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Abstract

Euphemisms are words or phrases used to soften or indirectly refer to taboo or sensitive topics. They pose
interpretation challenges because the same expression may appear in different senses depending on context:
literal, figurative but non-euphemistic, or euphemistic. For example, pull the plug may refer euphemistically to
ending a patient’s life support, figuratively to canceling a project or funding, or literally to unplugging a device.
Euphemisms also vary across languages and cultures in both their surface forms and the contexts in which they
are conventionally used. Previous work introduced datasets for the computational study of euphemisms in five
languages. We extend this line of work by introducing two new annotated datasets for euphemism detection in
Polish and Ukrainian and by standardizing resources for all seven languages into a unified benchmark format that
supports cross-lingual evaluation. Finally, we provide zero-shot and few-shot baselines using GPT-5-nano. We run
each configuration five times and report the average score, establishing reference scores for multilingual pragmatic

understanding. We also performed pilot tests using Qwen3-4B on the English and Chinese datasets.

Keywords: euphemisms, multilingual benchmark, language resources

1. Introduction

Euphemisms are words or phrases used in order
to soften language pertaining to impolite, inappro-
priate or sensitive topics such as ‘bodily functions’,
‘death’ and ‘sex’ (Lee et al., 2024). Euphemisms
are often used for positive reasons, such as to
avoid hurting feelings or causing discomfort, but
they can also be used to obfuscate unpopular po-
sitions in political contexts or pass content moder-
ation filters (Grolleau et al., 2022; Zhu and Bhat,
2021; Gavidia et al., 2022). Understanding the
context of use regarding euphemistic speech could
help identify social, political and linguistic norms
within cultures. These phrases introduce interpre-
tation challenges since they may be used in fig-
urative or literal meaning depending on the con-
text, e.g. “a certain age”, referred to as Potentially-
Euphemistic Terms (PETs) (Gavidia et al., 2022).

In this study, we will introduce two new eu-
phemism classification datasets (one in Ukrainian
and one in Polish), and release GPT-5-nano
(Singh et al., 2025) classification baselines for the
two new datasets, as well as the English, Span-
ish, Chinese and Yorubé datasets from Lee et al.
(2024) and the Turkish dataset from Biyik et al.
(2024). These baselines will help measure current
state-of-the-art (from hereon referred to as SOTA)
LLM abilities to classify whether a PET is used in
a euphemistic manner or not.

Our contribution will help the community re-

searching euphemisms and their use by providing
more data, which is generally quite scarce with
regards to this topic. Furthermore, our baselines
show that while LLMs have improved in terms of
identifying euphemisms in languages like English
and Chinese, they lag behind in lower resource lan-
guages like Ukrainian and Yoruba.

Even with regards to English and Chinese, eu-
phemism detection abilities are rather poor on
both the few-shot and zero-shot settings, with few-
shot surprisingly performing worse. For low re-
source languages like Ukrainian and Yoruba, per-
formance was only slightly better or even worse
than random guessing. Unlike English and Chi-
nese, few-shot performance was generally better
for lower resource languages than zero-shot per-
formance.

We make an additional contribution by releasing
the datasets for all seven languages in a standard-
ized form that allows smooth comparison, bench-
marking, and integration. We identify missing
translations or annotations, and ensure a cohesive
and consistent format for all data. By standard-
izing the datasets gathered by Lee et al. (2024),
Biyik et al. (2024) and Dilai et al. (2025) into a uni-
form format, and introducing a new Polish dataset
and new Ukrainian dataset (adding non-war eu-
phemisms to the work of Dilai et al. (2025)), we
allow the baselines to be compared. The stan-
dardization process includes collapsing some cat-
egories in the original dataset gathered by Ga-
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vidia et al. (2022); Lee et al. (2023, 2024), and
introducing a subcategory column for the Polish
and Ukrainian dataset, as some categories were
more specific than the other language datasets.
Our preliminary analysis using GPT-5 exemplifies
how the unified format allows a deeper analysis
of euphemism classification within and across lan-
guages.

