variation. However, in domains involv-
ing culturally grounded expressions, monolingual
models sometimes perform comparably or better,
indicating that language-specific representations
remain important for capturing pragmatic nuance.

9. Conclusions

This study examined how transformer-based mod-
els interpret Japanese euphemisms under con-
trolled data-splitting conditions designed to isolate
lexical familiarity, generalization, and pragmatic in-
ference. The analysis provides a more precise pic-
ture of where current systems succeed and where
they fail. The results demonstrate that model per-
formance is systematically shaped by domain, reg-
ister, and pragmatic complexity.

In particular, supplementary analyses suggest
that differences in tokenization and morphological
segmentation may contribute to variation in per-
formance on formal expressions, especially those
involving honorific and euphemistic forms. While
these effects remain tentative, they highlight the
importance of considering linguistic representation
strategies alongside model architecture and train-
ing data.

Future work should investigate why multilingual
models generalize better than Japanese-only mod-
els. This may involve comparing pretraining cor-
pora, analyzing tokenization behavior, or evaluat-
ing how deeply each model captures contextual
meaning. Examining attention patterns may also
help clarify how models process orthographic vari-
ation and formulaic expressions.

Another important direction is to extend the
dataset to euphemisms that overlap with idioms
(e.g., potentially idiomatic expressions (PIEs)), po-
liteness formulas, and honorific forms, allowing
systematic comparison between pragmatic and fig-
urative non-literal meaning. Many errors appear
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to arise when euphemisms interact with formal or
conventionalized linguistic patterns, so incorporat-
ing these pragmatic categories would allow a more
fine-grained analysis of how different cues influ-
ence model behavior.

Finally, adding longer context or document-level
data would allow models to distinguish literal and
euphemistic readings in ambiguous cases. This
is especially important for domains such as Work-
place and Economy, where sentence-level context
is often insufficient to determine whether an ex-
pression softens an unwelcome event.

10. Limitations

A key limitation of this study is the relatively small
dataset size and uneven distribution across do-
mains and PET types. While this reflects the nat-
ural distribution of euphemisms in corpora, it re-
stricts the ability to draw strong conclusions about
domain- or register-specific effects. Future work
with larger and more balanced datasets will be nec-
essary to validate these patterns.
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A. Appendix

A.1. Per-PET statistics

Statistic Mean (M) SD Min Max

Sentences per PET 16.7 11.3 3 68
Euphemistic
instances

10.8 4.8 1 39

Non-euphemistic
instances

5.9 8.8 0 45

PET ambiguity
entropy (bits)

0.45 0.48 0.0 1.0

Tokens per
sentence†

58.7 13.5 – –

Lexical density† 0.79 0.06 – –

Note: Ambiguity was computed as H(p) =
−p log2 p− (1− p) log2(1− p).
† Approximate corpus-level averages.

A.2. Test-set distribution

Domain PET Type Label 0 Label 1

Aging always 0 40
sometimes 4 4

Appearance always 0 40
sometimes 7 4

Bodily Functions always 0 87
sometimes 23 24

Crime & Social Issues always 0 14
sometimes 18 15

Death & Dying always 0 158
sometimes 28 22

Illness & Disability always — —
sometimes 14 15

Others always 0 21
sometimes 3 4

Personality always 0 36
sometimes 5 7

Politics & War always 0 30
sometimes — —

Sexuality & Relationships always 0 81
sometimes 17 15

Workplace & Economy always 0 31
sometimes 7 5

Note: Counts for sometimes-euphemistic PETs are approx-
imately label-balanced; minor deviations reflect PETs with
uneven label distributions.
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A.3. Per-label F1 by PET type

Model
Split 1 Split 2

(lexical overlap) (no overlap)

Sometimes Always Sometimes Always

F11 F10 F11 F11 F10 F11

Rinna RoBERTa 0.75 0.62 0.91 0.64 0.40 0.93
Tohoku BERT 0.82 0.78 0.90 0.63 0.50 0.88
XLM-RoBERTa 0.84 0.80 0.89 0.68 0.56 0.88

Note. Always-euphemistic PETs contain only label 1 in-
stances by definition; therefore, F10 is not applicable for the
always-only subset.
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Abstract
Pragmatic competence presents a persistent challenge for Large Language Models (LLMs), as it requires context-
dependent inference beyond literal meaning. This study examines whether few-shot prompting can reliably steer LLMs
toward appropriate interpretations of indirect speech acts under small-data conditions. Focusing on Italian, we evaluate
three LLMs on a small dataset that captures pragmatic ambiguity through graded plausibility judgments. We compare
a zero-shot baseline with multiple few-shot prompting configurations that vary in the number and composition of
demonstrations, as well as in the presence of explicit pragmatic guidance. Results show that few-shot prompting does
not yield robust or monotonic improvements overall. While performance improves substantially for conventionalized
indirect speech acts, gains for non-conventionalized indirect speech acts are unstable and limited. In contrast,
introducing explicit pragmatic reasoning along with demonstrations through guided chain-of-thought prompting
appears more promising. Overall, these findings highlight the limits of example-based steering for pragmatic infer-
ence and suggest that explicitly modeling pragmatic reasoning may be a more effective direction in small-data settings.

Keywords: Indirect Speech Acts, Few-shot Prompting, Large Language Models Evaluation

1. Introduction

Pragmatic competence is a fundamental compo-
nent of human communication. Beyond the lit-
eral meaning of sentences, speakers routinely con-
vey intentions that depend on contextual inference,
shared knowledge, and socially grounded expecta-
tions. Modeling such phenomena remains a major
challenge for natural language processing systems,
as it requires sensitivity not only to lexical and syn-
tactic information, but also to discourse context and
inferential reasoning.

Recent advances in large language models
(LLMs) have led to substantial improvements
across a wide range of linguistic tasks. Neverthe-
less, pragmatic phenomena remain especially hard,
precisely because they rely on context-dependent
and socially embedded knowledge rather than sta-
ble form–meaning mappings (Ma et al., 2025). In
addition to modeling challenges, the study of prag-
matic competence faces a methodological bottle-
neck. Constructing reliable resources for training
and evaluation is non-trivial, and datasets target-
ing pragmatics are often limited in size or focused
on specific, easily operationalizable phenomena.
Moreover, evaluation is complicated by human la-
bel variation, which is particularly pronounced in
pragmatic tasks (Jiang and Marneffe, 2022). These
factors make it difficult to assess whether model
behavior reflects genuine pragmatic understanding
or superficial pattern matching.

Among the various pragmatic phenomena, in-
direct speech acts (ISAs) constitute a particularly

well-studied and theoretically grounded case. In-
direct speech acts are utterances whose intended
communicative function diverges from their literal
form (Searle, 1979). Correctly interpreting them
requires recovering the speaker’s intention by inte-
grating linguistic form with contextual cues, rather
than relying on surface meaning alone. A further
crucial distinction concerns the difference between
conventionalized and non-conventionalized ISAs.
In conventionalized ISAs (C-ISAs), specific lexical
or syntactic forms are strongly associated with par-
ticular communicative intentions (e.g. "Can you...?"
for indirect requests) to the point that they induce a
strong bias toward the indirect meaning in speakers,
making it difficult to access to the literal interpreta-
tion even when the context requires it (Gibbs, 1983;
Marocchini and Domaneschi, 2022). In contrast,
non-conventionalized ISAs (NC-ISAs) derive their
indirectness from context-specific reasoning rather
than established linguistic conventions (Trott and
Bergen, 2019; Bašnáková et al., 2013). Accord-
ingly, while C-ISAs may benefit from distributional
regularities learned during pretraining, NC-ISAs re-
quire more flexible contextual generalization and
inference.

In our previous work, we provided empirical ev-
idence supporting the theoretical distinction be-
tween conventionalized and non-conventionalized
ISAs (Orsini and Brunato, 2025). That study fo-
cused on the construction of a small, manually
curated benchmark for Italian and on the anal-
ysis of human plausibility judgments, with the
goal of capturing pragmatic ambiguity across ISA
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types. We also reported preliminary results on the
performance of Italian LLMs, observing a clear
advantage on conventionalized ISAs over non-
conventionalized ones. However, model evalua-
tion was not the primary focus of that work, leaving
open questions regarding the robustness of model
behavior under different evaluation settings and
prompting conditions. Building on this previous
work, we move beyond this initial analysis and fo-
cus on a more systematic evaluation of LLMs’ prag-
matic competence, specifically investigating the
role of few-shot prompting as a lightweight steering
mechanism.

Rather than aiming to improve performance per
se, our goal is diagnostic: we ask whether few-
shot prompting provides a reliable and stable way
to steer pragmatic interpretation in a small-data
regime, and whether any gains generalize beyond
pattern-based cases.

Specifically, we address the following research
questions:

• RQ1. To what extent can prompting-based
interventions steer LLMs’ pragmatic interpre-
tation of ISAs beyond a zero-shot baseline?

• RQ2. Do prompting effects differ across
conventionalized indirect speech acts, non-
conventionalized indirect speech acts, and lit-
eral scenarios?

• RQ3. Does introducing explicit pragmatic
knowledge and reasoning strategies in the
prompt (e.g. via chain-of-thought instructions)
lead to more stable and interpretable improve-
ments in indirect speech act interpretation,
compared to example-based prompting alone?

To answer these questions, we evaluate three
Italian-capable LLMs under a range of zero-shot
and few-shot prompting conditions, using both
strict and relaxed accuracy measures derived
from graded plausibility scores. Our results show
that few-shot prompting yields non-monotonic and
fragile effects, improving performance on con-
ventionalized cases while failing to stabilize non-
conventionalized interpretation and consistently re-
ducing accuracy on literal scenarios.

2. Related Works

The automatic identification of Indirect Speech Acts
(ISAs) has been explored within broader efforts
to benchmark pragmatic competence in large lan-
guage models. While evaluation resources for syn-
tax and semantics are now abundant, pragmatic
phenomena — and ISAs in particular — remain un-
derrepresented in standard benchmark suites. This
imbalance reflects both conceptual and method-
ological challenges: unlike morpho-syntactic or

lexical-semantic tasks, ISA recognition requires
modeling the mismatch between sentence form
and communicative function, a phenomenon that
is highly context-dependent and often inherently
ambiguous.

Among existing resources, many attempts to
scale ISA evaluation focus on relatively constrained
and structurally regular subclasses of indirectness.
Large-scale benchmarks such as BIG-Bench (Sri-
vastava et al., 2023), as well as more targeted
datasets including CIRCA (Louis et al., 2020) and
GRICE (Zheng et al., 2021), which are part of
the Pragmatic Understanding Benchmark (Sravan-
thi et al., 2024), typically tackle indirect speech
acts through specific, recurring patterns, most no-
tably indirect answers to polar questions or other
highly conventionalized forms of indirect response.
These settings allow for comparatively straightfor-
ward data generation and annotation, often sup-
porting binary classification (direct vs. indirect) or
limited interpretation spaces. While such resources
have proven valuable for probing pragmatic infer-
ence at scale, their focus on restricted ISA types in-
evitably narrows the range of indirectness phenom-
ena being modeled, underrepresenting not only
more context-sensitive NC-ISAs but also less fre-
quent lexical triggers of C-ISAs.

A different line of work seeks to enrich contex-
tual information rather than expanding dataset size
through structural constraints. Hu et al. (2023) pro-
pose scenario-based tasks for several pragmatic
phenomena, in which models are presented with
short contextual descriptions and must select the
appropriate interpretation of an utterance among
literal, indirect, and distractor options. This design
increases contextual variability and more closely
approximates natural discourse conditions, explic-
itly foregrounding the role of pragmatic inference.
A closely related approach is adopted by Park et al.
(2024), who evaluate LLMs’ pragmatic abilities on
a small Korean dataset targeting the four Gricean
maxims, using a multiple-choice task in which mod-
els are given a context and an utterance to inter-
pret among four possible interpretations. More re-
cently, we introduce a resource explicitly focused on
ISAs, named INDIR-IT Orsini and Brunato (2025),
inspired by the scenario-based methodology of Hu
et al. (2023) but narrowing its scope to ISA phenom-
ena alone. Crucially, the dataset distinguishes be-
tween non-conventionalized ISAs (NC-ISA), which
rely heavily on contextual inference, and conven-
tionalized ISAs (C-ISA), where indirect meanings
are more lexically or pragmatically routinized. This
distinction allows for a finer-grained investigation of
pragmatic competence, separating cases where in-
directness emerges from general inferential reason-
ing from those supported by established commu-
nicative conventions. At the same time, the dataset
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inherits the core trade-off of expert-designed re-
sources: improved theoretical control and inter-
pretability at the cost of limited scale.

3. Experimental Setting

3.1. The Task
The task follows the original design of the INDIR-IT
1. Each item consists of a short everyday-life sce-
nario involving two characters. The model is asked
to evaluate the communicative intention of one of
the characters. For each scenario, the model is
presented with four candidate interpretations of the
speaker’s intended meaning: one indirect meaning,
one literal meaning, two lexical distractors.

The dataset consists of three types of scenarios:

• C-scenarios: containing C-ISAs

• L-scenarios: containing C-ISAs whose literal
meaning is favored

• NC-scenarios: containing NC-ISAs

Exmples of these three types of scenarios can
be found in Appendix A.

Rather than selecting a single label, models are
instructed to assign a plausibility score from 1 to 5
to each interpretation, where higher values indicate
greater plausibility. This formulation explicitly al-
lows for graded judgments and inherent pragmatic
ambiguity, rather than enforcing categorical deci-
sions.

3.2. Prompting Conditions
For the diagnostic purpose of our study, we com-
pare a zero-shot baseline against several few-shot
prompting conditions designed to test whether lim-
ited exposure to ISAs can steer model behavior,
and if this effect is consistent across different types
of ISAs. The conditions include:

• zero-shot (0-shot): task instructions only;

• C-scenarios-only, 5 and 10 shots (C5, C10).

• NC-scenarios-only, 5 and 10 shots (NC5,
NC10).

• L-scenarios-only, 5 shots (L5)

• Pairs of C-scenarios and L-scenarios sharing
the same utterance, 5 shots (CL).

• Mixed C-scenarios and NC-scenarios, 5 and
10 shots (M5, M10).

1The resource is available on
HuggingFace at the following link:
https://huggingface.co/datasets/MaxiOr/INDIRIT

• Mixed enhanced (ME): This condition mirrors
the M10 prompt, but includes an additional
instruction explicitly warning the model that
the speaker’s communicative intention may di-
verge from the literal meaning of the utterance.

• Guided chain-of-thoughts (CoT): where mod-
els were provided with a four-step heuristic in-
ference process and 5 demonstrations where
this process is applied. The steps require the
model to first identify the literal meaning of
the utterance among the four options, then to
detect contextual cues that may confirm or re-
ject this interpretation, and finally to select the
appropriate option once a decision has been
reached. The four steps are illustrated in Ap-
pendix B.

In all few-shot conditions, demonstration examples
are selected following the design principles of the
original dataset. In particular, examples are chosen
so as to preserve, as far as possible, the distribution
of combinations between primary acts (intended
meanings, e.g. request) and secondary acts (sur-
face forms, e.g. question) observed in the resource.
This choice is meant to avoid introducing system-
atic biases in the demonstrations and to ensure that
few-shot prompting reflects the diversity of prag-
matic mappings present in the data.

The ratings for each interpretation are derived
from the average of multiple human annotations
collected as part of the INDIR-IT release. Since
the task requires discrete scores on a 1–5 scale,
these averaged values are rounded to the nearest
integer before being included in the prompt.

In Table 1, we show the basic instructions
common to all the prompting conditions.

3.3. Models
We evaluate three large language models that differ
in training data and optimization strategies:

• LLaMA-3.1 (8B-Instruct)2: this model is the
most compact variant in the Llama 3.1 series,
featuring an instruction-tuned architecture opti-
mized for multilingual tasks and high-efficiency
inference (Dubey et al., 2024).

• ANITA3: an Italian-specific adaptation of Llama
3, this model was developed using QLoRA for
parameter-efficient fine-tuning and Direct Pref-
erence Optimization (DPO) to align its outputs
with regional linguistic standards (Polignano
et al., 2026).

2HuggingFace handle: meta-llama/Llama-3.1-8B-
Instruct

3HuggingFace handle: swap-uniba/LLaMAntino-3-
ANITA-8B-Inst-DPO-ITA
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Prompt instructions English translation of the instructions
COMPITO: Leggerai delle storie brevi che descrivono
una situazione ordinaria tra due personaggi:
Fausto e Margherita.
Ogni storia si conclude con una frase che Fausto
rivolge a Margherita.
Per ogni storia vengono fornite quattro possibili
interpretazioni per spiegare l’intenzione comu-
nicativa della frase di Fausto, in relazione alla
situazione presentata.

Ad ogni interpretazione, dovrai assegnare un pun-
teggio da 1 a 5 in base alla sua plausibilità: (1
= non plausibile, 2 = poco plausibile, 3 = plau-
sibile, 4 = più che plausibile, 5 = molto plausi-
bile).

Fornisci esclusivamente i punteggi finali per cias-
cuna interpretazione, senza spiegazioni o passaggi
intermedi.

−−−

SHOTS

−−−

Non scrivere spiegazioni.
Non scrivere testo aggiuntivo.
Qualsiasi cosa fuori dal formato è un errore.

TASK: You will read short stories describing an or-
dinary situation between two characters: Fausto
and Margherita.
Each story ends with a sentence uttered by Fausto
and addressed to Margherita.
For each story, four possible interpretations are
provided to explain the communicative intention
of Fausto’s sentence, in relation to the situation
presented.

For each interpretation, you must assign a score
from 1 to 5 based on its plausibility: (1 = not
plausible, 2 = slightly plausible, 3 = plausible, 4
= more than plausible, 5 = very plausible).

Provide only the final scores for each interpre-
tation, without explanations or intermediate steps.

−−−

SHOTS

−−−

Do not write explanations.
Do not write additional text.
Anything outside the required format is an error.

Table 1: Excerpt of the prompt instructions used in the experimental setup, along with their English
translation.

• Minerva (7B)4: the instruct-tuned version of
the largest entry in its specific family of LLMs
and is natively trained in the Italian language
(Orlando et al., 2024).

All models are accessed through the Hugging Face
inference API and queried in a chat-based set-
ting. We do not perform any parameter updates;
all experiments are conducted in a prompting-only
regime. No sampling strategy was employed at in-
ference time and decoding was fully deterministic.

3.4. Evaluation Metrics

We calculated two accuracy measures5: Strict ac-
curacy, where a prediction is counted as correct
only if the target interpretation receives a strictly
higher score than all other options. Relaxed accu-
racy, where a prediction is counted as correct if the
target interpretation is tied for the highest score.

Relaxed accuracy is particularly appropriate for
pragmatic tasks, where multiple interpretations may
remain plausible even for human annotators. This
metric allows us to distinguish between outright
misinterpretations and cases where models recog-
nize the intended meaning but fail to confidently
separate it from alternatives.

4HuggingFace handle: sapienzanlp/Minerva-7B-
instruct-v1.0

5Dataset coverage ranges from 90 items in the 10-
shot conditions to 100 items in the 0-shot condition.

4. Results

Before analyzing the results, we first examined how
the models adhered to the required output format.
Llama3.1 consistently followed the format, whereas
Anita generally did so, with only a few deviations
occurring in prompts with 10-shot demonstrations.
Minerva, by contrast, often produced only the inter-
pretation it deemed correct, rather than providing
all interpretations with their scores. In cases where
the format was not respected, responses were still
counted and evaluated if the intended answer could
be inferred; otherwise, they were marked as incor-
rect.

As shown in Table 2, across all models, few-shot
prompting does not yield consistent improve-
ments over the zero-shot baseline. Both strict and
relaxed accuracy exhibit non-monotonic behav-
ior with respect to the number of demonstrations:
in several conditions, performance improves with
5-shot prompting but stagnates or degrades when
increasing to 10 shots. A notable exception is the
NC10 condition, which yields comparatively bet-
ter results for both ANITA and Minerva, as better
shown in Figure 1.

These aggregate trends are largely reflected at
the level of individual models, suggesting that few-
shot effects are fragile and highly sensitive to config-
uration. In particular, this degradation may be par-
tially attributed to increased prompt length, which
has been shown to negatively affect model per-
formance beyond a certain threshold (Levy et al.,
2024)

Considering performance by scenario type, in
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C ALL C L NC
0S 0.57 / 0.26 0.74 / 0.38 0.54 / 0.21 0.46 / 0.20
C5 0.51 / 0.31 0.73 / 0.56 0.39 / 0.22 0.46 / 0.23
C10 0.48 / 0.30 0.75 / 0.57 0.36 / 0.19 0.39 / 0.23
NC5 0.48 / 0.33 0.67 / 0.51 0.39 / 0.23 0.41 / 0.25
NC10 0.47 / 0.39 0.62 / 0.59 0.42 / 0.34 0.37 / 0.24
L5 0.47 / 0.30 0.61 / 0.44 0.37 / 0.23 0.43 / 0.23
CL 0.41 / 0.32 0.61 / 0.53 0.21 / 0.16 0.41 / 0.29
M5 0.48 / 0.32 0.71 / 0.52 0.36 / 0.21 0.41 / 0.25
M10 0.46 / 0.33 0.57 / 0.57 0.37 / 0.26 0.38 / 0.23
ME 0.46 / 0.34 0.67 / 0.56 0.36 / 0.27 0.40 / 0.26
CoT 0.55 / 0.39 0.69 / 0.55 0.62 / 0.43 0.40 / 0.24

Table 2: Relaxed and strict accuracy (R / S) aver-
aged across three LLMs (LLaMA 3.1, ANITA, Min-
erva), broken down by prompting condition (rows)
and scenario type (columns).

the C-scenarios, all models show a substantial
improvement over the zero-shot baseline under
most conditions. Accuracy rises sharply and ap-
proaches ceiling values, with minimal differences
between strict and relaxed evaluation.

This indicates that conventionalized cases are
reliably learnable from surface-level patterns and
benefit from limited exposure, independently of the
specific few-shot configuration.

As for the L-scenarios, no clear or consistent
trend emerges across models. The only no-
table effect is observed for Llama3.1, which shows
a marked improvement in both relaxed and strict
accuracy for literal interpretations under the CoT
prompt, without any degradation in C or NC scenar-
ios. For the other models, performance remains
highly variable across prompting conditions and
does not exhibit systematic improvements.

Lastly, in the NC-scenarios, for relaxed accu-
racy, some few-shot configurations yield small
local improvements over zero-shot performance,
but these gains are inconsistent and not cumulative.
Increasing the number of demonstrations does not
stabilize performance, and different configurations
favor different models. On the other hand, for strict
accuracy, all prompts improve, although the zero-
shot baseline was already very low for the models
(LLama3.1: 0.3, Anita: 0.1, Minerva: 0.2).

As further illustrated in Figure 1, relaxed and
strict accuracy generally follow the same qualitative
trends observed in the aggregated results. LLaMA
3.1 and Minerva exhibit comparable performance
across both metrics, whereas ANITA shows a more
pronounced gap between relaxed and strict accu-
racy. This reflects a higher frequency of tied scores
among candidate interpretations, suggesting that
ANITA more often distributes plausibility across mul-
tiple options rather than sharply favoring a single
interpretation.

Overall, no single prompting factor emerges as
a reliable determinant of performance across con-
ditions. Instead, results suggest that task difficulty
plays a central role: simpler items—such as those
involving more frequent lexical triggers (e.g. Puoi

V?/Can you V?) or primary/secondary act pairings
(e.g stative act as positive/negative response) con-
sistently achieve higher accuracy rates, regardless
of the prompting strategy.

Regarding the CoT prompt, one possible expla-
nation is that it facilitates the identification of literal
interpretations, which may account for the observed
improvements in the L-scenario condition.

It is also plausible that the CoT formulation shifts
the nature of the task, making it closer to a classifi-
cation problem rather than to a NLI task. This could
explain why improvements remain limited in the NC
condition, where indirect and literal interpretations
are not in competition but structurally dependent,
as the indirect interpretation is only licensed if the
literal one is contextually valid.

5. Discussion and Conclusion

This study examined the impact of few-shot
prompting on the interpretation of indirect speech
acts in Italian, considering conventionalized, non-
conventionalized, and literal scenarios.

Concerning the extent to which prompting-based
interventions can steer the models’ pragmatic inter-
pretation beyond a zero-shot baseline, the results
show that few-shot prompting generally does not
provide robust or systematic improvements, with
performance varying substantially across configura-
tions and often degrading as more demonstrations
are added.

As for the differences across conventionalized
and non-conventionalized ISAs, as well as literal
meaning of conventionalized ISAs, prompting ef-
fects clearly vary: only C-ISAs appear to ben-
efit from in context learning from all the tested
conditions, and guided chain-of-thought prompt-
ing also succeeds in mitigating the bias toward
indirect meanings and improves performance on
literal scenarios, while also preserving strong re-
sults on conventionalized cases. However, none
of the strategies produces measurable gains on
non-conventionalized indirect speech acts, which
remain inherently difficult to construct and reason
about.

Lastly, through the ME and CoT prompting con-
ditions, we examined whether introducing explicit
pragmatic knowledge and reasoning in the prompts
could enhance model performance. Our results
showed that the CoT prompt emerges as promis-
ing only for Llama 3.1, the most robust model in
our evaluation: by explicitly structuring the infer-
ential process, it improves performance without
negatively affecting other scenarios. Importantly,
this improvement in the L-scenarios should not be
underestimated, as the literal interpretation of C-
ISAs has been shown to be highly challenging even
for human subjects (Gibbs, 1983). This suggests
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Figure 1: Models’ performance (relaxed and strict accuracy) across all conditions and scenarios.

that, at least for stronger models, explicit reasoning
guidance-rather than additional examples—may be
key to enhancing pragmatic interpretation in large
language models.

However, despite avoiding performance degra-
dation on NC-scenarios, none of the prompting
strategies leads to measurable improvements in
this setting. This is particularly problematic, as
non-conventionalized indirect speech acts are in-
herently harder to construct and therefore difficult
to scale into large datasets. In this context, the abil-
ity to learn from small numbers of examples would
be especially desirable. One possible direction for
future work is to further enrich the guided inferential
process, by expanding the number and specificity
of reasoning steps and explicitly directing models
to attend to fine-grained contextual cues, while si-
multaneously reducing the number of examples in
order to mitigate degradation due to prompt length,
and possibly, instructing the model to output its
reasoning in order to enhance interpretability for
further analysis.
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8. Appendices

A. Examples of Non-conventional
Scenarios and Liter/Conventional

Pairs

NC-scenario:
Margherita chiede a Fausto se sa

se una loro conoscente sia sposata.
Fausto le dice: "Le ho visto un
anello al dito."

I - Fausto conferma a Margherita
che la loro conoscente sia sposata.
L - Fausto informa Margherita che
la loro conoscente possiede un
anello.
D1 - Fausto vuole dire a Margherita
che non sa se la loro conoscente
sia sposata ma che di sicuro è molto
ricca.
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D2 - Fausto vuole dire che a lui non
importa se la loro conoscente sia
sposata.

English translation:
Margherita asks Fausto if he knows

if an acquaintance of theirs is mar-
ried. Fausto tells her: "I saw a
ring on her finger."

I - Fausto confirms to Margherita
that their acquaintance is married.
L - Fausto informs Margherita that
their acquaintance owns a ring.
D1 - Fausto wants to tell Margherita
that he doesn’t know if their ac-
quaintance is married but that she
is certainly very wealthy.
D2 - Fausto wants to tell her that
he doesn’t care if their acquain-
tance is married.

C/L-pair:
C-scenario:

Margherita e Fausto stanno andando
in macchina al supermercato. Fausto
a un certo punto chiede a Margherita:
"Puoi svoltare a destra?"

L-scenario:
Margherita e Fausto stanno andando
in macchina al supermercato. Fausto,
che sa che in questo periodo ci sono
molte cantieri aperti in strada, a
un certo punto chiede a Margherita:
"Puoi svoltare a destra?"

Options:
I - Fausto vuole che Margherita
svolti a destra.
L - Fausto vuole sapere se si può
svoltare a destra.
D1 - Fausto vuole sapere se
Margherita è in grado di usare lo
sterzo.
D2 - Fausto vuole che Margherita lo
riaccompagni a casa.

English translation:
C-scenario:

Margherita and Fausto are going
to the supermarket by car. At one
point, Fausto asks Margherita: "Can
you turn right?"

L-scenario:
Margherita and Fausto are going to
the supermarket by car. Fausto,
who knows there are many open road-
works at the moment, asks Margherita:
"Can you turn right?"

Options:

I - Fausto wants Margherita to turn
right.
L - Fausto wants to know if it is
possible to turn right.
D1 - Fausto wants to know if
Margherita is able to use the steer-
ing wheel.
D2 - Fausto wants Margherita to take
him back home.

B. Inferential Steps for the Guided
CoT

Instructions:
1. Individua quale delle quattro

interpretazioni corrisponde al signi-
ficato letterale della frase.

2. Individua l’indizio con-
testuale rilevante per trovare
l’intenzione finale.

3. Valuta se l’interpretazione
letterale coincide anche con
l’intenzione comunicativa finale
di Fausto.

4. Quale interpretazione rappre-
senta l’intenzione finale di Fausto?

STORIA:
Mentre Margherita legge un libro

sul divano, Fausto cerca di ap-
pendere un quadro al muro, ma sta
avendo un po’ di difficoltà. Fausto
dice: "Mi piacerebbe che qualcuno
mi aiutasse."

Cosa intende dire Fausto?
a) Fausto esprime a Margherita il

desiderio che qualcuno venga ad aiu-
tarlo ad appendere il quadro.

b) Fausto vuole che Margherita gli
dia una mano ad appendere il quadro.

c) Fausto vuole distrarre
Margherita dalla lettura.

d) Fausto avvisa Margherita che
non riuscirà ad appendere il quadro
a meno che qualcuno non lo aiuti.

PASSAGGI:
1. Interpretazione letterale?

a) Fausto esprime a Margherita il
desiderio che qualcuno venga ad aiu-
tarlo.

2. Indizio contestuale?
Margherita ha la possibilità di
aiutare Fausto.

3. Interpretazione letterale è
l’intenzione finale? No.
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4. Intenzione finale? b) Fausto
vuole che Margherita gli dia una
mano ad appendere il quadro.

English translation:
1. Identify which of the four in-

terpretations corresponds to the
literal meaning of the sentence.

2. Identify the relevant contex-
tual cue to determine the final in-
tention.

3. Assess whether the literal in-
terpretation also matches Fausto’s
final communicative intention.

4. Which interpretation repre-
sents Fausto’s final intention?

STORY:
While Margherita is reading a book

on the couch, Fausto is trying to
hang a picture on the wall, but he
is having some difficulty. Fausto
says: "I would like someone to help
me."

What does Fausto mean?
a) Fausto expresses to Margherita

the desire that someone comes to
help him hang the picture.

b) Fausto wants Margherita to help
him hang the picture.

c) Fausto wants to distract
Margherita from reading.

d) Fausto informs Margherita that
he will not be able to hang the pic-
ture unless someone helps him.

STEPS:
1. Literal interpretation? a)

Fausto expresses to Margherita the
desire that someone helps him.

2. Contextual cue? Margherita is
in a position to help Fausto.

3. Does the literal interpreta-
tion match the final intention? No.

4. Final intention? b) Fausto
wants Margherita to help him hang
the picture.
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Abstract
In potentially idiomatic expressions (PIEs), the same surface form may receive either a literal or an idiomatic
interpretation depending on context, making automatic literal–idiomatic disambiguation challenging. This is acute for
Croatian, where annotated data and locally runnable generative models are limited. We present a study of Croatian
PIE literal–idiomatic disambiguation examining how structured lexicographic knowledge can improve open-weight,
decoder-only LLMs without fine-tuning. Using a new expert-annotated concordance dataset – CroPIEs, we compare
baseline prompting to inference-time knowledge injection via retrieval-augmented generation (RAG) from a Croatian
phraseological dictionary. We isolate the contribution of three knowledge types: definitional knowledge (structured
meanings), contextual knowledge as curated prototypical usage examples, and their combination. Results show
consistent improvements in macro-F1 for both GaMS-2B-Instruct and GaMS-9B-Instruct models. Definitional
knowledge is generally more stable than examples alone, while examples can be effective but less consistent across
expressions. The strongest and most reliable gains are obtained when definitions and examples are combined,
indicating a synergistic effect between explicit meaning descriptions and contextual cues. Per-class analyses show
that injected lexicographic evidence mitigates baseline biases between Literal and Idiomatic predictions, improving
decision balance in a low-resource setting with small data of compact, expert-curated lexicographic evidence injected
at inference time.

Keywords: literal–idiomatic disambiguation, PIEs, idioms, structured lexicographic knowledge, knowledge
injection, LLM, RAG, GaMS

1. Introduction

Non-literal expressions (NLEs), including many
phraseological units (PUs), have long been rec-
ognized as a persistent challenge for natural lan-
guage processing(Sag et al., 2002; Baldwin and
Kim, 2010; Constant et al., 2017). This tension is
especially visible when the same surface string ad-
mits both a literal and a figurative reading, making
context-sensitive semantic disambiguation unavoid-
able. A central task in this area is literal–idiomatic
usage disambiguation: determining whether a
given occurrence of a PU is used compositionally
or figuratively.

In corpus settings, many candidates can occur
either idiomatically or literally depending on con-
text. Following Haagsma et al. (2020), we adopt
the term potentially idiomatic expressions (PIEs),
defined as expressions that can have an idiomatic
meaning regardless of whether they actually have
that meaning in a given context. In other words, the
same surface form may receive either a composi-
tional (literal) reading or a non-compositional (id-
iomatic/figurative) reading depending on contextual
cues. Literal–idiomatic disambiguation is therefore
a context-sensitive decision that affects meaning

preservation in downstream applications such as
machine translation, summarization, and informa-
tion extraction, where misinterpreting idioms can
distort meaning.

This decision remains brittle for large language
models (LLMs) in practice. Literal occurrences
are frequently over-labeled as idiomatic (Tedeschi
et al., 2022), and conversational prompting can
induce agreement biases unless the output pro-
tocol is tightly constrained (De Luca Fornaciari
et al., 2024). Conversely, structured prompts with
constrained outputs can yield competitive perfor-
mance on PIE identification without task-specific
fine-tuning (Hashiloni et al., 2025), yet benchmark
gains may still rely on spurious cues rather than
grounded interpretation (Chakrabarty et al., 2022).
For less-resourced languages, dictionaries and
phraseological repositories provide compact, vet-
ted semantic knowledge, and definitions and cu-
rated examples can be exploited as task guidance
(Škvorc and Robnik-Šikonja, 2025).

We therefore study inference-time grounding via
retrieval-augmented generation (RAG), which in-
jects external knowledge without additional training.
Prior evidence suggests that dictionary-augmented
prompting can help, but gains depend on coverage
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and ambiguity handling (Perak et al., 2024). More
broadly, RAG is often more cost-effective than pa-
rameter updates, yet its impact hinges on retrieval
quality and context construction, motivating con-
trolled evaluations that isolate the contribution of
curated external knowledge (Abonizio et al., 2025;
Bhushan et al., 2025).

Against this background, we present a controlled
study of Croatian PIE disambiguation, focusing on
idioms as a salient PU subclass. Croatian remains
comparatively low-resourced: high-quality local
LLMs are scarce, and available models are typically
not trained primarily on Croatian but only adapted to
it, which makes inference-time grounding especially
attractive. Our primary goal is to quantify, in a small
data setting, how much structured lexicographic
knowledge from a Croatian phraseological dictio-
nary helps literal–idiomatic disambiguation: specif-
ically, the contribution of (i) definitional knowledge,
(ii) curated prototypical usage contexts (examples),
and (iii) their synergy when both are injected via
RAG. Using a new expert-annotated Croatian con-
cordance dataset (10 idioms; 1,000 instances), we
compare baseline prompting to three knowledge
variants (definitions, examples, and their combina-
tion) under identical prompting and decoding con-
straints, and check robustness on two smaller open-
weight decoder-only GaMS models of markedly
different sizes (2B vs. 9B). Our contributions are
threefold:

1. We release a new expert-annotated Croat-
ian concordance dataset for literal–idiomatic
usage disambiguation (1,000 instances; 10
PIEs/idioms).

2. We conduct a controlled evaluation of
inference-time lexicographic knowledge
injection via RAG on two Croatian-adapted
open-weight decoder-only LLMs (GaMS-2B-
Instruct and GaMS-9B-Instruct), comparing
baseline prompting to three knowledge
variants (definitions, usage examples, and
their combination).

3. We provide empirical evidence that small, man-
ually curated phraseological resources can
improve literal–idiomatic disambiguation and
mitigate class-level prediction biases in a low-
resource setting, with gains supported by sta-
tistical testing.

2. Related Work

Automatic idiom detection and usage disambigua-
tion has traditionally been framed as a binary classi-
fication task distinguishing literal from idiomatic us-
age of identical surface forms. Neural approaches
such as MICE (Škvorc et al., 2022) demonstrated
that contextual embeddings (e.g. ELMo, BERT)

encode signals sufficient for detecting idiomatic-
ity, including cases involving unseen expressions.
These findings confirmed the importance of contex-
tualized representations, while also underscoring
challenges related to limited annotated data and
generalization across idioms.

More recently, large language models have been
evaluated on idiomatic and figurative language
understanding in prompting-based setups. The
DICE benchmark (Mi et al., 2025) investigates LLM-
based idiom comprehension and explanation, fo-
cusing on generative interpretation across model
sizes and prompting strategies. Broader figurative
reasoning datasets such as FLUTE (Chakrabarty
et al., 2022) further explore non-literal interpretation
and contextual inference. Together, these studies
indicate that pretrained models capture substan-
tial figurative knowledge, although performance re-
mains sensitive to task formulation and prompting
design.

Within the Croatian context, recent research has
examined the role of LLMs in lexicographic and
phraseological tasks. Studies have explored LLM-
assisted conceptual organisation of idioms and
semantic grouping within the Online Dictionary
of Croatian Idioms (Beliga and Filipović Petrović,
2024; Filipović Petrović and Beliga, 2025), as well
as AI- and corpus-based strategies for identifying
phraseme constructions through hybrid human–
LLM workflows (Beliga and Filipović Petrović, 2025).
These developments highlight the growing integra-
tion of AI tools, corpus technologies, and structured
lexicographic resources in Croatian phraseological
research.

3. Data

This section describes the CroPIEs-1k concor-
dance dataset and the structured lexicographic re-
source used for RAG.

3.1. Concordance Dataset
Corpus Source. The dataset was derived from
the Croatian web corpus CLASSLA-web.hr 2.0
CLARIN.SI (2024), compiled from the national .hr
domain (2021–2024) and available via CLARIN.SI
through the NoSketch Engine concordancer. The
corpus covers heterogeneous web genres (e.g.
news, blogs, forums) and provides morphosyntac-
tic annotation and advanced querying, enabling
precise extraction of PIE candidates. Importantly,
all instances in our dataset were selected on the
basis of attested usage in authentic corpus data
(i.e., they are not synthetically generated).
Selection of Phraseological Units. Ten verb-
based phraseological units were selected (Table 2)
to ensure: (i) attestation in contemporary Croatian,
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(ii) identical surface form in literal and idiomatic us-
age, (iii) sufficient frequency in CLASSLA-web.hr
2.0 (each >1,000 occurrences), and (iv) a clear
semantic contrast between compositional (literal)
and non-compositional (idiomatic) readings. The
requirement of identical lexical form ensures that
the task involves semantic disambiguation within
the same surface string. In all selected cases,
the same lexical sequence may receive either a
literal, compositionally interpretable reading or an
idiomatic, phraseological interpretation depending
on context. The expressions exhibit syntactic vari-
ability, including inflectional variation (tense, aspect,
agreement), word-order alternations, insertion of
modifiers, and clitic placement, reflecting the rich
morphosyntactic structure of Croatian. Such vari-
ation is an inherent property of phraseological us-
age in context and does not represent deviation
from a canonical form. Disambiguation therefore
requires contextual semantic interpretation across
naturally occurring structural variants. All expres-
sions are specified in their canonical form (Table
1), while their corpus attestations reflect authentic
grammatical realizations. All selected expressions
are well established in contemporary usage and
display substantial corpus frequency, ensuring that
the dataset reflects productive language patterns.
Concordance Extraction. For each expression,
concordance lines were extracted in KWIC format
with ±100 characters of left/right context. Given
the high frequency of each expression (>1,000 oc-
currences), we used the NoSketch Engine random
sampling function to select 100 instances per ex-
pression (10×100=1,000 total). This function gen-
erates a representative subset of concordance lines
while preserving corpus distribution across sources
and genres. The choice of 100 instances per ex-
pression ensures sufficient contextual variability
for reliable idiom-level evaluation while maintain-
ing uniform sample size across expressions. The
resulting dataset, CroPIEs-1k, will be released
publicly upon acceptance (link in the camera-ready
version).
Manual Annotation. All instances were man-
ually annotated by an expert linguist in Croat-
ian phraseology as Literal (compositional) or Id-
iomatic (phraseological). While inter-annotator
agreement was not measured due to the single-
annotator setup, annotation decisions followed con-
sistent criteria based on contextual semantic inter-
pretation. The relatively clear distinction between lit-
eral and idiomatic usage in the selected dataset re-
duces the likelihood of systematic ambiguity. Over-
all, the task was generally straightforward for an
expert annotator.

Table 1 confirms near-balance across classes,
reducing confounding effects due to class imbal-
ance in evaluation.

Table 1: Class distribution across PU1−10 (n = 100
per subset; total N = 1000 in CroPIEs-1k dataset.)
PU 1 2 3 4 5 6 7 8 9 10 µ± σ

IDM 48 51 45 50 49 52 47 50 48 51 49.1 ± 2.1
LIT 52 49 55 50 51 48 53 50 52 49 50.9 ± 2.1

3.2. Lexicographic Resource for RAG

The external knowledge for RAG was drawn from
the Online Dictionary of Croatian Idioms1 Croatian
Academy of Sciences and Arts (2023), an open-
access, corpus-based born-digital resource devel-
oped at the Croatian Academy of Sciences and
Arts since 2019. Such structured lexicographic re-
sources are particularly valuable for knowledge in-
jection into LLMs, as they provide expert-authored,
validated semantic evidence that complements
web-derived pretraining data (often including user-
generated sources such as Wikipedia and blogs)
and can help mitigate knowledge gaps and reduce
ungrounded generations.

The dictionary combines manual lexicographic
analysis with corpus-supported procedures. En-
tries were compiled in Lexonomy and are based
on systematic corpus examination, including fre-
quency analysis and collocational evidence. All
definitions and examples were manually selected
and edited by lexicographers to ensure representa-
tiveness and semantic precision. Version 2 (2023)
contains 563 entries covering 1,165 idioms.

For our RAG pipeline, we exported the dictionary
from Lexonomy and converted it to JSONL. We
created three parallel collections2 matching our ex-
perimental conditions: (1) Def (definitions only),
(2) Exs (examples only), and (3) Def+Exs (defi-
nitions+examples). Each JSONL record includes
a stable sense identifier and idiom-level metadata
to enable deterministic matching and consistent
retrieval across conditions.

All ten phraseological units in our concordance
dataset are covered by the dictionary. For each in-
stance, the pipeline retrieves the corresponding en-
try and injects its structured content into the prompt,
typically one or two definitions (for polysemy) and
around two curated examples (occasionally one or
three for variant forms). In this study, the dictionary
thus provides a small-scale but high-quality expert
resource whose structured semantic information
is injected to support disambiguation in a low-data
setting.