2. Related Work

Research on euphemisms in NLP has advanced
along two main tracks: building resources and de-
signing detection methods. Early corpora such
as Gavidia et al. (2022) introduced potentially eu-
phemistic terms (PETs) with matched euphemistic
vs. literal contexts and showed sentiment attenua-
tion in euphemistic usage. Lee et al. (2022b) pro-
posed a mining pipeline using distributional neigh-
bors and sentiment cues to surface PET candi-
dates. Shared tasks at FigLang 2022 and 2024
standardized evaluation; the latter added multi-
lingual benchmarks in English, Spanish, Yoruba,
and Mandarin (Lee et al., 2022a; Lee and Feld-
man, 2024). Follow-ups expanded coverage: Lee
et al. (2023) added vagueness annotations and
new PET corpora (Yorubd, Spanish, Mandarin),
Lee et al. (2024) evaluated multilingual and cross-
lingual PET disambiguation with XLM-R (Conneau
etal., 2020), and Biyik et al. (2024) released a Turk-
ish PET dataset. Recent work collected Ukrainian
war-related euphemisms and tested LLM prompt-
ing, underscoring rapid, culturally bound drift (Dilai
et al., 2025).

On the methods side, Zhu and Bhat (2021) de-
tect euphemistic phrases via phrase mining and
SpanBERT ranking, while Zhu et al. (2021) in-
troduce unsupervised detection and code-word
identification for moderation. Work on covert
“dog-whistle” communication motivates context-
sensitive modeling (Bhat and Klein, 2020). Ad-
ditional architectures and settings include RGAT
models (Wang et al.,, 2022), “impromptu” eu-
phemisms in cybercrime (Li et al., 2025a), domain-
specific historical death discourse (Al-Laith et al.,
2025), and LLM prompting (GPT-4 (OpenAl et al.,
2024)) across languages (Firsich and Rios, 2024).
Firsich and Rios (2024)’s paper, just like ours,
deals with zero-shot and few shot prompting tech-
niques for euphemism detection. Keh (2022)
also looks into zero-shot and few-shot prompt-
ing techniques for euphemism detection. Finally,
cross-lingual transfer is a central challenge: se-
quential fine-tuning can help in low-resource lan-
guages, but gains depend on data coverage and
model choice (Sammartino et al., 2025). Our work
contributes expert-annotated Polish and Ukrainian
PET corpora with balanced euphemistic/literal us-

Lang PETs PETs-AE PETs-AE% Uses Use-AE Use-AE%

EN 135 58 43.0 3098 745 24.0
ES 232 97 41.8 2952 1045 35.4
YO 157 72 45.9 2598 864 33.3
ZH 151 95 62.9 3211 1625 50.6
TR 70 11 15.7 2436 281 11.5
PL 522 38 7.3 2458 62 25
UK 148 46 31.1 7163 1112 15.5

Table 1: Inventory of PETs and uses; AE = always-
euphemistic in our data.

ages to support both monolingual and cross-
lingual evaluation.

3. Multilingual Euphemism Corpus

Category EN ES ZH YO | TR PL UK
Bodily Parts/ | 55 | 141 | 135 | 206 | 233 | 201 | 7.0
Functions

Death 19.0 | 5.1 | 17.9 | 215 | 30.8 | 14.0
Employment/ | 475 | 536 | 175 | 01 | 84 | 9.0
Finances

lllegal Activity - - 2.9 - - 7.9 -
Misc. 50 | - |04 | 04| 81]|59]70
PhysMental | y5 6 | 168 | 166 | 47 | 144 | 157 | 47
Attributes

Politics 103|321 | 77| - | 05 | 36 | 749
Sexual Activity | 9.6 | 6.3 | 21.8 | 30.8 | 11.2 | 195 | -
Social Activity - - 1.3 | 105 - -
Spirituality - - - 25 - - -
Substances 6.2 1.9 0.3 - 3.4 4.4 6.4

Table 2: Category Percentages for each Dataset
(bold = largest category)

3.1.

We include seven languages representing differ-
ent language families and levels of resource avail-
ability: English, Spanish, Chinese, Yoruba, Turk-
ish, Polish, and Ukrainian. The selection balances
typological diversity (analytic, fusional, and ag-
glutinative structures) and cultural variation in eu-
phemistic expression. English, Spanish, and Chi-
nese are relatively high-resource (Li et al., 2025b);
Yoruba, Turkish, Polish, and Ukrainian extend cov-
erage to low- and mid-resource settings with dis-
tinct pragmatic norms. Dataset sizes range from
about 2K-7K labeled examples per language.

Our standardized data contains the following
information for all languages: (1) text- the
text containing the PET, (2) pet - the poten-
tially euphemistic term in its original form, (3)
euph_status - whether the PET is always used
euphemistically or only sometimes (Sammartino
et al., 2025), (4) category - the core category
of the euphemistic phrase, such as ‘sexual activ-
ity’ or ‘death’, (5) 1abel - the classification (1 for
euphemistic, 0 for non-euphemistic). Most text
entries are multi-sentence passages, and each
contains one PET within [PET_BOUNDARY] delim-
iters. euph_status indicates whether each PET

Languages Covered
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always appears in a euphemistic context within the
dataset (“always_euph”), or may appear in both eu-
phemistic and non-euphemistic contexts (“some-
times_euph”). As an example of a sometimes-
euphemistic PET, “lay off” can be used in a eu-
phemistic context (“the company laid off all their
employees”) and a non-euphemistic context (“lay
off the carbs, will ya?”).