1https://lexonomy.elex.is/
frazeoloskirjecnikhr

2JSONL collections used for retrieval: GITHUB
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Expression
(Croatian) Literal Gloss Idiomatic Meaning

(English)
bacati mrvice to throw crumbs to offer small concessions deliberately in order to appease someone
okrenuti leđa to turn one’s back to abandon or withdraw support
isplivati na površinu to float to the surface to become visible or publicly known
dati crveni karton to give a red card to remove someone from a political or institutional position
graditi mostove to build bridges to promote cooperation or reconciliation
biti u sjeni to be in the shadow to remain overshadowed or unnoticed
naletjeti na minu to run into a mine to encounter an unexpected hidden problem
biti u komi to be in a coma to be in a state of lethargy or inactivity
stati na noge to stand on one’s feet to recover or regain stability
znati koliko je sati to know what time it is to know what is going on; to be aware of the situation

Table 2: Phraseological units included in the dataset with literal glosses and idiomatic meanings.

4. Experimental Setup

We evaluate the impact of injecting structured lexi-
cographic knowledge via RAG on Croatian literal–
idiomatic disambiguation. We compare a baseline
condition without retrieval (prompting only) to three
RAG variants, using a controlled, paired evaluation
design across model sizes.

4.1. Task Formulation and Evaluation

We formulate the task as binary sentence-level
literal–idiomatic disambiguation. Given a concor-
dance sentence containing a predefined target id-
iomatic expression (possibly in morphologically
or syntactically varied form), the model predicts
whether the expression is used Literal (compo-
sitional) or Idiomatic (non-compositional) in that
sentence. For each instance xi, the model out-
puts yi ∈ {Literal, Idiomatic}; gold labels were
assigned manually at the sentence level. Evalua-
tion is strictly categorical (no graded judgments).

Evaluation. We report macro-averaged F1
(macro-F1). Scores are computed (i) globally over
all instances and (ii) at the idiom level, where macro-
F1 is computed separately for each idiom subset
(100 instances). Idiom-level scores are used for
paired comparisons across conditions; we report
their mean±SD across the ten idioms. To ana-
lyze class-level effects, we also report precision
(P), recall (R), and F1 separately for Literal and
Idiomatic (idiom-averaged). For interpretability, we
also report ∆ macro-F1 relative to the baseline
(RAG–baseline) in tables and figures. Statistical
significance between baseline and RAG variants
is assessed with the Wilcoxon signed-rank test on
idiom-level macro-F1 (n = 10 idioms), appropri-
ate for the paired and small-sample design. All
conditions are evaluated on the same fixed set
of instances. A safeguard mechanism was imple-
mented to handle structurally invalid outputs, but no
such cases occurred in the reported experiments.

4.2. Models

In this study, we evaluate two open-weight multilin-
gual LLMs from the GaMS (Generative Model for
Slovene) family: GaMS-2B-Instruct3 and GaMS-
9B-Instruct4. Both are decoder-only Transformer
models based on the Gemma 2 architecture
and were continually pretrained and subsequently
instruction-tuned for South Slavic languages (Vreš
et al., 2024; Vajda et al., 2025). We focus on small,
locally runnable open-weight models that can be
executed without external APIs on modest GPU
hardware, enabling controlled and reproducible ex-
perimentation.

The variants differ primarily in scale: GaMS-2B-
Instruct has 26 layers (hidden size 2304; 8 attention
heads), while GaMS-9B-Instruct has 42 layers (hid-
den size 3584; 16 attention heads). Both support
a maximum context length of 8192 tokens.

GaMS models are not Croatian-specific. While
large proprietary LLMs can perform well on Croat-
ian, Croatian remains comparatively low-resourced
in terms of openly available, locally runnable
instruction-tuned decoder-only LLMs with substan-
tial Croatian coverage. Although primarily devel-
oped for Slovene, GaMS was continually pretrained
on multilingual corpora that include Croatian (along-
side Slovene, Serbian, and Bosnian), making it a
practical open-weight choice for controlled experi-
ments on Croatian literal–idiomatic disambiguation.

Comparing 2B and 9B within the same model
family keeps the architecture and training paradigm
constant while varying capacity, enabling a con-
trolled analysis of how structured lexicographic
knowledge injection interacts with model size.

3https://huggingface.co/cjvt/
GaMS-2B-Instruct

4https://huggingface.co/cjvt/
GaMS-9B-Instruct
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4.3. RAG Configuration
Knowledge injection was implemented via RAG
pipeline over a structured lexicographic resource
stored in JSONL format. Each record contains a
sense identifier, idiom-level metadata, and a textual
payload consisting of either (i) a definition (Def), (ii)
curated usage examples (Exs), or (iii) their combi-
nation (Def+Exs), depending on the experimental
condition.
Indexing phase. All JSONL records were em-
bedded with sentence-transformers/para
phrase-multilingual-MiniLM-L12-v25

(Reimers and Gurevych, 2019; Wang et al., 2020).
The model produces 384-dimensional vectors,
which we L2-normalized before indexing. Similarity
search uses cosine similarity, implemented as
inner-product search over normalized vectors in a
FAISS IndexFlatIP index.
Retrieval phase. Retrieval is two-stage. We first at-
tempt a deterministic hard match using idiom meta-
data (exact match to the target idiom). If no direct
match is found, we fall back to dense retrieval over
the FAISS index. Across all RAG conditions, re-
trieval parameters are fixed to top-k=1 with a maxi-
mum injected context length of 2000 characters.
Injection phase. The retrieved content is inserted
into the prompt in a clearly demarcated reference
section and treated as the sole external evidence
used for the decision. The model is instructed to
rely only on the reference text and the concordance
sentence (baseline prompting omits the reference
section). The retrieval pipeline and all RAG hy-
perparameters are identical for GaMS-2B-Instruct
and GaMS-9B-Instruct, ensuring that differences
across conditions stem from the type of injected
lexicographic knowledge rather than retrieval con-
figuration. The overall RAG pipeline is summarized
in Figure 1.

4.4. Prompting Strategy
We use a single shared prompt template across
the baseline and all RAG conditions to ensure strict
comparability; the only differences across condi-
tions are (i) whether a reference block is present
(baseline: none; RAG: injected content) and (ii) a
small condition-specific clarification of what consti-
tutes semantic alignment (definitions vs. examples
vs. both). The overall protocol is a structured, con-
servative two-step decision procedure.

First, the model assigns an alignment score
MAP_SCORE ∈ {0, 1, 2} that reflects how
clearly the usage in the concordance matches
the available evidence (baseline: sentence con-
text only; RAG: sentence + injected reference).

5https://huggingface.
co/sentence-transformers/
paraphrase-multilingual-MiniLM-L12-v2

Figure 1: RAG protocol for Croatian literal–
idiomatic disambiguation: deterministic metadata
match with FAISS fallback, followed by prompt in-
jection of structured lexicographic evidence.

Second, the final label is derived deterministically:
only MAP_SCORE=2 yields Idiomatic, while
MAP_SCORE ∈ {0, 1} defaults to Literal. This
mapping enforces conservative grounding: the id-
iomatic label is allowed only when the model can
confidently justify semantic correspondence.

To reduce format variability, all prompts require a
fixed three-line output (decision, MAP_SCORE,
and a short mapping/justification). We avoided
open-ended expert-style prompts (e.g. requesting
a linguistic analysis), which increased verbosity
and structural variance across model sizes. Larger
models also tended to produce more verbose out-
puts, reinforcing the need for a strictly structured
format. The resulting structured prompting setup
minimizes confounding effects due to prompt sensi-
tivity and isolates the contribution of injected knowl-
edge. A baseline prompt skeleton is shown below;
full Croatian templates for the RAG variants are
available online.6

PROMPT SKELETON
TASK: Decide LITERAL vs IDIOMATIC
for <PIE> in <SENTENCE>.
STEP 1: MAP_SCORE in {0,1,2}

(semantic alignment)
- 0: no evidence
- 1: weak/uncertain evidence

6https://github.com/sbeliga/CroPIEs-1k
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- 2: clear evidence
RESTRICTIONS:

- sentence(+reference) only;
- no external knowledge;
- unsure => MAP_SCORE<2.

STEP 2: If MAP_SCORE=2 -> IDIOMATIC;
Else -> LITERAL.

[REFERENCE BLOCK — RAG only]
<< injected Def/Exs/Def+Exs >>
OUTPUT (3 lines):
DECISION; MAP_SCORE; JUSTIFICATION

4.5. Inference Configuration
All experiments use controlled decoding to attribute
differences to knowledge injection rather than
generation variability. We apply greedy decoding
(do_sample=False, num_beams=1) with rep-
etition_penalty=1.0, use_cache=False,
and max_new_tokens=60, which is sufficient
for the required short, structured outputs. We
run mixed-precision inference (FP16) without
quantization; a fixed random seed (1234) and
deterministic execution are used where supported.

To avoid truncation effects, inputs are tok-
enized without truncation and a 300-token safety
margin is reserved within the context window
(fail-fast if exceeded), ensuring the full con-
cordance context is preserved. When avail-
able, prompts are rendered with the tokenizer
chat template (apply_chat_template with
add_generation_prompt=True) for consistent
formatting across models and conditions.

5. Experiments and Results

Table 3 summarizes PIE-level macro-F1
(mean±SD over 10 Croatian PIEs) for GaMS-2B-
Ins. and GaMS-9B-Ins. under the baseline and
three RAG knowledge-injection variants. Without
external knowledge, both models perform modestly,
with the larger model outperforming the smaller
one (0.4377 vs. 0.3357). RAG improves perfor-
mance for both models, with the strongest gains
consistently obtained by Def+Exs (GaMS-2B-Ins.:
0.4584, ∆= + 0.1227; GaMS-9B-Ins.: 0.6211,
∆= + 0.1834). Definitional knowledge (Def)
yields larger average gains than example-only
injection (Exs), suggesting that explicit semantic
descriptions provide more stable disambiguation
cues than contextual similarity alone. Overall,
these results show that a small, manually curated
phraseological resource can substantially improve
Croatian literal–idiomatic disambiguation in a
low-resource setting. Gains are observed even
for the smaller model, suggesting that structured
lexicographic evidence can partially compensate
for limited internal representations in low-resource

conditions. The relatively large SD values further
indicate substantial heterogeneity across PIEs,
motivating an idiom-level analysis.

To test whether gains generalize across PIEs, we
use a one-sided exact Wilcoxon signed-rank test on
idiom-level differences (∆ = F1RAG − F1Baseline,
n = 10 PIEs) to assess whether the median im-
provements (∆) exceeds zero. Holm–Bonferroni
correction is applied for multiple comparisons (Ta-
ble 4). For GaMS-2B-Ins., only Def+Exs shows a
statistically reliable improvement over the baseline
(pHolm = 0.0391, r = 0.725). For GaMS-9B-Ins.,
both Def (pHolm = 0.0146, r = 0.822) and Def+Exs
(pHolm = 0.0059, r = 0.886) are significant, while
Exs is not. The effect sizes are large, indicating
practically meaningful improvements in addition to
statistical reliability.

Figure 2: Idiom-level change in macro-F1 (RAG–
baseline; percentage points) for 10 Croatian PIEs.
Bars show ∆ macro-F1 for three knowledge vari-
ants (Def, Exs, Def+Exs); horizontal lines indicate
the mean ∆ across PIEs for each variant (within
each model).

Figure 2 breaks down these effects by PIE and
contrasts the three RAG variants (bars show ∆ in
percentage points for interpretability; dashed lines
denote mean ∆ per variant within each model). Im-
provements are not uniform across expressions,
but Def+Exs yields the most stable and frequently
positive pattern across PIEs, suggesting that com-
bining definitional and contextual evidence provides
complementary signals for disambiguation. No-
tably, for GaMS-9B-Ins. the Def+Exs variant does
not yield negative changes for any PIE, and over-

26



Setting GaMS-2B-Ins. GaMS-9B-Ins.
Macro-F1 (M ± SD) ∆ Macro-F1 (M ± SD) ∆

Baseline 0.3357 ± 0.0348 – 0.4377 ± 0.0746 –
RAG (Def) 0.3930 ± 0.1064 +0.0573 0.5821 ± 0.1201 +0.1444
RAG (Exs) 0.3555 ± 0.0530 +0.0198 0.5102 ± 0.1451 +0.0725
RAG (Def+Exs) 0.4584 ± 0.1424 +0.1227 0.6211 ± 0.1278 +0.1834

Table 3: PIE-level macro-F1 (mean ± sample SD over 10 Croatian PIEs) for GaMS-2B-Ins. and GaMS-
9B-Ins. across the baseline and RAG variants. ∆ denotes the mean absolute difference from the baseline,
computed on the [0,1] scale.

Model Config pHolm r Sig.
GaMS-2B-Ins. Def 0.1260 0.564 –
GaMS-2B-Ins. Exs 0.3125 0.177 –
GaMS-2B-Ins. Def+Exs 0.0391 0.725 *
GaMS-9B-Ins. Def 0.0146 0.822 *
GaMS-9B-Ins. Exs 0.1934 0.435 –
GaMS-9B-Ins. Def+Exs 0.0059 0.886 *

Table 4: Wilcoxon signed-rank tests over idiom-
level macro-F1 scores (n = 10), compar-
ing RAG configurations against the baseline.
Holm–Bonferroni correction was applied. Effect
size r = Z/

√
n. * indicates pHolm < 0.05.

No. PIE ∆ 2B ∆ 9B
1 bacati mrvice -0.0168 0.0179
2 biti u komi 0.0034 0.0686
3 biti u sjeni 0.1980 0.2840
4 dati crveni karton -0.0623 0.1759
5 graditi mostove 0.3757 0.1904
6 isplivati na površinu 0.1275 0.4129
7 naletjeti na minu 0.1285 0.1110
8 okrenuti leđa 0.1992 0.2442
9 stati na noge 0.1954 0.2726
10 znati koliko je sati 0.0784 0.0561

Table 5: Per-PIE macro-F1 improvement (∆) of
RAG (Def+Exs) over the baseline for GaMS-2B-Ins.
and GaMS-9B-Ins. (computed on the [0,1] scale).

all the 9B model exhibits fewer degradations than
2B across variants. In contrast, Exs is the least
stable variant and occasionally produces negative
changes, consistent with the intuition that example-
only grounding can introduce noise when semantic
alignment is weak. The largest gains tend to occur
for more semantically opaque PIEs (e.g., graditi
mostove, isplivati na površinu), supporting the use-
fulness of structured lexicographic knowledge for
non-literal interpretation in a low-resource setting.

Table 5 reports per-PIE macro-F1 improvements
for the best-performing configuration (Def+Exs)
relative to the baseline. Gains are not uniform
across expressions. For GaMS-2B-Ins., Def+Exs
improves performance on 8/10 PIEs, with small
drops limited to two cases (bacati mrvice and dati
crveni karton); the largest gains are observed for
graditi mostove and okrenuti leđa. GaMS-9B-Ins.

shows more consistent behavior, improving on all
10/10 PIEs and achieving particularly strong gains
for isplivati na površinu and biti u sjeni. Overall,
these per-PIE results corroborate the macro-level
trends in Table 3 and the distributional patterns in
Figure 2, indicating broadly distributed gains rather
than isolated outliers.

Table 6 reports idiom-averaged per-class perfor-
mance, revealing pronounced prediction biases in
the baseline condition. GaMS-2B-Ins. exhibits a
strong Literal bias, achieving near-perfect Literal
recall (0.9904) while almost completely failing to
detect Idiomatic usage (R=0.0180, F1=0.0336).
In contrast, GaMS-9B-Ins. shows the opposite
tendency, strongly favoring Idiomatic predictions
(R=0.9863) at the expense of Literal detection
(R=0.1007). These opposing biases highlight that
model scale alone does not guarantee balanced
literal–idiomatic decisions.

Lexicographic knowledge injection reshapes
these class-level behaviors. For GaMS-2B-Ins.,
all RAG configurations substantially increase Id-
iomatic recall (up to 0.9647 in Exs), confirming
that injected evidence helps the smaller model rec-
ognize non-literal meaning. However, Exs overgen-
eralizes toward Idiomatic predictions, collapsing
Literal recall to 0.0268. The combined Def+Exs
variant yields a more balanced trade-off, improv-
ing Idiomatic F1 (0.5507) while retaining moderate
Literal performance.

For GaMS-9B-Ins., RAG primarily improves Lit-
eral recall (from 0.1007 to 0.6011 in Def+Exs)
while maintaining competitive Idiomatic perfor-
mance. Across models, definitional grounding (Def
and Def+Exs) has a stabilizing effect, whereas
example-only injection (Exs) can shift the deci-
sion boundary and induce class overprediction in
a model-dependent manner. Overall, these results
show that structured lexicographic resources im-
prove not only macro-F1 but also the balance be-
tween Literal and Idiomatic predictions by mitigat-
ing baseline bias. This is consistent with the con-
servative MAP_SCORE protocol, where stronger
evidence in the reference block can systematically
shift the model toward (or away from) the idiomatic
decision.
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Literal Idiomatic
Model Config P R F1 P R F1

GaMS-2B-Ins.

Baseline 0.4750 0.9904 0.6377 0.3000 0.0180 0.0336
RAG (Def) 0.3046 0.2231 0.2147 0.5024 0.7567 0.5713
RAG (Exs) 0.2650 0.0268 0.0385 0.5243 0.9647 0.6724
RAG (Def+Exs) 0.5053 0.3829 0.3660 0.4953 0.6728 0.5507

GaMS-9B-Ins.

Baseline 0.8079 0.1007 0.1741 0.5492 0.9863 0.7013
RAG (Def) 0.6039 0.5486 0.5208 0.6715 0.6957 0.6434
RAG (Exs) 0.5228 0.8442 0.6337 0.7126 0.3029 0.3867
RAG (Def+Exs) 0.6401 0.6011 0.5760 0.6957 0.7026 0.6661

Table 6: Mean per-class performance across idioms. Precision (P), Recall (R), and F1 scores are
computed separately for the Literal and Idiomatic classes and averaged over the 10 target idioms for each
model and configuration.

6. Discussion

Our results show that inference-time injection
of structured lexicographic knowledge can sub-
stantially improve Croatian PIE literal–idiomatic
disambiguation for locally runnable, open-weight
decoder-only LLMs without fine-tuning. Across
both GaMS models, RAG yields macro-level gains,
with Def+Exs producing the most reliable improve-
ments and the strongest statistical evidence. This
pattern supports the view that definitions and cu-
rated usage examples provide complementary sig-
nals: definitions act as stable semantic anchors,
while examples contribute prototypical contextual
cues for matching concordance usage.

At the same time, gains are not uniform across
expressions. PIE-level analyses indicate that some
expressions benefit strongly, whereas a small sub-
set shows marginal improvements or occasional
degradations, highlighting sensitivity to contextual
fit and the structure of retrieved evidence. Impor-
tantly, the per-class breakdown shows that lexico-
graphic grounding does not merely increase aggre-
gate scores: it can reshape decision behavior by
mitigating strong baseline prediction biases (literal-
biased GaMS-2B vs. idiomatic-biased GaMS-9B).
Example-only grounding is also less stable and can
induce class overprediction in a model-dependent
way, reinforcing the stabilizing role of definitional
evidence.

A limitation of the current setup is that the target
PIE can appear in morphologically and syntacti-
cally varied realizations within concordances (e.g.,
inflectional changes, word-order variation, or the in-
sertion of additional words (e.g., modifiers or clitics)
within the expression, and occasionally multiple
times in the same instance. While our evaluation
assumes the target expression is present, further
error analysis should disentangle potential failures
in (i) identifying the intended target span under
such variation and (ii) performing literal–idiomatic
disambiguation once the target is identified. Addi-
tional confounds arise when semantically related
expressions occur nearby: for example, our study

targets dati crveni karton (to give a red card), but
some concordances also contain dati žuti karton (to
give a yellow card), which may prime an idiomatic
interpretation even though it is not the target of
classification. Moreover, a small portion of con-
cordances contains dialectal or informal Croatian;
since GaMS is not explicitly trained or optimized
for Croatian dialectal varieties or slang (and such
data are likely underrepresented), these inputs may
reduce both retrieval fit and model comprehension.
Finally, structured outputs with brief justification
appear more stable than single-label answers, mo-
tivating deeper analysis of how explanation require-
ments interact with grounding and decision reliabil-
ity.

Despite these limitations, the results consistently
indicate that small, expert-curated lexicographic re-
sources provide effective small data grounding for
non-literal interpretation in low-resource settings.
In particular, several PIEs benefit robustly from in-
jected evidence across models and knowledge vari-
ants, whereas a few remain challenging even under
Def+Exs, suggesting that targeted analysis of dic-
tionary senses, example selection, and contextual
ambiguity could further improve grounding quality.

Overall, these findings align with a small-data,
neurosymbolic perspective: compact, expert-
curated lexicographic resources can compensate
for representational gaps in locally adapted LLMs
and provide controlled semantic evidence for non-
literal interpretation in low-resource settings. The
present findings are derived from a controlled
dataset with a limited number of phraseological
units. Future work will extend the evaluation to
broader PIE inventories and retrieval strategies,
and to a larger and more diverse set of idioms, al-
lowing us to evaluate the approach under more
heterogeneous conditions.

7. Conclusion

This paper presented a controlled study of Croa-
tian PIE literal–idiomatic disambiguation, evaluat-
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ing inference-time injection of structured lexico-
graphic knowledge via RAG on locally runnable,
open-weight decoder-only LLMs without fine-tuning.
The study isolates the contribution of three knowl-
edge variants: definitions (Def), curated usage
examples (Exs), and their combination (Def+Exs),
under a unified prompting and decoding protocol
across two model sizes.

Across models and expressions, lexicographic
grounding improves macro-F1, with Def+Exs yield-
ing the most reliable gains and the strongest statis-
tical evidence. Definitional evidence is more stable
than examples alone, while example-only ground-
ing can be less consistent and may shift class-level
behavior in a model-dependent way. Beyond aggre-
gate scores, injected knowledge mitigates strong
baseline prediction biases and improves the bal-
ance between Literal and Idiomatic decisions.

For reproducibility, we release the CroPIEs-1k
expert-annotated concordance dataset and the
prompt templates used in this study. Overall, the
findings highlight that small data in the form of com-
pact, expert-curated structured lexicographic knowl-
edge can provide effective grounding for non-literal
language understanding in low-resource settings
without fine-tuning.
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Abstract
Metaphor identification remains challenging in specialized and low-resource domains, where large annotated
datasets are unavailable and general-domain models often fail to transfer effectively. In this paper, we evaluate
FLAVORS-AECC, a Spanish dataset of oncological discourse that provides transparent, instance-level annotations of
basic meaning (BM) and contextual meaning (CM) following the Metaphor Identification Procedure (MIP). We test the
state-of-the-art Contrast-WSD model under two splits: a random split and a lemma-based split to control for lexical
memorization. We compare three configurations: (i) a control model with no meaning information, (ii) manually curated
basic meanings, and (iii) first dictionary entry as an approximation of basic meaning. Results show that explicitly model-
ing meaning contrast substantially improves performance in low-resource settings (from below 0.30 to above 0.50 F1).
However, contrary to expectations, manually annotated BM does not consistently outperform first dictionary entries,
suggesting that definition length rather than theoretical fidelity may introduce noise. We also find that models perform
best on cases with high annotator agreement and that verbs remain the most challenging part of speech. Overall,
our findings highlight the importance of linguistically grounded modeling for metaphor detection in specialized domains.

Keywords: Metaphor annotation, Spanish resources, oncological discourse, figurative language, low-resource NLP

1. Introduction

Metaphors are a fundamental linguistic device in
medical communication, enabling speakers to ex-
plain complex or abstract experiences through
more concrete domains (Lakoff and Johnson,
1980). In oncology, metaphors such as cancer as
war or the body as a battlefield are pervasive and
shape how patients, clinicians, and families concep-
tualize illness, treatment, and prognosis (Semino
et al., 2017). Despite their importance, computa-
tional analysis of medical metaphors remains un-
derexplored, particularly for languages other than
English.

Traditional research on medical metaphors has
largely relied on qualitative linguistic and discourse-
analytic methods (Liu et al., 2024). While this
work provides rich theoretical insights, it is labor-
intensive, difficult to scale, and poorly suited for
real-time processing of large volumes of patient
narratives. Moreover, most existing annotated re-
sources are English-centric, leaving a substantial
gap for Spanish medical discourse.

In parallel, recent advances in automated
metaphor identification have achieved strong per-
formance on large general-domain datasets such
as the VU Amsterdam Metaphor Corpus (Krenn-
mayr and Steen, 2017). However, these systems
struggle in low-resource, domain-specific settings
where training data is limited, and language use
diverges from everyday contexts.

Metaphor is a complex linguistic phenomenon

approached from multiple theoretical perspectives,
yielding different annotation methodologies, from
explicit and deliberate metaphor frameworks (Dip-
per et al., 2024) to dynamic approaches such as
Cameron’s (Cameron, 2007). Any computational
system’s operationalization of metaphor is there-
fore inevitably tied to the annotation guidelines of its
gold standard. The most widely used benchmark
dataset for automated metaphor identification, the
VUA corpus, was annotated following the Metaphor
Identification Procedure (MIP) (Pragglejaz Group,
2007), and so have many of the systems trained
and evaluated on it. MIP defines metaphoricity
through a contrast between contextual meaning
(CM): the sense a word takes in context, and ba-
sic meaning (BM): the most concrete, physical,
and imaginable sense of a word. This contrast
is what defines metaphoricity. We adopt MIP as
our working framework because it underlies our
gold standard, is among the most replicable and
cross-linguistically documented procedures, and
enables comparability across studies. A central is-
sue concerns how BM is operationalized computa-
tionally. Many systems approximate it using the first
dictionary entry or static embeddings (Choi et al.,
2021), diverging from MIP’s requirement that BM re-
flect the most concrete sense rather than the most
frequent one. We acknowledge that word sense
inventories are imperfect proxies, particularly for
creative metaphors. Nevertheless, in low-resource,
specialized domains, we hypothesize that the man-
ual selection and annotation of BM–CM contrasts
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provide better guidance for the model’s predictions.
To test this hypothesis, we evaluate the

FLAVORS-AECC dataset (Pitarch et al., 2026) us-
ing the state-of-the-art Contrast-WSD model (Elzo-
hbi and Zhao, 2024). FLAVORS-AECC is the first
Spanish dataset that provides transparent anno-
tations of both basic at the instance level. It also
includes two evaluation splits: a random split and a
lemma-based split designed to reduce lexical mem-
orization.

Our contributions are:

• The first domain-specific evaluation of auto-
mated metaphor identification in Spanish on-
cological discourse.

• A comparison between theoretically aligned
models to annotation procedures.

• Analysis of differences between manually an-
notated BM and dictionary-based approxima-
tions.

• An analysis of how annotator agreement and
part-of-speech affect model performance.

2. Related Work

The Metaphor Identification Procedure (MIP), intro-
duced by the PRAGGLEJAZ Group in 2007 (Prag-
glejaz Group, 2007), was a major step toward stan-
dardizing metaphor annotation at a time when la-
beling practices were highly heterogeneous. MIP
defines a four-step procedure: (1) segmenting the
text into lexical units, (2) identifying the basic mean-
ing of each unit (the most concrete, imaginable, and
tangible sense listed in a dictionary), (3) determin-
ing its contextual meaning in the given sentence,
and (4) marking the unit as metaphorical if the two
meanings contrast.

While intentionally minimalist to allow adaptation,
MIP’s flexibility has also led to substantial varia-
tion and subjectivity in annotation practices. Chal-
lenges arise in defining lexical units (De Backer
et al., 2023), interpreting contextual meaning, and
operationalizing basic meaning (Maudslay and
Teufel, 2022). Although subjectivity is unavoidable,
a key issue is the lack of transparency in annota-
tion decisions. Existing datasets often describe
their segmentation criteria (Krennmayr and Steen,
2017; Sanchez-Bayona and Agerri, 2022; Sánchez-
Montero et al., 2025), but rarely make explicit, for
each instance, how basic and contextual mean-
ings are interpreted. To the best of our knowledge,
FLAVORS-AECC is the only dataset that explicitly
encodes these meanings via WordNet synset an-
notations, ensuring transparency and consistency.

Regarding automated metaphor identification,
most computational approaches to metaphor iden-
tification are inspired by MIP and aim to opera-

tionalize basic meaning within neural architectures.
MelBERT (Choi et al., 2021) has been particularly
influential, inspiring a range of subsequent mod-
els (Elzohbi and Zhao, 2024; Babieno et al., 2022;
Li et al., 2023). Many of these systems attempt
to operationalize basic meaning (BM) within neu-
ral architectures. Some approaches assume BM
is captured by static or decontextualized embed-
dings (Song et al., 2021; Choi et al., 2021), while
others approximate BM using the first dictionary
definition of a word (Su et al., 2021; Babieno et al.,
2022). However, both strategies diverge from MIP,
as frequency-based meanings or first dictionary
senses do not necessarily correspond to the most
concrete or physical sense.

Building on these insights, our work advocates
for explicit, manually curated basic meaning anno-
tations aligned with MIP and directly provided to
the model enhancing transparency, interpretability,
and theoretical coherence.

3. Experimental Setup

We conduct our experiments on a filtered subset of
the FLAVORS-AECC dataset (Pitarch et al., 2026).
To ensure compatibility with the VUA format and
the Contrast-WSD model, we retain only single-
word metaphor annotations and restrict the data to
verbs, nouns, and adjectives. The resulting dataset
contains 5,239 instances with annotated basic and
contextual meanings, of which 18% are labeled as
metaphorical by at least one annotator. The overall
inter-annotator agreement reported for the original
dataset is 0.49 F11. The part-of-speech distribution
is 64% verbs, 24% nouns, and 12% adjectives. A
sample of the dataset is shown in Table 1.

We evaluate all experiments under two data split-
ting strategies: a random and a lemma-based split.
In the random split the data is divided into train
and test sets using an 80/20 ratio while preserving
the proportion of metaphorical and literal instances.
The lemma-based split enforces that target lemmas
do not overlap between train and test sets, thereby
reducing lexical memorization effects.

We use Contrast-WSD (Elzohbi and Zhao, 2024),
a state-of-the-art metaphor identification model in-
spired by the Metaphor Identification Procedure
(MIP). Figure 1 presents an overview of the archi-
tecture. The model takes as input a sentence, a
target word within the sentence, a definition repre-
senting the word’s basic meaning, and a definition
corresponding to the word’s contextual meaning.

A RoBERTa model is used to obtain embeddings:
a) of the target word in the full sentence with spe-

1F1 score was chosen against the common Kappa
score, as suggested by (Boguslav and Cohen, 2017) for
flexible span annotations. More details on this choice in
the dataset original paper (Pitarch et al., 2026)
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ID w_index pos lemma sentence agree label basic meaning (BM) contextual meaning (CM)

6_s2_w1 1 N hermano Mi hermano con 30 años acaba de ser
diagnosticado con un tumor en el pulmón. 2 0 a male with the same

parents as someone else
close friend who accompanies
his buddies in their activities

6_s3_w0 0 V tener Tienen sospecha de que sea maligno y
estamos esperando cita con Cirugía 2 0 have or hold in one’s

hands or grip
have or possess, either in a
concrete or an abstract sense

6_s3_w5 5 ADJ maligno Tienen sospecha de que sea maligno y
estamos esperando cita con Cirugía 2 1 maligno, malvado,

maléfico, malévolo canceroso, maligno

Table 1: AECC-FLAVORS in VUAM format processed sample. Label=1 means metaphoric example,
Label=0 means non-metaphoric instance. In this case only maligno is annotated as metaphoric.

Figure 1: ContrasWSD arquitecture schema. In the
original model (Elzohbi and Zhao, 2024) BM defini-
tion is the first dictionary entry. ‘+’ signs represent
concatenation.

cial tokens marking the target word and POS; b)
of the target word in the contextual definition and
of the contextual definition; c) of the target word
in the basic meaning definition and of the basic
meaning. The contextual and basic meaning em-
beddings are concatenated jointly with its cosine
similarity. The same process (concatenate jointly
with the cosine similarity) is performed with the tar-
get word embeddings in the full sentence and in the
contextual meaning definition, and with the target
word embeddings in the full sentence and in the
basic meaning definition. These three embeddings
are concatenated and fed into a final classification
layer that predicts whether the target word is used
metaphorically or literally.

While we use the same models as Elzohbi and
Zhao (2024), we differ in our augmentation of the
data. Where they use an additional external model
for word sense disambiguation, we directly use
Lesk (Lesk, 1986) algorithm. And secondly, while
they only use the first Wikitionary dictionary entry as
basic meaning, we compare the manual selection
of basic meaning with the first wordnet dictionary
entry. All definitions are extracted from WordNet us-
ing the corresponding synsets and are provided in
Spanish when available, and in English otherwise.

We evaluate three experimental configurations:
1. Control: only the sentence and target word

are provided, without any definitions.

2. Manual Basic Meaning: the basic meaning

is manually annotated using the most appro-
priate WordNet synset.

3. First Dictionary Entry: the basic meaning is
approximated using the first available dictio-
nary definition.

We explore multiple hyperparameter configura-
tions (see Appendix for full details) and select the
best-performing setup with class weight2 = 5, learn-
ing rate = 1 × 10−5, batch size = 16, warm-up
epochs = 2, and total epochs = 10. Since defini-
tions may be provided in both Spanish and English,
we use XLM-RoBERTa-base (Conneau et al., 2019)
as the encoder. Each experiment is run five times
with different random seeds, and we report mean
performance along with 95% confidence intervals.

4. Results

Table 2 presents the main quantitative results of our
experiments for the three modeling configurations
(Control, Manual Basic Meaning, and First Dictio-
nary Entry) under both evaluation splits (random
by label and lemma-based). Scores correspond to
the mean over five runs, using the best-performing
hyperparameter configuration.

trainingSplit BMAugmentation Precission Recall F1
lemma Control 0.311 0.243 0.273
lemma Control 0.308 0.280 0.292
lemma ManualBM 0.259 0.507 0.342
lemma ManualBM 0.270 0.526 0.357
lemma 1stDicEntry 0.277 0.508 0.360
lemma 1stDicEntry 0.296 0.541 0.383
random 1stDicEntry 0.414 0.617 0.495
random ManualBM 0.426 0.607 0.501
random 1stDicEntry 0.455 0.568 0.505
random ManualBM 0.462 0.580 0.514

Table 2: Results ordered by F1 (lowest to high-
est) to asses the best configuration of three model
augmentation settings (manual BM selection, 1st
dictionary entry as BM, and control: no added basic
nor contextual meaning information). Both random
and lemma splits are displayed.

2Class weight is a parameter in Elzohbi and Zhao
(2024) arquitecture which weights more metaphoric in-
stances than non metaphoric ones to balance the differ-
ence between non metaphoric sentences and metaphoric
ones.
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Figure 2: Performance metrics across different configurations and splits

Overall, the results reveal three central patterns
that align with our research questions. First, mod-
els that explicitly incorporate information about
basic and contextual meaning substantially out-
perform the control condition that relies solely on
sentence context and the target word. Under the
lemma-based split, the control model achieves only
0.27 F1, whereas the two meaning-aware config-
urations reach up to 0.38 F1. The effect is even
more pronounced under the random split, where
performance increases from below 0.30 to above
0.50 F1. This confirms our main hypothesis: in
low-resource, domain-specific settings, providing
linguistically grounded meaning representations is
more beneficial than relying on data quantity alone.

Second, contrary to our expectations, manually
annotated basic meanings do not consistently out-
perform the first dictionary entry approximation.
Under the random split, Manual BM yields the
best result (0.51 F1), but the difference with the
dictionary-based approach is marginal (0.50 F1).
More strikingly, under the lemma-based split, the
first dictionary entry slightly outperforms the man-
ual annotations. It is worth noting that the competi-
tive performance of the first-sense heuristic is itself
a well-established finding in Word Sense Disam-
biguation (McCarthy et al., 2007), where it has long
served as a strong baseline. Our surprise, however,
stems not from its general effectiveness but from its
performance in this specific setting: MIP explicitly
instructs annotators not to rely on the first dictionary
entry when identifying basic meaning, emphasizing
instead the most concrete, physical, and imagin-
able sense, which may differ from the most frequent
one. The marginal gains of manual BM annotations
thus suggest that theoretical fidelity to MIP’s defini-
tion does not automatically translate into empirical
gains in this context. One plausible explanation
is that manual definitions tend to be longer and
more detailed, potentially introducing noise into the
model, whereas shorter dictionary definitions pro-
vide a more stable and compact semantic signal,

one that, despite diverging from MIP’s theoretical
intent, proves empirically competitive.

Third, the best overall performance (0.51 F1) is
comparable to the reported inter-annotator agree-
ment of the dataset (0.49 F1). This suggests that
the task is inherently difficult and that further im-
provements may require richer linguistic modeling
rather than more data alone. Matching human
agreement is expected in this setting; exceeding
it would raise concerns about overfitting or unin-
tended annotation leakage.

Figure 2 visualizes the relative gains across con-
ditions, highlighting that the primary performance
jump occurs when any form of basic and contextual
meaning is introduced. This pattern contrasts with
findings in the original Contrast-WSD study, where
meaning information yielded only modest improve-
ments on larger, general-domain datasets (0.74 vs.
0.72 F1). Our results indicate that explicit semantic
modeling becomes crucial precisely in the most
challenging scenarios: small datasets, specialized
domains, and less-resourced languages.

4.1. Error Analysis
To better understand model behavior, we conducted
a targeted error analysis focusing on annotator
agreement and part-of-speech (POS) effects.

Figure 3: Error analysis in relation to annotator
agreement.

Figure 3 shows performance stratified by in-

34



stances with full annotator agreement versus dis-
agreement. As expected, cases where both anno-
tators labeled a token as metaphorical are signifi-
cantly easier for the model to predict. This effect
is especially pronounced under the lemma-based
split, suggesting that when lexical memorization
is minimized, the model relies more on genuinely
prototypical metaphoric patterns. Conversely, in-
stances with annotator disagreement remain partic-
ularly challenging, indicating that these cases are
ambiguous even for humans.

Figure 4 reports performance by part of speech.
Adjectives emerge as the most robust category,
showing relatively stable performance across splits
and modeling conditions. Verbs, in contrast, are
consistently the most difficult to classify. We at-
tribute this to their greater semantic complexity:
verbs encode events, relations, and argument struc-
tures that are not fully captured by simple definition-
based representations. We therefore propose that
future work should incorporate additional linguistic
features for verbs, such as valence, semantic roles,
or event structure, which may help the model better
distinguish literal from metaphorical uses.

Figure 4: Error analysis in relation to POS

5. Conclusions

Taken together, these results demonstrate that (1)
meaning-aware architectures are crucial in low-
resource metaphor identification, (2) simpler ap-
proximations of basic meaning can be competitive
with manual annotations, and (3) substantial gains
will likely require more linguistically informed mod-
eling rather than larger datasets alone.

Beyond the technical contributions, these find-
ings carry direct implications for the medical do-
main that originally motivated this work. The Span-
ish oncological forum of the Asociación Española
Contra el Cáncer was manually annotated at con-
siderable cost — over 88,000 words, six annotators,
two years of effort, and consultation across multi-
ple disciplinary experts, yielding the gold-standard
resource used throughout this study. The meth-
ods evaluated here open a path toward extending
this coverage to the full forum, comprising over five

million words, without incurring equivalent annota-
tion costs. Such large-scale metaphor identification
would enable the study of metaphor as a dynamic,
longitudinal process: how figurative language shifts
across disease phases, how patients adapt their ex-
pression over time, and what linguistic patterns may
signal changes in emotional state or coping strate-
gies. This connects directly to the agenda outlined
in (Pitarch and Bel-Enguix, 2026), where metaphor
is framed not as a static lexical phenomenon but
as an evolving communicative resource shaped
by the patient’s trajectory. We therefore see the
present work not as a closed contribution, but as
a methodological stepping stone toward a richer,
data-driven understanding of illness narratives in
online health communities.
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Abstract
Motifs are non-commonplace, recurring narrative elements, often found originally in folk stories and also in modern
news, literature, and propaganda. Expressions of motifs in text can be most straightforwardly classified as simple or
complex. Simple motif expressions are easy to detect because they almost always appear in a single sentence using
the same words as the motif definition itself. However, complex motifs are strongly non-literal and often spread across
multiple sentences, thus requiring more context to understand. We propose a baseline system to detect complex
motif expressions that have challenged prior work. We used an annotated corpus that identified 992 complex motif
expressions of 155 different motifs for training and testing. We tested five different generative approaches that
included varying amounts of context: a single sentence baseline (from prior work); a window of 3 or 5 sentences; the
entire story; or the entire story with the target sentence identified. We fine-tuned four off-the-shelf open-source
LLMs using LoRA under these conditions. Somewhat surprisingly, we report a negative result: our experiments
show that in our generative setup more context did not reliably improve the performance of detecting complex mo-
tifs, and often hurt fine-tuned models. We speculate on why this might be so and identify directions for future research.

Keywords: folklore, motifs, the Arabian Nights, natural language processing, neural methods, large lan-
guage models, linguistic annotation

1. Introduction

Motifs are non-commonplace, specific, recurring
narrative elements that are often found originally
in folk stories and are more generally deployed in
culturally inflected materials. Motifs are interest-
ing because they are a compact source of cultural
knowledge: many motifs concisely communicate
a constellation of related ideas, associations, and
assumptions. For example, “troll under a bridge”
is a motif common in Western cultures with roots
in Scandinavia. To those familiar with the motif,
it entails a number of related ideas that are not
directly communicated by the surface meaning of
the words: the bridge is along the critical path of
the hero, and he must cross it to achieve his goal;
the troll often lives under the bridge, crawling out
to waylay innocent passers-by; the troll charges a
toll or demands something for crossing the bridge;
the troll is a squatter, not the officially sanctioned
master of the bridge; the troll enforces his illegiti-
mate claim through threat of physical violence; and
the hero often ends up battling (and defeating) the
troll instead of paying the toll.

While motifs usually originate in folkloristic ma-
terial, they are frequently used in modern dis-
course, and motif expressions can be easily found
in speeches, news reports, press releases, propa-
ganda, books, and movies; indeed, in any type of
language where cultural knowledge is deployed.
An excellent example of such modern usage is the
Islamist motif Pharaoh. The Pharaoh appears in
stories found in the Hebrew and Christian Bibles

and the Qur’an; in those stories, the Pharaoh
comes into conflict with Moses and his attempts
to free the Hebrews from Egyptian slavery. The
Pharaoh is an arrogant and obstinate tyrant who
defies the will of God and is punished for it. In mod-
ern Islamist extremist narratives, the Pharaoh is a
symbol of struggles against anti-Islamic regimes
and has been invoked against leaders such as An-
war Sadat of Egypt, Ariel Sharon of Israel, and
George W. Bush of the United States, the last
of whom Osama bin Laden referred to as the
“pharaoh of the century” (Halverson et al., 2011).
Further, one must be familiar with Islamic religious
and folkloristic traditions to understand the use
of this motif in modern language; its meaning is
metaphoric and obscure to those not versed in the
tradition of the group.

Motif expressions can be most easily classified
into two types: simple and complex. Simple motif
expressions match the motif definition (found in a
motif index) nearly word-for-word. For example,
the motif Mermaid is found expressed in the Ara-
bian Nights as: While he was doing this, the sea
became disturbed and out from it came mermaids,
the sea’s daughters, each carrying in her hand a
jewel gleaming like a lamp. (Irwin, 2010, Volume 2,
Night 491). On the other hand, the words used in a
complex motif expression don’t overlap those used
in the definition, with the expression often being
non-literal and indirect. Complex motif expressions
thus presumably need more context and language
understanding in order to detect and interpret.

For example, consider the motif Magic sphere
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burns up country. By turning that part of the globe
to the sun, one can make any place on earth burn
up. This motif is found expressed in the Arabian
Nights as:

Whoever has the globe can, if he wants,
sit inspecting all lands from east to west
and whatever part he wants to see, he
can do so by turning the globe where he
wants and looking into it. He will then
have a view of the land and its people as
though they were all there in front of him.
If he is angry with any city and turns the
globe towards the sun with the intention
of burning the city to the ground, this is
what will happen. As for the kohl case,
whoever uses its contents on his eyelids
will see all the treasures of the earth.