Some datasets also contain additional data, like
“PET_wordform” for languages like Polish that un-
dergo morphological changes depending on fac-
tors such as tense or plurality, an English trans-
lation of the PET, or a source for the text. We
also chose to consolidate the categories into core-
categories shared among all datasets to allow for
future semantic and pragmatic analysis, while pre-
serving any data-specific annotation in an addi-
tional column. For example, the categories of
"alcoholism’ and ’drugs’ in the Ukrainian dataset
were collapsed into ’substances’ under the core-
categories. See Table 2 for the full list of cate-
gories and their frequency in each dataset (by in-
stances).

3.2. Previously Released Languages

3.2.1. English

The English dataset, presented in (Gavidia et al.,
2022) and then refined in (Lee et al., 2023, 2024;
Lee and Feldman, 2024), contains over 3,000 en-
tries and 135 unique PETs, with entries pulled from
the GIoWbE corpus (Davies and Fuchs, 2015).
The “always_euph” category contains 58 of the
135 unique PETs, but only 745 of 3,098 instances,
leaving 2,353 in the “sometimes_euph” category.
The dataset is skewed slightly toward PETs in eu-
phemistic contexts.

This dataset consists of euphemisms from eight
categories, including ‘death’, ‘physical/mental at-
tributes’, ‘employment/finances’ and ‘politics’.

3.2.2. Spanish

The Spanish dataset (Lee et al.,, 2023, 2024;
Lee and Feldman, 2024) contains just shy of
3,000 utterances, with the majority labeled as eu-
phemistic (1,955). Lee et al. (2023, 2024); Lee
and Feldman (2024) extracted the text used in the
dataset from Real Academia Esparola (Real Span-
ish Academy) (Corpes Siglo XXI) (Real Academia
Espafola, 2019), which consists of text from mul-
tiple Spanish-speaking countries such as Mexico,
Cuba and Spain. Examples of PETs from this
dataset include “hacer el amor” (make love), “ex-
pirar” (expire) and “consumar el matrimonio” (con-
summate the marriage).

This dataset contains 232 PETs, with 97 of them
being “always_euphemistic”. For example, “pro-

nunciamiento militar” and “capital humano” are
only used euphemistically in the dataset.

3.2.3. Mandarin

The Chinese dataset (Lee et al.,, 2023, 2024;
Lee and Feldman, 2024) contains about 3,200 en-
tries, with about two-thirds of them labeled as eu-
phemistic. Examples of PETs from this dataset
include “~7E 7" (“no longer here”, referring to
death), and “A =" (“to have joy/happiness”) , re-
ferring to pregnancy. It should be noted that in
this dataset, the majority of PETs were labeled as
“always_euphemistic’. For example, “T .4k [q]”, lit-
erally “hygiene space”, euphemistically meaning
“pathroom”, is only used in the euphemistic con-
text.

A large portion of this dataset (21.8%, as shown
in Table 2) consists of euphemisms for topics re-
lated to sexual activity. Examples of such eu-
phemisms include “M: T {E#”, and “/MH”, mean-
ing sex worker.

The data was gathered (Lee et al., 2023, 2024;
Lee and Feldman, 2024) from the Chinese lan-
guage corpus (Xu, 2019).

3.2.4. Turkish

The Turkish dataset was gathered by Biyik et al.
(2024). The Turkish dataset consists of 2436
instances of sentences consisting of 70 unique
PETs, with only 11 of the PETs being “al-
ways_euphemistic”, represented by 281 of the en-
tries. This ratio of “always_euphemistics” is lower
than English, Chinese and Ukrainian.

Examples of PETs from this dataset include
“aramizdan ayrildi” (“left from among us”) from the
‘death’ category, and “aybag!” (“beginning of the
month”) from the bodily functions category.

Turkish is an agglutinative language, and the
meaning of a sentence in Turkish is rarely affected
by the order of its words (Biyik et al., 2024). Similar
to Ukrainian and Polish, which feature word conju-
gations, the Turkish dataset consists of a column
for the lemmatized form of the PET, along with the
conjugated form column.

3.2.5. Yoruba

The Yoruba dataset (Lee et al.,, 2023, 2024;
Lee and Feldman, 2024) consists of almost
2,600 instances. Like with the other languages,
the dataset is skewed towards examples in eu-
phemistic contexts, with 1,689 euphemistic exam-
ples. Table 2 shows that a majority of this dataset
falls into the ‘bodily functions/parts’, ‘sexual activ-
ity’ and ‘death’ categories.

Yoruba is considered a low-resource language
for the purposes of euphemism detection and in
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computational modeling of language in general,
which led the dataset’s creators to gather data
from various sources, including Facebook conver-
sations, religious texts, and news data (Lee et al.,
2023).

3.3. Newly Released Languages

3.3.1. Polish

The Polish dataset includes almost 2500 entries,
with two methods of PET identification employed.
First, we searched for euphemisms listed in a Pol-
ish dictionary of euphemisms (Dgbrowska, 1998),
in general-language corpora — namely the Na-
tional Corpus of Polish (Przepidrkowski et al.,
2012) — and the Corpus of Contemporary Polish
(Marciniak et al., 2023). For each of them, we
noted the approximate numbers of occurrences,
and whether they had only euphemistic (e.g. pi-
wko [ ‘small beer’ ]) or both euphemistic and non-
euphemistic uses (e.g. siano[ ‘hay’ or ‘money’
). We then conducted separate searches of the
PETs of the latter type, and selected between
four and six examples of each, including both eu-
phemistic and non-euphemistic uses in equal pro-
portions. However, we have also aimed to iden-
tify PETs which were not listed in Dgbrowska’ s
dictionary to compensate for the fact that the dic-
tionary was compiled almost three decades ago
using mainly opportunistic methods, and is there-
fore less likely to adequately reflect contemporary
linguistic reality. To this end, we selected words
or expressions associated with a given taboo topic
(since speakers discussing taboo or sensitive top-
ics often rely on the use of euphemisms), ran
concordance searches, and looked for additional
PETs in the co-text. Then, we again conducted
separate concordance searches of thus identi-
fied PETs, noted their approximate frequencies,
and selected between four and six examples of
those which can be used both euphemistically and
non-euphemistically. The taboo topics deemed
to have the potential to trigger the use of eu-
phemisms were chosen based on the existing liter-
ature (Dgbrowska 1998; Allan and Burridge 1991),
and include: ‘alcohol and drugs’, ‘body parts and
nakedness’, ‘death and iliness’, ‘immigration’, ‘sex’,
‘money’, ‘offenses’, ‘physical appearance’, ‘physiol-
ogy’, and ‘vice’. The numbers of PETs per topic
are more or less equal. To enable comparison
between languages, we annotate each PET with
the uniform categories described in Table 2, while
preserving the detailed information in an additional
column, e.g., annotate PETs as ‘substances’ with
the additional column being either ‘drugs’ or ‘alco-
hol’.

Five hundred samples, covering five differ-
ent topics, were collected by an expert linguist

(one of the authors). One hundred sentences
were marked as either euphemistic (1) or non-
euphemistic (0) by two colleagues, based on a de-
tailed annotation guide, in order to test the proce-
dure. Next, the full dataset (i.e. 500 sentences)
was annotated by four students of linguistics fol-
lowing the same guide (o = 0.7041). All of the an-
notators agreed on one interpretation (either 0 or 1)
in 366 cases. The strongest disagreement (where
half of the annotators decided that the given ex-
pression or word is euphemistic, whereas the other
half felt otherwise) was observed in 42 cases.
The remainder of the dataset was prepared by
the four annotators following the same procedure
as the one discussed above. Each of them con-
tributed 500 sentences, and then marked the sam-
ples collected by her counterparts as either eu-
phemistic or non-euphemistic, following the anno-
tation guide. For this subset of the data, the inter-
annotator agreement is even higher at o = 0.8520.