Note that, aside from expression complexity,
there is a difference in the complexity of the con-
cept of the motif itself: the idea of a mermaid—
which refers to a single, albeit imaginary, class
of things—is in many ways much simpler than the
motif of the magic sphere above. Thus motifs them-
selves can be simple in their conceptual structure,
or complex. We will explore this distinction as well
in the work.

While simple motif expressions are relatively
easy to detect because of their simple form, auto-
matically detecting and interpreting complex motif
expressions is challenging, as has been demon-
strated in prior work (Alyami and Finlayson, 2026).
In particular, we used an annotated corpus devel-
oped in that work which identified 992 complex
motif expressions of 155 different motifs. Using
these data, we explore tackling the task of au-
tomatically detecting complex motif expressions
in the folkloristic materials by using more context
around the target of the non-literal expressions of
cultural motifs. We tested five different genera-
tive approaches, which used different amounts of
context in the prompt: (1) single sentence baseline
(from prior work); (2) 3-sentence window of context;
(3) 5-sentence window of context; (4) the entire
story; and (5) the target sentence plus the entire
story. We tested four LLMs, namely: Llama-3.1-8B-
Instruct, Mistral-7B-Instruct-v0.3, google/gemma-
3-4b-it, and Qwen/Qwen3-8B.

This paper is structured as follows. We first pro-
vide background on motifs and review related com-
putational work (Related Work). We then describe
the dataset (Data). We describe the methods we
explored, including fine-tuned LLMs using LoRA
(Methods). Finally, we discuss the results, the
limitations of the work, and possible next steps
(Discussion) and we conclude with a list of our
contributions (Contributions).

2. Related Work

2.1. Prior Work

Alyami and Finlayson (2026) developed a model to
index motifs automatically from The Arabian Nights.
They built the model using an annotated dataset
that consists of 200 motifs extracted manually from
A Motif Index Of The Thousand and One Nights.
The index contains around 5,000 motifs extracted
by El-Shamy from the 207 stories of The Arabian
Nights (El-Shamy, 2006). Alyami and Finlayson
(2026) analyzed the conceptual complexity of the
motifs (classifying them as simple or complex), and
also analyzed the complexity of the motif expres-
sions (again, simple or complex), resulting in a
four-way classification of motif expressions.

First, Simple Structure / Simple Expression
motif expressions are where both the conceptual
structure of the motif and the way it is expressed
in the narrative are straightforward. These expres-
sions are relatively easy to detect. For example,
Seven daughters is simply structured and usually
expressed using those exact words: The Almighty
provided him with seven daughters. . . (Irwin, 2010,
Volume 3, Night 784).

Second, Simple Structure / Complex Expres-
sion motif expressions are where a conceptually
simple motif is expressed in a complex way. In
other words, the motif is expressed in the index in
only one or a few words, but in the text the motif
is expressed indirectly, obscurely, or across many
pages. For example, the motif Resourcefulness is
conceptually simple, but one expression runs The
mamluks delightedly agreed that this was a good
plan, and there and then they began to cut logs for
the raft and to twist ropes to bind them together.
They worked on this for a month, taking back fire-
wood for the princess’s kitchen each evening and
devoting the rest of the day to the raft. (Irwin, 2010,
Volume 3, Night 766).

Third, Complex Structure / Simple Expression
motif expressions are where the motif is conceptu-
ally complex, but still the expression of the motif in
the text closely follows what is found in the index,
and so keyword retrieval usually suffices to find
them. For example, the motif Apparently dead per-
sons revived when certain thing happens. Proper
prince appears, or the like. is not simply struc-
tured but can be expressed almost exactly as is
found in the index, as in You Muslims, you soldiers,
have you ever in your lives seen a man die and
then come back to life? (Irwin, 2010, Volume 1,
Night 34).

Fourth and finally, Complex Structure / Com-
plex Expression is the most difficult type of motif
expression to find. The motif is conceptually com-
plicated and motif expression is also complex. For
example, the motif What you (deal) to others will
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be done (dealt) back to you is found in the text as
follows:

I took hold of the horse and mounted it. It
didn’t move and so I kicked it, and when it
still refused to move, I took the whip and
struck it. It didn’t move and so I kicked it,
and when it still refused to move, I took
the whip and struck it. As soon as it felt
the blow, it neighed with a sound like rum-
bling thunder and, opening up a pair of
wings, it flew off with me, carrying me up
into the sky way above the ground. After
a time, it set me down on a flat roof and
whisked its tail across my face, striking
out my right eye and causing it to slide
down my cheek. It then left me and I
came down from the roof to find the ten
one-eyed youths. No welcome to you,
they said. Here I am, I replied. I have
become like you, and I want you to give
me a tray of grime with which to blacken
my face and to let me sit with you. No, by
God, they said, you may not do that. Get
out! (Irwin, 2010, Volume 1, Night 16).

The motif is found in across approximately 190
words and 10 sentences, where none of the words
in the motif definition are found directly in the ex-
pression.

Alyami’s model was trained on single sentences
that were annotated for the presence or absence
of particular motifs. The most effective method
for detection was a fine-tuned Llama3, achieving
an overall F1 performance of 0.90 for simple motif
expressions (across both conceptually simple and
complex motifs). Their study shows that this task is
still challenging for state-of-the-art LLMs when try-
ing to detect complex motifs, achieving an overall
F1 performance of 0.72.

Other work has also emphasized that automati-
cally detecting and interpreting motif expressions in
modern language is a challenging problem (Yarlott
and Finlayson, 2016; Yarlott et al., 2022; Yarlott,
2022; Yarlott et al., 2024; Acharya, 2022; Acharya
et al., 2024). Prior work defined the task of mo-
tif detection, which is finding a motif expression
in non-folkloristic materials. In that task, even a
word-by-word expression of a motif must be further
differentiated into MOTIFIC, EPONYMIC, REFEREN-
TIAL, or UNRELATED types (Yarlott et al., 2024). An
EPONYMIC usage is the use of the motif as a name;
a REFERENTIAL usage is a mention of the motif
itself; while a MOTIFIC usage is intended to call to
mind the implicit associations of the motif. Here we
tackle a different task, which is detecting appear-
ances of a complex motif in the original folkloristic
materials, which we will call detection of complex,
non-literal expressions of cultural motifs. Methods

that address this task would allow the automatic
mining of positive and negative examples to train
and test other stages of motif understanding, such
as discovery of novel motifs (i.e., motif discovery :
Yarlott and Finlayson, 2016), identification of motif
usage in non-folkloristic materials (i.e., motif detec-
tion, as above: Yarlott et al., 2022, 2024), and inter-
pretation of the meaning of motific language (i.e.,
motif interpretation: Acharya, 2022; Acharya et al.,
2024).

2.2. Culture in LLMs

Recent research has highlighted the challenges
LLMs face in understanding cultural elements from
text. Adilazuarda et al. (2024) explained the need
for context, or called “thick description” by Geertz
(1973). The concept of thick description or context
is needed in order to understand a culture as in-
sider. The context needed to analyze the internal
or specific small details of that cultural text to un-
derstand not only behaviors or certain events, but
also cultural, religious, and psychological norms
which will make LLMs more culturally aware. On
the other hand, “thin description” also coined by
Geertz (1973), is not context-aware analysis, but
rather when an outsider frames the text without
understanding why certain behaviors or habits will
be interpreted by cultural insiders differently de-
pending on the situation. Adilazuarda et al. notes
that most of the current research on the cultural un-
derstanding of LLMs focuses mainly on values and
emotions. However, there are many other aspects
of cultures text can and should be explored.

The challenge of figurative language understand-
ing across cultures has also been explored more
broadly. Kabra et al. (2023) created a multilin-
gual figurative language inference dataset (MABL)
across seven culturally diverse non-English lan-
guages. Their work showed that figurative expres-
sions are deeply rooted in culturally specific con-
cepts such as food, religion, and events with over-
lap between languages from the same geographic
region. Liu et al. (2024) evaluates Multilingual
Large Language Models (mLLMs) to reason us-
ing cultural common ground by using proverbs and
sayings from many languages as an exploratory
method. Proverbs are culturally specific expres-
sions. They collect proverbs and their usage in
conversational situations from six languages. They
examine distinct mLLMs to assess their capacity
to memorize proverbs, use proverbs and sayings
to reason in varied situational circumstances, and
comprehend proverbs in cross-cultural conversa-
tions. They created a dataset called Multicultural
Proverbs and Sayings (MAPS) for proverb under-
standing with conversational context for different
languages. Their study found that mLLMs pos-
sess knowledge of proverbs and sayings to varying
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degrees, but memorizing a proverb does not indi-
cate the ability to reason with it in context. They
also found significant culture gaps when reasoning
across languages, with performance on English
data consistently stronger than other languages,
particularly for lower-resource languages such as
Bengali and Indonesian. Park et al. (2025) stated
that LLMs often succeed in recognizing figurative
expressions at the sentence level but their ability
to use them coherently in conversation remains
uncertain. They showed that even models that
recognize figurative expressions at the sentence
level fail to use them appropriately in dialogue. Our
work extends this line of work to the domain of
folkloric cultural motifs where expressions are not
only figurative but often span multiple sentences
and require deep cultural background knowledge.

With this in mind, our paper evaluates LLMs on
a diverse set of motifs that cover different cultural
aspects of folktales. The motif index by El-Shamy
(2006), which is where we source our motif lists,
categorizes motifs based on their cultural, social,
and psychological contextual significance. For ex-
ample, a motif can represent a cultural theme such
as Tabu: eating with left hand. (El-Shamy, 2006).
In Islamic-Arabic culture, it is taboo to eat with your
left hand due to the cultural habits. In the narrative,
the motif is expressed in Irwin (2010) as follows:

I went and prepared the necessary food,
drink, and so on, which I then presented
to him, inviting him to eat in the Name of
God. He went to the table and stretched
out his left hand, after which he ate with
me. This surprised me, and when I had
finished, I washed his hand and gave him
something to dry it with. I then sat down to
talk, after I had offered him some sweet-
meats. ‘Sir,’ I said to him, ‘you would re-
lieve me of a worry were you to tell me
why you ate with your left hand. Is there
perhaps something in your other hand
that causes you pain?

Motifs may also have social significance: No
low rank person would be sitting down while ad-
dressing high rank is an example of how motifs
can represent the social theme in the narrative (El-
Shamy, 2006). It is expressed in Night 620 in Irwin
(2010) as follows:

Uthman was both stupid and conceited,
and when he arrived at Judar’s palace he
saw a eunuch seated on a chair in front
of the door. This man did not get up on
his arrival, and in spite of the fact that
there were fifty men with ‘Uthman, it was
as though no one had come. ‘Uthman
went up to him and said: ‘Slave, where is
your master?’ ‘In the house,’ the eunuch

replied, and as he spoke he continued to
lounge on his chair.

Third, a Clothes make the man is an example
of how motifs can represent psychological themes,
as follows:

The weaver went along and saw mag-
nificently dressed people receiving fine
foods and being treated with respect by
the host because of their splendid clothes.
He said to himself: ‘Were I to change my
trade for one that would be of less trou-
ble, more prestigious and more reward-
ing, I could collect a lot of money and buy
clothes like these. I would then become
important; people would respect me and
I would be like these other’s.

A related concern is that LLMs are biased to
certain cultures, especially when prompting in En-
glish. The reason behind that is that the datasets
used to train these LLMs are mostly in English and
represent Western cultures and values (Tao et al.,
2024; Johnson et al., 2022; Atari et al., 2023). The
work we present here is an example of moving be-
yond the Western tradition, in that the motif index
used in our data is specific to the Middle East, and
contains mainly Muslim cultural material.

3. Data

We began with the data that was collected and
used in prior work, by Alyami and Finlayson (2026).
In that work, Alyami and Finlayson used the Mo-
tif Index of The Thousand and One Nights (El-
Shamy, 2006), which contains around 5,000 motifs
extracted by El-Shamy from the 207 stories of The
Arabian Nights. These motifs overlap with motifs
found in the Thompson Motif Index (TMI), while
adding new motifs specific to the Arabic content
of the stories (Thompson, 1955-1958). El-Shamy
generally followed the TMI classification scheme
(i.e., 23 themes, each identified by a letter), but he
also added categories and information correspond-
ing to dimensions of cultural, social, and psycholog-
ical contextual significance. The annotated dataset
comprised 58,450 annotated sentence-motif pairs,
of which 2,670 were positive examples. These
annotations used 200 unique motifs. There were
examples of motif expressions from all four types
(simple-simple, simple-complex, etc.). From these
data, we selected only the complex expressions.
This subset of the data comprised 992 sentences
with positive examples. It represents 155 unique
motifs. Note that Table 1 reports the number of
unique motifs per split (112 for training, 24 for vali-
dation, and 19 for testing) and not only the number
of motif expressions. The full set of 992 complex
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Conceptual Training /
Complexity Uniq. Motif Validation /

↓ Motifs Exps. Testing

Simple 108 689 81 / 17 / 10
Complex 47 303 31 / 7 / 9

Overall 155 992 112 / 24 / 19

Table 1: Number of unique motifs, number of com-
plex motifs expressions (positive examples), and
the training / validation / testing set sizes (in num-
ber of unique motifs) broken down by the concep-
tual complexity of the motifs.

motif expressions is distributed across these splits
in a balanced way. We paired these with an equal
number of random sentences that didn’t contain
any motif expression, resulting in 1,984 total exam-
ples1. The dataset is split into training, validation,
and test sets. Table 1 shows the breakdown of
motifs and motif expressions by the conceptual
complexity of the motifs (simple or complex). Each
training, testing, or validation comprises a unique
list of motifs so that each model is tested on an
unseen list of motifs. Additional details on the data
are found in Table 2.

Annotation of complex motif expressions is in-
herently challenging, as it can be a tedious and,
at times, challenging task depending on the com-
plexity of the data. The task is to label sentences
as True Positive (TP) when the motif is present
and False Positive (FP) when it is not, and the sen-
tences and motifs fall into four categories: Simple
Expression, Complex Expression, Simple Struc-
ture, and Complex Structure. It is essential to en-
sure every element of the motif is present when
annotating, as annotators might feel tempted to
label something as TP because they want it to be,
rather than because it truly meets the criteria —
a bias that often occurs after a long string of FPs,
and mislabeled data can pollute the dataset, lead-
ing to inaccurate model training. These sentences
are isolated from their broader context, which can
cause difficulties. For example, proper names may
appear without their associated titles, leading to
potential mislabeling. The difficulty of the anno-
tation task itself provides important context for in-
terpreting model performance if human annota-
tors also struggle with complex motif expressions,
model scores below human-level performance are
expected rather than surprising.

1The code and data may be downloaded from
https://doi.org/10.34703/gzx1-9v95/VKJEGZ. The origi-
nal full dataset is available from the authors Alyami and
Finlayson (2026).

Data Count

Unique Stories 64
Total Sentences in Unique Stories 1,393

Total Tokens in Unique Stories 34,513

+Examples in the Index 266
Motifs w/ 1 +Example in the Index 175

Motifs w/ >1 +Example in the Index 26

Sentences-Motif pairs, +Examples 2,670
+Examples Total Tokens 88,523

Table 2: Data

4. Methods

We evaluated five different generative approaches
to solving the task. In all five approaches, the task
is formulated as a binary classification per text-
motif pair: given a specific motif and a text. The
model must predict whether that particular motif
is expressed in the text. Each text is evaluated
against exactly one motif at a time. The baseline
is a single-sentence approach (§4.1) as demon-
strated in Alyami and Finlayson (2026). Then we
experimented with a three sentence context win-
dow (target sentence plus one sentence before
and after), a five sentence context window, the en-
tire story, and finally, the target sentence coupled
with the entire story.

We experimented with four open-source LLMs
fine-tuning using Low-Rank Adaptation (LoRA):
Mistral (Mistral-7B-Instruct-v0.3) (May 2024),
Llama (Llama-3.1-8B-Instruct) (July 2024) and
Google (gemma-3-4b-it) (March 2025), and Qwen
(Qwen3-8B) (May 2025) (Mistral AI, 2024; Meta,
2024; Gemma Team, et al., 2025; Qwen Team,
et al., 2025). We used the training/validation/test
dataset we showed in Table 1.

We fine-tuned all LLMs using Low-Rank Adap-
tation (LoRA), a parameter-efficient method (Hu
et al., 2022). The goal was to see an improvement
in classifying whether a text contains a motif or not
with different amounts of context (3-sentence win-
dow, 5-sentence window, entire story, or target sen-
tence plus entire story). We fine-tuned the LLMs
using the same dataset we used in fine-tuning em-
bedding models. Each training example consists
of motif-sentence pairs as input, target output (Yes
or No) only. We set epochs to 5, the learning rate
to 10−4, batch size to 16, temperature to 0, and
new tokens to 1 only in order to force the models
to be deterministic.

Illustrative Example

To show how each of the five context methods is
applied. We walk through an example using the
motif Eblis: born as one of the fourteen children of
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Khalit and Malit. He disobeyed his father by refus-
ing to marry one of his seven twin-sisters, and was
transformed into a worm (which became Eblis).
The motif is expressed in Night 493 in Irwin (2010)
as follows:Then, when it was the four hundred and
ninety-third night, SHE CONTINUED:I have heard,
O fortunate king, that when Buluqiya had told King
Sakhr the full story of his wanderings from begin-
ning to end, the king was filled with astonishment
and ordered his servants to fetch tables, which
they spread with cloths. Then they brought plates
of red gold, of silver and of copper. On some
of them were fifty cooked camels and on others
twenty, while some contained fifty sheep. In all
there were one thousand, five hundred plates, and
when Buluqiya saw that he was amazed.The com-
pany then ate, as did Buluqiya, who, when he had
had enough, gave thanks to Almighty God. After
that, the food was removed and was replaced with
fruit. When they had all finished eating, they called
down praises on Almighty God and blessings on
His Prophet, Muhammad, may God bless him and
give him peace. Buluqiya was surprised to hear
the name of Muhammad and he asked the king if
he might put some questions to him. ‘Ask what you
want,’ the king told him, and so he said: ‘O king,
what are you? What is your origin and how do you
come to know of Muhammad, so that you call down
blessings on him and love him?’‘Buluqiya,’ replied
the king, ‘Almighty God created hellfire in seven
layers, one on top of the other, each separated by
the distance of a thousand years’ journey. The first
of these layers is called Jahannam and it has been
prepared for those Muslims who disobey God’s
commands and die without having repented. The
second layer is called Lazan and this is prepared
for the unbelievers, while the third is Jahim, pre-
pared for Gog and Magog. The name of the fourth
layer is al-Sa‘ir and this is for the people of Iblis; the
fifth is called Saqar and is for those who abandon
prayer. The sixth is al-Hutama and is for Jews and
Christians, while the seventh is al-Hawiya, which
has been prepared for the hypocrites. These are
the seven layers.’‘I suppose,’ said Buluqiya, ‘that
the punishments of Jahannam are easier to bear
than all the others as it is the uppermost layer.’
The king agreed with this, but added: ‘In spite of
that, Jahannam contains a thousand mountains of
fire, in each of which there are seventy thousand
valleys, each containing seventy thousand cities
of fire.In each of these cities there are seventy
thousand fiery castles, with seventy thousand fiery
rooms in each, and each room contains seventy
thousand couches of fire, with seventy thousand
forms of torment in every one of them. None of
the other layers, however, have any lighter punish-
ments than these, as this is the first layer, while
as for the other layers, only God Almighty knows

the number of their torments.’When Buluqiya heard
what the king had to say he collapsed in a faint, and
when he recovered he burst into tears and said: ‘O
king, how then will it be with us?’ ‘Have no fear,’
said the king, ‘for you must know that the fire will
not burn anyone who loves Muhammad, and for
his sake, may God bless him and give him peace,
such a man will be freed, while hellfire will flee
from all who follow his religion. As for us, Almighty
God created us from fire, and the first beings that
He created in Jahannam were two of his host, the
first called Khalit and the second Malit. Khalit was
shaped like a lion and Malit like a wolf. Malit’s tail
was feminine, piebald in colour, while Khalit’s was
masculine, in the shape of a tortoise, and was a
twenty-year journey in length. God then ordered
these two tails to join together and copulate, and
from them were born snakes and scorpions who
live in hellfire and, having reproduced and multi-
plied, are used by God to torture those who enter
it. God then ordered the two tails to copulate a sec-
ond time, and when they did this, Malit’s tail was
impregnated by the tail of Khalit and gave birth to
seven males and seven females. These were nur-
tured until they grew up, and when they had done
so, the females were married to the males. All but
one of them were obedient to their father; the one
who disobeyed became a worm and this worm is
Iblis, may God Almighty curse him. He had been
one of the cherubim, serving God until he was
raised to heaven, where he found favour with Him
and became the leader of the cherubim.’Morning
now dawned and Shahrazad broke off from what
she had been allowed to say. The story contains
the following sentences (numbered for reference):

s−2: Malit’s tail was feminine, piebald in
colour, while Khalit’s was masculine, in
the shape of a tortoise, and was a twenty-
year journey in length.
s−1: God then ordered these two tails
to join together and copulate, and from
them were born snakes and scorpions
who live in hellfire and, having reproduced
and multiplied, are used by God to torture
those who enter it.
s0: God then ordered the two tails to
copulate a second time, and when they
did this, Malit’s tail was impregnated
by the tail of Khalit and gave birth to
seven males and seven females.
s+1: These were nurtured until they grew
up, and when they had done so, the fe-
males were married to the males.
s+2: All but one of them were obedient to
their father; the one who disobeyed be-
came a worm and this worm is Iblis, may
God Almighty curse him.
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Single Sentence (§4.1): Only s0 is provided to the
model without any surrounding context.
3-Sentence Window (§4.2): The model receives
s−1, s0, and s+1. This provides minimal local con-
text.
5-Sentence Window (§4.2): The model receives
s−2, s−1, s0, s+1, and s+2. This provides a broader
local context.
Entire Story (§4.3): The full story text is provided.
In this case, the model must determine whether
the motif appears anywhere in the story.
Target Sentence + Entire Story (§4.4): The full
text of the story is provided as background context.
We ask the model to classify the target sentence
s0 using the entire story as background.

4.1. Single Sentence

In this baseline, we fine-tuned the four LLMs on the
training and validation sets shown in Table 1, with
the goal of teaching the models to understand the
smallest possible descriptions of motifs. We fed
the motif a single positive or negative sentence and
the models were asked to classify the sentence.
The requested answer is Yes or No. We used the
following prompt:

Task: Decide if the motif is
present in the sentence.
Rules: Answer ONLY “Yes” or
“No”. Do not explain.
Motif: <Motif>
Sentence: <Sentence>
Answer:

4.2. Window of Target Text (3- or
5-sentence)

Here, we add either two or four sentences of con-
text (one or two sentences before and after), and
asked the models to classify if the target sentence
with this window contains the motif or not. The an-
swer is again only Yes or No. We used the following
prompt:

Task: Decide if the motif is
present in the target text.
Context is provided ONLY to
resolve ambiguity Rules: Answer
ONLY “Yes” or “No”. Do not
explain.
Motif: <Motif>
Context Before: <Pre Target
sentence>
Target Sentence: <Target
Sentence>
Context After: <Post Target
Sentence>
Answer:

4.3. Entire Story

For maximum context we feed the entire story in
with the motif. Following previous modes where
the model is asked to classify if the story contains
the motif or not by only answering Yes or No using
the following prompt:

Task: Decide if the motif is
present anywhere in the story
text.
Rules: Answer ONLY “Yes” or
“No”. Do not explain.
Motif: <Motif>
Story Text: <Story>
Answer:

4.4. Target Sentence plus Entire Story

In this approach, we fed the models the sentence
to be classified, plus the entire story for complete
context, and asked the models to classify whether
the story contains the motif in the target sentence
or not. Again, the requested answer is Yes or No.
We used the following prompt:

Task: Decide if the motif is
present in the target sentence.
The story is background only.
Hard rule:
- Answer ’Yes’ ONLY if the TARGET
sentence itself clearly expresses
the motif.
- If the motif is only elsewhere
in the story, or only implied
weakly, answer ’No’.
- When in doubt, answer ’No’.
Answer ONLY ’Yes’ or ’No’. Do
not explain.
Motif: <Motif>
Story (background): <Story>
Target Sentence: <Target
Sentence>
Answer:

5. Discussion

The results are shown in Table 3. In our setup,
increasing context does not consistently improve
performance. Fine-tuned models often degrade as
context length increases, especially in the entire-
story mode. However, some zero-shot models
benefit from added context. We suspect that this
is because motifs are a relatively small part of the
text, and the models have trouble focusing on such
a small portion. Compared to the entire story, the
LLMs, in most cases, failed to detect the complex
motif expressions for both simple and complex mo-
tif conceptual complexity classes. While all models
failed in most cases, Mistral-FT shows significantly
weaker performance when increasing the context.
This might suggest a direction when comparing
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Conceptual Complexity Complex Expressions
Target Sentence+

↓ Single Sentence ±1 Window ±2 Window Entire Story Entire Story

S
im

pl
e Mistral-Zero-shot 0.31 (0.66 / 0.20) 0.44 (0.73 / 0.31) 0.39 (0.68 / 0.27) 0.65 (0.55 / 0.80) 0.45 (0.69 / 0.34)

Mistral-FT 0.65 (0.74 / 0.58) 0.52 (0.67 / 0.43) 0.50 (0.71 / 0.39) 0.10 (0.33 / 0.06) 0.26 (0.56 / 0.17)
LLama3-Zero-shot 0.64 (0.57 / 0.73) 0.65 (0.60 / 0.70) 0.59 (0.59 / 0.59) 0.63 (0.59 / 0.67) 0.44 (0.55 / 0.37)

LLama3-FT 0.73 (0.81 / 0.67) 0.50 (0.73 / 0.39) 0.59 (0.82 / 0.46) 0.60 (0.63 / 0.57) 0.46 (0.44 / 0.47)
Gemma3-Zero-shot 0.65 (0.53 / 0.83) 0.36 (0.50 / 0.29) 0.22 (0.32 / 0.17) 0.63 (0.49 / 0.86) 0.60 (0.48 / 0.81)

Gemma3-FT 0.41 (0.59 / 0.31) 0.34 (0.51 / 0.26) 0.39 (0.61 / 0.29) 0.62 (0.53 / 0.74) 0.63 (0.55 / 0.73)
Qwen-Zero-shot 0.45 (0.67 / 0.34) 0.62 (0.71 / 0.56) 0.64 (0.65 / 0.63) 0.55 (0.72 / 0.44) 0.64 (0.56 / 0.75)

Qwen-FT 0.58 (0.72 / 0.49) 0.29 (0.65 / 0.19) 0.21 (0.53 / 0.13) 0.62 (0.70 / 0.56) 0.57 (0.49 / 0.66)

C
om

pl
ex

Mistral-Zero-shot 0.46 (0.91 / 0.31) 0.49 (0.85 / 0.34) 0.37 (0.73 / 0.25) 0.53 (0.67 / 0.44) 0.30 (0.100 / 0.17)
Mistral-FT 0.72 (0.91 / 0.60) 0.68 (0.86 / 0.56) 0.72 (0.90 / 0.59) 0.06 (0.50 / 0.03) 0.14 (0.33 / 0.09)

LLama3-Zero-shot 0.64 (0.85 / 0.51) 0.64 (0.89 / 0.50) 0.61 (0.88 / 0.47) 0.47 (0.63 / 0.38) 0.21 (0.60 / 0.13)
LLama3-FT 0.70 (0.86 / 0.59) 0.60 (0.93 / 0.44) 0.52 (0.86 / 0.38) 0.53 (0.57 / 0.50) 0.38 (0.38 / 0.39)

Gemma3-Zero-shot 0.57 (0.71 / 0.47) 0.36 (0.67 / 0.25) 0.36 (0.62 / 0.25) 0.62 (0.49 / 0.84) 0.57 (0.45 / 0.78)
Gemma3-FT 0.59 (0.73 / 0.50) 0.43 (0.71 / 0.31) 0.41 (0.44 / 0.38) 0.59 (0.48 / 0.75) 0.51 (0.44 / 0.61)

Qwen-Zero-shot 0.74 (0.91 / 0.63) 0.81 (0.92 / 0.72) 0.76 (0.91 / 0.66) 0.65 (0.94 / 0.50) 0.59 (0.67 / 0.52)
Qwen-FT 0.84 (0.80 / 0.88) 0.75 (0.88 / 0.66) 0.75 (0.88 / 0.66) 0.60 (0.61 / 0.59) 0.43 (0.47 / 0.39)

O
ve

ra
ll Mistral-Zero-shot 0.36 (0.75 / 0.23) 0.46 (0.77 / 0.32) 0.38 (0.69 / 0.26) 0.63 (0.57 / 0.69) 0.42 (0.73 / 0.29)

Mistral-FT 0.67 (0.78 / 0.58) 0.57 (0.73 / 0.47) 0.57 (0.78 / 0.45) 0.09 (0.36 / 0.05) 0.23 (0.50 / 0.15)
LLama3-Zero-shot 0.64 (0.62 / 0.66) 0.65 (0.66 / 0.64) 0.60 (0.65 / 0.55) 0.59 (0.60 / 0.58) 0.39 (0.56 / 0.30)

LLama3-FT 0.72 (0.82 / 0.64) 0.53 (0.79 / 0.40) 0.57 (0.83 / 0.43) 0.58 (0.62 / 0.55) 0.44 (0.42 / 0.45)
Gemma3-Zero-shot 0.63 (0.56 / 0.72) 0.36 (0.54 / 0.27) 0.26 (0.40 / 0.20) 0.62 (0.49 / 0.85) 0.59 (0.47 / 0.80)

Gemma3-FT 0.47 (0.64 / 0.37) 0.37 (0.57 / 0.27) 0.40 (0.53 / 0.31) 0.61 (0.51 / 0.75) 0.59 (0.52 / 0.70)
Qwen-Zero-shot 0.55 (0.76 / 0.43) 0.68 (0.78 / 0.61) 0.67 (0.71 / 0.64) 0.58 (0.78 / 0.46) 0.63 (0.58 / 0.68)

Qwen-FT 0.68 (0.76 / 0.61) 0.47 (0.77 / 0.33) 0.42 (0.73 / 0.29) 0.61 (0.67 / 0.57) 0.53 (0.49 / 0.59)

Table 3: Overall System Evaluations: F1 (precision / recall).

two texts of different lengths. One approach could
be to summarize the target text. However, it will
be challenging for a system to summarize a story
while ensuring that the relevant motif remains in
the summary; to ensure this in all cases, the sys-
tem will need to already have the ability to detect
the motif. Another possible approach is to increase
the length of the motif with more description, so
that the model has enough indications of where
the motif could be located. In general, our observa-
tion that more context actually hurts detection for
a small piece of target text (at least under our ex-
perimental setup) is aligned with a prior work that
discusses the ‘Needle in a Haystack’ tasks, where
they show that smaller relevant contexts degrade
LLM performance (Bianchi et al., 2025).

When looking at the precision and recall break-
down, we notice that the performance drop with
increasing context is driven by a collapse in recall
rather than precision. On the other hand, in the
fine-tuned models, precision remains relatively sta-
ble across context windows. For instance, Mistral-
FT maintains precision around 0.67–0.91 across
single-sentence and windowed modes but the re-
call drops sharply when moving to entire-story
mode (e.g., from 0.58 at single sentence to just
0.06 for simple-conceptual motifs, and from 0.60
to 0.03 for complex-conceptual motifs). This im-
plies that fine-tuned models become too cautious
with additional information. This effect is consistent
across both simple and complex conceptual mo-

tifs but particularly noticeable for complex-concept
motifs under the entire-story mode. Interestingly,
the windowed modes (±1 and ±2) preserve much
of the single-sentence performance. For instance,
Mistral-FT holds F1=0.68–0.72 across windows for
complex-concept motifs. This suggests that a small
amount of local context does not hurt but a large
context window is harmful. By contrast, zero-shot
models show the opposite pattern where the re-
call rises substantially at the entire-story level (e.g.,
Mistral-Zero-shot recall reaches 0.80 for simple-
concept motifs and 0.44 for complex-concept mo-
tifs on the entire story compared to just 0.20 and
0.31 at single sentence mode). On the other hand,
precision suffers. This implies that when models
are fine-tuned on short-span text they learn to look
for specific words in short text. However, when
a motif is spread across a long story, they suffer
when trying to detect these complex motif expres-
sions.

Comparing fine-tuned and zero-shot models
shows that LoRA fine-tuning with a small data
size gives mixed results. For short contexts, fine-
tuning helps in some cases. For instance, LLama3-
FT achieved F1=0.73 which outperforms LLama3-
Zero-shot at F1=0.64 for simple-concept motifs,
and Qwen-FT achieved F1=0.84, outperforming
Qwen-Zero-shot at F1=0.74 for complex-concept
motifs at the single-sentence level. However, this
is not consistent across all models. Gemma3-FT,
for instance, underperforms Gemma3-Zero-shot
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in nearly every mode. On the other hand, for
longer contexts, fine-tuning is clearly harmful. Zero-
shot models consistently outperform fine-tuned
models, especially on the entire-story mode. For
example, Mistral-Zero-shot reaches F1=0.65 for
simple-concept motifs versus just 0.10 for Mistral-
FT, and Qwen-Zero-shot leads complex-concept
motifs with F1=0.65 versus 0.60 for Qwen-FT. Over-
all, LLama3-FT achieves the best single-sentence
F1 of 0.72, but Qwen-Zero-shot is the strongest
model across all wider-context modes (F1=0.68,
0.67, and 0.63 for ±1 window, ±2 window, and Tar-
get Sentence + Entire Story, respectively). Mistral-
Zero-shot is leading on the entire-story mode at
F1=0.63. This may suggest that fine-tuning on lim-
ited data causes models to focus on short-span
patterns, which could reduce their ability to reason
over longer contexts. Collecting more training data
and exploring other fine-tuning strategies could
help address this gap.

6. Contributions

We fine-tuned four open-source LLMs using LoRA
using 992 complex motif expressions using varying
amounts of context: a single sentence baseline
(from prior work); a window of 3 or 5 sentences;
the entire story; or the entire story with the tar-
get sentence identified. The most effective model
was Llama3, achieving an overall F1 performance
of 0.72 in a single sentence context. The study
shows that this task remains challenging for state-
of-the-art LLMs, and that additional context does
not provide a consistent benefit across models and
prompting modes (e.g., sentence, windows, or the
entire story), with Qwen being the most effective
model in the wider-context settings, achieving an
overall F1 score of 0.63. We release code and data
for reproducing this study 2.

7. Limitations

The first limitation is that while our experiments
show that increasing context does not improve per-
formance under these specific experimental condi-
tions, it is hard to generalize from this to all poten-
tial experimental conditions. Therefore, although
our results are relatively straightforward and sug-
gest that more context does not help these kinds
of models, we cannot completely eliminate the pos-
sibility that some experimental setup using genera-
tive models of this kind won’t respond positively to
additional context.

A second limitation of this work is the amount of
annotated data available to train the system. For fu-

2The code and data may be downloaded from
https://doi.org/10.34703/gzx1-9v95/VKJEGZ.

ture work, we believe that collecting more complex
expression motifs would be valuable, since until
now there is no source for these motif expressions
except the prior work of (Alyami and Finlayson,
2026). While their data contains a small number of
annotated examples (155 motifs with 992 positive
examples), we believe that continuing to expand
the annotated data will allow the development of
even more capable models. It would also be useful
to have a way of precisely and ideally automatically
assessing the complexity of both motif conceptual
structure and motif expressions. Right now, com-
plexity judgments are done manually, and a more
precise standard would allow more careful sepa-
ration of hard and easy examples for training and
testing the systems. Another limitation is that we
did not evaluate the model when there is another
motif in the same text. In the current methodology,
each text is evaluated against only one motif. This
is an interesting open problem to see how state-of-
the-art models perform when a text contains motif
X and also contains a related but distinct motif Y.
Not only that, but also how these modes lead to
clear boundaries between these related motifs. We
leave this robustness analysis to future work.
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Abstract
We analyze differences between human-written and automatically generated metaphors. Using two
syntactically standardized datasets containing novel metaphors from poetry and science communication,
we generate new figurative expressions with LLMs that describe the same concepts as human-written
texts. Using crowdsourcing, we conduct extensive annotation across multiple dimensions (e.g., writing
quality and creativity) and ask annotators to judge whether the metaphor was generated automatically.
For the poetry set, we also asked annotators for the emotions conveyed by the metaphor. We find that,
consistent with prior work, the authorship of scientific metaphors is difficult to determine. However, our
results reveal that human-written poetic metaphors stand out by their capacity to convey emotion. We
also analyze which types of metaphors are merely perceived as human. Finally, we show that, while
human annotators cannot distinguish human from machine metaphors, automated approaches achieve
high accuracy in identifying human writers, which suggests substantial differences in text structure.

1. Introduction

Metaphors are pervasive in human language.
While conventional metaphors (e.g., Time is
money ) have become deeply intertwined with
language use and are also reflected in dictio-
nary entries (Lakoff and Johnson, 2003), novel
(i.e., non-conventional) metaphors are a highly
productive part of language. The inventive
use of non-literal figures of speech is remark-
able in multiple respects: from a cognitive and
communicative perspective, new figurative lan-
guage images are both an authorial creative
effort and a communicative challenge for the
reader. From a research perspective, it is thus
interesting that figurative language can effec-
tively convey emotions (as in poetry) or aid
understanding of complex, abstract concepts
(as in science communication).

With the advent of Large Language Models
(LLMs), questions surrounding the successful
use of figurative language become even more
complex. While the ability to use metaphors
appears to require empathy, for which LLMs
lack the capacity, research has shown that
LLMs can produce figurative language that hu-
mans cannot tell apart from real poetry (Porter
and Machery, 2024; Wang et al., 2025).

Our study analyzes the differences between
human-written and automatically generated

metaphors in greater detail. We first col-
lect two datasets of human-generated novel
metaphors. One dataset is derived from poetry
and allows to analyze the metaphor’s inherent
purpose in conveying emotion. The second
dataset comprises metaphors from science
communication that explain complex concepts
through concrete, tangible imagery. We stan-
dardize both datasets to the form of analogies
("X is like a Y") to ensure that grammatical vari-
ation does not confound our semantic analy-
sis. In a second step, we generate metaphors
by using different LLMs. These metaphors
describe the same concepts (the X in the
analogy) as the human-written metaphors do.
We prompt LLMs either to produce emotion-
conveying poetic analogies or explanatory
metaphors for science communication. To
identify features that distinguish human-written
and machine-generated metaphors, we anno-
tate all 200 analogies via crowdsourcing and
then assess the correlation between the anno-
tations and the metaphors’ origins. In a last
step, we train automated classifiers on both
the metaphors themselves and their annota-
tions, and evaluate how easily the metaphor
origins can be identified.

Our main contributions are as follows:

• We provide an extensively annotated
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dataset of novel metaphors with poetic
and scientific metaphors. The metaphors
are standardized in analogy syntax,
and they comprise human-written and
machine-generated examples, matched
to each other by a corresponding concept.

• We show that human-written metaphors
are distinguished by their less polished
writing and, especially, their ability to con-
vey emotions: human-written poetry con-
veys emotions more effectively than auto-
matically generated ones.

• We also analyze what makes metaphors
appear human. One of the relevant
features directly relates to emotion con-
veyance, namely the annotators’ ability to
assess the analogy’s underlying emotion.

• Regarding the distinction of human-
written and LLM-generated metaphors,
we show that this is basically impossible
for human annotators, possible by auto-
mated classification on poetic metaphors,
and very accurate using LLMs.

Our results contribute to understanding the
subtle differences between the surprisingly
large capacities of LLMs for using figurative
language and their limits in using metaphors
for emotion-driven communication. Our anno-
tated dataset is publicly available.1

2. Background and Related Work

Research on metaphor theory and computa-
tional methods for understanding it predates
LLMs. With this new technology available,
new foundations for metaphor identification,
creation, and interpretation emerge, raising
broader questions about how to identify lan-
guage generated automatically. Recent work
evaluates state-of-the-art models’ ability to
distinguish metaphorical expressions from lit-
eral language and semantic anomalies (Nei-
dlein et al., 2020), and examines how mod-
eling strategies, such as prompt engineer-
ing (Kramer, 2025; Jia and Li, 2024), fine-
tuning (Haagsma and Bjerva, 2016), retrieval-
augmented generation (Fuoli et al., 2025), and

1https://osf.io/3bgn4/overview?view_only=
addb6107053149e387df54647a30f063

detection frameworks (Wang et al., 2025; Lin
et al., 2024) improve performance in metaphor
identification (Choi et al., 2021; Jia et al.,
2025). Despite good results on detection and
generation benchmarks, growing evidence
suggests that LLMs often rely on superficial
cues rather than genuine understanding of the
analogy (Sanchez-Bayona and Agerri, 2025),
raising new questions about LLMs’ capacities
to reason about metaphors. While we also
use LLMs for classification (among other algo-
rithms), our approach focuses on identifying
human-written text rather than identifying figu-
rative language as such.

Beyond identification, recent work explores
LLMs’ capacity for metaphor generation. Mod-
els can create domain-specific metaphors
(Stowe et al., 2021; Shou et al., 2024)
and metaphors for science communication
(Kim et al., 2023). Relating to these ap-
proaches, we will analyze whether the gen-
erated metaphors share communicative char-
acteristics with human-written ones, and how
scientific metaphors differ from poetic ones.

There are multiple datasets containing fig-
urative language, e.g., the LCC Metaphor
dataset (Mohler et al., 2016) with metaphors
in multiple languages, along with scores for
novelty, metaphoricity, affect, and target and
source domains. While most other corpora are
designed to distinguish literal from figurative
expressions, several also annotate the concep-
tual mappings expressed by the metaphors
(e.g., Dodge et al., 2015; Gordon et al.,
2015; Shutova and Teufel, 2010). Like in our
work, crowdsourcing is often used to collect
metaphor annotations, e.g., for metaphoricity
(Hovy et al., 2013; Jang et al., 2015; Pedinotti
et al., 2021), aptness (Bizzoni and Lappin,
2019), novelty (Parde and Nielsen, 2018; Lugli
and Strapparava, 2024; Do Dinh et al., 2018),
or to elicit the metaphors (Zayed et al., 2019).

Our work is also located within the broader
context of manually or automatically identify-
ing LLM-generated language. The results are
mixed: Automatically generated medical stu-
dent essays can be reliably identified even
by medical laypeople (Doru et al., 2025), and
LLMs are perceived as less creative than
very creative humans (Bellemare-Pepin et al.,
2026). In other studies, LLMs do not differ from
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average humans in story-telling creativity (Or-
wig et al., 2024), and LLM-generated poetry is
not distinguishable from human-authored po-
ems (Porter and Machery, 2024; Wang et al.,
2025). Metaphor interpretations by LLMs
are even rated as more useful than those
by humans (Ichien et al., 2024). Automated
approaches for identifying LLMs as authors
are generally more reliable, probably due to
structural syntactic differences between LLM-
generated and human-written text (Zamaraeva
et al., 2025), but they can also be deceived
(Shahriar et al., 2025). We extend prior work
by analyzing metaphors and the criteria estab-
lishing human authorship, using analogy syn-
tax to avoid purely grammatical distinctions.

To the best of our knowledge, we present
the first study to investigate which features
distinguish human-written metaphors in both
the poetry and science domains, both in anno-
tation and classification, and to analyze why
metaphors are perceived as human-produced.
In particular, we highlight the importance of
conveying emotion in poetic language.

3. Dataset

Our dataset of novel analogies has two parts:
A poetry dataset and a science communica-
tion dataset, both containing human-written
and LLM-generated figurative language.

The datasets contain metaphors in the form
of analogies. The analogy syntax helps us to
keep the expressions comparable and avoid
confounding factors (e.g., differences in gram-
matical structure). Analogies are comparisons
of the form "X (the target) is like a Y (the
source)", possibly followed by an explanation
that elaborates on the properties of the source
that are transferred to the target. While con-
ceptual metaphor theory (Lakoff and John-
son, 2003) emphasizes that metaphors are
more deeply intertwined with language than
analogies, structural mapping theory supports
the view that, particularly for novel metaphors
(which often require explanation), they can be
understood as analogies. (Bowdle and Gen-
tner, 2005). Just like metaphors, analogies
can vary in their degree of novelty: "Life is
like a rollercoaster" uses "rollercoaster" as a
source, which has a dictionary entry for its non-

literal meaning. On the other hand, "Love is
like a wanderer who enters the house without
knocking" (from our data) is a novel analogy.
In this paper, we will use the terms "metaphor"
and "analogy" interchangeably.

For the poetry dataset, we adopt the ap-
proach of Ichien et al. (2024), who trans-
lated Serbian poetry into English to elicit novel
metaphors. We extract metaphorical compar-
isons from Persian and German poetry, as
well as 3 originally English metaphors. We
rephrase each metaphor as an "X is like a Y"
analogy if it is not already phrased that way.
E.g., if the text states "My life is an empty note-
book", we would record it in our dataset as "My
life is like an empty notebook", recording "my
life" as the target. If the poem contained an ex-
planation, we include it in the analogy. Overall,
we collected 20 examples. Two expert anno-
tators noted the primary emotions conveyed
by the metaphors, drawing from 6 types: love,
pain, longing, fear, pleasure, regret, with each
analogy assigned one or two emotion labels.

For the science dataset, we collect 20 analo-
gies that explain scientific concepts across dis-
ciplines, using the Deep Research component
of various LLMs, and manually verify their ori-
gin. We include only metaphors whose figura-
tive meanings are not defined in dictionaries.
All texts are originally written in English; there-
fore, the metaphors differ from the poetry set
not only in purpose and sentiment but also in
the degree of novelty, since they were already
part of the English language and accessible
to LLMs. All scientific analogies contained ex-
planations, which, again, we noted with the
analogies.

In the next step, we used different LLMs
to generate novel analogies (Claude Sonnet
4.5, ChatGPT 5, Gemini 2.5 and Mistral). The
LLMs were instructed to adhere to the analogy
syntax ("X is like a Y") and invent a source
"Y" for a given "X" (the target). As a stimulus,
we provide each LLM with the list of targets
from the human analogies. We thus arrive at
five distinct analogies per target (one human-
authored and 4 LLM-generated). For the po-
etry dataset, we instructed the LLM to select
two of our fixed set of 6 emotions and gen-
erate an analogy such that it conveys those
emotions. The distribution of emotions in both
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Origin words min max words min max

Human 20.4 9 56 54.0 19 110
LLM ∅ 23.3 9 39 44.1 26 75

Claude 25.2 22 30 47.2 39 60
ChatGPT 14.8 9 19 32.6 27 41
Gemini 31.1 25 39 58.6 36 75
Mistral 21.9 16 27 37.8 26 50

Table 1: Analogy word count by model

human-written and LLM-generated metaphors
leans toward "longing" and "love" (in 50% of
the analogies), with the remaining emotions
distributed roughly evenly.

For the science dataset, we provided identi-
cal instructions for syntax and novelty, omitted
emotion, and prompted the LLM to serve as
a science communicator. Each LLM gener-
ated one metaphor for each of the 2x20 tar-
gets, yielding 100 metaphors per dataset (20
written by humans, 80 generated by LLMs).
Table 1 shows the average, minimum, and
maximum word count of the analogies. The
poetry and science subsets differ not only in
the emotion conveyed but also in structure: hu-
man poetic analogies are, on average, 20.4
tokens long, whereas scientific metaphors are
54 tokens long, with much more variance in
the human analogies. For LLMs, poetic analo-
gies are longer than human ones (+3 tokens),
whereas scientific analogies are shorter (-7 to-
kens), with substantial variance across LLMs.

4. Annotation and Analysis

We first describe our crowdsourced annota-
tions. Then we conduct an initial analysis
of features that distinguish human metaphors
and features that make annotators perceive
them as human-written.

4.1. Annotation via Mechanical Turk

We used Amazon Mechanical Turk2 to crowd-
source annotations along the following di-
mensions for all metaphors: quality (asking
whether the analogy is a well-fitting image),

2https://www.mturk.com

writing (whether the author appears to be a
professional writer), creativity, and comprehen-
sibility, each rated on a Likert scale from 1
(very negative) to 5 (very positive). Further,
we asked participants whether they thought
the analogy could have been generated by a
machine, with 1 indicating it was definitely hu-
man and 5 indicating they definitely considered
it machine-generated.

For the poetic metaphors, we also asked
participants to assign the analogies’ conveyed
emotions by multiple choice. For the science
metaphors, we asked instead whether they
found the metaphors helpful ("helpfulness")
and whether they considered the author an
expert on the scientific topic ("expertise"). We
will provide the full set of questions in the Ap-
pendix. The results are shown in Table 2.

Each analogy was presented to 10 different
annotators, yielding high standard deviations
across all dimensions (0.74 for poetry and 0.78
for science, with "machine" showing the high-
est at 0.99). The overall picture indicates that
distinguishing human-written analogies from
generated analogies is difficult using the given
dimensions, with average LLM scores close
to human performance. Additionally, humans
cannot identify LLM metaphors (as shown by
the machine rating, which rates ChatGPT’s
analogies as most "human-like").

4.2. What marks human analogies?

Overall, we find very few dimensions that
distinguish human-written from machine-
generated analogies, and no significant dif-
ferences for scientific metaphors.

For the poetry dataset, humans showed
lower average scores for creativity, profes-
sional writing style, and overall quality. Across
individual models, only Claude differed signif-
icantly from human writing in creativity and
overall quality, whereas all models exceeded
human scores for writing style. While both
writing style and overall quality might have
been influenced by translating and rephras-
ing the metaphors as analogies, this should
not affect creativity. We also noted that anno-
tators disagreed more when judging human
poetry: we observed significantly lower inter-
annotator agreement for writing style in human
metaphors (standard deviation increased from
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Origin quality writing creativity comprehensible machine? helpful expert

Poe Sci Poe Sci Poe Sci Poe Sci Poe Sci (Sci only)

Human 3.74 3.83 3.57 3.88 3.75 3.69 3.83 4.03 3.23 3.21 3.81 3.36
LLM ∅ 3.87 3.87 3.85 3.85 3.94 3.75 3.86 4.02 3.25 3.24 3.73 3.36

Claude 3.94 3.93 3.90 3.92 4.09 3.82 3.83 4.06 3.24 3.14 3.78 3.34
ChatGPT 3.80 3.81 3.73 3.80 3.85 3.79 3.92 3.96 3.18 3.25 3.65 3.35
Gemini 3.87 3.90 3.88 3.83 3.87 3.73 3.78 3.99 3.33 3.33 3.82 3.40
Mistral 3.87 3.83 3.89 3.85 3.94 3.66 3.92 4.08 3.27 3.23 3.65 3.33

Table 2: Annotation scores for Poe[try] and Sci[ence]; scores ranging from 1 to 5; Values in boldface
differ significantly (p < 0.05 ) from human analogies.

Model Fear Longing Love Pain Pleasure Regret Overall

Human 73.5 57.0 68.5 63.5 73.5 76.0 68.7
LLM ∅ 71.1 57.6 54.1 65.8 65.5 73.6 64.6

Claude 73.5 59.0 56.0 67.0 65.0 73.5 65.7
ChatGPT 69.5 61.5 57.5 68.5 65.0 74.0 66.0
Gemini 74.0 62.0 56.0 70.0 70.5 75.5 68.0
Mistral 67.5 48.0 47.0 57.5 61.5 71.5 58.8

Table 3: Annotators’ emotion guessing accuracy by model (Poetry dataset only)

0.66 in LLMs to 0.82). While polished writing
is a sign of "LLM language," human-authored
poetic metaphors are more controversial, mir-
roring debates over the quality of artwork.

Subjectivity plays another role in differ-
entiating humans and LLMs: humans use
metaphors more reliably to convey emotion.
Table 3 shows the accuracy with which anno-
tators guessed the emotions underlying the
analogies. Note that the task is different for
human metaphors: LLMs selected the emo-
tions for which they generated analogies. For
humans, emotions were annotated post-hoc.
Thus, we would expect the emotions in the
LLM metaphors to be easier to infer because
the analogies are specifically generated to con-
vey those emotions, whereas in human analo-
gies we measure rater agreement with expert
annotators. Nevertheless, we find that, espe-
cially for "love" but also for "pleasure", convey-
ing emotions is significantly more effective with
human metaphors.

4.3. Which analogies appear human?

After having shown which features distinguish
human metaphors, we now investigate what
makes metaphors appear more human, i.e.,
which features correlate with a low "machine"

rating in our annotation scheme. A "machine"
score of 1 indicated that the annotator was cer-
tain the analogy was human-written, whereas
5 indicated that they attributed it to an LLM.

We find that human annotators cannot iden-
tify LLM-generated metaphors. This is al-
ready evident from the insignificant difference
in the "machine" rating of human and LLM
metaphors (0.02 for poetry, 0.03 for science).
We also evaluated the accuracy of the annota-
tors: by averaging each example’s "machine"
ratings and treating an average score below 3
as indicating human-written text, the accuracy
of human annotation is below chance (0.42
for poetry, 0.41 for science). Still, the percep-
tion of what distinguishes human metaphors
is partially accurate: as shown in Table 4, an-
notators assigned higher machine scores to
poetic texts when they also rated them as more
professionally written, which is consistent with
the true correlation. However, ratings are in-
consistent with respect to overall quality: for
poetic metaphors, the annotators considered
higher overall quality a sign of human-written
language, the opposite of the actual result.

We also observe several differences be-
tween the two datasets: More comprehensi-
ble poetry appears more machine-like (per-
haps because humans are assumed to ex-
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Dimension Poetry Science

writing + 0.29 + 0.09
comprehensibility + 0.12 − 0.13
creativity 0.00 + 0.26
quality + 0.25 + 0.06
helpfulness — + 0.02
expertise — + 0.29

emotion conveyance − 0.26 —

Table 4: Correlation (pearson’s ρ) between rat-
ings and “machine” score; boldface indicates sig-
nificance (p<0.05). Positive correlation means
a higher score makes the analogy look more
"machine-like", negative means more "human-like".

ercise greater artistic freedom), and more
comprehensible scientific metaphors appear
more human-like to the annotators. For sci-
entific metaphors, creativity and expertise are
strongly correlated with the "machine" score;
annotators attribute less creative and less in-
formed texts to humans.

For poetry, a key feature distinguishing hu-
man metaphors relates to our previous assess-
ment of conveying emotions: In cases where
annotators could reliably detect the emotions
of an analogy, they rated it as much more
human-like ("emotion conveyance" in Tab. 4).

5. Detecting LLM Analogies

We now complement our analysis of human-
specific analogy features with a series of clas-
sification experiments. We assess whether
machine-generated metaphors can be iden-
tified solely from their text and whether our
annotated features can serve as a valid proxy
for identifying machine-generated content. We
first distinguish human-authored analogies
from generic LLM-generated metaphors, and
then automatically classify human authors vs.
individual models. In a final experiment, we
test whether commercial large language mod-
els can tell machine-generated figurative lan-
guage from human-written metaphors.

5.1. Classifiers and Baselines

We implement classifiers based on either tex-
tual features or our annotations. All algorithms
were implemented using scikit-learn.

Classification by textual features

We first examine whether LLM-generated
metaphors can be identified directly from their
text. For this purpose, we extract sentence
embeddings for each analogy using RoBERTa
(Liu et al., 2019). We then classify the result-
ing vectors using a support vector machine
(SVM) with leaving-one-out cross-validation
(LOOCV). Note that this approach involves
features generated by a language model, but
does not use the LLM for direct classification.

Classification by annotation dimensions

We evaluate the predictive power of the anno-
tated dimensions by training a classifier on the
numerical annotated features and omitting the
emotion labels. For each example, all annota-
tion scores are averaged. Complementing our
earlier analysis of individual correlations, this
shows how our annotations interact for pre-
diction. We evaluated multiple classification
algorithms using LOOCV. We achieved the
best results for poetry with logistic regression,
and with Gradient Boosting for science.

Baselines

We provide two baselines for our classifiers:
First, we use an informed baseline that uses
text length as its only feature. As shown in
Table 1, the length difference between human-
written and machine-generated analogies is
significant. We thus train another support vec-
tor machine with the number of tokens as the
only feature and report it as the "Length" base-
line. Second, we provide the performance of
the human annotators on the balanced dataset.
As described before (Sec. 4.3), we average the
"machine" scores for each example and take
a score below 3.0 (the midpoint of our Likert
scale) to indicate a human author.

5.2. Humans vs. mixed LLMs

To generically distinguish human-written text
from automatically generated metaphors, we
downsample our dataset to achieve a bal-
anced setup: we include all human metaphors
(20 from poetry, 20 from science communi-
cation) and sample 20 machine-generated
metaphors per dataset, randomly selecting 5
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Text 0.83 0.60
Annotation 0.70 0.60

Length 0.73 0.70
Human 0.45 0.60

Table 5: Classification accuracy for identifying
machine-generated analogies, along with a naive
baseline and the human performance.

per language model. The accuracy of a ran-
dom baseline for this balanced dataset is 0.50.

Table 5 shows the results. For po-
etic metaphors, the text-based classifier
achieves the highest accuracy (0.83), sug-
gesting that substantial differences between
LLM-generated text and human-authored
metaphors can be derived from shallow tex-
tual features. The resulting accuracy exceeds
the length baseline by 0.1. Annotation-based
classification yields low accuracy, close to the
length baseline (0.70 vs. 0.73).

For the science dataset, the results con-
firm our earlier annotation-based insights: for
those more explanatory and less emotional
metaphors, there is little discriminative signal
for either human raters or model-based clas-
sifiers to exploit. Taking text length as the
only feature is the most reliable way to dis-
tinguish LLM-generated scientific metaphors
from human-written ones.

Human annotators appear to perform bet-
ter on the science dataset than on the poetic
metaphors, which is inconsistent with our other
findings. Note that the downsampled dataset
is insufficiently reliable for precise evaluation
of human performance; as we have shown pre-
viously, accuracy on the complete data is 0.42
for poetry and 0.41 for science (cf. Sec. 4.3),
which is equally low for both datasets.

5.3. Humans vs. individual LLMs

Because each LLM has its own specific lan-
guage characteristics, we also try to distin-
guish human poetry from individual LLMs. For
each LLM, we combine all analogies gener-
ated by that LLM and all human analogies,
and then evaluate classification accuracy.

The results (Table 6) present a different pic-
ture than in our previous experiment: while, on

average, the poetry dataset still yields better
LLM identification, the results vary much more
in the science context (with ChatGPT being
easier to identify as an LLM than in the poetic
context). This clearly shows that there is no
consistent LLM language, and while no LLM
can generate human-like poetic metaphors,
some are excellent at generating human-like
scientific analogies (Gemini, Mistral). Chat-
GPT and Claude might exhibit a particular
"LLM syntax" (cf. Zamaraeva et al., 2025),
which we tried to avoid by standardizing the
analogy syntax. However, the scientific analo-
gies often consist of multiple sentences and
thus exhibit greater grammatical variation.

The length-based baseline often outper-
forms other approaches, except for Mistral’s
and ChatGPT’s poetic analogies. Note that
Mistral, which is easiest to detect as a ma-
chine for poetry by a large margin, was also
the worst at conveying emotions. In science,
only Claude’s analogies slightly exceeded the
length baseline. Overall, the recognition of
most models appears to be possible by us-
ing surface patterns derived from text, but
those patterns are not intuitively perceived as
"machine-like" by humans. Furthermore, the
models vary substantially in their ability to gen-
erate human-like text, both across models and
across contexts.

5.4. Zero-Shot Classification with LLMs

Finally, we conduct an automatic annotation
experiment using zero-shot prompting on the
same Chatbots we used for text generation.
We use the same balanced dataset from
the first classification experiment (with mixed
LLMs) and ask the same LLMs to predict
whether each metaphor was written by a hu-
man or generated by a machine. To avoid data
leakage, we used new accounts and different
computers to retrieve the annotations.

The results (Table 7) show that, overall,
these automatic annotators outperform both
human raters and direct classification on both
datasets. In particular, Claude and Gemini
achieve perfect accuracy in detecting the ori-
gin of poetic metaphors, closely followed by
ChatGPT. Mistral does not demonstrate com-
parable performance and operates even be-
low chance for poetic metaphors. While ac-
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(Origin) Text Anno. Length Human Text Anno. Length Human

ChatGPT 0.73 0.48 0.63 0.50 0.85 0.58 0.88 0.63
Claude 0.78 0.68 0.93 0.53 0.75 0.43 0.63 0.55
Gemini 0.80 0.75 0.93 0.58 0.53 0.53 0.83 0.63
Mistral 0.95 0.68 0.63 0.55 0.68 0.50 0.70 0.58

Table 6: Classification results for identifying individual LLMs

Model Accuracy

(Classifier) Poe Sci

Claude 1.00 72.50
Gemini 1.00 87.50
Mistral 0.35 50.00
ChatGPT 92.50 65.00

Table 7: Zero-shot prompt test for LLM metaphor
identification using Chatbots as classifiers

curacy drops for science metaphors, Claude
and Gemini still perform remarkably well at
distinguishing human-written metaphors from
LLM-generated writing, outperforming all clas-
sification approaches and baselines.

These findings are consistent with our pre-
vious embedding-based classification results.
As shown previously, RoBERTa representa-
tions encode information that, to some extent,
distinguishes human and machine metaphors,
with more consistent results for poetic analo-
gies. Given that contemporary chatbots rely
on substantially larger and more sophisticated
language models, it is unsurprising that some
achieve strong performance in origin detection.
At the same time, the variation across models
suggests that this capability is neither uniform
nor domain-independent; rather, it depends
on both the underlying architecture and the
characteristics of the metaphor domain. Deter-
mining what features precisely they can exploit
remains a subject for future work.

6. Conclusion

We analyzed the differences between
human-written and machine-generated novel
metaphors. We first assembled two datasets
from poetry and science communication,
including human-written examples and their

matched LLM-generated counterparts. An
extensive crowdsourcing annotation revealed
that, for science metaphors, the origin was
largely unidentifiable using individual ratings,
whereas successful emotional conveyance
distinguished human poetic metaphors.
Further, the human metaphors are written
in less standardized language. We also
showed that automated methods for predicting
origins outperform human inspection, and that
LLMs perform best at distinguishing between
human- and machine-generated metaphors.

While our research confirms prior work
showing that LLMs express scientific
metaphors as proficiently as humans, we
show that the uniqueness of human language
remains evident in emotional poetic expres-
sions. While LLMs are excellent at generating
figurative language to explain complex con-
cepts, they struggle with generating less
concrete, more sentimental text.

Overall, we believe that more research is
necessary to understand how the cognition of
novel human metaphors differs from the me-
chanical assembly of figurative machine lan-
guage, and how both can (or cannot) be distin-
guished from standard language processing.
In future studies, we aim to identify additional
features that distinguish human figurative writ-
ing from LLM-generated text, while account-
ing for differences across LLMs and new do-
mains. Further, we aim to apply interpretability
methods to language models to better analyze
the mathematical processes behind metaphor
generation. Exploring how challenges with
emotional language relate to other LLM short-
comings can help identify the strengths and
weaknesses of automated writing relative to
human creativity, thereby enhancing the ex-
plainability of current LLMs and supporting
their responsible use.
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A. The Analogy Dataset

We provide the full dataset, includ-
ing MTurk annotations, under https:
//osf.io/3bgn4/overview?view_only=
addb6107053149e387df54647a30f063. Ad-
ditionally, we show the list of targets in table 8
(poetry) and table 9 (science), as well as the
full analogy set with origins for both datasets
in table 10 (poetry) and 14 (science).

# Poetry targets

1 you
2 we
3 my hands
4 the heart that’s had enough
5 we
6 you lie upon my heart
7 my soul is dancing
8 my breath feels
9 the tip of your hair

10 your love
11 time
12 my life
13 some people
14 your body and your cloth
15 my love and yours
16 love
17 you and I
18 your touch on my shoulder, meant to ease

my loneliness,
19 my mouth
20 regret and youth

Table 8: Poetry metaphor targets.

B. Prompts for Dataset Creation

The following prompts are used to gener-
ate the analogies using the targets from our
human-written dataset part (we omit the ac-
tual targets below, but they were given in the
prompt). Note that the naming of the "source"
might be confusing for someone familiar with
conceptual metaphor theory, where it should
be, in fact, the "target" or "tenor".

Poetic analogies

You are a poet.
I have a List of concepts /
phrases (""sources“).
I want you to invent metaphorical analogies

# Science targets

1 learning in a neural network
2 evolutionary adaptation
3 Higgs field and particle mass
4 black holes
5 a superconductor
6 quantum entanglement of photon pairs
7 metaphors in science communication
8 the vagus nerve
9 your body’s cells

10 the brain’s default mode network (DMN)
11 telomeres on chromosomes
12 dysplastic cells
13 entropy in thermodynamics
14 spacetime curvature
15 epigenetics
16 carbon dioxide accumulation in the atmo-

sphere
17 editing genes with the CRISPR technology
18 quantum superposition
19 protein folding
20 the event horizon of a black hole in space

Table 9: Science analogy targets.

("vehicles") describing the sources in
emotional language.
Please chose, for each individual metaphor,
two sentiments from the following list:
love, pleasure, longing, pain, fear, regret

Then generate the analogy.
The analogies should have the form
[source] is / are like [vehicle],
[potentially an explanation]

Example: "My head feels like a pounding bomb
of fire soup. I will burst at any time,
radiating heat and dark glowing thoughts."

In the example, I would provide "My head"
(source). You would first pick two emotions
(e.g., pain, longing),then choose a metaphor
that expresses each.
The analogies should be new metaphors;
they may not be found in Google, primary
literature, or even a dictionary.
Please verify that.

Be poetic and original.
I will give you a list with the sources along
with ids and a list of sentiments.
Please give back the list, adding
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columns for the complete metaphor,
the isolated vehicle, an explanation,
and the emotions you picked.

Scientific analogies

You are a professional science
communicator.
I give you a List of concepts / words
("sources"). I want you to invent
metaphorical analogies ("vehicles")
explaining the word in the style of a
science communicator.
The analogies should have the form
[source] is / are like [vehicle]:
[explanation]

Please explain a specific aspect about the
source.

Example: "Cybersecurity is like
seatbelts in cars: Initially deemed
unimportant and uncomfortable,
it turns out to be essential.

Now they are required by governance,
but nobody would buy a car
without seatbelts anyway."

The analogies should be new metaphors;
they may not be there on Google or even in
a dictionary.
Please verify that. In that respect,
my example was bad, because car metaphors
are rather common.

You can add specifications to the
source; e.g., if I give you
"cybersecurity" as a source,
you can choose
"Cybersecurity in large corporations"
as a source.

Please provide the analogy
("is like.../ or "are like...")
and an explanation.
I will give you a list with the sources along
with ids.

Please give back the list, adding columns
for the complete metaphor and the vehicle.

C. Mechanical Turk Tasks

In the following, we provide instructions and
questions used to elicit annotations from Me-
chanical Turk.

C.1. Poetry

Instructions: You are given a metaphor in form
of an analogy. Please rate the metaphor for us.
We will also ask you for the emotion this metaphor
conveys, and for its origin.

Analogies are “is like” or “are like” sentences, such
as “Kids are like glowworms: Both are bright, ner-
vous, never sleep at night, and a wonder of nature.”
Please tell us what you think about the analogy.
There is no right or wrong, we want your opinion.

The heart that’s had enough is like a locked
garden after the storm—its gates rusted shut,
its roses still bleeding perfume into the wind.

1. Do you think it is a good, well-fitting analogy? 1
means it’s bad, 5 means it’s excellent. (Score
from 1 to 5)

2. Do you think the writer was professional? 1
means it’s very likely an inexperienced writer or
student, 5 means it’s an excellent professional
writer. (Score from 1 to 5)

3. Do you think it is comprehensible? 1 means
it’s very cryptic, even with explanation; 5 means
it’s right on point and easy to understand, even
without explanation. (Score from 1 to 5)

4. Do you think it is creative? 1 means it’s very
common, 5 means it’s very original and unusual.
(Score from 1 to 5)

5. Which emotions are described with the
metaphor? You can check one or two. Please
tick at least one, at most two.
□ love □ pleasure □ longing □ fear
□ regret □ pain

6. Do you think the analogy has been written by a
machine? 1 means no, it’s definitely a human,
5 means yes, it’s definitely a machine. (Score
from 1 to 5)

7. Space for comments if you want to tell us some-
thing: (Free text field)

Figure 1: Annotation interface for the poetry
metaphor dataset as shown to crowd workers.

C.2. Science

63



Instructions: You are given a scientific metaphor
in form of an analogy. Please rate the metaphor
for us.

Analogies are “is like” or “are like” sentences, such
as “Kids are like glowworms: Both are bright, ner-
vous, never sleep at night, and a wonder of nature.”
Please tell us what you think about the analogy.
There is no right or wrong, we want your opinion.
The analogies are all about science topics. You do
not have to be proficient in the scientific topic to
answer the question.

Editing genes with CRISPR is like using a GPS-
guided scalpel: it navigates to an exact address
in the genome and makes a precise cut, en-
abling repairs that previously required guess-
work.

1. Do you think it is a good, well-fitting analogy? 1
means it’s bad, 5 means it’s excellent. (Score
from 1 to 5)

2. Do you think the writer was professional at writ-
ing? 1 means it’s very likely an inexperienced
writer or student, 5 means it’s an excellent pro-
fessional science communicator. (Score from 1
to 5)

3. Do you think it is comprehensible? 1 means
it’s very cryptic, even with explanation; 5 means
it’s right on point and easy to understand, even
without explanation. (Score from 1 to 5)

4. Is the metaphor helpful to understand the sci-
entific concept? 1 means it’s just confusing,
5 means you learned something new just by
reading this metaphor. (Score from 1 to 5)

5. Do you think it is creative? 1 means it’s very
common, 5 means it’s very original and unusual.
(Score from 1 to 5)

6. We need to check whether people read our
questions — please just tick “3” for the next
answer. (Score from 1 to 5)

7. Do you think the writer was an expert on the
scientific topic? 1 means no, it seems he or
she just writes about it, 5 means it’s probably a
scientist working on the topic. (Score from 1 to
5)

8. Do you think the analogy has been written by a
machine? 1 means no, it’s definitely a human,
5 means yes, it’s definitely a machine. (Score
from 1 to 5)

9. Space for comments if you want to tell us some-
thing: (Free text field)

Figure 2: Annotation interface for the science anal-
ogy dataset as shown to crowd workers.
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Table 10: Poetry metaphors and their origin.

# Origin Metaphor

1 Human You are like a glass of water after too many beers.
2 Human We are like a left-handed and a right-handed person who dream about flying:

you have a wing on your left shoulder, and I do have one on my right, and we
want to grow together and take off. Because we’re afraid to tear each other
apart, we just hold hands, and we scratch each others shoulder.

3 Human My hands are a chopping block and I cannot touch him. I cannot touch him
without not touching me.

4 Human The heart that’s had enough stays shut. Like an oyster that cloisters a spoil of
pearls, Untouched.

5 Human We were like an aeroplane made from a man and wife. We hovered a little
above the earth. We even flew a little.

6 Human You lie upon my heart as on a nest, Folded in peace, for you can never know
How crushed I am with having you at rest Heavy upon my life.

7 Human my soul is dancing like tripping shoes with breathless fire towards you
8 Human my breath feels like sand and lightning of thorns
9 Human The tip of your hair is like a scorpion tail lying on the moon of your face, an

omen unveiled.
10 Human Your love is like the sip of water given to a dove, just before the dagger touches

its throat.
11 Human Time is like unstoppable snow that settles on our brows and hair.
12 Human My life without you is like an empty notebook book, which keeps turning pages

after page in longing for your face.
13 Human Some people are like silkworm that spend their whole life weaving a cage, yet

dreaming only of flying.
14 Human Your body and your cloth are like the Garden of Eden and the gate to its secret.

As I open the gate, spring spills into the room, and in my arms, a flower named
you unfolds.

15 Human My love and yours, like two rivers, merged into one great flow, but alas! that
great river ended in a swamp.

16 Human Love is like a wanderer who enters the house without knocking.
17 Human You and I are like the sun and the morning star. I fade away when you shine.
18 Human Your touch on my shoulder, meant to ease my loneliness, is like brushing snow

from a snowman’s shoulder.
19 Human My mouth is like a scar on my face. I shut my lips so tightly as if the scar is

healing in silence.
20 Human regret and youth are like thorn and flower. Only thorns remain after a flower

dies.
21 ChatGPT You are like a candle burning in a locked room, filling the air with warmth I can’t

escape.
22 ChatGPT We are like two moths circling the same flame, thrilled by the light and terrified

of its heat.
23 ChatGPT My hands are like wilted leaves still trembling in the wind, remembering the

storms they once held.
24 ChatGPT The heart that’s had enough is like a fortress whose gates rust shut, still echoing

with old cries.
25 ChatGPT We are like waves meeting in the dark, touching only long enough to shimmer

and vanish.
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Table 11: Poetry metaphors and their origin. (continued)

# Origin Metaphor

26 ChatGPT You lie upon my heart like a velvet stone—soft in weight, heavy in silence.
27 ChatGPT My soul is dancing like a flame in a mirror, forever chasing its own reflection.
28 ChatGPT My breath feels like the ghost of a storm that never reached the shore.
29 ChatGPT The tip of your hair is like the edge of dawn—quiet light brushing away my

night.
30 ChatGPT Your love is like a house built on tides—beautiful, shifting, impossible to live in.
31 ChatGPT Time is like a patient thief, stealing faces first, then memories.
32 ChatGPT My life is like a field of echoes, each joy calling softly for another.
33 ChatGPT Some people are like unplayed songs, left waiting in the dust of the piano.
34 ChatGPT Your body and your cloth are like twin rivers of silk, flowing through my dreams.
35 ChatGPT My love and yours are like two mirrors facing each other—endless, but never

touching.
36 ChatGPT Love is like a wild fruit—sweet at first bite, bleeding on the tongue.
37 ChatGPT You and I are like parallel shadows stretching toward a sunset that will not wait.
38 ChatGPT Your touch on my shoulder, meant to ease my loneliness, is like sunlight through

broken glass—warm, but it cuts.
39 ChatGPT My mouth is like a gate trembling before confession.
40 ChatGPT Regret and youth are like twin ghosts holding hands, haunting the same photo-

graph.
41 Claude You are like a lighthouse built on dissolving sand, pulling my gaze across

impossible distances while the ground beneath your foundation whispers of
collapse.

42 Claude We are like two mirrors facing inward, creating an infinite tunnel of reflected joy
that we can never step inside without shattering the glass.

43 Claude My hands are like empty theaters after the last performance, still warm with
phantom applause, aching for actors who will never return to the stage.

44 Claude The heart that’s had enough is like a well that’s learned to fear the bucket,
flinching at the sound of rope uncoiling in the dark.

45 Claude We are like two flames sharing the same candle wick, burning twice as bright
while knowing we consume our foundation faster together.

46 Claude You lie upon my heart like snow on a greenhouse roof, beautiful in your cold
weight, keeping darkness in while promising to melt with spring that may never
arrive.

47 Claude My soul is dancing like a kite with a severed string, delirious with newfound
freedom yet falling slowly toward the inevitable earth.

48 Claude My breath feels like water trying to climb stairs, struggling upward against its
nature, spilling and gathering, never quite reaching the landing.

49 Claude The tip of your hair is like the last page of an unfinished book, trailing off
mid-sentence, inviting my fingers to write the ending that doesn’t exist.

50 Claude Your love is like an ancient bridge I’ve crossed too heavily, hearing new groans
in the timber with each return journey, wondering which crossing will be my
last.
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Table 12: Poetry metaphors and their origin. (continued)

# Origin Metaphor

51 Claude Time is like a river carving its canyon backward, eroding yesterday before
tomorrow, leaving me stranded on a shrinking island of present moments.

52 Claude My life is like a garden where I’ve planted only question marks, now blooming
into shapes I can’t name, beautiful and useless for harvest.

53 Claude Some people are like photographs developing in reverse, growing dimmer with
each year of knowing them, until they’re just blank paper that once held faces.

54 Claude Your body and your cloth are like a violin still singing after the bow has lifted,
the fabric holding the vibration of your form in its folds.

55 Claude My love and yours are like two roots growing from opposite sides of a stone,
reaching toward each other through the dark, scraping granite with every inch
of progress.

56 Claude Love is like a bird building its nest inside a closing fist, singing sweetly while
arranging twigs in a space that’s learning to crush.

57 Claude You and I are like two clocks set to different time zones, both keeping perfect
time, both correct, never sharing the same hour together.

58 Claude Your touch on my shoulder, meant to ease my loneliness, is like placing a single
candle in a cathedral of darkness—it only shows me how vast the emptiness
truly is.

59 Claude My mouth is like a train station for words that missed their departure, crowding
the platform with tickets to conversations we never boarded.

60 Claude Regret and youth are like twins born facing opposite directions, one watching
the sunrise the other never saw, the other seeing the sunset the first one can’t
remember.

61 Gemini You are like a newly discovered planet, veiled in a brilliant magnetic storm. The
light is irresistible, but the turbulence threatens to shred my vessel.

62 Gemini We are like a half-forgotten song, played on a scratched vinyl record, where
the melody still thrills, but the skips are where the joy falls silent.

63 Gemini My hands are like the dry riverbeds of an ancient drought, cracked and hollowed
out from where the water used to run, yearning for the returning tide.

64 Gemini The heart that’s had enough is like a fortress whose drawbridge is rusted shut
and reinforced with diamond. It is impenetrable, guarding against invasion, but
also trapping its own soft, glowing core inside.

65 Gemini We are like a shared glance across a crowded, soundless cathedral, a fleeting
moment of pure, vibrant recognition that asks for more, but cannot break the
distance between the aisles.

66 Gemini You lie upon my heart like the heavy, cold marble slab of a tombstone, pressing
out my breath and sealing the space where lighter, living feelings should stir.

67 Gemini My soul is dancing like a sudden, dazzling solar flare blooming from a star,
pure energy unleashed, bathing the dark silence in golden, unburdened heat.

68 Gemini My breath feels like a fraying rope pulled taut across a sharpened rock. Each
shallow inhalation cuts deeper, and the slightest movement will snap the whole
fragile lifeline.

69 Gemini The tip of your hair is like the finest strand of spun moonlight, impossibly
delicate and beautiful, a silver thread I follow through the dark, knowing I can
never gather it all.

70 Gemini Your love is like a massive, silent glacier, floating under a summer sky. It is
beautiful and cool to the touch, but the unseen, submerged power of it holds
the threat of inevitable, indifferent collapse.

71 Gemini Time is like a swift, unseen river that only flows backward, dragging all our
moments into a dark wake, where every current regret can be seen but never
retrieved.

72 Gemini My life is like an enormous, half-completed canvas of storm-tossed seas, filled
with rich, deep colors, but the horizon is yet unpainted, waiting for the one
shade that will make it whole.

73 Gemini Some people are like a flock of mirrored crows that never blink, watching your
every movement with an unsettling, total clarity, showing you the exact shape
of your past mistakes.

74 Gemini Your body and your cloth are like a newly bloomed midnight-blue flower that
folds inward when touched. Its textures are a soft pleasure, and its modesty is
a precious invitation to reverence.
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Table 13: Poetry metaphors and their origin. (continued)

# Origin Metaphor

75 Gemini My love and yours are like the twin, opposing currents of a subterranean
spring, both necessary for the flow of life, but their ceaseless collision creates
a powerful, aching pressure in the stone chambers.

76 Gemini Love is like a vast, empty ballroom with a single, spinning chandelier, shedding
light on the dust, desirable for its brilliance, but terrifying in the echoing silence
it highlights.

77 Gemini You and I are like a perfectly tuned, high-tension wire stretched between two
distant peaks. The vibration when we touch is pure music, but the stretch of
the cable represents an endless, unyielding distance.

78 Gemini Your touch on my shoulder, meant to ease my loneliness, is like a sudden, brief
rain shower on a parched battlefield. It offers a gentle love, yet only deepens
the regret for the drought I allowed to settle there.

79 Gemini My mouth is like a hollow made of warm, sculpted porcelain, sensitive to the
lightest press and capable of soft beauty, but utterly fragile and fearful of the
noise that could crack its gentle shell.

80 Gemini Regret and youth are like two children playing with a shattered, silver mirror.
They are forever trying to piece together a beautiful reflection from the painful,
sharp fragments of what they once saw, wishing the surface were whole again.

81 Mistral You are like a constellation I trace with my fingertips in the dark—each star a
promise, each silence a galaxy of what could be.

82 Mistral We are like two rivers that forget they are bound for the same sea, carving
separate canyons just to meet again in the roar of the falls.

83 Mistral My hands are like birds that built a nest in your absence, only to find their wings
too heavy with the weight of waiting.

84 Mistral The heart that’s had enough is like a locked garden after the storm—its gates
rusted shut, its roses still bleeding perfume into the wind.

85 Mistral We are like a song played backward—each note a memory, each silence a
place we dared not go.

86 Mistral You lie upon my heart like a map folded wrong—every crease a border I can’t
cross, every edge a place I’ve already lost.

87 Mistral My soul is dancing like embers leaping from a fire—each spark a laugh, each
fall a whisper of ash.

88 Mistral My breath feels like a kite string tangled in the branches of a tree I can’t climb—
each pull a gasp, each knot a secret I can’t name.

89 Mistral The tip of your hair is like the last brushstroke on a painting I never finished—
soft, deliberate, and already fading.

90 Mistral Your love is like a lighthouse I mistook for the moon—its beam a guide, its
absence a tide that pulls me under.

91 Mistral Time is like a thief who only steals what you’ve already lost—each pocket
empty, each memory a ghost in the hallway.

92 Mistral My life is like a book with every other page torn out—each remaining word a
clue, each missing one a wound.

93 Mistral Some people are like shadows cast by a fire—warm to look at, but impossible
to hold.

94 Mistral Your body and your cloth are like a letter written in ink that runs when touched—
each word a promise, each smear a secret.

95 Mistral My love and yours are like two mirrors facing each other—each reflection a
world, each crack a place the light escapes.

96 Mistral Love is like a bridge built between cliffs—each step a risk, each handrail a story
we tell ourselves to keep walking.

97 Mistral You and I are like two clocks in the same room—each tick a heartbeat, each
chime a place we almost met.

98 Mistral Your touch on my shoulder is like a key turned in a lock that opens into another
lock—each click a hope, each stuck door a silence.

99 Mistral My mouth is like a cave where echoes go to die—each word a ghost, each
silence a tomb.

100 Mistral Regret and youth are like twin rivers—one clear and rushing, the other thick
with silt, both emptying into the same dark sea.
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Table 14: Science analogies and their origin.

# Origin Metaphor

1 Human Learning in a neural network is like sculpting with a million tiny hands. Each hand
makes a minuscule adjustment to the clay (the data), and through countless iterations,
a complex form (the learned pattern) emerges, far beyond what any single hand could
create.

2 Human Evolutionary adaptation is like a tinkerer constantly modifying an existing machine,
rather than a master engineer designing from scratch. Each modification has to work
with what’s already there, leading to sometimes clumsy but functional solutions.

3 Human The Higgs field is like a celebrity party, and particles are the guests. Some particles
are very popular and are constantly mobbed by the crowd, making them move slowly
(giving them mass). Others are less popular and can zip through the room unhindered
(having less or no mass).

4 Human A supermassive black hole at the center of a galaxy is like the quiet, gravitational heart
of a cosmic city. It doesn’t actively ’eat’ everything, but its immense gravity organizes
the flow of stars and gas around it, defining the very structure and dynamics of the
entire metropolis.

5 Human A room-temperature superconductor is like a dance floor where a rowdy conga line
suddenly becomes an orderly ballroom dance.

6 Human Quantum Entanglement of photon pairs is like a pair of shows kept in two separate
boxes The moment you identify one shoe, the nature of the other (whether it is the left
or right shoe) is instantly discerned, regardless of its location in the universe. However,
the intriguing factor is the inherent uncertainty associated with the identification
process until the exact moment of observation.

7 Human Metaphors [in science communication] are like zealous fungi that colonise different
ecological niches, their presence and impact proliferates across key biological con-
cepts.

8 Human The vagus nerve is like the body’s internal internet cable, running from the brainstem
down to the gut and major organs. It’s the primary two-way highway for unconscious
communication, sending signals about our internal state up to the brain and sending
regulatory commands back down.

9 Human Your body’s cells are like meticulously managed mini-cities, each with its own power
plants (mitochondria), waste disposal systems (lysosomes), communication networks,
and factories (ribosomes) constantly working in coordinated harmony to sustain the
larger organism.

10 Human The brain’s default mode network (DMN) is like the mind’s internal radio station
that plays when you’re not actively listening to anything else. It’s where your mind
wanders, daydreams, and reflects on self and others, but sometimes, in conditions
like depression, it can get stuck on a repetitive, negative playlist.

11 Human Telomeres on chromosomes are like shoelace aglets: Telomeres are the ends of
chromosomes, and much like the cap at the tip of your shoelace (an aglet), they help
maintain chromosome integrity by preventing the ends from fraying. As cells divide,
telomeres shorten like worn aglets.

12 Human Dysplastic cells are like weeds that have overgrown a garden. They choke everything
else out, explaining pancytopenia (low blood counts). The way to treat it is to use
intensive chemotherapy - a ’weed killer’ that clears out the abnormal cells so normal
cells can grow back.

13 Human Entropy in thermodynamics is like a teenager’s meyys bedroom If no energy or work
is put in, a room quickly becomes messy and disordered - high entropy. If energy is
input in the form of cleaning up and putting everything away, the room returns to a
state of order or low entropy. The universe tends toward disorder unless energy is
expended to maintain organization.
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Table 15: Science analogies and their origin. (continued)

# Origin Metaphor

14 Human Spacetime curvature is like a bowling ball on a rubber sheet: Imagine a rubber sheet
stretched out. Place a bowling ball on the sheet - the material deforms around the
mass. Roll a golf ball across the sheet and its motion changes in response to the
deformation. This is how mass curves spacetime and creates gravity - not as a
mysterious force, but as objects following curved paths in warped space.

15 Human Epigenetics is like a pianist playing the piano: If the genome is the piano keyboard,
specific and well defined, then epigenetics is the pianist who plays it. DNA provides
the static blueprint, but epigenetic processes determine when and how each key can
be struck, changing the tune being played. The piano remains important, but the
pianist - the epigenome - brings the static genetic code to life.

16 Human Carbon Dioxide accumulation in the atmosphere is like a bathtub filling with water:
Pouring water in is like emissions; the drain is Earth’s ability to absorb CO2. If you
fill it faster than it drains, the level rises. We are now adding about twice as much
CO2 as natural processes remove. Stabilizing requires cutting emissions to the rate
at which they are removed - at least half.

17 Human Editing genes with the CRISPR technology is like using malware on a city’s internet:
The greater metropolis represents the body, the suburbs are organs, the buildings are
cells, the people are proteins, and the internet is DNA. CRISPR is malware that can
search for any chosen 20-character line of code and corrupt it.

18 Human Quantum superposition is like a marble rolling in a bowl: In atomic ion experiments,
we can make an atomic marble roll back and forth just as a marble would in a real
bowl. At some instance the atom will be on the right side, then on the left side. But
we can also create a state where the atom is both on the right side of the bowl and
the left side of the bowl at the same time.

19 Human Protein folding is like Origami: Proteins, the essential building blocks of life, can only
function if they are folded properly. The protein sheet is similar to origami paper. Both
need to be measured and folded accurately. Precision, perfection and patience are
of utmost importance. If we make a mistake in one of the folds, we end up with an
unstable, inaccurate structure, just as misfolded proteins can lead to disease.

20 Human The event horizon of a black hole in space is like a waterfall: Space flows toward
the black hole like a river flows toward a waterfall. Outside the horizon, space falls
inward at leass than the speed of light, so a "photon-fish" swimming upstream can
make headway against the current. At the horizon, space falls at exactly the speed of
light - a photon swimming directly upstream stays in place, swimming frantically but
going nowhere. Inside the horizon, the space waterfall falls faster than light, carrying
everything inevitable toward the singularity. Just as a fish sweot opver a waterfall
cannot swim back up, nothing past the even horizon can return.

21 ChatGPT Learning in a neural network is like a coral reef building itself polyp by polyp: each
training example lays down a wafer-thin adjustment, and over countless iterations the
once-open water hardens into an intricate architecture that channels future currents
of information.

22 ChatGPT Evolutionary adaptation is like a jazz standard being re-interpreted by successive
generations of musicians: every player keeps the riffs that groove with the environment
and drops the sour notes, gradually refining the tune for its changing audience.

23 ChatGPT The Higgs field and particle mass are like invisible velvety curtains hanging across a
stage: when different actors push through, the fabric clings to some more than others,
slowing them just enough to give them the sensation of weight.

24 ChatGPT Black holes are like a library’s incinerator chute with a one-way, time-locked door:
once a book slides in it can never be borrowed again, yet the furnace glows with a
cryptic heat that hints a whole story was sacrificed.

25 ChatGPT A superconductor is like a circular maglev race track coated in quantum Teflon: nudge
the runners once and they loop forever, paying no energy toll to friction or resistance.
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Table 16: Science analogies and their origin. (continued)

# Origin Metaphor

26 ChatGPT Quantum entanglement of photon pairs is like twin improvisational dancers on opposite
stages wearing motion-capture suits: spin one and, regardless of distance, the other
instantly mirrors the move, as if choreography itself ignores geography.

27 ChatGPT Metaphors in science communication are like inflatable hiking bridges stretched over
conceptual canyons: they may wobble, but they let audiences cross gulfs of unfamiliar
math without waiting for a permanent suspension bridge.

28 ChatGPT The vagus nerve is like a diplomatic courier on a slow river barge that threads every
organ kingdom: it delivers cease-fire telegrams that persuade local militias of muscle
and gut to stand down from fight-or-flight hysteria.

29 ChatGPT Your body’s cells are like billions of pocket-sized startups all reading the same business
plan: each pivots to a niche market, collaborates with neighbors, and gracefully
shutters when conditions demand a reboot.

30 ChatGPT The brain’s default mode network is like a city’s nocturnal street-sweeper fleet: as
rush-hour thinking eases, they glide through mental avenues, tidying memories and
sketching tomorrow’s routes while the mind idles at the lights.

31 ChatGPT Telomeres on chromosomes are like wax seals on old letters: they protect the mes-
sage inside from fraying or contamination, but each time the letter is reopened and
re-sealed, a bit of that protective wax gets used up.

32 ChatGPT Dysplastic cells are like architectural blueprints with smudged lines: the overall shape
is still recognizable, but the distortions warn you that the construction might soon go
dangerously off-plan.

33 ChatGPT Entropy in thermodynamics is like a library whose books slowly migrate out of order:
without constant effort to re-shelve them, the natural tendency is toward increasing
disorganization.

34 ChatGPT Spacetime curvature is like a riverbed carved by passing water: the flow (mass–
energy) shapes the channel, and in turn the channel guides every future current that
moves through it.

35 ChatGPT Epigenetics is like sticky notes placed on a manuscript: they don’t change the words
themselves, but they tell the reader which passages to highlight, whisper, skip, or
shout aloud.

36 ChatGPT Carbon dioxide accumulation in the atmosphere is like a slowly thickening quilt over a
cooling body: at first it feels comforting, but add enough layers and the trapped heat
becomes oppressive.

37 ChatGPT Editing genes with CRISPR is like using a GPS-guided scalpel: it navigates to an
exact address in the genome and makes a precise cut, enabling repairs that previously
required guesswork.

38 ChatGPT Quantum superposition is like a coin humming on its edge before it falls: it occupies
many potential outcomes at once, only settling into a definite state when it finally tips.

39 ChatGPT Protein folding is like origami instructions hidden inside the paper itself: the shape
emerges not from an external folder, but from the internal cues that make the paper
fold along certain lines.
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Table 17: Science analogies and their origin. (continued)

# Origin Metaphor

40 ChatGPT The event horizon of a black hole is like a cosmic one-way security turnstile: once
anything passes through, even information loses any legal right to exit again.

41 Claude Learning in a neural network is like a jazz ensemble improvising together: Each
musician (neuron) listens to subtle cues from others, gradually synchronizing their
performance through countless micro-adjustments until the entire group creates
harmonious music none could produce alone.

42 Claude Evolutionary adaptation is like a master locksmith working in complete darkness:
With no blueprint or plan, countless random key variations are tried against an ever-
changing lock (environment), with only the keys that happen to fit being copied and
modified further.

43 Claude The Higgs field is like an invisible cosmic molasses that permeates all space: Most
particles get "stuck" in this field to varying degrees, which we perceive as their mass,
while photons slip through completely unstuck, remaining massless and traveling at
light speed.

44 Claude Black holes are like cosmic trapdoors with broken hinges: Once matter falls through
the event horizon, there’s no mechanism in the universe’s physics that can swing that
door back open—not because the door is locked, but because the hinges themselves
have been fundamentally severed by extreme spacetime curvature.

45 Claude A superconductor is like a perfectly choreographed conga line of electrons: When
cooled sufficiently, electrons pair up and move in perfect synchronization with zero
resistance, like dancers who’ve practiced together so extensively they never step on
each other’s feet or break the rhythm.

46 Claude Quantum entanglement of photon pairs is like identical twins sharing the same dream:
No matter how far apart they are, when one twin experiences something in the dream,
the other instantly experiences the complementary sensation—not through any signal
between them, but because they’re fundamentally sharing the same quantum "dream
state."

47 Claude Metaphors in science communication are like cognitive bridges built from familiar
materials: They allow minds to cross from the known territory of everyday experience
into the alien landscape of scientific concepts, but sometimes these bridges can only
carry you so far before you need to learn the native language of mathematics and
experimentation.

48 Claude The vagus nerve is like the body’s diplomatic ambassador: It travels extensively
throughout the body’s territories, constantly negotiating between the brain’s central
government and the various organ systems, sometimes calming tensions and other
times relaying urgent messages that require immediate attention.

49 Claude Your body’s cells are like autonomous city-states in a vast federation: Each cell gov-
erns itself with its own internal politics (organelles), trades resources with neighbors,
follows federal laws (genetic instructions), and can even vote to self-destruct for the
good of the whole civilization when compromised.

50 Claude The brain’s default mode network is like a theater’s backstage crew during intermission:
When the main performance (focused attention) pauses, this network springs into
action—reviewing past scenes, rehearsing future acts, and maintaining the narrative
continuity that makes the overall production of consciousness feel seamless.

51 Claude Telomeres on chromosomes are like the ink cartridges in a printer: each print job
consumes a bit of ink, and while the printer keeps working fine, eventually the cartridge
runs dry and the machine simply stops printing altogether — not because anything is
broken, but because it has consumed its finite supply.

52 Claude Dysplastic cells are like employees trained by a mentor who developed bad habits:
they’re not yet rogue or malicious, but their work shows troubling deviations from
proper protocols — still salvageable with retraining, but if left uncorrected, they may
eventually go fully off-script.
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Table 18: Science analogies and their origin. (continued)

# Origin Metaphor

53 Claude Entropy in thermodynamics is like paint spilled on a floor: technically, all the molecules
are still there, and the laws of physics don’t forbid them from spontaneously re-
collecting into the can — it’s just so astronomically improbable that you’d wait longer
than the universe’s lifetime for it to happen.

54 Claude Spacetime curvature near massive objects is like reading through a book where the
text gets progressively denser: near the center, every inch of page contains far more
words, so traversing the same physical distance takes much longer and bends your
attention inward.

55 Claude Epigenetics is like placing sticky notes throughout a reference manual: the printed
text hasn’t changed, but those flags determine which chapters actually get read and
how often — and these notes can be moved, added, or removed based on changing
circumstances.

56 Claude Carbon dioxide accumulation in the atmosphere is like a sink where the drain is slowly
clogging: even if you reduce how much water you’re pouring in, the level keeps rising
because less is going down than before — stabilization requires not just turning down
the tap, but unclogging the drain or turning the flow down far more than most expect.

57 Claude CRISPR gene editing is like giving a librarian GPS coordinates for a specific sentence
in one book among millions, plus a bottle of correction fluid: she can find exactly that
passage and white out a word — but what happens after depends on whether the
library has a good replacement text or just guesses what should go there.

58 Claude Quantum superposition is like a sealed ballot that hasn’t been counted yet: it’s
not that we simply don’t know the vote — the voter genuinely hasn’t committed to
either candidate until the moment the envelope is opened, at which point the choice
crystallizes into one definite outcome.

59 Claude Protein folding is like a parachute that must pack itself into its container: the final
shape is utterly critical for function, the starting material is just loose fabric, and
while the correct configuration exists, getting there reliably from a tangled state is an
engineering feat that nature mastered long before we understood it.

60 Claude The event horizon of a black hole is like the point on a descending escalator where
you’re moving downward faster than you could ever climb back up: there’s no wall, no
special marking, nothing you’d notice as you cross it — but from that step onward,
every direction you walk leads inexorably to the bottom.

61 Gemini Learning in a neural network is like a glacier’s advance: It’s a slow, imperceptible
reshaping of the landscape, where each tiny movement of ice and rock, accumulated
over vast stretches of time, ultimately carves out immense valleys and peaks, re-
flecting the persistent, subtle adjustments of synaptic weights that sculpt a network’s
understanding of data.

62 Gemini A superconductor is like a perfectly choreographed ballet: All the dancers (electrons)
move in absolute unison and harmony, anticipating each other’s every move, flowing
effortlessly across the stage (the material) without any collisions or wasted motion,

63 Gemini The Higgs field and particle mass are like a persistent rumor in a bustling market: The
more "popular" a particle (the more it interacts with the Higgs field), the more it gets
"slowed down" and "weighed down" by the constant chatter and interactions with the
rumor (the Higgs field particles), giving it inertia and making it harder to push around,
while less popular particles sail through relatively unimpeded.
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Table 19: Science analogies and their origin. (continued)

# Origin Metaphor

64 Gemini Black holes are like cosmic tax collectors: They have an undeniable gravitational pull,
drawing in everything within their jurisdiction (event horizon), irrespective of its nature
– light, matter, information – accumulating it into an incredibly dense, unrecoverable
"revenue stream," from which nothing can escape their ultimate collection.

65 Gemini A superconductor is like a perfectly choreographed ballet: All the dancers (electrons)
move in absolute unison and harmony, anticipating each other’s every move, flowing
effortlessly across the stage (the material) without any collisions or wasted motion,
resulting in a performance (current) that is flawlessly efficient and entirely without
friction.

66 Gemini Quantum entanglement of photon pairs is like synchronized swimming for light: Two
performers (photons) are linked in such a way that even when separated by vast
distances, a precise measurement of one’s orientation instantly determines the corre-
sponding orientation of the other, as if they are performing a complex, pre-programmed
routine perfectly in sync, no matter how far apart they are.

67 Gemini Metaphors in science communication are like interstellar probes: They are carefully
crafted vessels launched from the familiar shores of everyday experience into the
vast, unknown cosmos of complex scientific concepts, carrying a simplified yet ac-
curate representation that allows the mind to explore and grasp distant, otherwise
inaccessible phenomena.

68 Gemini The vagus nerve is like a diplomatic courier service for your body: It’s a vast, bidirec-
tional information highway, carrying urgent and nuanced messages of status and need
between your brain (the central government) and most of your major organs (various
departments), ensuring coordinated responses and maintaining internal harmony,
even during times of stress.

69 Gemini Your body’s cells are like a city’s micro-economies: Each cell is a self-contained unit,
constantly engaging in intricate metabolic transactions, importing raw materials, gen-
erating energy currency (ATP), producing specialized goods and services (proteins,
hormones), and managing waste, all while contributing to the overall function and
prosperity of the larger urban organism.

70 Gemini The brain’s default mode network (DMN) is like an orchestra’s tuning session: Even
when the main performance (focused task) isn’t happening, this specific ensemble of
brain regions is subtly active, harmonizing its instruments (neural circuits), reflecting
on past pieces, and anticipating future ones, ensuring that when the conductor’s baton
rises, the entire symphony is ready to play in perfect concert.

71 Gemini Telomeres are like the burn rate of a scented candle: The full candle represents the
chromosome with its cap, and the progressive melting and shortening of the candle’s
wick and wax is the cell division process. Once the candle burns down to the base, its
function ends, much like the limit of cellular division (the Hayflick limit) when telomeres
are too short.

72 Gemini Dysplastic cells are like the pilot light on an old gas stove: They are not a full-blown
inferno (cancer) yet, but they represent an abnormal state—an energy-inefficient,
low-level ignition that should not be continuously on. It’s a clear, persistent warning
sign of instability that could lead to an uncontrolled, dangerous blaze if not addressed.

73 Gemini Entropy in thermodynamics is like the diffusion of a drop of colored ink in a glass of
still water: The highly ordered, concentrated drop of ink will inevitably spread out until
the color is uniformly and irreversibly distributed throughout the entire volume. This
movement from a state of low-probability order to a state of high-probability disorder
is the universe’s natural tendency toward maximum entropy.

74 Gemini Spacetime curvature is like the weight-based distortion of a trampoline surface: A
massive object, such as a planet or star, is not pulling smaller objects toward it with an
invisible "force," but rather, its mass is warping the fabric of the trampoline (spacetime).
Smaller objects, like marbles or light, follow the dips and valleys created by the larger
mass, which we interpret as gravity.
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Table 20: Science analogies and their origin. (continued)

# Origin Metaphor

75 Gemini Epigenetics is like the annotation layer of a digital book: The underlying text (the
DNA sequence) remains fixed and unedited. However, a separate, dynamic layer of
highlights, notes, and sticky tabs (epigenetic marks like methylation) dictates which
parts of the text are read (transcribed into genes), when they are read, and how loudly
they are expressed, effectively altering the story’s presentation without changing the
words.

76 Gemini Carbon Dioxide accumulation in the atmosphere is like the slow, silent rise of a
bathroom sink’s overflow plug: Day after day, we keep the faucet running (emissions),
and the water level rises steadily. While the overflow plug (the natural carbon sinks)
can handle the initial, gradual rise, its capacity is finite. Once the water crests that
plug, the damage (climate change) accelerates rapidly and is irreversible without
drastic intervention.

77 Gemini Editing genes with the CRISPR technology is like the digital "Find and Replace"
function in a massive document: The guide RNA is the search query that precisely
locates a specific, often minute, sequence of text (the target gene). The Cas9 enzyme
is the cursor and editor, capable of cutting out the unwanted text (the faulty gene)
and inserting new, corrected text (a functional gene) with unparalleled speed and
precision.

78 Gemini Quantum superposition is like the musical chord played by a single, vibrating violin
string: The string is simultaneously holding the potential for every single harmonic
and overtone in its possible range of sounds. It is only when an ear (the observer)
listens (takes a measurement) that the string collapses from all possibilities into a
single, definitive note (a single eigenstate).

79 Gemini Protein folding is like the deployment of a pre-packed, multi-sectional emergency
bridge: The unfolded protein is a long, linear series of linked parts (amino acids).
As it emerges, it rapidly and spontaneously snaps into a highly specific 3D structure
(the bridge’s functional form) guided by chemical interactions, because only that final
shape will allow it to cross the gap and perform its specific job.

80 Gemini The event horizon of a black hole in space is like the boundary where a flowing river’s
speed exceeds a boat’s maximum speed: Before this point, a boat (light or matter)
can choose to turn around and escape. Once the river’s current (spacetime) is flowing
faster than the boat’s engine can counteract (the speed of light, $c$), the boat is
inevitably pulled toward the waterfall (the singularity) and can never return, regardless
of its efforts.

81 Mistral Learning in a neural network is like sculptors refining a block of marble: Just as sculp-
tors chip away at marble to reveal a statue, neural networks refine their connections
through learning, gradually revealing an optimized model.

82 Mistral Evolutionary adaptation is like a library reorganizing its books based on reader
preferences: Similar to how a library might rearrange its collection to better suit
the interests and needs of its patrons, species adapt over time to better fit their
environment.

83 Mistral The Higgs field and particle mass are like a cosmic soup that particles swim through:
Just as objects moving through a thick soup encounter resistance, particles gain mass
as they interact with the Higgs field.

84 Mistral Black holes are like cosmic vacuum cleaners: Similar to how a vacuum cleaner pulls
in debris, black holes draw in matter and light with their intense gravitational pull.

85 Mistral A superconductor is like a frictionless ice rink for electrons: Just as skaters glide
effortlessly on ice, electrons move through a superconductor without resistance,
allowing for perfect conductivity.

86 Mistral Quantum Entanglement of photon pairs is like a pair of magical walkie-talkies: Just as
messages sent through these walkie-talkies are instantly heard by the other, changes
in one entangled photon are instantly reflected in its partner, no matter the distance.

87 Mistral Metaphors in science communication are like bridges made of light: Just as these
ethereal bridges connect distant lands, metaphors connect complex scientific ideas to
everyday experiences, making them accessible.
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Table 21: Science analogies and their origin. (continued)

# Origin Metaphor

88 Mistral The vagus nerve is like the body’s internal fiber-optic network: Similar to how fiber-
optic cables transmit vast amounts of data quickly, the vagus nerve transmits signals
throughout the body, influencing various bodily functions.

89 Mistral Your body’s cells are like tiny biological factories: Just as factories produce and
manage goods, cells produce energy and materials, managing the body’s needs and
functions.

90 Mistral The brain’s default mode network (DMN) is like the brain’s screensaver mode: Similar
to how a screensaver activates when a computer is idle, the DMN activates when the
brain is at rest, facilitating daydreaming and self-reflection.

91 Mistral Telomeres on chromosomes are like the protective plastic tips on shoelaces: They
prevent the lace (DNA) from fraying (degrading) over time, ensuring the lace (chromo-
some) remains intact and functional for as long as possible.

92 Mistral Dysplastic cells are like rebellious soldiers in an army: Instead of following orders
and maintaining formation (normal cell function), they act unpredictably, disrupting
the harmony and potentially causing chaos (tissue dysfunction or cancer).

93 Mistral Entropy in thermodynamics is like a deck of cards being shuffled repeatedly: No
matter how many times you shuffle (energy transfer), the cards (particles) become
increasingly disordered, and it’s impossible to return them to their original, perfectly
ordered state without external effort.

94 Mistral Spacetime curvature is like a trampoline with a bowling ball placed on it: The ball
(a massive object like a planet) creates a depression (curvature) in the trampoline
(spacetime), causing smaller objects (like marbles or satellites) to roll or orbit around
it.

95 Mistral Epigenetics is like a library’s system of bookmarks and sticky notes: While the books
(genes) themselves remain unchanged, the notes (epigenetic markers) determine
which books are read (expressed) and when, allowing the library (organism) to adapt
to different needs without altering the original texts.

96 Mistral Carbon Dioxide accumulation in the atmosphere is like adding extra blankets to a bed:
Each blanket (CO2 molecule) traps more heat (infrared radiation), making the bed
(Earth) warmer over time, but removing them (reducing emissions) becomes harder
as they pile up.

97 Mistral Editing genes with CRISPR technology is like using a word processor’s ‘find and
replace’ function: You can locate a specific word (gene sequence) in a document
(DNA) and replace it with another, but you must be precise to avoid unintended
changes elsewhere in the text.

98 Mistral Quantum superposition is like a spinning coin: While it’s in the air (unobserved), the
coin exists in a state of both heads and tails simultaneously, but as soon as it lands (is
observed), it ‘chooses’ one state, collapsing the superposition into a definite outcome.

99 Mistral Protein folding is like origami: A single sheet of paper (amino acid chain) follows a
precise set of folds (interactions) to create a specific 3D shape (protein structure), and
even a small misfold can turn the intended crane (functional protein) into a useless or
harmful wad of paper.

100 Mistral The event horizon of a black hole is like a one-way airport departure gate: Once you
pass through it (cross the event horizon), there’s no turning back (escaping the black
hole), and all paths lead inexorably toward the destination (singularity), no matter how
fast or in what direction you move.
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Abstract
Large Language Models (LLMs) can easily generate fluent text, but assessing whether they truly understand
metaphors requires moving beyond English-centric datasets and binary token classification tasks. To test if current
state-of-the-art models perform genuine structural alignment and analogical reasoning rather than just echoing
statistical token co-occurrence, we introduce a new monolingual Spanish Natural Language Inference (NLI) dataset
specifically built for metaphor interpretation. Using a Model-in-the-Loop approach, we reconstruct the literal truth
conditions of metaphors sourced from science texts. Before human experts curated the data, we performed an
ablation study—evaluated via BERTScore and Cross-Entropy—to test whether explicit symbolic scaffolding improves
analogical reasoning. While automated evaluations suggested that forcing models to follow explicit metaphorical
rules diminished their fluency and increased text surprisal, human evaluation revealed the opposite: this explicit
guidance produced far more accurate and strictly literal outputs. This reveals a limitation in how we evaluate NLU:
automated metrics consistently penalize the cognitive ‘heavy lifting’ required to resolve a metaphor, simply because
they are built to reward surface-level statistical fluency. By releasing this resource, we aim to shift the focus from
surface-level generation to real cognitive alignment and metaphorical understanding in Spanish NLU.

Keywords: metaphor, natural language inference, automatic metahor interpretation, language resources

1. Introduction

Figurative language expressions, and metaphors
in particular, remain a persistent challenge for Nat-
ural Language Understanding (NLU). Within this
subject, the focus in Natural Language Processing
(NLP) has traditionally been on metaphor detec-
tion, which has been understood as a classifica-
tion problem and a sequence labeling task (Rai
and Chakraverty, 2021). However, in recent years,
literature has addressed metaphor interpretation
as a key task for measuring true ‘understanding’
by Large Language Models (LLMs), arguing that
comprehending a metaphor requires going beyond
mere lexical detection or contrasting meanings, as
proposed by dominant annotation protocols such as
MIP/MIPVU (Pragglejaz, 2007; Steen et al., 2010),
to involve structural alignment and analogical rea-
soning (Bowdle and Gentner, 2005). In other words,
the focus has shifted from identifying which tokens
are used metaphorically to ensuring that models
can grasp the underlying semantic conditions that
validate a figurative expression (i.e., as opposed
to mimicking statistical patterns based on token
co-occurrence).

In this context, the Natural Language Inference
(NLI) framework has emerged as the benchmark
method for assessing metaphorical competence
in LLMs. Following established protocols such as
flute (Chakrabarty et al., 2022), this task is typi-
cally framed as determining whether a literal con-
text (Premise) entails or contradicts a metaphorical

expression (Hypothesis) (Stowe et al., 2022; Tong
et al., 2024; Sengupta et al., 2025). This approach
is a step up from simple statistics or lexical bias;
rather than simply paraphrasing a metaphor, the
model must demonstrate that it can discern the
literal state of affairs that makes a metaphor se-
mantically valid. Reliable metaphor understanding
by LLMs is vital for downstream tasks such as ma-
chine translation and summarization (Rana et al.,
2025).

Nevertheless, advances in this field are con-
strained by two major challenges. First, most high-
quality NLI tasks and datasets (such as flute or
munch) focus on the English language. In contrast,
the scarcity of comparable resources in languages
such as Spanish makes it difficult to evaluate LLMs
in specific linguistic and cultural contexts, thereby
limiting analysis to imperfect transfer phenomena or
reliance on multilingual models (Sanchez-Bayona
and Agerri, 2025). Secondly, creating NLI datasets
for metaphor understanding involves a complex
and time-consuming annotation task.

This paper addresses the scarcity of resources
by introducing a monolingual Spanish NLI dataset
specifically designed for metaphor interpretation.
We adopt a Model-in-the-Loop (MITL) methodology
for efficient data annotation: LLMs generate can-
didate premise-hypothesis pairs, which are then
curated by human experts. Furthermore, we con-
duct an ablation study to probe whether explicit
metaphorical guidance triggers better reasoning
capabilities in LLMs compared to pure statistical
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inference, contributing to the discussion on emer-
gent analogical reasoning in small-data scenarios.
This work represents the foundational phase of a
broader research agenda.

The remainder of this paper is organized as fol-
lows: Section 2 reviews the shift from metaphor
identification to interpretation within the NLI frame-
work. Section 3 details the MITL methodology we
used to annotate our dataset, along with the ex-
perimental design and the ablation study regarding
explicit metaphorical guidance. Section 4 presents
the results and analysis derived from human evalu-
ation, followed by a discussion on the implications
for analogical reasoning. Finally, Section 5 sum-
marizes our contributions and future directions.

2. Related Work

2.1. The Concept of Metaphor

Traditionally, linguistic research in NLP has ap-
proached metaphor primarily through either Con-
ceptual Metaphor Theory (CMT) (Lakoff and John-
son, 1980) or MIP/MIPVU methodologies (Prag-
glejaz, 2007; Steen et al., 2010). CMT posits
metaphors as fixed, static mappings between a
source and a target domain (e.g., argument is
war), while MIP/MIPVU focuses on a lexical pro-
cedure to identify these mappings by contrasting
“basic” dictionary meanings with contextual usage.
While these frameworks have been instrumental for
metaphor detection and corpora annotation, they
treat metaphoricity as a binary property of text,
largely ignoring the real-time cognitive and com-
municative mechanisms required for metaphoric
competence.

However, when evaluating LLMs, the question is
not merely whether a metaphor exists, but how it is
processed and represented by the system. Unlike
the static view of CMT or the binary token-based
framework of MIP/MIPVU, the Career of Metaphor
(CoM) theory suggests that metaphor is a dynamic
process depending on how expressions become
conventionalized (Bowdle and Gentner, 2005). Ac-
cording to this framework, metaphor processing
shifts from structural alignment (an active, computa-
tionally expensive comparison or analogy) in novel
metaphors to categorization (retrieval of stored as-
sociations of lexical items) as they become conven-
tional.

This distinction is particularly relevant for the
Reasoning vs. Statistics debate in NLP (Webb
et al., 2023). While LLMs demonstrate prowess
in completing figurative patterns, it remains un-
clear whether this capability stems from genuine
structural generalization—akin to the alignment pro-
cess—or merely from exploiting higher-order sta-
tistical correlations found in pre-training data, ef-

fectively treating all metaphors as conventionalized
categories. If models rely exclusively on distribu-
tional priors, they may fail to interpret metaphors
that require active mapping between distant do-
mains. Therefore, adopting the CoM framework
enables us to probe whether LLMs are simulating
reasoning or merely retrieving frequent patterns.

2.2. Literature Review
Recent work has highlighted significant gaps in how
NLP systems model figurative language. A funda-
mental issue lies in the definition of the task itself.
As noted by Fuoli et al. (2025), metaphoricity is
not a binary label (0/1) but a “radial category with
more or less prototypical examples”. Consequently,
while recent studies evaluating LLMs report high
F1 scores in binary identification via fine-tuning,
these models operate as “black boxes” that repli-
cate labels without modeling the underlying pro-
cess. Zero-shot prompting performance remains
inconsistent, suggesting that models lack a robust
internal representation of metaphoricity (Fuoli et al.,
2025).

While early benchmarks like glue (Wang et al.,
2018) treated NLI as a broad, sentence-level se-
mantic task, Chakrabarty et al. (2022) introduced
flute as a framework for figurative language pro-
cessing, which validated that a model understands
a metaphor (Hypothesis) only if it can reconstruct
the literal situation (Premise) that sustains its truth
conditions. However, recent findings have ques-
tioned LLMs’ ability to perform this mapping gen-
uinely. Although LLMs perform above chance in
Winograd-style tasks, they rely on distributional sur-
face cues rather than deep semantic interpretation,
according to Liu et al. (2022).

On the other hand, Chen and Mao (2023) iden-
tified that even specialized architectures, such as
MelBERT (Choi et al., 2021), exhibit “analogical
blindness,” which means they can effectively iden-
tify the Target domain (the topic) but fail to retrieve
the Source domain (the image) of a metaphor, indi-
cating that mere detection does not imply structural
mapping or conceptual grounding. In the context of
Spanish, Puraivan et al. (2024) observe a similar
trend: while GPT-4 excels at disambiguating poly-
semous verbs, its “interpretations” often collapse
into static dictionary definitions—a form of cate-
gorization—rather than context-aware conceptual
mappings.

Therefore, the core debate is whether LLMs
are capable of transcending statistical association
through explicit scaffolding. Recently, Sengupta
et al. (2025) analyzed how the explicit identification
of source and target domains acts as a cognitive
“boost” for improving NLI performance in few-shot
settings. This dependence on external guidance
contrasts with psycholinguistic findings in humans
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by Ahrens et al. (2024), who found that explicit
metaphor signaling does not necessarily aid in the
comprehension of novel expressions.

This behavioral divergence forces us to confront
a fundamental hypothesis about the inner workings
of current language models. Unlike embodied hu-
man cognition for metaphor processing, LLMs may
require explicit symbolic markers to emulate the
structural alignment process and avoid the pitfalls
of statistical categorization or conventionality bi-
ases, as observed in Italian LLMs by Mazzoli et al.
(2025). While Webb et al. (2023) argue that analog-
ical reasoning has emerged as a zero-shot capabil-
ity in large-scale models, if LLMs truly possessed
the flexible structural alignment seen in human cog-
nition, they would not require the explicit symbolic
scaffolding observed in recent NLI tasks. There-
fore, the reported “analogical prowess” of these
models may be less an emergent cognitive faculty
and more a reflection of their ability to navigate
higher-order statistical correlations within the lexi-
con.

3. Resource Creation

The development of this resource stems from the
need to move beyond surface-level label detec-
tion toward the resolution of underlying semantics
in Spanish. To this end, we adapted the NLI task
structure from flute (Chakrabarty et al., 2022; Sen-
gupta et al., 2025) to a curated set of metaphorical
expressions. The final annotated dataset is publicly
available on a GitHub repository.

3.1. Sample Selection and Curation
Process

The source data consists of Spanish tweets fo-
cused on Popular Communication of Science
(PCS), originally annotated by Sánchez-Montero
et al. (2025). To ensure experimental validity and
control, we applied a strict filtering criterion: we
selected only the 200 instances that achieved “per-
fect human agreement” for the overall metaphor
category (i.e., a soft-label score of 1.0). We hy-
pothesized that using these prototypical examples
would isolate the model’s reasoning capacity by
eliminating the semantic noise inherent in border-
line cases of metaphoricity. This sample includes
various scientific and colloquial metaphors used
in PCS, such as personifications (e.g., telescopes
making new scientific discoveries), direct compar-
isons (e.g., presenting evolution as a tree), and lex-
ical metaphors (e.g., black holes or digital threads).

For each selected instance, we identified the
specific tokens that were previously annotated
as metaphorical. We then manually authored a
brief natural language explanation (NLE) for each

metaphor, adhering to the classification schema
used in the original dataset (e.g., Direct, Indirect,
or Personification). These NLEs constitute the
ground-truth metaphorical knowledge, which is a
critical component of our experimental design, as
it provides the explicit symbolic guidance required
for the ablation study, where the presence or ab-
sence of this expert-level information serves as the
primary independent variable.

3.2. NLI Annotation via
Model-in-the-Loop

Following the paradigm established by Chakrabarty
et al. (2022), the NLI resource we introduce is struc-
tured as a reconstruction of truth conditions. For
every metaphorical Hypothesis (H), we generated
two types of literal Premises (P ):

• Entailment (E): A literal description of the
real-world situation that validates the figurative
expression.

• Contradiction (C): A literal scenario that ren-
ders the analogical mapping proposed in the
hypothesis false or impossible.

We utilized a model-in-the-loop approach to gen-
erate these premises, employing gpt-4.1-mini
(OpenAI et al., 2024), Qwen2.5-7B-Instruct
(Quen: An Yang et al., 2025), Mistral-7B-
Instruct-v0.3 (Jiang et al., 2023), and gemma-
3-12b-it (Team et al., 2025) as the generative
engines. With this selection, we aimed to evaluate
whether metaphorical reasoning scales across dif-
ferent architectures and paradigms. While GPT-4.1
serves as a highly aligned proprietary baseline, the
inclusion of robust open-weight models (Qwen, Mis-
tral, and Gemma) allows us to investigate whether
the capacity for structural alignment in Spanish is
a generalized emergent capability or is heavily de-
pendent on proprietary instruction-tuning pipelines.

The premise generation followed two distinct con-
figurations for our ablation study:

• Baseline Configuration: The model received
only the metaphorical Hypothesis (H) and was
tasked with generating E and C without any
external guidance.

• Scaffolded Configuration: The model re-
ceived H along with the NLE regarding the
identified metaphors. This setup forces the
model to integrate external symbolic knowl-
edge before performing the inference task.

We implemented a few-shot prompting strategy,
providing two prototypical examples of (H,E,C)
triplets. We included these examples to anchor the
model’s output to a literal register, explicitly forbid-
ding the use of figurative language in the premises.
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Drawing on the experimental framework of Sen-
gupta et al. (2025), who utilized a temperature of
0.8 for metaphorical NLI tasks, we opted for a more
constrained temperature of 0.7. This setting fa-
cilitates sufficient linguistic variation for Spanish
paraphrasing while maintaining the logical preci-
sion required for the premises. During our initial
pilot tests, higher temperatures led to a degrada-
tion in literalness, causing the models to hallucinate
secondary metaphorical associations rather than
produce strictly factual premises. Each prompt
was executed in an independent session to elim-
inate the risk of context-window leakage or intra-
experimental bias.1

3.3. Automatic Quality Estimation
Given the labor-intensive nature of the human vali-
dation step in the MITL pipeline, manually review-
ing the outputs from every model and configuration
would be highly impractical. Therefore, to focus
our annotators’ efforts and identify the most reli-
able option for the final curation, we implemented
a preliminary automatic evaluation phase. We as-
sessed the generated entailments (E) using two
complementary metrics:

• Semantic Coherence (BERTScore): We
used BERTScore (Zhang et al., 2020) with the
multilingual xlm-roberta checkpoint (Con-
neau et al., 2020) to measure how well the
generated entailment (E) preserved the un-
derlying meaning of the original metaphorical
text (H). The metric ranges from 0 to 1, with
higher values reflecting a stronger semantic
overlap between E and H. Additionally, we im-
plemented a strict penalty for “language drift”;
any premise generated in English received a
significant deduction to prevent high scores
from being assigned to non-Spanish outputs.

• Conditioned Fluency and Information Loss
(Cross-Entropy): We calculated the aver-
age Cross-Entropy (CE) loss to evaluate the
predictability and linguistic quality of the lit-
eral E conditioned on the original metaphori-
cal H. Rather than evaluating the generated
text in isolation, we measured the surprisal
of E given H. To avoid self-preference bias,
we employed two independent causal mod-
els—Llama-3.1-8B (Grattafiori et al., 2024)
and Mistral-7B (Jiang et al., 2023)—as ex-
ternal judges. Lower CE scores represent
lower surprisal when transitioning from the
metaphorical source to the literal target, in-
dicating a more predictable and fluent recon-

1The complete translated text of the prompts, includ-
ing the few-shot examples used for both configurations,
is detailed in the Appendix.

struction of truth conditions and a minimal loss
in Spanish.

The results of this automatic evaluation across
both the baseline and scaffolded configurations are
detailed in Table 1.

As detailed in Table 1, performance varied de-
pending on the models’ ability to maintain the tar-
get language. Mistral-7B, for instance, exhibited
language drift in over 20% of its outputs. Due
to our strict penalty for code-switching, its over-
all BERTScore fell to 0.7589, well below the rest
of the group. At the other end of the spectrum, the
GPT baseline delivered the most stable results; it
achieved the highest semantic overlap (BERTScore
= 0.847) and produced the most predictable Span-
ish phrasing, reflecting the lowest CE values from
both judges (1.2842 and 1.2578).

A critical takeaway from the ablation setup is
the behavior of the scaffolded configuration, which
constitutes an unexpected pattern regarding ex-
plicit guidance. Except for Mistral-7B, providing
the explicit NLE led to higher cross-entropy and
lower BERTScores across all models. This might
indicate that processing explicit metaphorical con-
straints disrupts their fluency and leads to more lit-
eral metaphor paraphrases that could be perceived
as less natural. Consequently, we discarded the
‘noisier’ outputs and exclusively forwarded the GPT-
generated premises to the human curation phase,
which meant that our expert annotators could focus
entirely on evaluating complex logical and analogi-
cal errors instead of filtering out basic translation
or grammatical failures.

4. Manual Validation

4.1. Overall Assessment

Although automated metrics like BERTScore and
Cross-Entropy effectively filter out low-quality out-
puts, they ultimately act as proxies for surface-level
fluency and lexical overlap. These scores cannot
definitively prove whether a model has genuinely
‘understood’ a metaphor. Therefore, to assess the
top performer’s metaphorical competence beyond
statistical measurements, we conducted a manual
validation via expert annotation. Based on the auto-
mated quality estimations, we isolated the outputs
from our top-performing model (GPT-4.1) to build
our core NLI dataset.

During this phase, we annotated the generations
from both the baseline and the scaffolded config-
urations. We anticipated that a side-by-side com-
parison of these setups would reveal how injecting
external symbolic knowledge (via the NLEs) shifts
the model’s underlying interpretative process. Still,
since expert manual evaluation of semantics and

80



Model / Configuration BERTScore (↑) CE (Llama 3.1) (↓) CE (Mistral 7B) (↓)
GPT Baseline 0.8470 1.2842 1.2578
GPT Scaffolded 0.8421 1.3724 1.3178
Qwen Baseline 0.8449 1.4192 1.3745
Qwen Scaffolded 0.8400 1.5986 1.5333
Mistral Baseline 0.7589 1.4852 1.2911
Mistral Scaffolded 0.7777 1.5630 1.3684
Gemma Baseline 0.8332 1.4928 1.4488
Gemma Scaffolded 0.8305 1.6026 1.5286

Table 1: Automatic Evaluation of E premises in relation to H: BERTScore and Cross-Entropy

pragmatics is incredibly time-consuming, we nar-
rowed the scope of this initial validation phase. We
focused our qualitative analysis on the 200 items
from the dataset, restricting our review entirely to
the Entailment (E) premises.

We opted to leave the Contradiction (C) premises
for future work due to the limitations in how current
models handle metaphorical negation. In our pre-
liminary experiments, we observed that the model
couldn’t reliably negate just the metaphors in H.
Instead, it usually ended up bluntly negating the
entire situation. Validating the C premises requires
checking whether a model can actively negate
a metaphorical mapping without breaking basic
logic—a much more demanding task that could
have derailed the manual validation, given the qual-
ity of these outputs. Therefore, isolating the en-
tailments ensured our annotators could zero in on
one core question: did the model accurately and
literally reconstruct the truth conditions that validate
the metaphor?

We graded the generated entailments using a 3-
point scale (0, 0.5, and 1). We deliberately avoided
a simple binary system because LLM outputs are
highly nuanced; a model might successfully un-
pack one metaphor but stumble on another within
the same sentence. Our annotation criteria were
defined as follows:

• Score 1 (Fully Correct): To get a perfect
score, the generated text had to completely
strip away all figurative language (i.e., it had to
be 100% literal) while accurately and compre-
hensively explaining the underlying meaning of
the metaphor (or all the metaphors, if multiple
were present) from the original hypothesis.

• Score 0.5 (Partially Correct): Assigned when
the model grasped the core meaning but failed
to execute the task flawlessly. This happened
mostly in two scenarios: either the model ex-
plained the metaphor but accidentally snuck
in a new figurative expression, or it success-
fully resolved one metaphor but missed others
present in the same context.

• Score 0 (Incorrect): Reserved for clear fail-
ures in metaphorical reasoning. We assigned
a zero if the model hallucinated facts, logically
contradicted the source text, or just “parroted”
the original figurative words instead of trans-
lating them into a literal reality.

The distribution of human-annotated scores
across the two experimental configurations is de-
tailed in Table 2.

The manual validation seems to contradict our
preliminary automated metrics. On paper, the un-
guided baseline configuration appeared superior: it
generated text with higher statistical fluency (lower
cross-entropy) and better lexical overlap (higher
BERTScore). Yet, when evaluated for actual se-
mantic validity, it failed to capture the literal truth
conditions in roughly 24.5% of its generations. The
scaffolded configuration, on the other hand, de-
spite scoring lower on automated metrics, proved
vastly superior in human evaluations: fully correct
entailments climbed from 67.0% to 88.5%, and
complete conceptual errors were reduced by nearly
two-thirds, dropping from 24.5% to 8.5%.

This clash between statistical metrics and hu-
man judgment reveals a troubling blind spot in NLU
evaluation for figurative language. The explicit scaf-
folding appears to ‘force’ the model to engage in ac-
tive structural mapping rather than relying on highly
probable word associations. Doing this cognitive
“heavy lifting” naturally increases text surprisal and
lowers lexical overlap metrics. Nonetheless, as the
human scores demonstrate, accepting this higher
surprisal is precisely what is required to generate
factually accurate and literal premises and, ulti-
mately, to verify whether current models can ac-
tually understand and interpret real metaphorical
language.

4.2. Qualitative Analysis
When we manually reviewed the outputs where
the zero-shot baseline failed but the scaffolded
model succeeded, two distinct behavioral patterns
emerged. Without explicit guidance on how to han-
dle figurative language, the baseline GPT model
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Configuration Score 1 Score 0.5 Score 0
GPT Baseline 134 (67%) 17 (8.5%) 49 (24.5%)
GPT Scaffolded 177 (88.5%) 6 (3%) 17 (8.5%)

Table 2: Human evaluation results for generated entailments (N = 200), comparing the zero-shot baseline
against the explicitly guided scaffolded configuration.

essentially fell into two traps: it either ignored the
metaphor completely (contextual distraction) or it
tried to explain it but accidentally used another
metaphor (analogical blindness).

1. Contextual Distraction and Omission

The first common error was simple omission. Faced
with a metaphorical expression it did not quite know
how to map, the unguided model often took the
easy way out: it ignored the figurative phrase en-
tirely or just summarized the literal context sur-
rounding it. Since the actual truth conditions of
the metaphor were lost, these outputs received 0.

Consider this example of personification from the
dataset:

Original Text (ES): “...la hazaña fue posible
luego de que el orbitador de la misión Tianwen-
1 analizara el suelo marciano durante tres
meses.”
Original Text (EN): “...the achievement was
made possible after the Tianwen-1 mission
orbiter analyzed the Martian soil for three
months.”
Metaphor: Personification (attributing the cog-
nitive action of ‘analyzing’ to a machine).

Baseline Generation (Score 0) (ES): “China
envió una nave espacial que aterrizó con éxito
en Marte y desplegó un rover llamado Zhurong
para explorar la superficie...”
Baseline Generation (Score 0) (EN): “China
sent a spacecraft that successfully landed on
Mars and deployed a rover named Zhurong to
explore the surface...”

Scaffolded Generation (Score 1) (ES): “Un
satélite en órbita alrededor de Marte recopiló
y transmitió datos sobre la composición y car-
acterísticas del suelo marciano...”
Scaffolded Generation (Score 1) (EN): “A
satellite orbiting Mars collected and transmit-
ted data on the composition and characteristics
of Martian soil...”

In this instance, we observe a clear case of se-
mantic displacement. Although the baseline model
recognizes the general topic (China’s Mars mis-
sion), it fails to resolve the specific metaphorical
action of the orbiter. Instead of translating the verb
analizara (analyzed) into its physical equivalent,
the model defaults to generating a high-probability

summary of the overall event. In contrast, the scaf-
folded configuration uses the explicit NLE to anchor
its attention: by being told that “analyzing” in this
context refers to a mechanical process, the model
is forced to identify that an orbiter “analyzes” soil
by collecting and transmitting data.

This omission behavior was not limited to sci-
entific concepts; it also affected digital metaphors.
In another instance involving a Twitter thread (“Te
comparto un hilo con información...” = Here’s a
thread with some information...), the baseline com-
pletely omitted the concept of the thread, gener-
ating a premise about showing an image instead.
As one of our evaluators explicitly flagged in the
annotation logs: “[The model] completely ignores
‘thread’.” The scaffolded version, conversely, suc-
cessfully mapped the metaphor to its literal reality:
“Se publicaron varios mensajes relacionados en-
tre sí...” (Several interconnected messages were
published).

When faced with sentences containing multiple
layered metaphors, the unguided baseline often suf-
fered from “metaphorical fatigue.” It successfully
unpacked the first figurative expression but com-
pletely ignored the subsequent ones. Consider this
example regarding the neurochemistry of love:

Original Text (ES): “...tu cerebro produce oxi-
tocina, dopamina y serotonina, un verdadero
cóctel de felicidad. Además, se activa con-
stantemente el ‘circuito de recompensa’...”
Original Text (EN): “...your brain produces
oxytocin, dopamine, and serotonin, a real cock-
tail of happiness. In addition, the ‘reward cir-
cuit’ is constantly activated...”
Metaphors: Metaphorical comparison (cóc-
tel), personification (produce), and lexicalized
metaphor (circuito de recompensa).

Baseline Generation (Score 0.5) (ES): “...el
cerebro libera oxitocina... y se activa el cir-
cuito de recompensa asociado con sensa-
ciones placenteras.”
Baseline Generation (Score 0.5) (EN): “...the
brain releases oxytocin... and activates the
reward circuit associated with pleasurable
sensations.”

Scaffolded Generation (Score 1) (ES): “...el
cerebro libera simultáneamente oxitocina...
además, se activa una red neuronal asociada
a la recompensa.”
Scaffolded Generation (Score 1) (EN):
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“...The brain simultaneously releases oxy-
tocin... In addition, a neural network associ-
ated with reward is activated.”

As our annotator log points out: “it completely
failed to find the second metaphor.” While the base-
line correctly translates the “cocktail” into a literal
chemical release, it becomes distracted and leaves
the lexicalized “reward circuit” intact.

2. Analogical Blindness

The second error pattern identified is a form of
analogical blindness (Chen and Mao, 2023), where
the model “interprets” a metaphor by replacing it
with another equally figurative expression.

Consider this example of personification from the
dataset:

Original Text (ES): “El telescopio espacial
Spitzer ha descubierto 120 000 nuevas es-
trellas recién nacidas...”
Original Text (EN): “The Spitzer Space Tele-
scope has discovered 120,000 new newborn
stars...”
Metaphors: Personification (attributing the ac-
tion of ‘discovering’ to a machine and the prop-
erty of being ‘newborn’ to stars).

Baseline Generation (Score 0.5) (ES): “El
telescopio espacial Spitzer detectó radiación
infrarroja proveniente de nubes de polvo en
el plano galáctico y, a partir de esos datos,
identificó 120 000 estrellas jóvenes recién for-
madas.”
Baseline Generation (Score 0.5) (EN): “The
Spitzer Space Telescope detected infrared ra-
diation coming from dust clouds in the galac-
tic plane and, based on this data, identified
120,000 newly formed young stars.”

Scaffolded Generation (Score 1) (ES): “Un
telescopio espacial detectó señales de ra-
diación infrarroja provenientes del polvo en
las nubes interestelares, lo que permitió a los
científicos identificar 120 000 estrellas que
se formaron recientemente en el plano de la
galaxia.”
Scaffolded Generation (Score 1) (EN): “A
space telescope detected infrared radiation
signals coming from dust in interstellar clouds,
allowing scientists to identify 120,000 stars that
formed recently in the plane of the galaxy.”

In this paradigmatic case, the baseline (0.5) re-
placed the term ‘newborn’ with ‘young’ stars. Al-
though this is a common astronomical description,
from a strictly linguistic perspective, “young” is still
a metaphor of personification projected onto an
inanimate object. As the evaluators point out in
the logs: “it replaces newborn with young, another
metaphor.” In contrast, the scaffolded model (1.0)

managed to break the analogical cycle by describ-
ing the physical process as “stars that were recently
formed.”

Nonetheless, our analysis uncovered a blurred
line where sometimes absolute literalness seems
to border on the impossible. In cases of highly
lexicalized or abstract metaphors, such as “black
holes” or the very concept of technological ‘tools,’
even the scaffolded model struggled. A critical find-
ing in manual validation was the persistence of
personification in scientific instruments, attributing
them the capabilities of “analyzing,” “discovering,”
and “observing.” Technological tools, such as tele-
scopes, are essentially extensions of the human
body; we attribute human characteristics to them
because they allow us to perform human actions
on a non-human scale. In these cases, the only
way to achieve literalness was to shift the agency
from the object to the subject, as can be seen in
the following example:

Original Text (ES): “El telescopio Webb anal-
izó la estrella Fomalhaut...”
Original Text (EN): “The Webb telescope an-
alyzed the star Fomalhaut...”
Metaphors: Personification (attributing the ac-
tion of ‘analyzing’ to a machine).

Scaffolded Generation (Score 1) (ES): “Los
científicos utilizaron el telescopio Webb para
observar la estrella Fomalhaut...”
Scaffolded Generation (Score 1) (EN): “Sci-
entists used the Webb telescope to observe
the star Fomalhaut...”

Sometimes, as can be seen in the example, in-
terpretive success did not consist of finding a lit-
eral synonym for a particular verb, but rather of
reconstructing the entire scene. The symbolic guid-
ance via NLE seems to be the only mechanism
that forces the model to recognize this hierarchy of
human agency, preventing the model from merely
“parroting” the linguistic convention of personifying
technology.

Finally, there were a few remaining cases where
the model simply failed to decipher the text-context
relationship. Without symbolic scaffolding, models
tend to “hallucinate” explanations based on the sta-
tistical frequency of adjacent words, losing sight
of the truth condition that underpins the analogy.
Despite their fluency, LLMs often get stuck on the
surface of language, needing a symbolic “push” to
understand metaphorical language.

4.3. Discussion
We have observed that forcing the model to in-
tegrate explicit knowledge of NLEs increases the
cross-entropy of the resulting text and reduces its
lexical overlap (BERTScore). For traditional evalua-
tion systems, this increase in statistical surprise is a
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symptom of degradation; however, human evalua-
tion shows that it is precisely the cognitive cost nec-
essary to achieve semantic accuracy when dealing
with metaphor understanding.

This empirical tension supports Liu et al. (2022),
as the apparent semantic competence of LLMs is
often based on distributional clues rather than deep
context understanding or genuine analogical rea-
soning. When the model operates without scaffold-
ing, its natural inertia is to remain within the statisti-
cal comfort zone of figurative language. Replacing
the concept of “newborn stars” with “young stars” is
not a step toward literalism, but rather a lateral shift
within the same semantic domain, which may indi-
cate that it did not completely understand the mean-
ing of the metaphor. In terms of Bowdle and Gen-
tner (2005), this analogical blindness might be ex-
plained because models treat metaphors as static
categories and retrieve frequent synonyms rather
than performing structural alignment between differ-
ent domains. In other words, metaphorical knowl-
edge might be coded as categorization rather than
instances of analogy.

Symbolic scaffolding acts precisely as the mech-
anism to break this inertia. Forcing the model
to transition from statistical categorization to ana-
logical inference also reveals an epistemological
boundary in the evaluation task itself. Reaching
the “zero degree” of literalness often clashes with
how we inherently conceptualize conceptual do-
mains such as science and technology. Historically,
we have endowed our scientific instruments with
human agency because they function as physical
extensions of our own bodies. Consequently, in
natural language, telescopes “look,” rovers “ana-
lyze,” and probes “discover.” This assimilation of
metaphor as a simple static category not only re-
flects a computational limitation, but also raises the
question about the importance of embodied cog-
nition in the architecture of NLP systems and, by
extension, in the pre-training data of models.

For the unguided model, the metaphoricity of
some expressions remains invisible due to its over-
whelming frequency in the pre-training data. The
metaphor is so ubiquitous that it masquerades as
literal truth. Providing explicit scaffolding, however,
forces a pragmatic shift. Rather than just swapping
vocabulary, in some cases, the guided model ac-
tively rewrites the text to hand agency back to the
human researchers (e.g., scientists used the tele-
scope to observe...). Interpreting a metaphor in an
NLI context goes far beyond simple intralinguistic
translation or synonym hunting, as it requires the
model to step outside the text and actively recon-
struct the real-world hierarchy of who acts and what
is acted upon.

5. Conclusion and Future Work

In this work, we have presented the first monolin-
gual Natural Language Inference (NLI) dataset in
Spanish, dedicated specifically to metaphor inter-
pretation. Through a Model-in-the-Loop method-
ology, we have demonstrated that it is possible to
generate accurate reconstructions of the truth con-
ditions of figurative expressions, provided that an
explicit symbolic scaffolding is supplied.

The method shows promising results and sug-
gests a clear direction for future work through the
evaluation of LLM behavior in the detection, classi-
fication, and inference of metaphor. Several lines
of future research are identified. Also, it will be
necessary to investigate different prompting strate-
gies and forms of contextual knowledge that could
enhance LLMs efficiency. On the other hand, exper-
iments must be scaled to larger and more general
corpora. It will also be essential to develop hybrid
human-LLM evaluation methods and metrics ca-
pable of accurately assessing model performance
on this task and rewarding genuine cognitive align-
ment over mere statistical fluency.

Our immediate next step involves the manual val-
idation of the Contradiction (C) premises, a logical
challenge that will test whether models can actively
negate an analogical mapping without violating real-
world constraints. Expanding the scope of this re-
search, we also plan to conduct an in-depth quali-
tative comparison across different LLMs to under-
stand how their baseline interpretative strategies
differ when handling figurative language. Further-
more, scaling these experiments beyond science
communication will be essential. Future work must
investigate whether model performance and “ana-
logical blindness” shift when encountering highly
conventionalized or lexical metaphors in general-
domain Spanish texts.
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Appendix

Prompt for Baseline Task (English
Translation)
You are a linguist specializing in Spanish seman-
tics and pragmatics. Your task is to generate high-
quality Natural Language Inference (NLI) pairs.

Instructions:
You are provided with an input sentence con-

taining a metaphorical expression. This sentence
serves as the Hypothesis (H).

Your job is to reconstruct the literal context that
would generate that hypothesis. You must generate
two sentences that function as literal premises:

1. Entailment (E): A description of a 100% literal
and realistic situation that, if true, would make
the metaphorical Hypothesis true (i.e., what
actually happened in the physical world for
someone to use that metaphor).

2. Contradiction (C): A description of a 100% lit-
eral and realistic situation that, if true, would
make the metaphorical Hypothesis false or im-
possible.

Examples:
Example 1:
Input (H): ‘The street was a zoo this morning.’
Output:
Entailment: ‘There was deafening noise and peo-

ple were running around in a chaotic environment.’
Contradiction: ‘The urban environment was com-

pletely silent and orderly, and everyone was walking
along quiet.’

Example 2:
Input (H): ‘The candidate tried to shield his public

image.’ Output:
Entailment: ‘The politician took extreme mea-

sures to protect his reputation and avoid any criti-
cism or attacks from the press.’
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Contradiction: ‘The politician openly exposed
himself to criticism and shared compromising infor-
mation about his private life.’

**Important**:

• The generated premises (E and C) must not
contain metaphors. They should be brief and
direct explanations.

• Do not repeat the input text.

• Do not repeat or explain the reasoning.

Input:
{text}
Output format:
[ENTAILMENT]
(Write the E sentence here)
[CONTRADICTION]
(Write the C sentence here)

Prompt for Scaffolded Task (English
Translation)
You are a linguist specializing in Spanish seman-
tics and pragmatics. Your task is to generate
high-quality Natural Language Inference (NLI) pairs
based on the key information provided to you.

Instructions:
You are provided with an input sentence contain-

ing a figurative or metaphorical expression. This
sentence serves as the Hypothesis (H). You are
also provided with the metaphors identified in H as
key information.

Your job is to reconstruct the literal context that
would generate that hypothesis. You must generate
two sentences that function as literal premises:

1. Entailment (E): A description of a 100% literal
and realistic situation that, if true, would make
the metaphorical Hypothesis true (i.e., what
actually happened in the physical world for
someone to use that metaphor).

2. Contradiction (C): A description of a 100% lit-
eral and realistic situation that, if true, would
make the metaphorical Hypothesis false or im-
possible.

Examples:
Example 1:
Input (H): ‘The street was a zoo this morning.’
Metaphor: ‘The term “zoo” is used here figura-

tively.’
Output:
Entailment: ‘There was deafening noise and peo-

ple were running around in a chaotic environment.’
Contradiction: ‘The urban environment was com-

pletely silent, orderly, and everyone was walking
around quiet.’

Example 2:

Input (H): ‘The candidate tried to shield his public
image.”

Metaphor: ‘The verb “shield” is used here in a
figurative sense.’

Output:
Entailment: ‘The politician took extreme mea-

sures to protect his reputation and avoid any criti-
cism or attacks from the press.’

Contradiction: ‘The politician openly exposed
himself to criticism and shared compromising infor-
mation about his private life.’

**Important**:

• The generated premises (E and C) must not
contain metaphors. They should be brief and
direct explanations.

• Do not repeat the input text.

• Do not repeat or explain the reasoning.

Input:
{text}
Key information: {metaphor}
Output format:
[ENTAILMENT]
(Write the E sentence here)
[CONTRADICTION]
(Write the C sentence here)
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Abstract
Metonymy, often considered as a figurative trope, is a frequently occurring linguistic phenomenon in which an entity
is replaced by a semantically related entity. Named entities are commonly used to refer to associated concepts. For
instance, in the sentence India signed a treaty, the geographical name India stands metonymically for the govern-
ment rather than the physical location. This study develops a hybrid architecture to classify literal and metonymic
usages of named entities in Marathi language using small data. The approach integrates Pustejovsky’s Generative
Lexicon framework with linguistic features, including part-of-speech tags, named entity labels, and lemmas. The
model is evaluated on 890 sentences and achieved F1 scores of 66.98% and 71.97% for literal and metonymic in-
stances, respectively. The study highlights the effectiveness of the features in capturing metonymic contexts, though
precision remains a target for improvement. Ablation results confirm that the Formal and Constitutive Qualia roles
are the most critical components for detecting metonymic shifts, while the Telic role introduces modest noise in the
present corpus. This experiment shows the scope for developing hybrid models for learning non-literal language
using small data, which could be beneficial for less-explored and low-resource languages.
Keywords:Metonymy, Generative Lexicon, Marathi language

1. Introduction

Named entity recognition models often classify en-
tities as flat and surface level entities. While this
helps in classifying NEs, not all entities convey
their literal sense. Metonymy, a semantic phe-
nomenon where an entity refers to something as-
sociated with it in the real world, occurs frequently
in everyday language. Surface level classifica-
tion overlooks metonymy, which is crucial for var-
ious NLP tasks. A location might represent an or-
ganization or an event, shifting its semantic role
based heavily on the surrounding context. For
example, in the sentence India won the match,
India is referring to a sports team rather than a
physical location. This is a metonymic instance.
The present study examines metonymic senses
in NEs using Marathi language data. Marathi
is an Indo-Aryan language spoken in the central-
western region of India. Although several NLP
studies have addressed this language, metonymy
detection remains under-explored. The limited
availability of annotated datasets for metonymy de-
tection in low-resource languages such asMarathi,
necessitates approaches that perform effectively
with small data.
This paper evaluates and explores the effective-
ness of detecting metonymic shifts in Named Enti-
ties using a small dataset. By maintaining a highly
controlled annotation environment, we investigate
the extent to which a model can accurately learn
to distinguish between literal and metonymic read-
ings of NEs. The next section briefly overviews
metonymy detection studies. The third section dis-
cusses the methodology employed in the present
study, while the fourth section presents the experi-

mental results and analysis of the proposed small-
data approach. The fifth section discusses the lim-
itations of the present study and finally the paper
concludes with potential scope for future research.

2. Related works

Metonymy has been studied in various fields in-
cluding rhetorics, cognitive linguistics and NLP.
In natural language processing, understanding
metonymy is critical for tasks such as informa-
tion extraction and named entity recognition, of-
ten framed as a classification problem where a
system identifies metonymic usage of a target
word within a sentence (Ghosh and Jiang, 2025).
Historically, approaches to metonymy resolution
have largely depended on manually curated lex-
ical resources, including parsers, taggers, and
dictionaries (Gritta et al., 2017). Fass (Fass,
1988; Fass et al., 1997) proposed a method for
identifying metonymy based on selectional restric-
tions, while later research introduced more so-
phisticated statistical and machine learning tech-
niques. Some researchers have worked on un-
conventional metonymy (Ghosh and Jiang, 2025)
while, some researchers have focused on con-
ventional metonymy detection which accounts
for metonymic interpretations of named entities
(Poibeau, 2006). Early work in metonymy res-
olution often focused on selectional preferences,
yet this approach frequently overlooked a sig-
nificant number of metonymic readings (Meguel-
lati et al., 2022). Few scholars have studied
metonymy as a classification task (Markert and
Nissim, 2002a,b, 2007). Markert & Hahn (Markert
and Hahn, 2002) reported 17% of metonymic in-
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stances in Germanmagazines. Hence, metonymy
is prevalent and is a crucial linguistic phenomenon
for natural language understanding. (Gritta et al.,
2017) introduced a novel dataset, RelocaR, specif-
ically designed to address metonymy in geograph-
ical named entities, aiming to improve upon prior
annotations. Additionally, they used a novel
predicate window approach which used only a
small, focused segment of the sentence surround-
ing the entity’s head dependency for classifica-
tion, thereby enhancing accuracy by minimizing
irrelevant input. (Kupelioglu et al., 2016) used
named entities, argument structures and wordnet
for metonymy resolution. Their approach inte-
grated these diverse linguistic features to capture
the nuances of metonymic expressions, demon-
strating a significant advancement in automated
metonymy detection. The literature suggests that
while extensive resources and sophisticated mod-
els have been developed for metonymy detection,
there remains a critical need for effective strate-
gies in low-resource settings.

3. Methodology

For this study, a dataset of 890 sentences (13807
tokens) was manually annotated for lemmas, part-
of-speech, named entities, and senses. Person,
Location, Organization, and Miscellaneous tags
were used to annotate named entities. The data
was sourced from Marathi news articles cover-
ing politics, sports, finance, and current affairs
domains. Annotation was performed solely by
the author, following guidelines from the larger
dataset under development. NEs were tagged us-
ing BILOU encoding, with each assigned a literal
or metonymic sense. The dataset contained ap-
proximately 11.9% of NE tokens, of which 54.4%
were literal and 45.5% metonymic.
Qualia roles from the Generative Lexicon

(Pustejovsky, 1991) were mapped to NEs via a
4-bit binary vector to encode additional potential
meanings beyond literal senses. Qualia roles con-
sist of Formal, Constitutive, Telic, and Agentive
roles. These roles capture distinct aspects of
an entity’s semantic structure and help the model
search for potential novel meanings a named en-
tity may carry in a given context. Qualia roles were
implemented as deterministic, rule-based feature
functions rather than learned parameters. For
each named entity token, a fixed 4-bit binary vec-
tor was computed at preprocessing stage. For
example, a LOCATION entity receives Formal=1
(it has a definitional physical boundary), Consti-
tutive=0 (it is not inherently part of a containing
structure), Telic=0 (it has no canonical functional
purpose), and Agentive=0 (it is not the result of a
deliberate causal process). Table 1 summarises

Qualia
Role

Bit Encodes Example rule for
Marathi NEs

Formal 1 What the
entity is
(type/category)

LOCATION →
physical boundary
entity

Constitutive 2 What it is
made of or
part of

ORGANIZATION
→ comprises
people and roles

Telic 3 Its purpose or
function

ORGANIZATION
→ has
institutional goal

Agentive 4 Its
causal/agentive
origin

PERSON →
agent of volitional
action

Table 1: Qualia role encoding

Figure 1: System architecture

the full role-to-bit mapping used in this study. The
proposed system employs a BiLSTM-CRF archi-
tecture utilizing MahaBERT (Joshi, 2022) contex-
tual embeddings, and was implemented using the
PyTorch (Paszke et al., 2019) framework. figure
1 illustrates the system architecture. The anno-
tated data is processed through the feature engi-
neering where linguistic features and embeddings
are used. Since Marathi uses a free word or-
der, these features are important cues in detecting
metonymy. The BiLSTM layer reads the data for-
ward and backward before assigning labels such
as literal or metonymic.

4. Results and Discussion

To evaluate the hybrid architecture, we examined
token-level predictions. The model achieved a
Literal F1 of 66.88 % (Precision: 52.99, Recall:
91.03) and a Metonymic F1 of 71.97% (Precision:
58.50, Recall: 93.48), yielding a Macro F1 of
69.42% across 170 NE instances. Table 2 shows
the results. The recall is very high for both classes,
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Class Precision Recall F1
Literal 52.99 91.03 66.98
Metonymic 58.50 93.48 71.97
micro
avg

55.87 92.35 69.62

macro
avg

55.74 92.25 69.42

weighted
avg

55.97 92.35 69.68

Table 2: Performance metrics of the model

while precision is comparatively low. This asym-
metry indicates that the model is broadly inclu-
sive. It successfully recovered the vast majority
of metonymic and literal instances, but overpre-
dicted both labels. Of the NE instances evaluated,
86 were correctly identified as metonymic (true
positives) and 71 as literal (true negatives), with
only 3 false positives and 5 false negatives at the
NE level. Notably, 114 non-NE tokens were pre-
dicted as either metonymic or literal by the model
contributing to the low overall precision. Figure 2
shows the performance of the model.

4.1. Ablation Study
To assess the individual contribution of each fea-
ture, a systematic ablation study was conducted.
Each feature was removed independently and the
model was retrained; Macro F1 was compared
against the full model baseline (Macro F1 = 61.4).
Table 3 summarises the results. Several patterns
can be seen from this test. Among the Qualia
roles, the Formal role had the largest detrimental
effect when removed (Metonymic F1 dropped by
0.063), followed by the Constitutive role (−0.053).
Removing POS tags and lemmas produced only
modest drops (−0.018 and −0.019, respectively),
suggesting that surface morphological features
play a secondary supporting role relative to the
Qualia-based semantic features. The most no-
table finding is the behaviour of the Named En-
tity feature: its removal increased Metonymic F1
by 0.054. This counter-intuitive result suggests
that NE labels may introduce a classification bias,
causing the model to rely on entity type rather than
contextual semantic cues. Metonymy in Marathi
appears to be more reliably signalled by the sur-
rounding morpho-syntactic and semantic features
than by entity category alone.
The Telic role condition produced the highest

Macro F1 (69.9%) and Metonymic F1 (70.9%)
across all ablation conditions, indicating that re-
moving the Telic role improves performance. Telic
role encodes the purpose or function of an entity.
This role introduced classification noise among the
metonymic expressions in the current dataset. 114

Features Precision Recall F1
Qualia (all) 59.9 61.2 60.5
Formal 59.9 59.3 59.6
Constitutive 66.7 60.3 63.5
Telic 68.9 70.9 69.9
Agentive 58.8 62.6 60.7
PoS 59.0 63.8 61.8
Lemma 64.1 63.7 63.9
NE 64.9 71.0 67.9

Table 3: Feature wise ablation results.

Token NE
Tag

POS Predicted
Label

Contextual
Trigger

राष्ट्राध्यक्ष
(President)

O NOUN Literal Trump
(PER)

यांनी (By /
Agentive
marker)

O PRON Literal Trump
(PER)

हे (This /
He)

O PRON Metonymic Zohran
(PER)

प्रचार (Cam-
paign)

O NOUN Metonymic Republican
Party
(ORG)

चचर्चा
(Church’s)

O NOUN Metonymic institutional
context

Table 4: Examples of non-NE marked as literal or
metonymic.

non-NE tokens were tagged as either metonymic
or literal. Table 4 shows five representative ex-
amples of non-NE tokens assigned a literal or
metonymic label by the model, along with the con-
textual NE trigger that likely drove the prediction.

In the first two rows, the presence of a known
Person entity (Trump) in the immediate context
leads the model to assign a Literal label to adja-
cent non-NE tokens. The model correctly recog-
nises that these tokens are functioning in their lit-
eral roles (referring to an actual individual), but
their labelling as non-NE items increases the false
positive count for the Literal class. The last three
rows illustrate that metonymic labels are assigned
to nouns and pronouns that are contextually ad-
jacent to an Organisation or Person entity whose
presence signals an institutional or representa-
tive reading. The pronoun हे (this/he) is labelled
Metonymic because it is the pronominal trace of
Zohran, a PER entity used in a representative
context. प्रचार (campaign) is marked Metonymic
because it co-occurs with Republican Party, an
ORG entity that conventionally activates the Telic
and Agentive Qualia roles. Finally, चचर्चा (church’s)
is labelled Metonymic in an institutional context
where the genitive marker implies organisational
agency. These examples explain the low preci-
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sion. The model’s contextual window for Qualia
feature activation is wide enough to capture gen-
uinemetonymic triggers, but it does not apply strict
NE-boundary. Every token inside the influence
zone of a metonymically active NE becomes a can-
didate for labelling, regardless of its PoS category.
This is a feature when it enables the model to
detect metonymic effects that extend beyond the
head entity and a liability when it affects the preci-
sion.

Figure 2: Performance of the model on literal and
metonymic categories

5. Limitations

This study has several limitations, which are ad-
dressed in ongoing and future research.

• Corpus size and single annotator: The
corpus size remains restricted at 890 sen-
tences. Additionally, the dataset was anno-
tated solely by a single domain expert; inter-
annotator agreement metrics have not yet
been established to measure human baseline
performance on Marathi metonymy.

• Noise: The ablation results indicate that the
Telic role introduces noise in the current cor-
pus. Future work will investigate whether
a domain-adaptive role assignment, can re-
cover the expected benefit.

• Integration of case markers and Selec-
tional Preferences: A particularly promising
direction currently under active development
by the author but outside the scope of this pa-
per is to formally integrate case markers and
Selectional Preference (SP) with Qualia role
vectors. Marathi uses several case markers
frequently. Such integration would enable the
model to jointly reason over morphosyntactic
evidence and structured semantic constraints
during inference.

• Named entity label bias:The finding that re-
moving NE labels improves Metonymic F1
suggests that flat NE type categories intro-
duce classification bias. Future work will ex-

plore fine-grained entity tagging and entity-
context interaction modelling to address this.

6. Conclusion

This study showed that metonymy detection in
Marathi named entities is achievable with small
datasets. The hybrid model used deterministic
Qualia role vectors derived from Pustejovsky’s
Generative Lexicon alongside transformer em-
beddings to detect metonymy in Marathi text.
It achieved a high recall for both literal and
metonymic cases. Ablation test confirmed that
all features are influential, while the NE feature
introduced an unexpected classification bias. Al-
though limitations remain, this experiment showed
encouraging results. Future work will expand
the Marathi metonymy corpus, integrate Selec-
tional Preferences and case markers with Qualia-
informed type coercion, and broaden the role as-
signment schema to improve the performance of
the system.
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Abstract
This work explores the connection between (non-)literalness and plausibility at the example of subject-verb-object
events in English. We design a systematic setup of plausible and implausible event triples in combination with abstract
and concrete constituent categories. Our analysis of human and LLM-generated judgments and example contexts
reveals substantial differences between assessments of plausibility. While humans excel at nuanced detection and
contextualization of (non-)literal vs. implausible events, LLM results reveal only shallow contextualization patterns
with a bias to trade implausibility for non-literal, plausible interpretations.

Keywords: plausibility, (non-)literalness, human vs. LLM generation

1. Introduction and Related Work

How plausible do you judge a situation where the
heat catches a cyclist? Based on the literal reading
of this described situation, one might expect that
the majority of human annotators would consider
this situation as rather implausible. Yet, previous
research has demonstrated that humans are eager
to interpret such a seemingly implausible event. In
the current study, we investigate to which extent
the interpretation of implausible events is driven by
the potential to frame them in a non-literal context.
For instance, the above situation has been contex-
tualized in figurative example sentences such as
During the intense desert race, the scorching heat
caught the cyclist off guard, forcing him to stop for
water and shade. and The unexpected heat caught
the cyclist unaware.

As the example illustrates, interpreting and dis-
tinguishing plausible from implausible events is a
crucial and non-trivial building block of natural lan-
guage. A range of work has explored semantic
plausibility using subject-verb-object (svo) events
in English leveraging embedding-based neural net-
works (Wang et al., 2018), transformers (Porada
et al., 2019; Emami et al., 2021; Porada et al.,
2021), and LLM-based methods (Kauf et al., 2024).
However, prior research so far explicitly focused
on literal events (Wang et al., 2018) or other as-
pects of plausibility. Our work addresses this gap
and explores the connection between figurative lan-
guage and plausibility. To do so, we adopt defi-
nitions from previous work (Wilks, 1975; Resnik,
1993; Wang et al., 2018) and consider plausibility
in a binary setting. Plausible events include not
only highly typical events but also untypical events
(Wilks, 1975), potentially novel events (Wang et al.,
2018), and seemingly trivial events such as “a per-
son breathes” that are not necessarily attested in
an existing corpus (Gordon and Van Durme, 2013).

In comparison, fully implausible events do not al-
low any semantically valid interpretation; neither a
literal nor a figurative reading, for example, through
creative metaphors (Griciūtė et al., 2022).

For our study, we rely on a small subset of svo
event triples that were previously annotated as
(im)plausible (Eichel and Schulte im Walde, 2023).
Crucially, the original triples are balanced with re-
gard to the degree of concreteness vs. abstract-
ness of the involved constituent words, because
concepts can be described in accordance with the
way people perceive them (Barsalou and Wiemer-
Hastings, 2005; Brysbaert et al., 2014): Concrete
concepts such as trampoline can be seen, heard,
touched, smelled, or tasted. In contrast, abstract
concepts such as realism cannot be perceived with
the five senses. In between these two extremes on
the scale, mid-range concepts such as punctuality
are situated. The provided abstractness informa-
tion allows us to connect not only (im)plausibility to
(non)literalness but to additionally integrate an inter-
action with conceptual abstractness, thus implicitly
relating to Conceptual Metaphor Theory (Lakoff and
Johnson, 1980) as a mapping from abstract to con-
crete concepts to trigger metaphorical meanings
as a special case of non-literal language.

More specifically, we make use of 411 svo triples
with plausibility judgments, and ask humans and
LLMs to make a binary judgement about their figu-
rative language, plus providing example sentences.
Our novel dataset contains a total of 6,497/14,555
judgments and 6,497/3,288 unique sentences gen-
erated by humans/LLMs.1 We use the collected
judgements and sentences to compare human and
LLM generations. In the context of plausibility, hu-
mans have been observed to tend towards sense-
making with great nuance and willingness to in-
terpret even whimsical sentences (Griciūtė et al.,

1www.github.com/AnneroseEichel/NLE2026
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2022; Eichel and Schulte im Walde, 2023). Regard-
ing LLMs, while they are equipped for semantic in-
terpretation with (world) knowledge learned through
distributional patterns in vast amounts of training
data, almost all of their data are plausible. We thus
formulate the following research questions:

• RQ1: Does figurative language interact with event
plausibility, and how does this interaction relate
to the abstractness of the event constituents?

• RQ2: How do human annotations compare to
LLM judgments regarding figurative language and
event plausibility?

• RQ3: Which qualitative differences can be ob-
served for human vs. model-produced contextu-
alizations of (non-)literal implausible events?

Our contributions are threefold: (i) We present a
collection of judgments and example contexts from
humans and four LLMs, using a systematic setup
of plausible and implausible event triples in combi-
nation with abstract and concrete constituent cate-
gories. (ii) We provide detailed insights into human
vs. LLM judgments for predicting (non-)literalness,
and (iii) we conduct a careful analysis of human-
and model-generated contexts as well as repair
mechanisms for seemingly implausible events.

2. Data

We use the plausibility dataset PAP (Eichel and
Schulte im Walde, 2023). PAP encompasses a
balanced set of 1,733 subject-verb-object triples in
English extracted from Wikipedia (originally plausi-
ble) and automatically perturbed triples (originally
implausible). All events are labeled by each com-
ponent’s concreteness ranging from abstract (a),
over mid-range (m), to concrete (c) (Brysbaert et al.,
2014). PAP is balanced across all possible combi-
nations of abstractness such as events consisting
of only highly concrete words such as “person calls
town” (ccc) or fully mixed events such as “career
reestablishes chicken” (amc). Triples are anno-
tated through crowd-sourcing with subjective as-
sessments of plausibility on a degree scale (1–5)
ranging from implausible to plausible. PAP ratings
include raw annotations as well as original plausibil-
ity labels, and provide clear majority-based (≥ 70%)
aggregations. For this study, we use a subset satis-
fying the following criteria: across all abstractness
combinations, we draw a random sample of event
triples where (i) original and human-annotated ma-
jority label correspond to each other such as “album
breaks genre” (orig.: plausible; PAP maj.: plau-
sible), and (ii) original and human-annotated ma-
jority label differ such as “collection needs auton-
omy” (orig.: implausible; PAP maj.: plausible). An
overview is shown in App. A.1, Table 4.

3. Methods

For each svo event in our dataset sample, we col-
lect judgments and example sentences from both
humans and LLMs. We ask humans to (1) select
a label for whether an event is figurative, literal, or
neither, based on the combination of component
meanings, and (2) produce an example contextu-
alizing the event (only if figurative or literal), or a
sentence contextualizing an altered event if neither
(cf. App. A.2, Figure 3 for annotation instructions).
Then, we prompt LLMs to complete the same tasks.

Human Annotation We use Prolific and Google
Forms as study tools. Participants are required
to reside in the UK, US, Ireland, or Australia and
hold corresponding citizenship, speak English as
their primary language, and have a Prolific approval
rate of ≥ 98%. Items are shown in batches of ≈25
items with one target shown per page. For each
item, we collect 16±1.45 responses from a total of
240 annotators. We make sure that each annotator
contributes < 1%. to the collection. Our annotator
sample has a median age of 38 years, is slightly
skewed towards female (56.7%) over male annota-
tors (43.3%), and resides mainly in the US (57%).
For full demographic details, cf. App. A.2. Across
abstractness combinations, we obtain a total of
6,497 judgments and example sentences.
Modeling For model predictions, we use the In-
struct versions of four LLMs. We focus on moderate
parameter count and test four multilingual model
families: Qwen3-4B (Qwen Team, 2025), Gemma3-
4B (Gemma Team, 2025), Mistral-7B (Jiang et al.,
2023), and Llama3.1-8B (Grattafiori et al., 2024).
The LLM prompts for label and text generation are
based on instructions for humans with (few-shot)
and without (zero-shot) examples (cf. App. A.3,
Figure 6 and Figure 5 for prompts). (1) For label
prediction, we aggregate results across five model
runs with different random seeds and three prompts
with varying phrasing and output formats. (2) For
example sentence generation, we replicate human
instructions as closely as possible and obtain gen-
erations for one seed. All prompting is performed
with model default settings and a 64 token limit.

4. Results

4.1. Figuratively, literally, unclear, or
actually not plausible at all?

To explore RQ1, i.e., how figurative language inter-
acts with event plausibility and event constituent
abstractness, we first provide a deep-dive into hu-
man judgments. To shed light on RQ2, we then
assess how human annotations compare to SOTA
LLMs’ judgments.
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(a) Human judgements across abstractness comb. (b) orig. label (c) PAP rating
Figure 1: Analysis of human figurative majority-assigned labels assigned across (a) 27 abstractness
combinations ranging from most abstract on the left to most concrete one the right, (b) in comparison
with original labels used to create PAP, and (c) PAP majority ratings.

(a) Qwen3-4B judgements across abstractness comb. (b) orig. label (c) PAP rating
Figure 2: Analysis of Qwen3-4B figurative labels (zero-shot), similarly to Figure 1.

Human Judgments To investigate the relation-
ship between abstractness as well as original and
PAP plausibility ratings and figurative meanings of
the targets, we visualize the number of svo events
judged by the majority of participants. Here, ma-
jority is defined as ≥ 60%. Whenever no majority
is reached, we assign the label unclear. Figure 1
presents three perspectives on the distribution of
judgments. Across plots, label categories are: fig-
urative (violet), literal (blue), neither (no contextual-
ization is possible, green), and unclear (orange).

We first look at the interplay between the ab-
stractness of the svo events, and their percep-
tion as figurative vs. literal language. Across the
x-axis, we observe a clear trend. More concrete
events (e.g., (ccc), (cam), (cac)) are judged more
literally, while more abstract events (e.g., (aaa),
(ama), (mca)) are judged more figuratively. More
specifically, subject and object abstractness exert
greater influence on (non-)literalness. In particular,
concrete or mid-scale verbs in such events lead to
predominantly literal readings of events, confirming
prior work (Khaliq et al., 2024; Knupleš et al., 2026).
In turn, we observe a limited influence of verb ab-
stractness. Items for which neither a figurative nor
a literal reading or a context could be inferred such
as “payload lives blowout” or “city folds fruit” ac-

cumulate on the more concrete end of the scale.
Here, concrete objects strongly influence events
that are otherwise abstract.

Next, we focus on the relationship between plau-
sibility and figurative language. We consider
both the original labels underlying the PAP dataset,
and the majority PAP ratings. Originally plausible
items such as “advance guarantees freedom” are
judged more figuratively than originally implausible
items such as “copy inflates disbelief ”. While the
difference is rather small for original labels, a larger
disparity is observed for PAP ratings. When inspect-
ing targets judged literally such as “owner secures
trademark”, a virtual clear-cut between plausible
and implausible items emerges. While both orig-
inal and majority PAP plausible items are judged
mainly literally, implausible items are virtually never
perceived as literal.

Following our qualitative inspection, we further
quantify whether assigned (non-)literal labels
are related with event abstractness, original la-
bel, or PAP ratings using χ2 tests of independence
(Pearson, 1991). Strength of association is exam-
ined with Cramér’s V (Cramér, 1999). An overview
of results is presented in Table 1. We find significant
associations (p < .001) between abstractness com-
binations and figurative/literal labels, with a mod-
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Human Qwen3-4B Llama3.1-8B Mistral-7B Gemma3-4B
Figurative df χ2 V χ2 V χ2 V χ2 V χ2 V

abstractness 26 63.64*** 0.39 23.10 0.24 48.13** 0.34 41.50* 0.32 42.82* 0.32
orig. label 1 6.91** 0.13 37.68 0.30 0.17 0.02 4.64* 0.11 33.10 0.28
PAP rating 3 13.49** 0.18 6.20 0.12 2.88 0.08 1.59 0.06 7.68 0.14
Literal
abstractness 26 43.93** 0.33 34.81 0.29 50.88** 0.35 42.67* 0.32 43.75* 0.33
orig. label 1 111.33*** 0.52 45.72 0.33 0.46 0.03 4.66* 0.11 32.23 0.28
PAP rating 3 17.29*** 0.21 7.85* 0.14 2.25 0.07 5.42 0.11 8.09* 0.14
Neither
abstractness 26 32.80 0.28 27.33 0.26 23.33 0.24 - - 32.86 0.28
orig. label 1 71.96 0.42 0.45 0.03 1.53 0.06 - - 1.19 0.05
PAP rating 3 13.73** 0.18 0.04 0.01 0.48 0.03 - - 2.16 0.07
Unclear
abstractness 26 29.59 0.27 32.56 0.28 28.31 0.26 39.61* 0.31 40.18* 0.31
orig. label 1 8.23** 0.14 1.33 0.06 0.80 0.04 0.32 0.03 1.50 0.06
PAP rating 3 4.17 0.10 0.15 0.02 2.10 0.07 0.59 0.04 5.42 0.11

Table 1: Associations between figurative language and abstractness, original label, or PAP ratings. χ2

indicates significance (p < .05:**, p < .01:**, p < .001: ***) and Cramér’s V measures strength of
association. Model results are based on zero-shot prompts.

erate effect size. This finding further underlines
previous work (Khaliq et al., 2024; Knupleš et al.,
2026) focusing on verb-object (v,o) pairs where
they find an increase in figurative majority-based
judgments predominantly influenced by object ab-
stractness. We further find a significant association
(p < .001) between original and literal labels, with
a strong effect size. For literal labels and majority
PAP, we also observe a statistically reliable associ-
ation (p < .001) albeit with a weaker effect size.

Human vs. LLM Judgments We compare
majority-assigned label distributions obtained by
humans vs. four SOTA LLMs where majority is
defined as ≥ 60%. Results across models and
prompt types are shown in Table 2 with perfor-
mance equally low for all four models, i.e., they
mostly disagree with human judgments. When visu-
alizing majority-assigned labels, we observe clear
differences across models and prompt types. For
reasons of space, we illustrate model results at
the example of Qwen3-4B results in Figure 2 and
provide a full overview in App. B, Figure 7.

Zero-shot prompts trigger Gemma, Qwen, and
Mistral to assign overwhelming majorities of plausi-
ble, and specifically figurative readings. This holds
for both originally plausible and implausible events.
A notable exception is Llama which assigns sig-
nificantly more literal interpretations across origi-
nal labels and abstractness combinations. This
trend is only partially observable for the other three
models which assign literal readings for more con-
crete events. In comparison to the label distribution
based on human annotations, there is a notable ab-
sence of implausible instances across all models.

In particular, Mistral does not produce a single ma-
jority assignment for implausible. Similarly to the
analysis of human judgements, we conduct a quan-
titative analysis to explore the relationship between
figurative language and abstractness, original label,
and PAP rating. Results are shown in Table 1, indi-
cating associations (p < [0.01, 0.05]) with moderate
effect size between figurative and literal labels and
abstractness for all models except Qwen.

Few-shot prompts (cf. App. B, Figure 8) change
Gemma results with a significant increase in im-
plausible and unclear events. Interestingly, only
marginally different results are observable for both
Qwen and Mistral, which could either point to strong
prediction stability across prompts or disregard of
contextual information in the middle of a prompt.
Lastly, Llama results change to overall more fig-
urative events assigned. Additional quantitative
inspections (cf. App. B, Table 5) underline the rela-
tion between plausible labels and abstractness with
stronger associations than for zero-shot prompting.

We further explore for both zero- and few-shot
settings which prompt template leads to the
strongest bias towards figurative interpretation
of the examined events. Results are shown in
App. B, Table 6, indicating that prompt templates
based on human instructions introduce the least
bias across models.

In summary, our hypotheses are confirmed for
human-annotated events: (i) The more concrete
svo event constituents are, the more likely contextu-
alization fails, i. e., events being judged as neither
figuratively nor literally meaningful, but implausi-
ble (nonsensical). This finding underlines previ-
ous work on the influence of event abstractness
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model zero-shot few-shot
acc. τ acc. τ

Gemma3-4B 0.27 0.09 0.30 0.01
Qwen3-4B 0.27 -0.15 0.25 -0.16
Mistral-7B 0.20 -0.10 0.21 -0.05
Llama3.1-8B 0.28 0.04 0.32 0.05

Table 2: Model performance for label prediction
across prompt types. Predictions are aggregated
across prompt templates and five model runs. We
report accuracy (acc.) and Kendall’s τ using human
majority-assigned decisions as reference value.
Bold: p < 0.001

on plausibility (Eichel and Schulte im Walde, 2023)
and complements research on semantically anoma-
lous vs. truly nonsensical expressions (Olsen and
Padó, 2026). (ii) Confirming our hypothesis, the
more abstract svo event constituents are, the more
frequently plausibility is perceived, and the more
probable is a figurative reading. In contrast, LLM-
predicted results deviate from our hypothesis as
we find (i+ii) a strong bias for plausibility, and
specifically figurative language across categories
for Qwen, Mistral and Gemma, while overall, Llama
results are closer to human judgments. However,
human-annotated results are only weakly mirrored
with models trading implausibility for plausibility.

4.2. Qualitative Characteristics of
Human- vs. LLM-Produced Contexts

We qualitatively evaluate generated contexts to
assess how humans vs. models contextualize
(im)plausible svo events. Across our 27 abstract-
ness combinations, we sample up to four exam-
ples (one per label) produced by humans or mod-
els (zero-shot), yielding 97 contexts. We sample
3 example sentences per investigated event from
human-generated contexts. We label one model
generation per event. Events incorrectly (not) con-
taining the original svo event are labeled none. We
also assign none in case of more than one changed
constituent or in case of constituent changes de-
spite a plausible judgement. Whenever events cor-
rectly contain the original event but are semanti-
cally invalid, we assign the label anomalous. We
follow Olsen and Padó (2026)’s labeling scheme
and annotate contexts as specific if no self-reported
indication of generic settings such as fantasy story
is present in produced example contexts. In case
of changes, we track altered event constituents.

Results for human-produced and model-
generated contexts are reported in Table 3,
highlighting a substantial number of specific con-
texts by both humans and LLMs. In comparison to
humans, LLMs rarely predicted the label neither
in which case an event constituent should be
altered to enable contextualization. Nevertheless,

H1 H2 H3 LL QW MI. GE
Specific 94 92 93 51 52 27 17
Altered (s) 10 8 8 - - - 2
Altered (v) 6 13 13 - - - -
Altered (o) 15 8 8 - - - -
Anomalous - 1 2 6 11 1 22
None 3 4 2 40 34 69 58

Table 3: Human (H) vs. LLM (LL: Llama, QW:
Qwen, MI: Mistral, GE: Gemma) context patterns.

especially Mistral and Gemma frequently alter
events despite a predicted figurative or literal
label. Moreover, in the few cases were neither
was assigned, models mostly fail to correctly
change only one constituent and produce a valid
sentence. Further, LLM contextualization strongly
adheres to original event syntax, as highlighted
by contexts to the originally and majority PAP
implausible event “license hinders ice”. Qwen
repeats the event (“The event license hinders
ice.”). Both Llama and Gemma add a single object
(“The event license hinders ice skating.”). Mistral’s
generation illustrates a common failure across all
models: incorrect substitution despite a plausible
judgement (“The ice sculpture exhibition was
hindered by the event license restrictions.”)

In comparison, human-produced contexts are
based on a majority-assigned neither label with
examples altering the subject (“The recent sunny
weather hinders ice for hockey player.”) or the ob-
ject (“The strict license hindered access to the re-
stricted research facility.”) or providing an actu-
ally supporting, non-anomalous context (“A license
doesn’t have the capability to hinder ice from form-
ing.”) While humans use a wide vocabulary range
and vary syntax to generate meaningful contexts,
all models over-use the term event, and adhere to
mostly nouns, verbs, and simple syntactic struc-
tures. In conclusion, LLM results reveal shallow
patterns when compared with human-generated
contexts exhibiting great nuance at assessing plau-
sibility and contextualizing and ‘repairing’ events.

5. Conclusion

This work explored the connection between plau-
sibility and (non-)literalness at the example of svo
events in English. Using a carefully selected sec-
tion of the PAP dataset (Eichel and Schulte im
Walde, 2023), we collected and analyzed human-
vs. LLM-generated judgments and examples. Our
analysis reveals substantial differences between
human and LLM assessments for the examined
events. While humans excel at nuanced detection
and contextualization of (non-)literal vs. implau-
sible events, LLM results reveal shallow context
patterns and a strong bias towards plausibility.
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7. Limitations and Ethical
Considerations

A first obvious limitation of our work is the sole focus
on the English language. We expect results to differ
for other languages and encourage work on plau-
sibility, (non-)literalness, and abstractness. In this
paper, we present a collection of (non-)literalness
judgments and examples sentences collected via
crowd-sourcing. We employ control items as well
as post-processing to minimize the impact of un-
reliable annotations on our analyses. Approaches
of mitigation could be concentrating on labels with
high majorities of one label assigned or use e. g.,
probabilistic approaches to aggregate labels. We
pay participants fairly and seek transparent commu-
nication of decisions whenever necessary during
the annotation approval process. Furthermore, in
our work we use a reasonable set of heuristics to
parse LLM-generations. It is possible that more
complex approaches might lead to different results
based on the parsing process. Finally, we use
LLMs that are known to exhibit bias which might be
reflected in the way events are judged as well as in
the style and content of generated contexts.
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A. Appendix

A.1. Data
Table 4 presents an overview of the target svo
events sampled from the PAP dataset.

orig. labels PAP ratings
plausible disagree implausible

plausible 81 64 31
implausible 81 80 77

Table 4: Overview of number of target event triples
sampled from PAP.

A.2. Human Annotation
Human Annotator Demographics Figure 4
shows an overview of annotator demographics.
Subplot (a) visualizes the age distribution of in-
volved annotators. Mean age is 39.5 years and
median age is 38 years. Subplot (b) presents the
distribution between female and male participants.
Please note that this is based on self-reported bio-
logical sex of participants. We do not collect infor-
mation on gender identity. We report annotators’
employment status in subplot (c) with the majority
of participants either working full-time or part-time.
“No paid work” refers to individuals focusing on
care work as well as retired or disabled individuals.
“Soon new job” denotes participants who start a new
job in the next month (which does not mean that
they are not employed at the moment they took part
in the study). “Unemployed” implies that someone
is unemployed and job-seeking. “DATA_EXPIRED”
refers to long-time participants on Prolific who have
not updated their Prolific profile for a longer period
of time. Some information such as employment or
student status hence might get marked as expired.
As visualized in subplot (d), self-reported simplified
ethnicity groups are mainly White (67%) and Black
(25%). While nationality as shown in subplot (e)
needs to include UK, Ireland, U.S., or Australia,
participants might have dual citizenship (e.g., the
UK allows for that). Subplot (f) lists countries where
participants reside.

A.3. Modeling
We present prompt templates for zero- and few-
shot prompting in Figure 6 and Figure 6.

B. Results

Human vs. Model Label Predictions We
present zero-shot model results for predicting figu-
rative labels for all models in Figure 7. Few-shot
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Figure 3: Annotation interface
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(a) Age.
(b) Female and male (sex; gender identity informa-
tion not collected).

(c) Employment status. (d) Self-reported simplified ethnicity groups.

(e) Nationalities (dual citizenship possible). (f) Country of residence.

Figure 4: Distributions of annotator demographic features.

model results for predicting figurative labels are
presented for all models in Figure 8.

Further, quantitative analysis results for few-shot
modeling results are presented in Table 5. We
include values from human analysis for reference.

We analyze which prompt template leads to
strongest bias towards figurative interpretation. We
consider both zero- and few-shot prompt templates
and show results in Table 6.
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Is the following event figurative or literal or neither?
Event: {event}
Answer with only one label: figurative or literal or neither.
Respond in the following format:
Label: <figurative|literal|neither>

Determine whether the event below is figurative or literal or neither.
Event: {event}
Respond in the following format:
Label: <figurative|literal|neither>

Decide whether the event description is clearly based on the meanings of the three
words.↪→

Event: {event}
Answer with only one label: <figurative|literal|neither>.
Decision: <label>

Figure 5: Zero shot prompt templates, from top to bottom including the task formulation as a question
(top), a statement (middle), and as closely as possible based on the instruction for human annotation but
condensed in one sentence (bottom).

Decide whether the event description is clearly based on the meanings of the three
words.↪→

For example, the event "cat eat sardine" is literally describing the event of a cat
eating a sardine.↪→

In contrast, the event "friend grasp meaning" does not describe a friend literally
grasping a meaning:↪→

the event meaning is figurative, rather than literal.
Event: {event}
Answer with only one label: <figurative|literal|neither>
Decision: <label>

Figure 6: Few shot prompt template. The prompt is based as closely as possible on the instruction for
human annotation while optimizing for the shortest length.

Human Qwen3-4B Llama3.1-8B Mistral-7B Gemma3-4B
Figurative df χ2 V χ2 V χ2 V χ2 V χ2 V

abstractness 26 63.64*** 0.39 43.66* 0.33 46.71** 0.34 51.37** 0.35 53.59** 0.36
orig. label 1 6.91** 0.13 41.05 0.32 7.74** 0.14 4.64* 0.11 13.56*** 0.18
PAP_rating 3 13.49** 0.18 15.48** 0.19 4.04 0.10 3.37 0.09 1.23 0.05
Literal
abstractness 26 43.93** 0.33 50.84** 0.35 61.28*** 0.39 34.08 0.29 57.32*** 0.37
orig. label 1 111.33*** 0.52 40.70 0.32 25.35*** 0.25 10.02** 0.16 19.26*** 0.22
pap_rating 3 17.29*** 0.21 15.73** 0.2 7.37 0.13 3.91 0.10 1.97 0.07
Neither
abstractness 26 32.80 0.28 33.25 0.28 23.17 0.24 33.14 0.28 29.15 0.27
orig. label 1 71.96 0.42 0.02 0.01 0 0 - - 6.45* 0.13
pap_rating 3 13.73** 0.18 1.54 0.06 1.86 0.07 6.54 0.13 8.39* 0.14
Unclear
abstractness 26 29.59 0.27 28.55 0.26 20.12 0.22 51.42** 0.35 39.34* 0.31
orig. label 1 8.23** 0.14 0 0 1.02 0.05 0 0 0.87 0.05
pap_rating 3 4.17 0.10 3.73 0.10 10.21* 0.16 1.89 0.07 9.44** 0.15

Table 5: Associations between figurative language and abstractness, original label, or PAP ratings. χ2

indicates significance (p < 0.05:**, p < 0.01:**, p < 0.001: ***) and Cramér’s V measures strength of
association. Model results are based on few-shot prompts.
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(1a) Qwen3-4B judgements across abstractness comb. (1b) orig. label (1c) PAP rating

(2a) Mistral-7B judgements across abstractness comb. (2b) orig. label (2c) PAP rating

(3a) Llama3.1-8B judgements across abstract. comb. (3b) orig. label (3c) PAP rating

(4a) Gemma3-4B judgements across abstract. comb. (4b) orig. label (4c) PAP rating
Figure 7: Overview of analysis of Qwen3-4B, Mistral-7B, Llama3.1-8B, and Gemma3-4B figurative
labels (zero-shot), similarly to human analysis in Figure 1.
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(1a) Qwen3-4B judgements across abstractness comb. (1b) orig. label (1c) PAP rating

(2a) Mistral-7B judgements across abstractness comb. (2b) orig. label (2c) PAP rating

(3a) Llama3.1-8B judgements across abstract. comb. (3b) orig. label (3c) PAP rating

(4a) Gemma3-4B judgements across abstract. comb. (4b) orig. label (4c) PAP rating
Figure 8: Overview of analysis of Qwen3-4B, Mistral-7B, Llama3.1-8B, and Gemma3-4B figurative
labels (few-shot), similarly to human analysis in Figure 1.
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Zero-shot Few-shot
question statement human instr. human instr.

Gemma3-4B 67.88 89.29 61.05 22.83
Qwen3-4B 91.00 83.94 63.50 73.90
Mistral-7B 84.91 95.83 78.47 94.51
Llama3.1-8B 23.88 31.39 31.03 61.37

Table 6: Overview of share of only figurative labels per prompt, in percent. Note that percentages do
not add up to 100% but each number is a share of 100% labels distributed among figurative (shown
here), literal, neither, and unclear (not shown). For reference, prompt templates are listed in Figure 6 and
Figure 5.
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Abstract
In recent years, automatic metaphor detection has received considerable attention within NLP. However, the largest
share of research, including most datasets annotated for metaphor, has concentrated on English and a limited set of
genres. Automatic metaphor detection for a genre like religious online communication, which is particularly rich
in metaphor, remains understudied, in particular since annotated data for this genre is lacking in the first place.
This paper aims to close these gaps by offering a novel dataset of posts from German online forums annotated for
metaphor, which opens up new research opportunities for automatic metaphor detection for German. Moreover, we
present an in-depth exploration in which we evaluate the suitability of different strategies to overcome the relative lack
of training data for this task by comparing cross-lingual and cross-genre transfer strategies with the use of LLM
prompting. We find that fine-tuning encoder-only language models outperforms the prompting-based approach, that
different architectures based on contextual embeddings indeed exhibit considerable differences in their behavior and
that smaller in-genre data may be preferable for certain use cases over fine-tuning on larger datasets from different
genres.

Keywords: metaphor, figurative language, cross-lingual transfer, online forums, social media

1. Introduction

Metaphoric language is more than just a stylistic
tool. It rather points to underlying mappings be-
tween semantic domains that structure the way
humans perceive the world (Lakoff and Johnson,
1980). For some genres, metaphor is of particu-
lar importance, since it serves to describe what
otherwise cannot be put into words. For exam-
ple, in religious communication, transcendent and
supernatural entities like God must be described
using metaphors from the physical world, such as
through describing God as a father and believers
as children (Krech et al., 2023). Religious commu-
nication (together with other specialized discourse
such as science communication) consequently rep-
resents a particularly fruitful use case for the appli-
cation of automatic metaphor detection methods.
Such solutions would also enable potentially new
interdisciplinary and quantitative perspectives for
the study of religion. However, while automatic
metaphor detection has indeed received more and
more attention in recent years, the best perform-
ing approaches (Choi et al., 2021; Babieno et al.,
2022; Li et al., 2023) were almost exclusively ap-
plied in scenarios where large amounts of training
data that matched the test data in terms of both
language and genre were available; particularly fo-
cusing on the VU Amsterdam Metaphor Corpus
(Steen et al., 2010) (VUAMC), which consists of
texts from news, everyday conversation, light fic-
tion and academic discourse. The application to
datasets from other genres, as well as cross-lingual

applications that involving testing on data in other
languages than English, remains scarce. Particu-
larly for German, there is a lack of resources. Exist-
ing metaphor datasets for German are either very
small and machine-translated versions of English
datasets (Berger et al., 2024), not yet publicly avail-
able (Egg and Kordoni, 2023) or focus on one spe-
cific word class such as particle verbs only (Köper
and Schulte im Walde, 2016). Additionally, the
study of Reimann and Scheffler (2024) is the only
work applying metaphor detection to religious texts.

More recently, there has been a shift from super-
vised finetuning to zero- and few-shot prompting
of generative Large Language Models (LLMs) for
many NLP tasks. In theory, this presents new op-
portunities in cases where data is scarce. However,
metaphor detection appears to be a task that still
poses problems for generative LLMs (Chen et al.,
2024; Liang et al., 2025; Reimann and Scheffler,
2025a,b), which raises questions on how to deal
with the data shortage for our specific use case
of metaphor detection in Christian online forums.
Can LLM prompting be a viable option for scenarios
where training data does not match the target test
data in language and/or genre or are supervised
transfer learning scenarios the better option?

More specifically, to answer the aforementioned
issue, we make the following contributions in this
paper:

1. We make a novel dataset obtained from Ger-
man Christian online forums publicly available1.

1https://github.com/SFB-1475/
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This dataset is, to the best of our knowledge,
the largest publicly available German dataset
annotated for metaphor and will thus counter-
act the lack of high-quality datasets for this
particular language and genre combination.

2. We explore cross-lingual transfer potentials for
German metaphor detection with multilingual,
encoder-only language models and English as
a source language. We find that such transfer
indeed works if the underlying cross-domain
mapping is common in both languages.

3. We share the first study that explicitly contrasts
cross-lingual, cross-genre transfer and prompt-
ing based approaches for automatic metaphor
detection. In a supervised setting, we find that
using data from similar genres but different lan-
guages may indeed be preferred, even if the
datasets are smaller and cross-lingual transfer
is necessary.

2. Previous Work

In recent years, the most successful body of re-
search on automatic metaphor detection (Mao et al.,
2019; Choi et al., 2021; Babieno et al., 2022; Zhang
and Liu, 2023) used contextual word embeddings
to model the procedures for manual metaphor iden-
tification, in particular the Metaphor Identification
Procedure (Pragglejaz Group, 2007) (MIP) con-
cerned with the contrast between the meaning of
a word in its context and its more concrete basic
meaning, and the Selectional Preference Violation
(SPV) approach (Wilks, 1975) concerned with the
semantic difference between a word and its context.
However, these methods for automatic metaphor
detection focused almost exclusively on English.

The earliest cross-lingual approach was put for-
ward by Tsvetkov et al. (2014) who use vectors that
incorporate features for abstractness, imageability
and supersenses in order to detect metaphorical
subject-verb-object and adjective-noun construc-
tions with a random forest classifier. Non-English
examples are translated before the are vectorized.
The F1-scores achieved by their approach remain
relatively constant across all four languages (En-
glish, Spanish, Russian and Farsi), demonstrating
potential for cross-lingual transfer.

Despite the promising early results of Tsvetkov
et al. (2014), cross-lingual metaphor detection has
been relatively underexplored until recently. Be-
sides several other probing experiments, Aghaz-
adeh et al. (2022) tested the cross-lingual trans-
fer capabilities of pretrained language models for
metaphor detection. For these cross-lingual exper-
iments, they used data from the multilingual LCC

C04-Cross-Lingual-MD

Corpus (Mohler et al., 2016) containing sentences
in English, Spanish, Russian and Farsi. For each
language, they finetuned XLM-RoBERTa (XLM-R)
on equal portions of the corpus and tested them
on data from all languages in the corpus. Although
training and testing on the same language always
yielded the highest accuracy, for all cross-lingual
transfer settings, the models outperformed a ran-
dom baseline, suggesting that some transfer oc-
curred successfully.

Sanchez-Bayona and Agerri (2022) present
CoMeta, a large Spanish corpus annotated via
MIPVU, the same guidelines used for the anno-
tation of the VUAMC. They carry out cross-lingual
metaphor detection experiments, where they fine-
tune the most successful models from monolingual
experiments (XLM-R for the evaluation on Span-
ish and DeBERTa for the evaluation on English)
in a cross-lingual transfer setting, from Spanish to
English and vice versa. Training on Spanish and
evaluating on English expectedly underperformed
the monolingual results. However, finetuning on
English and evaluating on Spanish even outper-
formed the monolingual Spanish setting, which they
attribute to the larger size of the English training
set compared to its Spanish counterpart.

For metaphor detection for Slovene, Klemen and
Robnik-Šikonja (2023) also included a series of
cross-lingual experiments, besides monolingual
experiments, where they train on either English
data from the VUAMC or a combination of En-
glish and Slovene data and test on Slovene, us-
ing XLM-R and a trilingual model pretrained on En-
glish, Slovene and Croatian data (Ulčar and Robnik-
Šikonja, 2020). However, they find that English data
only had a minor effect on performance.

Berger et al. (2024) used a version of the English
metaphor corpus of Gordon et al. (2015) that was
translated into German and reannotated via MIPVU
to explore the cross-lingual transfer for metaphor
detection. They approached the task in two ways:
as a sequence classification task providing one
label for each word in a sentence and a classifica-
tion task providing a label for the entire sentence
on whether it contains a metaphoric word. In all
experiments, they used VUA for training and eval-
uated both the original English data from Gordon
et al. (2015) and their German translations. For the
sequence classification task the performance was
low overall. For sentence classification, they report
more positive results, with SBERT only underper-
forming a monolingual evaluation by 5 points in F1
(66% vs 61&).

Hülsing and Schulte Im Walde (2024) apply
cross-lingual transfer to verb metaphor detection
in low-resource scenarios with English as a source
language and German (using the particle verb data
of Köper and Schulte im Walde (2016)), Latin and
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Russian as target languages. They train multilin-
gual BERT in both a zero-shot setting with only
English data involved in training as well as in a
few-shot setting with 20 target language examples
and with the multilingual adapter MAD-X on English
and evaluate its performance on German, Latin and
Russian. They report mostly satisfactory results,
with F1-scores ranging from 60% to 87%, with the
best performances on Russian with the MAD-X
adapter. Introducing the target language examples,
surprisingly, did not bring any improvement.

3. Data

3.1. English
For our English data, we rely on preexisting
datasets annotated for metaphor via MIPVU. In
order to have a dataset that corresponds in terms
of genre with our German data, we use the data of
Reimann and Scheffler (2024), consisting of posts
from two Christian subreddits.

Additionally, for the comparison of cross-lingual
and cross-genre transfer, we include a large dataset
from a different genre. Here, the logical choice is
the version of the VUA corpus (Steen et al., 2010)
used in the 2020 Metaphor Detection Shared Task
(Leong et al., 2020). Both the Reddit dataset of
Reimann and Scheffler (2024) and the version of
VUA used in Leong et al. (2020) only included con-
tent words (nouns, verbs, adjectives and adverbs)
in their metaphor annotations. The VUA corpus is
available under a CC BY-SA 3.0 license and the
Reddit data is available under the CC-BY-4.0 li-
cense.

3.2. German
For our German dataset, we searched the religious
German online forum jesus.de for threads where
the word Metapher (“metaphor”) is mentioned, in
order to capture as many examples as possible that
contain metaphors that were deliberately used as
such.

We annotated our data following the MIPVU pro-
tocol (Steen et al., 2010), in particular its variant
for German (Herrmann et al., 2019), which makes
additional recommendations on how to deal with
German morphology and the most suitable German
dictionaries (Duden and DWDS). We only annotate
nouns, verbs, adjectives and adverbs. For its basic
procedure, MIPVU asks the annotator to perform
the following steps:

1. Read and understand the text

2. Divide the text into lexical units

3. On a word by word basis, define the contextual
meaning (3a), decide if a more basic (i.e., more

concrete, human-oriented) meaning exists in
a corpus-based dictionary (3b), and decide if
the two meanings are sufficiently distinct but
still related by some sort of similarity (3c)

If these conditions are met, the word is considered
to be a indirect Metaphor-Related Word (MRW). Ad-
ditionally, MIPVU covers so-called direct MRWs,
which are metaphoric words that are part of a
metaphoric comparison (e.g., “strong like a lion”).
Steen et al. (2010) argue that they are used in their
literal meaning and thus not covered by the stan-
dard procedure but they still express a mapping
between two domains.

Four annotators were involved in the annotation
process, a PhD student of computational linguistics
and a PhD student of religious sciences, as well
as two student assistants, one with a background
in philosophy and English linguistics and one with
a background in religious sciences. All annotators
are native speakers of German. Initially, we carried
out an annotation round to familiarize ourselves
with the data as well as the annotation guidelines
with all annotators and extensively discussed all
cases of disagreement in the curation process.

One aspect that caused initial confusion among
annotators were frequently occurring lexicalized
expressions in German such as es gibt (“there is”,
lit. “it gives”) and es geht mir gut (“I’m doing fine”,
lit. “it goes me fine”), which convey some sense
of figurativeness and may possibly be related by
metaphor when looking at them through the lens of
historical linguistics. However, MIPVU emphasizes
to assume a synchronic, modern-day perspective.
From this, we argue that these uses of gibt and
geht and their corresponding forms are not related
by similarity with their more basic meanings.

The largest portion of our data was annotated
by the two student assistants. Between the two
student assistant annotators, we report a substan-
tial agreement (κ = 0.6), close to the agreement
reported in Sanchez-Bayona and Agerri (2022,
κ = 0.63). Additional posts were annotated by
students of German linguistics within a seminar on
metaphor. In all cases, the first author of this paper
took care of the data curation, in close discussion
with the annotators to resolve disagreements. In
all scenarios, INCEpTION (Klie et al., 2018) was
used as the main tool for annotation.

An overview of the datasets used in our experi-
ments is given in Table 1.

4. Experimental Setup

Our main goal is to investigate methods to over-
come the scarcity of data that matches our use
case of posts from German religious online forums.
The largest portion of this paper is dedicated to the
investigation of cross-lingual transfer potentials for
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Dataset Lang. Tokens MRWs (%)
DE_CHR DE 14,222 2,734 (19.22%)
EN_CHR EN 14,981 3,170 (21.16%)
EN_VUA EN 72,611 13,070 (18.00%)

Table 1: Overview of our data.

automatic metaphor detection within the context
of genre differences. Consequently, in our experi-
ments we train and evaluate on various combina-
tions of English and German data. Given the lack
of research on automatic metaphor detection for
German, we will use the German dataset as a test
set and train the models on either the smaller in-
domain Reddit data or the larger, but out-of-domain
VUA20 data. However, in order to gain further in-
sight on cross-lingual transfer for this task, we also
use the German data set as training set, evaluate
on the English Reddit data and compare these re-
sults to the results reported in Reimann and Schef-
fler (2024) for training on VUA and testing on Red-
dit. In addition to the supervised experiments, we
will also further develop previous approaches to
metaphor detection with generative LLMs with in-
context learning and without the use of additional
training or finetuning.

Supervised Transfer Baseline. In our experi-
ments, for the supervised and transfer learning
based approach we design a simple baseline, the
token-based architecture that was already used as
a baseline in the 2020 Metaphor Detection Shared
Task (Leong et al., 2020). It uses the contextual-
ized BERT embeddings of a sentence, which are
given to a linear layer, where a softmax predicts
a label for each token (here: metaphoric or not)
(BASE_XML-R). Instead of the monolingual BERT
model, we use the multilingual XLM-R by Conneau
et al. (2020).

Transfer Experiments. As our main experiment,
we test two architectures for metaphor detection
that claim to be inspired by linguistic theories and
modify them slightly to enable cross-lingual transfer.
On the one hand, we use MelBERT (Choi et al.,
2021). It uses two transformer encoders, one to
encode the entire sentence and one for the target
word only, to replicate MIP and SPV. For MIP in Mel-
BERT, the contrast between basic and contextual
meaning is modeled by concatenating the contex-
tual embedding of the target word and the embed-
ding of the word in isolation. For SPV, Choi et al.
(2021) model the contrast between a word and its
context by concatenating the contextual meaning
of the word and the embedding of the [CLS] token,

representing the entire sentence. Both concatena-
tions are in the end given to a linear classifier. We,
however, replace the monolingual RoBERTa used
in the original MelBERT with XLM-R. We prefer the
original MelBERT over modifications that model the
basic meaning through dictionary entries (Zhang
and Liu, 2022; Babieno et al., 2022) or extract it
from literal examples in the training data (Li et al.,
2023). These approaches rely on either language-
specific resources or training and test data in the
same language and are thus not suitable for cross-
lingual experiments.

As a second model, we use AdMul (Zhang and
Liu, 2023). It is also influenced by MIP but ap-
proaches this in a different way. In a multi-task
learning framework, they combine metaphor de-
tection with an auxiliary task called basic sense
detection, predicting if the word is used in its basic
meaning. For this auxiliary task, they transform
the the Sense Disambiguation (WSD) dataset of
Raganato et al. (2017) into a binary dataset, where
word uses with the most common sense are labeled
as used in their most basic sense. The model is
trained on both tasks and a global discriminator
aligns the representations. We replace the De-
BERTa (He et al., 2021) model of AdMul with its
multilingual counterpart. For the basic meaning dis-
ambiguation task, we additionally add the German
fraction of XL-WSD (Pasini et al., 2021), a multilin-
gual extension of the WSD framework by Raganato
et al. (2017). For comparison purposes and and
due to a lack of separate validation data for addi-
tional hyperparameter tuning, we used the optimal
hyperparameters reported in Choi et al. (2021) and
(Zhang and Liu, 2023).

In all experiments, we use the available models
from HuggingFace (Wolf et al., 2020). We ran all
models on a NVIDIA A30 Tensor Core GPU. In to-
tal, running the experiments took approximately 90
hours: 47 hours for running the LLM experiments
and 43 hours for running the experiments with the
XLM-R and DeBERTa based models.

LLM Prompting. Additionally, we further develop
a prompting-based LLM method for automatic
metaphor detection that does not make use of any
additional training data for finetuning. For this we
use the method of Reimann and Scheffler (2025b)
as a starting point, in particular the version that
uses a one-shot prompt with an example in the
last prompt. We modify their series of prompts us-
ing the insights of Hicke and Kristensen-McLachlan
(2024), who observed positive results with a prompt
that replicates step 3b of MIPVU, the identification
of a more basic meaning. Reimann and Scheffler
(2025b) modeled this step with two prompts, one
to ask the model to generate a dictionary entry
and another to ask which, if any, may be consid-
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ered more basic according to MIPVU. We replace
these two prompts with the one used by Hicke and
Kristensen-McLachlan (2024), asking the model if
a more basic meaning is available and, if yes, to
briefly define this meaning.We provide the prompts
in Appendix A. Reducing this question on a more
basic meaning to one prompt would make the pro-
cedure of Reimann and Scheffler (2025b) cheaper
with respect to computational costs and potentially
less prone to error propagation. For all runs of our
LLM approach, we use the 8B version of LLaMa
3.1, which is explicitly labeled as multilingual and
among the better performing models in Reimann
and Scheffler (2025a). We aim for a lightweight
approach that is relatively inexpensive in compu-
tational resources. Consequently , we prefer the
lightweight 8B version of LLaMa 3.1 over its 70B
version.

5. Results

Table 2 shows the results for all models. First, we
can see that the fine-tuned encoder-only models
again outperformed the one-shot LLM, even in sce-
narios where training and testing data were com-
ing from different languages. Second, the results
show that cross-lingual transfer for metaphor de-
tection is to some extent possible, with F1-scores
mostly above 60%. Regarding the choices of train-
ing data, finetuning the XLM-R based models on
the much smaller in-genre dataset notably outper-
formed finetuning on VUA for German. For eval-
uation on the English Reddit data, the results are
more nuanced. For the simple sequence classi-
fication approach and MelBERT, the differences
(between cross-genre and cross-lingual transfer) in
performance are small with a slightly better preci-
sion achieved by the models trained on the smaller
in-genre dataset in German. This is surprising,
since the results of Reimann and Scheffler (2024)
would rather suggest improvements with respect
to recall. However, the best performance on the
English data are achieved by AdMul with German
training data and again, improvements in precision
playing a major role. Overall, cross-lingual transfer
(from a small in-domain dataset) shows better per-
formance over cross-genre transfer (from a large
general dataset) even for the English test set.

Finally, in terms of differences between mod-
els, we mostly observe moderate improvements
over the simple XLM-R baseline by the more elab-
orate MelBERT and AdMul architectures, which do
not fully reflect the improvement that the models
achieve in monolingual settings in the reported liter-
ature. Between the multilingually adapted versions
of MelBERT and AdMul we observe only minor
differences in F1. However, precision and recall
signal that the models indeed behave differently.

When finetuned on English data and evaluated
on German, AdMul appears to overgeneralize the
metaphor label given the comparatively low preci-
sion, compared to the high recall values. This does
not seem to be a problem for MelBERT, since it
rather struggles with finding metaphorical examples
in the first place. These behavioral differences also
come to light when comparing the different transfer
settings. For AdMul, training on the German forum
dataset (DE_CHR) led to notable improvements
in precision over training on VUA, while recall re-
mains constant. However, for MelBERT, a drop in
recall can be observed. In conclusion, based on
the metrics, it can be stated that for finetuning on
smaller datasets, AdMul appears to be the best op-
tion, where it even outperforms all models finetuned
on VUA for both datasets we evaluate on.

6. Error Analysis

In order to better understand the results reported in
Section 5, we conduct an extensive error analysis,
considering the metaphoric words that were most
commonly missed by the models (false negatives)
and the literal words that were most often falsely
considered to be metaphoric (false positives). For
all models, these results are shown in Table 3.

We can see multiple tendencies. When finetuned
on VUA, several MRWs that are characteristic for
religious language are not recognized. Among the
top five false negatives for MelBERT, we have both
Vater (“father”) as a metaphor for God and its cor-
responding genitive form Vaters, echoing the re-
sults of Reimann and Scheffler (2024), as well as
Willen (“will”), utilised in the sense of “will of God”.
This is similar for AdMul, with Vater, as well as
Beziehung (“relationship”), often referring to a rela-
tionship with God, and Herrn (“lord”) for God among
the most common false negatives. Using the in-
genre dataset resolves this for MelBERT and Ad-
Mul, where the number of unrecognized examples
of Vater metaphors drops to three and zero, respec-
tively. Interestingly, the baseline model did not profit
that much from seeing the metaphorical sense of
Vater referring to God. Smaller improvements can
be seen, with 11 false negatives compared to 26
when finetuning on VUA.

In the scenario of training on the English Reddit
data and testing on the German forum data, we,
however, notice a sharp increase of unrecognized
conventional metaphors such as machen (“to make”
or “to do”), klar (“clear”) and sagen (“to say”). The
latter may be linked to the modality of online forums.
When looking up sagen in the German dictionary
Duden, we would, on the one hand, find a sense
describing the bodily action of articulating words
and a more abstract sense that just describes the
act of expressing or formulating something. When
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Training Data Model DE_CHR EN_CHR
P R F1 P R F1

None BASE_LLaMa 20 63 31 22 93 36

DE_CHR
BASE_XLM-R - - - 72 55 63
MelBERT - - - 68 53 59
AdMul - - - 74 61 67

EN_CHR
BASE_XLM-R 60 67 63 - - -
MelBERT 64 62 63 - - -
AdMul 56 78 65 - - -

EN_VUA
BASE_XLM-R 56 50 53 67 55 60
MelBERT 56 52 54 67 54 60
AdMul 41 72 54 57 67 61

Table 2: Overview of precision, recall and F1-score of the models with different combinations of training
(rows) and test (columns) data.

EN_VUA -> DE_CHR EN_CHR -> DE_CHR DE_CHR -> EN_CHR
FP FN FP FN FP FN

Base
XLM-R

da 104 Willen 26 geht 28 klar 14 father 9 thing(s) 90
geht 33 Vater 26 lassen 12 sagen 13 see 8 way 44
hier 26 Vaters 14 finde 12 Willen 11 start 8 feel 26
lassen 10 Dinge 14 bleiben 11 Beziehung 11 keep 6 part 16
Situation 9 sagen 13 wählen Vater 11 say 6 called 15

Mel-
BERT da 108 Vater 26 geht 29 machen 14 father 10 thing(s) 83

hier 39 Willen 26 lässt 12 sagen 13 start 9 way 40
geht 35 Vaters 14 lassen 9 klar 11 say 8 feel 26
gibt 15 sagen 13 Gefahrenabwehr 8 Ansatz 10 find 7 away 20
lassen 14 Dinge 10 Pocken 7 Ansicht 9 keep 6 back 17

Ad-
Mul

da 138 Vater 25 geht 25 sagen 12 father 17 feel 27
dann 52 Beziehung 19 lassen 20 Willen 10 born 12 thing(s) 24
gibt 39 Willen 18 Gewalt 15 Sinn 8 has 12 get 20
hier 39 Vaters 14 bleiben 12 Eindruck 7 still 12 called 15
mutiert 36 Herrn 8 Gebote 9 Sump 7 mother 9 elect 14

Table 3: Most frequent false positives and false negatives produced by the models across transfer
scenarios.

referring to something in a forum post like in Exam-
ple 1, the second sense is more suitable. However,
the former sense represents a more basic meaning
according to MIPVU that is also sufficiently distinct
and which is arguably related by similarity, thus it
would fulfill both criteria of MIPVU to be considered
metaphorical.

(1) Und wenn Du nun sagst : Beleg es mir –
dann kann ich nur sagen : kann ich nicht .
“And if you now say : Prove it to me – then I
can only say : I can’t .”

Ansatz, in the sense of “attempt” or “approach”
represents an error that may be explained via cross-
linguistic differences. In German, Ansatz may also
refer to the base of something mechanical like a
pipe. In the Duden, we find both this meaning and
Ansatz referring to an attempt. As structural sim-
ilarities may be drawn between the two concepts,
and as the former represents a more concrete, thus

basic meaning according to MIPVU, this renders
Ansatz (“attempt, approach”) to be an MRW accord-
ing to MIPVU, even though it is a very convention-
alized one. In English, there is no word expressing
attempt in a metaphorical way, which would explain
why models trained on English data never consider
the immaterial sense of Ansatz to be metaphoric.

Similar observations can be made when looking
at the false positives, i.e., words wrongly marked
as metaphorical. For all models, using the German
forum data in training and the English Reddit data
in evaluation led to overgeneralization regarding
family terms such as father and mother, where even
literal usages of these terms were often considered
metaphoric. Another striking observation regarding
false positives can be made for the scenario using
VUA as training data, which explains the previously
observed drops in precision. Here, the adverb da
(“there”) occurs as the most frequent false negative
for all models. Similar to English there, da may
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occur in a spatial sense, referring to a location, as
well as a temporal sense, referring to a point in time,
such as the use of da in Example 2, or referring
to situations like in Example 3. It may indeed be
argued that the spatial use of da represents a more
basic meaning according to MIPVU and that the
uses of da referring to times and situations are
related by some sort of similarity. However, none of
the human annotators actually considered da to be
metaphoric, thus raising doubts if this similarity is,
from the perspective of a German native speaker,
still apparent for the modern day language user.

(2) Es gibt Zeiten, da ist es egal [...].
“There are times when it does not matter [...].”

(3) Wozu brauche ich da einen eigenen Willen?
“For what do I need my own will there?”

In VUA, we can indeed find 27 instances of En-
glish there that were labeled as MRWs. Among
these are Example 4 with there expressing a tem-
poral meaning and Example 5 referring to a situa-
tion. Our results thus strongly suggest that, from
these examples, the models learned that da in such
instances may be considered metaphoric.

(4) The building society will be staffing a
mortgage desk at each auction, and says
buyers could arrange finance there and then,
subject of course to proof of income and
status.

(5) Seriously, I’d fucking have it out of there,
everything I own.

Another aspect that needs to be considered is
the impact of the auxiliary basic sense detection
task in AdMul, which represents also the biggest
architectural difference between the models. For
this, we look at the five words, for which we see
the biggest improvement in terms of recall when
choosing AdMul over MelBERT in the in-genre
cross-lingual transfer scenario and then look at
the output of the basic sense detection task of Ad-
Mul for these words. For English, they are thing,
way, feel, away and back and for German those
are machen (“make”), sagen (“say”), klar (“clear”),
Ansatz (“approach”) and Ansicht (“view”). Accord-
ing to the linguistic theory, the metaphoric sense is
never the more basic sense of a word and thus, for
metaphoric words, the model should not consider
them to be used in their basic meaning. Indeed, in
metaphoric instances of the aforementioned words,
the model predicted that they are not used in the
basic sense, suggesting that it may have indeed
learned valuable information for metaphor detec-
tion from the auxiliary task.

7. Discussion

From our results, we can see that architectures
inspired by linguistic procedures for metaphor de-
tection are to some extent also an option for cross-
lingual metaphor detection. They also clearly out-
performed our LLM-based approach, suggesting
that, as long as there is training data available,
such supervised approaches may be preferred. For
MelBERT, we do not observe the improvements
reported in Choi et al. (2021) over the simple se-
quence classification baseline. However, AdMul
provided the strongest results overall, even though
it sacrificed precision in the scenarios that involved
transfer from English to German. We hypothesize
that the predictions of AdMul are more closely de-
pendent on what it saw in finetuning since our error
analysis in the previous section has shown that
the most frequent cases of false positives it pro-
duced were mostly the same as the Baseline and
MelBERT but with a notably higher frequency.

Our results moreover underline the findings of
Reimann and Scheffler (2024) that genre differ-
ences and consequently the metaphors and do-
main mappings represented in the training data are
a major factor in metaphor detection. Since it re-
flects similar patterns with respect to metaphors
describing God as a human, we can also see a
notably better performance on the German forum
data when using the small dataset from Christian
subreddits for finetuning, compared to the large
VUA dataset. Vice versa, finetuning on the German
dataset and testing on the English Reddit data did
not result in large improvements overall, which may
however be expected, given its size and the fact that
linguistic metaphors are still relatively language-
specific. However, despite these constraints, two
of the three models performed better on EN_CHR
when trained on the smaller German data and the
error analysis again showed patterns where the
model did better on metaphors specific to religious
communication.

The choice of whether to prefer cross-lingual or
cross-genre transfer against a lack of perfectly suit-
able training data remains thus an issue depending
on the specific use case. In cases where the detec-
tion of genre-specific metaphors (i.e., family terms
related to God) is much more important than the
detection of generally frequent, heavily convention-
alized metaphors, it may be reasonable to prefer
in-genre data over in-language data.

Finally, another issue raised by our results con-
cerns the annotation process. In the example of da,
the German annotators did not see an underlying
metaphorical mapping. This also extends to the
use of there in the English Reddit corpus, which
was annotated by German speakers, as well. One
hypothesis is that in both annotation projects, the
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annotators were explicitly told to focus on content
words and thus dismissed these examples since
they resemble temporal prepositions (e.g. at 4 pm)
expressing a TIME IS SPACE mapping very closely.
On the other hand, some metaphorical mappings
may be much more easy to grasp for native speak-
ers of one language compared to native speakers
of other languages. Thus, focusing on native speak-
ers of only one language altogether would introduce
unwanted biases. However, a further exploration of
this question goes beyond the scope of this paper.

8. Conclusion

We collected a novel dataset of posts from Chris-
tian German online forums and annotated it for
metaphor via the MIPVU procedure. We used this
dataset to evaluate state-of-the-art methods for au-
tomatic metaphor detection (MelBERT and AdMul)
in a cross-lingual setting. To do this, we finetuned
these models on two English datasets, one smaller
in-genre dataset and a larger dataset from different
genres. We also used the German dataset as a
training set and evaluated on the English dataset
from the same genre. We compared these results
to a monolingual English, cross-genre transfer set-
ting. We also had a deeper look into our results
with a comprehensive error analysis.

From these results, we conclude that cross-
lingual transfer between German and English
for metaphor detection is possible for metaphors
where the underlying cross-domain mapping is rep-
resented in both source and target language. More-
over,in line with previous research on metaphor de-
tection, we stress that architectures that employ
contextualized embeddings and supervised learn-
ing may be preferred over zero- and few-shot ap-
proaches with LLMs as long as annotated training
data is available. Regarding the specific model
choice, AdMul outperformed both MelBERT and
the baseline. We observed that the auxiliary task in
AdMul may have helped it to learn from finetuning
on smaller dataset. This is particularly relevant,
given that the genre of the training data plays a
vital role, to the extent that in some cases, smaller
in-genre training datasets, even if they are in a dif-
ferent source language may be better suited than
in-language data from a different domain.

For future work, we suggest, on the one hand, to
explore a wider range of languages for cross-lingual
transfer, especially from more dissimilar language
pairings than English and German. We also sug-
gest to consider the backgrounds of annotators
more closely, especially their native language, and
explore how these experiences would influence
their annotations. Several other NLP tasks already
benefited from including multiple perspectives in-
stead of an aggregated gold standard (Cabitza

et al., 2023) and our findings suggest that metaphor
detection may be a prime example for this.

9. Limitations

One limiting aspect that prevents us from making
more general statements on cross-lingual transfer
and metaphor detection is the fact that we only
considered two relatively related languages. More-
over, although we were aiming for a computationally
cheap approach, we are aware that using larger
models or additional finetuning of generative LLMs
may have further improved the LLM performance
here. Finally, all our annotators were native speak-
ers of German. As we discuss in the paper, this
may have brought in biases with regards to the
perception of metaphors.

10. Ethical Considerations

Regarding the resource-hungry nature of gener-
ative LLMs, we limited our usage of such mod-
els to a minimum and preferred smaller models.
Given that religious beliefs represent particularly
sensitive personal information, we made sure that
the data we used did not contain information that
may link certain opinions to individual people. Our
dataset also does not contain usernames. The
student assistants did their annotation work within
a fixed work contract and were paid according to
public payscales. All annotators were informed that
their annotations will be used as training data for
metaphor detection.
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A. Prompts

Table 4 gives an overview over the prompts used
for metaphor detection on the English data and Ta-
ble 5 shows the prompts used for metaphor detec-
tion on the German data, which are the translated
equivalent of the English prompt but with a different
example for the final prompt (Weg (“way") instead
of journey).
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Step Prompt

MIPVU Step 3a

In one sentence, describe the meaning of the given word in the
context of the given post as general as possible.
Word: [WORD]
Post: [POST]

MIPVU Step 3b

For the given word, determine if it has a more basic contemporary
meaning in other contexts than the one in the given post. For our
purposes, basic meanings tend to be:
- more concrete; what they evoke is easier to imagine, see, here,
feel, smell, and taste
- related to bodily action
- more precise (as opposed to vague)
- historically older

Basic meanings are not necessarily the most frequent meanings
of the word. If such a more basic meaning can be identified, output
a brief definition of this basic meaning, otherwise just output ’No.’
Word: [WORD]
Post: [POST]

MIPVU Step 3c

Can you see a similarity between the senses 1 and 2? ’Similarity’
may also mean that the two senses denote distinct concepts that
share certain aspects, functions or features. The following example
for the word ’journey’ illustrates this:

journey:
Sense 1: "an occasion when you travel from one place to another,
especially over a long distance"
Sense 2: "a long and often difficult process by which someone or
something changes and develops"
Answer: Yes. Sense 1 and Sense 2 are similar because in both
senses refer to something that takes a longer period of time.

Answer with ’yes’ or ’no’ followed by a brief explanation.

Sense 1: [CONTEXTUAL SENSE]
Sense 2: [MORE BASIC SENSE]

Table 4: Overview over the English prompts used.
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Step Prompt

MIPVU Step 3a

Beschreibe in einem Satz die Bedeutung des gegebenen Wortes
im Kontext des gegebenen Posts. Bleibe dabei so generell wie
möglich.
Wort: [WORD]
Post: [POST]

MIPVU Step 3b

Entscheide für das gegebene Wort, ob es eine grundlegendere,
moderne Bedeutung in anderen Kontexten besitzt, als die im
gegebenen Post. Für unsere Zwecke ist eine grundlegendere
Bedeutung eine Bedeutung, die:

- konkreter ist; das heißt, das was sie evoziert kann man sich
leichter vorstellen und kann man sehen, hören, riechen, fühlen
oder schmecken
- die mit körperlichen Handlungen verbunden ist
- die präziser ist
- die älter ist
Eine grundlegendere Bedeutung muss nicht zwangsweise die
häufigste Bedeutung des Wortes sein. Falls so eine Bedeutung
identifiziert werden kann, dann definiere diese kurz.
Andernfalls, falls dem nicht so ist, antworte mit "Nein.".

Wort:[WORD]
Post:[POST]

MIPVU Step 3c

"Gibt es eine Ähnlichkeit zwischen den beiden Bedeutungen 1 und
2? "Ähnlichkeit" in diesem Zusammenhang, meint auch, dass die
beiden Bedeutungen sich auf unterschiedliche Konzepte beziehen,
aber bestimmte Aspekte, Funktionen oder Merkmale teilen. Das
folgende Beispiel für das Wort "Weg" beschreibt dies genauer:

Weg:
Bedeutung 1: "Strecke, die zurückzulegen ist, um an ein bes-
timmtes Ziel zu kommen"
Bedeutung 2: "Art und Weise, in der jemand vorgeht, um ein
bestimmtes Ziel zu erreichen; Möglichkeit, Methode zur Lösung
von etwas"

Antwort: Ja, die Bedeutungen 1 und 2 sind sich ähnlich, da Be-
deutungen ein Ziel am Ende steht.

Antworte mit "ja" oder "nein", gefolgt von einer kurzen Erklärung.

Bedeutung 1: [CONTEXTUAL SENSE]
Bedeutung 2: [MORE BASIC SENSE]

Table 5: Overview over the German prompts.

118



Proceedings of Learning Non-Literal Expressions with Small Data @ LREC 2026, pages 119–132
11 May 2026. ©ELRA Language Resources Association (ELRA), 2026

Decomposing Creativity: Two Small Datasets Combining Originality
Ratings and Metaphor Annotations

Emilie Sitter, Sina Zarrieß, Omar Momen, Berenike Herrmann
CRC 1646 – Linguistic Creativity in Communication

Faculty of Linguistics and Literary Studies
Bielefeld University, Germany

{emilie.sitter,sina.zarriess,omar.hassan,berenike.herrmann}@uni-bielefeld.de
Abstract

We introduce MetaphOrig, two small datasets comprising two genre-specific collections of spatial descriptions
for the study of linguistic creativity and Non-Literal Expressions (NLEs). The sentence-level spatial descriptions
were extracted from two distinct genre- and time-specific source corpora. Both source corpora comprise German
texts: literary prose from the 18th to the 20th century (KOLIMO) and factual travel reports from the 21st century
(Wikivoyage). Along with the spatial descriptions, the datasets contain sentence-level originality ratings obtained
through crowdsourcing and from four different LLMs (GPT-5, Qwen2.5-32B-Instruct, Mistral-Small-3.2-24B-Instruct,
and Llama-3.2-3B), and word-level metaphor annotations. We provide the MetaphOrig datasets, including all
annotations, to the community. The datasets can be used for further research on linguistic creativity or metaphor,
either in one specific textual domain or comparatively across the two domains. We conduct an illustrative study on
the datasets, treating originality as a proxy of textual creativity. In both datasets, we investigate potential correlations
between sentence-level originality ratings and the density of metaphorical expressions within each sentence. We find
the correlation to be present only in the KOLIMO dataset. A comparison of human and LLM originality ratings shows
that this pattern holds for both types of ratings.

Keywords: Linguistic Creativity, Annotation, Crowdsourcing, Metaphor, Originality, MIPVU, Large Language Models

1. Introduction

This paper introduces MetaphOrig, two small
datasets that aim to bridge the gap between holis-
tic, crowdsourced originality ratings at the text-level
and a fine-grained, linguistic analysis of individual
rhetorical devices. The exploratory study empha-
sizes metaphors, which are among the most promi-
nent Non-Literal Expressions (NLEs) as a potential
contributor to linguistic creativity.

According to the standard definition of creativity,
the phenomenon comprises the two dimensions
of originality and effectiveness (Runco and Jaeger,
2012). In this paper, we particularly focus on origi-
nality as its presumably most important dimension
(Diedrich et al., 2015). We understand original-
ity as the perceived novelty, unconventionality, or
unexpectedness of a text for a specific reader.

Studies in psychology or psycholinguistics often
aim to assess the creativity of ideas, artistic works,
or linguistic productions. To this end, human as-
sessments of creativity are oftentimes collected
through crowdsourcing or by ratings of domain ex-
perts (Qian and Plucker, 2017).

In contrast, linguistics and NLP rarely concep-
tualize creativity as a holistic property of an idea
or utterance. Instead, they tend to focus on spe-
cific textual features and formal characteristics that
may influence how creative an utterance is per-
ceived to be by humans (Weinstein et al., 2022;
Zedelius et al., 2019). Metaphors provide a particu-
larly salient example of such a feature, as they are

often assumed to enhance the perceived creativity
of a sentence. They are one of the most exten-
sively researched forms of potentially creative and
original language use (Kohl et al., 2020), and they
are widespread or even ubiquitous in language and
thought (Lakoff and Johnson, 2003). Yet, in NLP
research, there is relatively little work and hardly
any existing datasets that combine annotations of
metaphors, on the one hand, and of creativity or
originality, on the other hand.

According to Lakoff and Johnson’s Conceptual
Metaphor Theory (CMT), metaphor is a cognitive
mechanism that structures human understanding
by mapping complex experiences onto more con-
crete or familiar domains. Metaphorical expres-
sions vary widely across genres in form, function,
and cognitive effects, as well as in their degree of
creativity or originality (Steen et al., 2010a; Her-
rmann, 2015; Momen et al., 2026). Even in pre-
sumably creative domains such as advertisement
or literary texts, many metaphorical expressions
are conventional, but still contribute to perceived
creativity (Steen et al., 2010a; Dorst, 2015; Burgers
et al., 2015). In the context of NLP, metaphors thus
continue to pose challenges for current approaches
to annotation and detection because of their context
dependence and varying degrees of conventional-
ity (Maudslay and Teufel, 2022; Ye et al., 2025).

The MetaphOrig datasets consist of two small,
genre-specific datasets of sentence-level descrip-
tions of spatial scenes, annotated with originality
ratings and metaphor labels. Spatial descriptions
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Rating Item Example 1 (Literary) Example 2 (Non-literary)
Original Text Die Glastüren zur Veranda standen offen,

und der Duft des Flieders drang herein, der
wie eine Mauer aus weißem und hellblauem
Gewölk den Garten einhegte.

São Roque: Diese Stadt liegt an der Nord-
küste von Pico und ist bekannt für ihre schö-
nen Naturschwimmbecken, in denen Be-
sucher baden können.

Translation
(own)

The glass doors to the terrace were open,
and the scent of the lilac drifted in, enclosing
the garden like a wall of white and light blue
clouds.

São Roque: This town is located on the north
coast of Pico and is famous for its beautiful
natural pools where visitors can swim.

Source Eduard von Keyserling, Abendliche Häuser
(1940)

Wikivoyage, Pico (2023)

Metaphors Metaphor Density: 0.23913
Direct Metaphors: 4 ("Mauer", "weißen",
"hellblauen", "Gewölk")
Indirect Metaphors: 1 ("standen offen")

Metaphor Density: 0.047619
Direct Metaphors: 0
Indirect Metaphors: 1 ("liegt")

Originality
Ratings

Humans: 4.8
GPT-5: 5.0
Qwen2.5-32B-Instruct: 4.6
Mistral-Small-3.2-24B-Instruct: 5.0
Llama-3.2-3B: 4.6

Humans: 2.1
GPT-5: 1.0
Qwen2.5-32B-Instruct: 2.0
Mistral-Small-3.2-24B-Instruct: 3.0
Llama-3.2-3B: 3.3

Table 1: Example sentences from the MetaphOrig datasets with respect to metaphors and averaged
originality ratings by humans and LLMs.

commonly appear as textual elements in different
types of genres, including travel reports or novels.
Such descriptions are comparable content-wise
and can be understood in isolation. We therefore
assume that human raters can assess the linguistic
originality of these controlled sentences more eas-
ily than that of randomly selected passages which
would differ substantially in terms of content.

The spatial descriptions were extracted from two
fundamentally different textual domains, yielding
two genre-specific datasets: 18th to 20th century
literary prose on the one hand and factual travel
reports on the other (see the example sentence in
Table 1 from a literary prose text alongside a non-
literary sentence from a travel report). The older
literary prose presumably seems highly literary to
contemporary readers, while the travel reports are
characterized by factual and, presumably, more
non-figurative language.

For each sentence in both datasets, we addition-
ally collected originality ratings via online crowd-
sourcing and annotated word-level metaphors fol-
lowing the MIPVU procedure (Steen et al., 2010b;
Herrmann et al., 2019). These annotations result
in two original datasets of sentences matched with
both sentence-level originality scores and word-
level metaphor information.

We showcase a potential use-case of the
MetaphOrig datasets by presenting an analysis
that correlates metaphor density with originality ac-
cording to the human judgments as well as to LLM
ratings of originality. In a first step, the two very
different datasets are used to analyze the two for-
mally distinct textual domains in terms of originality
and metaphoricity. We examine whether the re-

lationship between human originality ratings and
metaphor use varies across them. In a second step,
we explore whether LLMs can be leveraged for rat-
ing originality similarly to a crowdsourced collec-
tion of ratings. In addition to the human originality
ratings, we thus collect ratings from four different
LLMs. We aim to explore not only the extent to
which LLMs approximate human originality judg-
ments, but also whether their originality ratings ap-
pear to be grounded in similar textual cues.

2. Background

2.1. Creativity Assessment

In creativity research, the goal of creativity assess-
ments is to determine the creativity of particular
products, as opposed to, e.g., the creativity of indi-
viduals (such as writers) or processes (their writing
processes). The creativity of products, such as
texts, is typically assessed through human ratings.
Most of these human-evaluation approaches in-
clude Likert scale ratings of novelty or originality
collected from experts or via crowdsourcing (Hen-
nessey et al., 2011; Kaufman et al., 2009), struc-
tured pairwise comparisons where raters select
the more creative item from a pair (Crompvoets,
2025; Cao et al., 2026), and ranking tasks in which
multiple items are ordered according to perceived
creativity or originality (Do Dinh et al., 2018). One
of the most influential approaches in this area is
the Consensual Assessment Technique (CAT) in-
troduced by Amabile (1982). While CAT raters are
usually domain experts, a certain degree of subjec-
tivity in the ratings is inevitable (Qian and Plucker,
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2017). Mozaffari (2013) proposed an analytical
rubric that assesses multiple sub-dimensions of
creativity rather than relying on one single, holistic
creativity score. All these approaches share the
common assumption that creativity can be inferred
from the collective judgments of human raters.

2.2. Metaphors and Creativity
The most influential approach to metaphor in lin-
guistics is the Conceptual Metaphor Theory (CMT),
introduced by Lakoff and Johnson in their seminal
work Metaphors We Live By (1980) (Lakoff and
Johnson, 2003). In linguistics, metaphor is still
predominantly understood according to CMT as
a cognitive mechanism by which a (typically ab-
stract) target domain is conceptualized in terms of
a more concrete source domain. While conceptual
metaphors, the underlying cognitive mechanisms of
a metaphor, are typically highly conventional, their
linguistic realizations can vary widely and may be re-
alized as novel and creative utterances (Kövecses,
2020). This can be observed especially in literary
text which allows authors and poets to create novel
linguistic metaphors by creatively re-interpreting
conventional and everyday conceptual metaphors
(Semino and Steen, 2008; Kövecses, 2010).

The Metaphor Identification Procedure (MIP)
(Pragglejaz Group, 2007) and its extension by VU
Amsterdam (MIPVU) (Steen et al., 2010b) are cur-
rently among the most common ways to annotate
metaphor in linguistics. However, these annotation
procedures do not capture the degree of creativity,
novelty, or deliberateness of a metaphor. Exist-
ing approaches to annotate metaphor novelty as
one dimension of creativity are based either on
crowdsourcing (Do Dinh et al., 2018) or they are
dictionary-based (Egg and Kordoni, 2022). Accord-
ing to Reimann and Scheffler (2024), dictionary-
based annotations align more reliably with expert
metaphor annotations.

Further, more detailed annotation protocols of
metaphors are based on Deliberate Metaphor The-
ory (DMT) (Steen, 2017) and aim to identify whether
a metaphor is used potentially deliberately (Rei-
jnierse et al., 2018; Dipper et al., 2024). DMT sug-
gests that non-deliberate metaphors are always
conventional.

In the context of working with potentially creative
or deliberate metaphors, the distinction between
direct and indirect metaphors introduced by MIPVU
is also worth considering (Steen et al., 2010a). Di-
rect metaphors, often comprising longer phrases,
are typically realized in the form of similes (compar-
isons) and explicitly marked in the discourse, e.g.,
by ‘as’ or ‘like’ (Steen et al., 2010a) (see example (1)
in Table 1). They are particularly important when
studying creativity because they might be strongly
related to originality and deliberate usage. Indirect

metaphors, by contrast, largely occur on the word
and phrase level and are far more frequent, conven-
tionalized, and more often used non-deliberately
(Steen, 2017). They are less likely to contribute
strongly to a sentence’s overall originality.

When creating the MetaphOrig datasets, we
opted for a parallel annotation setting: we collected
standard creativity ratings on the sentence-level,
and independent metaphor annotations on the word
level according to MIPVU.

2.3. LLMs in creativity and metaphor
research

To date, a variety of computational approaches
have been developed to assess creativity. Acar
(2025) provides an overview of the evolution of
computational methods for assessing creativity.

Research on using LLMs to predict creativity rat-
ings has so far come mainly from the social sci-
ences and from psychology. Many of these ex-
periments rely on human creativity ratings of either
texts of different domains or of responses to creativ-
ity tests, such as the Alternative Uses Task (AUT).
Luchini et al. (2025) demonstrated that LLMs out-
perform measures of semantic distance in terms of
predicting human originality ratings of creativity test
responses. Organisciak et al. (2023) found similar
results for AUT responses and Laverghetta et al.
(2025) for solutions to design problems. Rabeyah
et al. (2024) point out the high correlation of mul-
tiple LLMs with each other in creativity scoring of
AUT responses. More specifically, in the humani-
ties, in a study with a particular focus on creative
writing, Kim and Oh (2025) could demonstrate high
consistency and performance of LLM ratings. Not
specifically related to originality, but in terms of as-
sessing the quality of narrative text, Chiang and
Lee (2023) demonstrated that LLMs are a potential
alternative to human ratings.

Specific work on annotating metaphors or their
originality or novelty in the context of NLP and Dig-
ital Humanities has been carried out by several
researchers. Some studies aimed to apply LLMs
as annotators of word-level metaphors (Hicke and
Kristensen-McLachlan, 2024; Reimann and Schef-
fler, 2025; Sánchez-Montero et al., 2025). They
demonstrate that under certain conditions, LLM-
based annotations can approximate human ones,
but also highlight the brittleness of prompting ap-
proaches and the sensitivity to specific prompts.
DiStefano et al. (2024) fine-tuned two language
models on human creativity ratings of metaphors,
suggesting that these models may be able to ap-
proximate certain aspects of how humans interpret
figurative language. Momen et al. (2026) explored
LLM surprisal as a predictor of metaphor novelty.
They found a positive correlation between word-
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level surprisal of metaphors and their novelty rat-
ings in multiple datasets. In the present paper,
we focus on comparing LLM originality ratings to
human ratings, leaving the modeling of (creative)
metaphor detection for future work.

3. Introducing the MetaphOrig
datasets

This section describes the construction of the two
datasets of MetaphOrig. We provide the datasets,
including all annotations on GitHub.

3.1. Spatial descriptions datasets

Both MetaphOrig datasets consist of 100 spatial
descriptions extracted from German texts. They
were selected randomly from two larger datasets
of sentences that have been annotated manually
based on annotation guidelines for identifying de-
scriptions of spatial scenes (Sitter et al., 2025).
Such spatial descriptions aim to describe concrete,
static spatial, scenic surroundings without any im-
mediate actions. We focus on spatial descriptions
for several methodological reasons: First, spatial
descriptions are common and integral textual ele-
ments across different genres and can be found in
both source corpora of the MetaphOrig datasets.
Second, their comparability in terms of content fa-
cilitates the assessment of originality at the linguis-
tic level, as it reduces the risk that raters conflate
linguistic creativity with originality of the content.
Third, the selected spatial descriptions are com-
prehensible in isolation and can be presented to
raters without additional textual context. This re-
striction allows for stronger experimental control
and ensures a substantial degree of comparability
between individual items, although it may limit the
generalizability of the findings to entire texts.

3.2. The KOLIMO dataset

The first small dataset consists of 100 spatial
descriptions that originally were extracted from
KOLIMO, the “Corpus of Literary Modernity”,
(Horstmann, 2019; Horstmann and Akazawa, 2024;
Herrmann and Lauer, 2018). This corpus com-
prises literary fictional prose texts mainly from the
18th to 20th centuries, while most of the sentences
have been extracted from texts published in the
19th century. We chose a literary source corpus
for building the dataset because metaphors are a
particularly important rhetorical device in literary
writing and we expected a high amount of non-
literal expressions in these texts. Moreover, to the
best of our knowledge, there is currently no prior
study that systematically collected originality ratings

for individual literary sentences using crowdsourc-
ing methods. Using 18th–20th century language
complicates comparisons with contemporary texts.
However, it is difficult to obtain and distribute an-
notated data for contemporary literary texts due to
copyright reasons. This limitation particularly af-
fects highbrow canonical works, which are often
regarded as the most creative representatives of
their genre. Consequently, we opted for texts that
are both publicly accessible and literary prestigious
in character instead of contemporary text material.

3.3. The Wikivoyage dataset
The second small dataset consists of 100 spatial
descriptions extracted from the Wikivoyage corpus
(Nolda, 2024; Wikimedia Foundation Inc., 2025).
Wikivoyage is a collection of non-literary travel re-
ports (21st century). Most sentences are factual
and plain (see example (2) in Table 1). This dataset
can thus be expected to contain less figurative
and less original language use, compared to the
KOLIMO dataset.

4. Ratings and annotations

For each of the textscMetaphOrig datasets, we
collected originality ratings via crowdsourcing and
from four different LLMs. The metaphors in the
sentences were annotated by trained experts fol-
lowing the MIPVU procedure (Steen et al., 2010b).
This section describes the obtained ratings and the
annotations.

4.1. Human originality ratings
We collected the ratings for all sentences in both
small datasets as part of a large-scale rating study
on linguistic creativity on Prolific. Prolific is a crowd-
sourcing platform that is primarily used in the social
sciences and aims to ensure the high quality of the
data collected through quality checks. Remuner-
ation for the raters was calculated based on the
German minimum wage at the time of data collec-
tion (May 2025).

A total of 120 L1 German speakers rated all items
on a six-point Likert scale for originality. 10 people
in total rated each individual item in an incomplete
between-groups design that was applied to reduce
the cognitive load on the participants.

Participants were presented with 50 items each
(one third each from the KOLIMO and the Wikivoy-
age dataset, one third filler items). We provided no
explicit genre information and stated that all pre-
sented items were taken from everyday language
texts. This was intended to ensure a uniform extra-
textual context for both datasets and thus maximize
the comparability of the ratings. At the same time,
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our aim was to examine the extent to which tex-
tual genre cues alone affect originality judgments,
without explicitly priming raters toward a literary
reading mode or evoking genre expectations that
might influence their ratings (Knoop and Blohm,
2025). However, given that humans are often able
to infer genre solely by reading a text without rely-
ing on any explicit extra-textual genre cues (Knoop
et al., 2024), the KOLIMO example (1) in Table
1 is still likely to be considered as literary but not
the Wikivoyage example (2). Some participants
explicitly commented in the feedback field at the
end of the study that they identified the KOLIMO
sentences as passages from literary text despite
being presented as everyday language.

In addition to a German instruction text (Appendix
A), participants received examples of one very orig-
inal and one very conventional sentence. Rating
each individual sentence was not mandatory. The
mean number of raters per sentence is thus 9.97
(range 9–10, SD = 0.171). The inter-rater agree-
ment is moderate (Krippendorff’s Alpha = 0.525),
likely reflecting the inherently subjective nature of
perceived originality.

Importantly, we do not aim to model how texts of
the KOLIMO dataset were perceived at the time of
their publication. We are rather interested in mod-
eling the “synchronous” originality judgments of
today’s readers which are made from a contempo-
rary perspective. The temporal distance to the texts’
publication presumably contributes to a higher de-
gree of literariness as perceived by today’s read-
ers. From a contemporary perspective, literariness
may not always be clearly separable from original-
ity. We assume that the perceived literariness of
these historically distant texts may contribute to
higher originality ratings among today’s readers.
By contrast, readers at the time of publication may
not necessarily have perceived texts with similar
stylistic features as equally marked or original.

4.2. LLM originality ratings
We obtained LLM annotations by three instruction-
tuned locally hosted LLMs, covering a spectrum of
different sizes, and one commercial LLM, GPT-5.
The largest locally hosted model, Qwen2.5-32B-
Instruct (Yang et al., 2024), has previously proven
particularly well suited for the automatic extraction
of spatial descriptions (Sitter et al., 2025). This
suggests that it might be well adapted to this kind of
data. Mistral-Small-3.2-24B-Instruct-2506 (Mistral
AI, 2025) represented another family of LLMs and a
medium-sized model. The smallest model, Llama-
3.2-3B (et al., 2024), was chosen to investigate how
well a relatively small LLM works for this task.

All LLM prompts were standardized as much
as possible to emulate the human annotation pro-
cess. The models received basic information about

the rating study in the system prompt. The user
prompt contained the same instructions the human
raters received. Following a few-shot prompting
approach, the user prompt contained examples
for one highly original and one highly conventional
sentence. In addition to the instructions for human
raters, we specified the desired output format in the
LLM instructions (see appendix B).

To approximate the Prolific study setup with 10
human raters per sentence, we prompted each
model 10 times per sentence. Temperature was
set to 1.0 to introduce variability and approximate
the diversity of human raters. A final score per sen-
tence for each model was obtained by averaging
all 10 ratings.

4.3. Metaphor annotations
We annotated metaphors at the word level applying
the Metaphor Identification Procedure of VU Ams-
terdam (MIPVU) (Steen et al., 2010b) and particu-
larly its specification for German (Herrmann et al.,
2019). Applying MIPVU, annotators assessed for
each individual word in a sentence whether its con-
textual sense shows a meaning that is distinct from
its more basic, typically concrete sense, while un-
derstood by comparison to it (such as “enclosing” in
example (1), referring to a scent instead of a physi-
cal enclosure). More basic senses were looked up
in Duden.

All metaphor information was annotated collabo-
ratively by three different annotators trained on the
MIPVU procedure (one of whom was the first au-
thor of this paper). The annotators cross-checked
each other’s annotations; cases of disagreement
were discussed in detail.

MIPVU allows to annotate both direct and indirect
metaphors regardless of their degree of conven-
tionality or novelty. Dictionary-based approaches
to annotating metaphor novelty would not be able
to capture all direct metaphors and possibly fail to
do justice to the creative potential of literary texts.
The main annotation categories are “Non-MRW”
for words used in their literal sense, “indirect”, and
“direct”, as well as “WIDLII” ("When in doubt, leave
it in.”) for borderline cases. Markers of direct
metaphors are annotated as “Mflag”. Following
MIPVU, each word of a direct metaphor has to be
annotated as metaphorical.

MIPVU annotations can be used to calculate a
“metaphor density” for each sentence. Metaphor
density is the ratio of metaphorically to non-
metaphorically used words in a sentence. To pre-
vent the metaphor density score from being overly
skewed toward direct metaphors, we consider only
content words and annotated non-content words
within direct metaphors as “stopwords”. Stopwords
within direct metaphors can themselves be indirect
metaphors and therefore annotated as “indirect”:
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KOLIMO Wikivoyage
Mean sentence length 23.38 16.15
Median sentence length 21.00 16.00
Metaphor words overall 16.60% 8.57%
Direct metaphor words 2.46% 0.00%
Indirect metaphor words 14.14% 8.57%
Mean metaphor density
per sentence

0.1374 0.0870

Sentences with at least
one metaphorical word

86% 69%

Table 2: Descriptive statistics for datasets of
MetaphOrig

(1) In der Moderluft schlotternd, sahen sie
Fröschlach als eine Stadt aus grünen
Kachelöfen [...].
Shivering in the cold air, they saw
Fröschlach as a city of green tiled stoves
[...]. (own translation)

In Example (1), the word als ‘as’ is annotated as
“Mflag”, marking the onset of a direct metaphor. The
phrase eine Stadt aus grünen Kachelöfen ‘a city of
green tiled stoves’ constitutes the direct metaphor
as a whole, whereas the article eine ‘a’ and the
preposition aus ‘of’ can be treated as stopwords.
Strictly applying MIPVU, the preposition aus itself
is a (highly conventional) metaphor and thus anno-
tated as “indirect”.

When calculating the metaphor density, we
do not differentiate between direct and indirect
metaphors. Ambiguous metaphors (“WIDLII”) are
counted as half. Multi-word expressions are treated
as single words. The metaphor density thus repre-
sents a comparable score of metaphoricity for all
sentences across both entire datasets (Steen et al.,
2010a).

5. Analysis

To demonstrate a potential use of MetaphOrig,
we analyze the relationship between human and
LLMs’ originality ratings and examine the role of
metaphors in shaping these ratings. All statisti-
cal analyses were conducted in R. Relationships
between metaphor density, human, and LLM origi-
nality ratings were modeled using Cumulative Link
Models (CLMs), which allow the analysis of ordinal
data. We used the ordinal package for ordinal
regression models (Christensen, 2023). To facili-
tate comparison across models, we also compute
Spearman’s rank correlations. To ensure compara-
bility across corpora and raters, metaphor density
and all ratings were rescaled to the same range
using the rescale() function from the scales
package in R (Wickham et al., 2011).

5.1. Results
Descriptive Statistics The source and genre
differences between the datasets of MetaphOrig
yield substantial differences in linguistic form. Even
very basic descriptive statistics reflect that the spa-
tial descriptions extracted from KOLIMO are highly
literary, i.e., descriptions from KOLIMO exhibit a
higher average sentence length and a higher de-
gree of metaphoricity (Table 2) in comparison to
Wikivoyage descriptions. Yet, it is worth noting that
even in Wikivoyage, 69% of sentences feature at
least one metaphor.

Previous comparative research has shown dif-
ferences in metaphor type use between genres.
Even though literary texts do not necessarily ex-
hibit the highest overall metaphor density, they do
have the highest frequency of direct metaphors
(Steen et al., 2010a; Dorst, 2015; Herrmann, 2015).
Such a difference in the use of direct metaphors is
also evident in our datasets (Table 2). Since most
direct metaphors are deliberate, literary spatial de-
scriptions such as those from KOLIMO can also be
expected to contain considerably more deliberate
metaphors.

Figure 1 reports the mean, median, range, and
standard deviation of the averaged human and LLM
originality ratings for each small dataset. Mean and
median ratings in each rating setting are higher
for the KOLIMO dataset than for the Wikivoyage
dataset.

The boxplots also show bigger ranges of orig-
inality ratings (by both humans and LLMs) for
the KOLIMO dataset than for the Wikivoyage one.
Moreover, they reveal that only humans and GPT-5
assign ratings of 1 (not original at all), while the
other three LLMs assign ratings of at least 1.6.
LLMs tend to give higher ratings than humans, ex-
cept GPT-5 in the Wikivoyage dataset.

Correlating human originality ratings and
metaphor density To analyse the effect of word-
level metaphors on human originality ratings of full
sentences, we modeled humans’ and LLMs’ orig-
inality ratings with CLMs as an ordinal outcome
predicted by the metaphor density, the dataset, and
these predictors’ interaction. Table 3 reports the ef-
fect of metaphor density on the originality ratings in
both datasets. Figure 2 displays the human original-
ity ratings by metaphor density, along with the ordi-
nal regression lines computed by the CLM. Similar
plots for all rater LLMs can be found in Appendix C.
Only in the KOLIMO dataset, metaphor density has
a significant positive effect on the human originality
ratings. The Wikivoyage dataset shows no effect of
metaphor density on originality ratings. While the
human raters consistently rate KOLIMO sentences
as more original than Wikivoyage sentences even
when not metaphorical at all, Figure 2 shows that as
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Figure 1: Summary statistics for originality ratings (scale 1–6) for humans and LLMs across the averaged
ratings.

Rater Data β-coef SE

Human Ratings KOLIMO 5.57*** 1.00
Wikivoyage 0.79 0.94

GPT-5 KOLIMO 4.60*** 0.89
Wikivoyage 1.10 0.96

Qwen2.5-32B KOLIMO 4.21*** 0.99
Wikivoyage 0.83 1.54

Mistral-Small-3.2-24B KOLIMO 3.94*** 0.99
Wikivoyage -0.51 0.96

Llama-3.2-3B KOLIMO 2.06** 0.78
Wikivoyage -0.26 0.93

Table 3: Effect of word-level metaphor density
on originality ratings (from humans and instruct-
tuned LLMs). Higher β-coefficients indicate that
higher metaphor density predicts higher originality
ratings. Stars denote significance (*p < .05, **p <
.01, ***p < .001). Standard Error (SE) quantifies
the uncertainty of the estimated coefficient.

metaphor density increases, the gap between the
KOLIMO and Wikivoyage dataset regression lines
widens. This illustrates that (i) literary language is
generally perceived as more original by humans in
our data, and that (ii) within the literary genre, there
is a strong impact of metaphors on originality for
human readers.

Correlating human and LLM originality ratings
To assess the alignment of human and LLM origi-
nality ratings, we fitted one CLM for each rater LLM
with the human rating as ordinal dependent variable
and the LLM rating, the source corpus (KOLIMO

Figure 2: Averaged human ratings per sentence
and ordinal regression lines for each corpus (blue
= KOLIMO, red = Wikivoyage)

vs. Wikivoyage), and their interaction as predictors.
These complex models provided significantly better
fits than simpler alternatives with less predictors.
We also computed Spearman rank-order correla-
tions between each LLM’s ratings and human rat-
ings. Results of the CLMs and Spearman correla-
tions are reported in Table 4. The beta coefficients
of the CLMs indicate significant alignment between
humans and LLMs for both datasets. Rank-order
correlations between human and LLM ratings are
stronger for the KOLIMO dataset across all four
models. GPT-5 shows the highest correlation with
human ratings in the KOLIMO dataset, followed by
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Qwen2.5-32B-Instruct, whereas Mistral-Small-3.2-
24B-Instruct shows the highest correlation in the
Wikivoyage one.

Correlating LLM originality ratings and
metaphor density The analysis shows that
metaphor density has a generally positive effect
on the ratings; i.e. the higher the metaphor density,
the higher the originality rating. Just as for the
human raters, this effect is significant only in the
KOLIMO dataset (highly significant for GPT-5,
Qwen2.5-32B-Instruct, and Mistral-Small-3.2-24B-
Instruct; significant for Llama-3.2-3B) but not in the
Wikivoyage dataset. Similar to humans, LLMs rate
sentences in the KOLIMO dataset as more original,
regardless of their metaphor density—however,
the higher the metaphor density, the stronger its
impact on originality ratings (see Figure C).

5.2. Discussion
Using the MetaphOrig datasets, the showcase
study investigated correlations between originality
ratings and metaphor density, as well as between
human ratings and LLM ratings.

We find that in general, sentences in the liter-
ary KOLIMO dataset are perceived as considerably
more original (Figure 1). The statistical analysis
also gives reason to assume that originality corre-
lates with metaphor density in the literary KOLIMO
dataset. This effect does not hold in the Wikivoyage
dataset (Table 3). Generally, these results indicate
interesting and potentially complex relationships
between creativity, NLEs, and genre, calling for
more research on this understudied topic.

Even though the MIPVU annotations do not pro-
vide information on the deliberateness or novelty of
metaphors, the absence of direct metaphors in the
Wikivoyage dataset and the presence of similes in
the KOLIMO dataset (Table 2) may partially explain
the observed differences. Because of their textual
literariness (comparably more frequent and more
patterned rhetorical devices), we assume that texts
in the KOLIMO source corpus generally contain
more deliberate metaphors. A promising direction
for future research would be to explicitly annotate
and systematically analyze this type of metaphor
in the MetaphOrig datasets.

Correlating human and LLM ratings of sentence
originality demonstrates that LLMs’ assessments
significantly align with how humans rate original-
ity. This alignment is much stronger in the KOLIMO
dataset than in the Wikivoyage travel report dataset.
Just as for human raters, higher LLM originality
ratings in the KOLIMO dataset appear to be asso-
ciated with greater metaphor density. This aligns
with our aim of investigating whether LLMs rely on
textual cues similar to those underlying human orig-

inality judgments, and suggests that metaphor den-
sity may function as one such shared cue. Among
the LLMs tested, GPT-5 shows the highest Spear-
man correlation with human ratings for the KOLIMO
dataset. For the non-literary Wikivoyage dataset,
Mistral-Small-3.2-24B-Instruct-2506 performs best,
however, with GPT-5 yielding almost similar results.
Overall, this suggests that for this specific rating
task of sentence originality, GPT-5 is the most suit-
able model (Table 4). However, since GPT-5 can
be accessed only via OpenAI’s API, its usage in-
curs a certain monetary cost ($4.48 for the batch
API in total for both datasets).

One possible further usage of the introduced
small datasets could be a more explicit focus on
the application of LLMs for metaphor identification
in different textual domains. Using an LLM to gen-
erate the metaphor annotations that we obtained
manually would enable a direct comparison be-
tween human and model-based annotations.

Importantly, in this illustrative study, we do not
aim to explain any variation in both human and
LLM originality ratings by metaphors alone. Origi-
nality is likely influenced by a range of interacting
stylistic and rhetorical features, such as sentence
length, grammatical patterns, or repetition schemas
that were not controlled in this study. While the
results indicate that metaphors are a particularly
salient feature for perceived originality in literary
texts, other linguistic features may play a more
prominent role in non-literary domains. Future work
with the introduced small datasets should therefore
consider metaphor as only one feature of a broader
set of rhetorical and stylistic devices that can occur
in the sentences.

In addition, many sentences in the KOLIMO
dataset might automatically seem more poetic and
thus more original because of their temporal dis-
tance from contemporary language. While iden-
tical analyses can be applied to both introduced
datasets, this aspect of their design should there-
fore be treated with caution. In future work, the
dataset collection could be expanded with addi-
tional genre-specific subsets. This would enable
more fine-grained comparisons between different
types of literary genres (e.g., highbrow and lowbrow
literature) and allow for more systematic analyses
across historical periods.

6. Conclusion

We introduce the MetaphOrig datasets, consist-
ing of two small datasets of sentence-level spa-
tial descriptions from different source corpora. We
provide the sentences, sentence-level originality
ratings from humans and LLMs, and word-level
metaphor annotations following the MIPVU proce-
dure.
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Model Corpus β-coefficient SE Spearman Correlation
GPT-5 KOLIMO 8.76*** 0.90 0.8306

Wikivoyage 9.02*** 1.82 0.5169
Qwen2.5-32B KOLIMO 6.27*** 0.74 0.7731

Wikivoyage 3.80* 1.50 0.3506
Mistral-Small-3.2-24B KOLIMO 9.00*** 0.93 0.7631

Wikivoyage 5.96*** 1.03 0.5294
Llama-3.2-3B KOLIMO 7.10*** 0.92 0.6658

Wikivoyage 4.17*** 1.05 0.3799

Table 4: Slopes from CLMs showing the strength of alignment (β-coefficient) between human and
instruction-tuned LLM originality ratings in the two corpora. Stars denote significance (*p < .05, **p < .01,
***p < .001). Standard Error (SE) quantifies the uncertainty of the estimated coefficient. Spearman
correlations are for direct comparison between LLMs.

MetaphOrig is thus among the first datasets
combining approaches from psychological creativ-
ity research assessing originality holistically with
approaches from linguistics and rhetoric that fo-
cus on specific, smaller textual units. Through the
inclusion of LLM ratings, the datasets allow for sys-
tematic comparisons between human and LLM per-
ceptions of originality.

A showcase study demonstrates how analyses
can explicitly connect these perspectives in prac-
tice. It suggests that human ratings of originality
can be traced back to metaphor density in a liter-
ary textual context and a similar pattern applies to
LLM ratings. However, deliberateness of metaphor
needs to be explored in future work, including con-
ventionality and novelty of metaphor, as well as
other stylistic factors and historical distance. Such
analyses can draw on our small datasets and build
upon the showcase study presented in this paper.

Limitations

The model hyperparameters for the prompting ex-
periments were not individually optimized. Adjust-
ing parameters such as the model temperature
could potentially improve alignment with human
ratings. Likewise, prompt design introduces vari-
ability. Different structuring of the prompts might
have yielded different outcomes. Another limitation
of this study is that it only considers the originality
criterion of creativity. For a more comprehensive
view on creativity, follow-up studies must take a
closer look at the dimension of success as well.
Moreover, we acknowledge that the provided con-
textual information (presenting the sentences of the
KOLIMO dataset as everyday language) in the rat-
ing study may have shaped the ratings, for instance
by making stylistic features that are conventional
in literary texts appear more original. A follow-up
study will therefore systematically investigate how
different priming conditions and explicit genre la-
bels affect originality ratings.
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A. Rater Instructions

A.1. Original German Instruction
Wie originell und überraschend ist diese Beschrei-
bung für Sie? Wird in der Textstelle ein Ort so
beschrieben, wie Sie es in einem alltagssprach-
lichen Text nicht erwartet hätten? Gibt es eine
frische Perspektive oder einen unerwarteten oder
neuen Ausdruck?

Originelle Beschreibungen müssen nicht unbe-
dingt extrem kunstvoll und ausgeschmückt sein.
Entscheidend ist, ob Sie überrascht sind darüber,
dass jemand einen Ort auf eine solche Art und
Weise beschreibt.

Beispiele:
wenig originell: Am frühen Morgen lag die Straße,

die durch einige abgelegene Orte führte, im Nebel.
sehr originell: Die Straße verlief im Nebel des

frühen Morgens und machte sich die Mühe, winzige
Orte zu besuchen, die streng genommen nicht auf
ihrem Weg lagen.

A.2. English Translation
How original or surprising is this description for
you? Does it describe a place in a way you would
not have expected in everyday language? Is there
a fresh perspective or an unexpected or new phras-
ing?

Original descriptions are not necessarily very
elaborate and ornate. What is relevant is whether
you are surprised about someone describing a
place in such a way.

Examples:
not very original: Early in the morning, the road

that led through some remote places lay in the fog.
very original: The road ran away in the mist of

the early morning, going to some trouble to visit tiny
towns which were not, strictly speaking, on its way.
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B. LLM Prompts

B.1. Original German Prompt
System Prompt

Du bist Annotator auf Prolific mit Deutsch
als Erstsprache.
Du nimmst an der Studie ‘Verstehen
von Beschreibungen’ teil und bewertest
Beschreibungen auf auf einer Skala von
1 bis 6.
Die Beschreibungen stammen aus
Kontexten des alltäglichen Lebens,
wie Postkarten, Textnachrichten oder
Wikipedia. Alle Beschreibungen haben
die Gemeinsamkeit, dass sie räumliche
Gegebenheiten beschreiben.

User Prompt

Wie originell und überraschend ist diese
Beschreibung für Sie? Wird in der
Textstelle ein Ort so beschrieben, wie Sie
es in in einem alltagssprachlichen Text
nicht erwartet hätten? Gibt es eine frische
Perspektive oder einen unerwarteten oder
neuen Ausdruck?
Originelle Beschreibungen müssen nicht
unbedingt extrem kunstvoll und aus-
geschmückt sein. Entscheidend ist, ob
Sie überrascht sind darüber, dass jemand
einen Ort auf eine solche Art und Weise
beschreibt.
Beispiele:
wenig originell: Am frühen Morgen lag die
Straße, die durch einige abgelegene Orte
führte, im Nebel.
sehr originell: Die Straße verlief im Nebel
des frühen Morgens und machte sich die
Mühe, winzige Orte zu besuchen, die
streng genommen nicht auf ihrem Weg
lagen.
Beschreibung zur Bewertung: {sen-
tence}
Bewerte den Satz mit einer Zahl zwischen
1 und 6 und begründe deine Entschei-
dung. Antworte ausschließlich im JSON-
Format mit folgenden Feldern: ‘Bewer-
tung’ und ‘Begründung’.

B.2. English Translation
System Prompt

You are an German native speaker anno-
tator on Prolific.

You are participating in the study ‘Under-
standing Descriptions’ and evaluating de-
scriptions on a scale from 1 to 6.
The descriptions come from everyday con-
texts, such as postcards, text messages,
or Wikipedia. All descriptions have in com-
mon that they describe spatial surround-
ings.

User Prompt

How original and surprising is this descrip-
tion to you? Does the passage describe a
place in a way that you would not expect
in everyday language? Is there a fresh
perspective or an unexpected or new ex-
pression?
Original descriptions do not necessarily
have to be extremely artistic and embel-
lished. What is relevant is whether you are
surprised that someone would describe a
place in such a way.
Examples:
not very original: Early in the morning, the
road that led through some remote places
lay in the fog.
very original: The road ran away in the
mist of the early morning, going to some
trouble to visit tiny towns which were not,
strictly speaking, on its way.
Description for evaluation: {sentence}
Rate the sentence with a number between
1 and 6 and explain your decision. Re-
spond exclusively in JSON format with
the following fields: ‘rating’ and ‘reason’.

C. Averaged ratings per sentence
and ordinal regression lines

Increase/decrease of lines for the Wikivoyage
dataset is not significant.
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