3.3.2. Ukrainian

The non-war portion of the Ukrainian dataset in-
cludes 2297 sentences containing 113 PETs. The
subcategories covered are bad habits, bodily func-
tions, corruption, impairments, lying. For com-
pleteness, we add to the new Ukrainian data the
euphemism related to the ‘war’ category included
in Dilai et al. (2025) (related to the ongoing Russia-
Ukraine war). The corpora used for the dataset
collection are the Polish Automatic Web corpus of
the Ukrainian language, or PAWUK (Kieras et al.,
2025) and the General Regionally Annotated Cor-
pus of Ukrainian, GRAC (Shvedova et al., 2017-
2025). We collected samples of both euphemistic
and non-euphemistic usages of the PETs. Some
of the PETs had only euphemistic usage (e.g. au-
TuHa gouly [‘rain child’]). Most PETs due to their
polysemy were used both literally (e.g. 6aBoB-
Ha [‘cotton’]) and euphemistically (e.g. 6aBoBHa
[‘explosion’]). The proportion of the collected eu-
phemistic instances is dictated by their relative fre-
quency in the corpora. Some PETs had fewer ex-
amples of usage due to the limited corpus data.
We tried to collect and annotate an equal number
of PETs for each category, with the exception of
the ‘war’ category taken from Dilai et al. (2025).
For the time being there is no comprehen-
sive dictionary of Ukrainian euphemisms. Con-
sequently, we used various academic and non-
academic sources to obtain a seed list of eu-
phemisms for each category. The list is by no
means complete. Both data collection and annota-
tion were conducted by four expert linguists. The
task was to attach a label (1) to euphemistic us-
ages and a label (0) to non-euphemistic usages.
Additionally, the annotators indicated instances of
uncertainty, which needed special attention on
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the part of other annotators. The inter-annotator
agreement was calculated (o« = 0.7). Certain PETs
showed worse agreement than others.

4. Resource Description and
Availability

All datasets introduced in this paper — Polish and
Ukrainian PET corpora, along with the standard-
ized multilingual euphemism benchmark — are re-
leased under an open license '. Each dataset
follows the unified schema introduced in Sec-
tion 3.1: text, pet, euph_status, category,
and label. Annotation guidelines, frequency
statistics, and example scripts for evaluation are
included in the release package.

4.1. Dataset Partition Design

The trial split follows the setup used in previous
work by (Sammartino et al., 2025), where splits are
done based on the information in euph_status.
If a PET is sometimes euphemistic in our data,
such as “pass on”, then it can appear anywhere in
training, validation, or testing. If the PET presents
as always euphemistic in the data, such as “neg-
ative cash flow”, then it can only appear in train-
ing/validation or testing. This is done to prevent
the model from memorizing the same classification
without considering the context of the example.

Since these datasets are focused on potentially
euphemistic terms, the percentage of always eu-
phemistic instances for most languages are less
than 50% (See Table 1). The Chinese dataset is
close to equal, with 50.6% of utterances within the
dataset (and more than 60% of PETSs) being al-
ways euphemistic.

5. Baseline Experiments

Following Firsich and Rios (2024), we ran base-
line zero-shot and few-shot experiments with GPT-
5-nano, a lightweight version of the GPT 5 model
by OpenAl (Singh et al., 2025). We also performed
a pilot analysis using Qwen3-4B, a lightweight
version of the Qwen3 model (Yang et al., 2025),
but encountered unexpectedly low performance.
We summarize our preliminary results from using
Qwen3 and the challenges of applying it to eu-
phemism classification below.

We performed zero-shot prompting and few-
shot prompting with both models. For the few-shot
prompting, we selected two positive examples and
two negative examples from the training dataset to

"https://github.com/NLP1labMSU/
lrec—-euph

Language F1 (Bin) P (Bin) R (Bin) F1 (Mac)
English 0.74 0.81 0.67 0.72
Chinese 0.75 0.85 0.67 0.69
Turkish 0.54 0.73 043 057
Spanish 0.59 0.79 0.48 0.58
Yoruba 0.43 0.86 029 0.50
Polish 0.57 0.76 0.46 0.65
Ukrainian 0.37 0.93 0.23 0.46

Table 3: Zero-shot baseline results for each lan-
guage.

Language F1 (Bin) P (Bin) R (Bin) F1 (Mac)
English 0.66 0.86 0.53 0.68
Chinese 0.68 0.90 0.55 0.66
Turkish 0.52 0.77 0.39 057
Spanish 0.55 0.81 0.42 0.56
Yoruba 0.54 0.84 0.40 0.56

Polish 0.58 0.78 0.46 0.66

Ukrainian 0.46 0.94 0.32 0.51

Table 4: Few-shot baseline results for each lan-
guage.

insert into the prompt. We manually selected ex-
amples that clearly illustrate euphemistic and non-
euphemistic usage. If the examples are particu-
larly long, surrounding content deemed extrane-
ous may be removed in order to avoid confusing
the model.

The base template of the zero-shot prompt (in
English) is the same for both models: “Can
you classify whether the phrase between
[PET_BOUNDARY] delimiters in the text is
being used in a euphemistic manner or not? Do
not include an intro or conclusion in your answer.
Just output the number 1 if its euphemistic, 0 if
not. This is the text: "<text>’ ”. For the non-English
languages, it is translated.

The few-shot prompt uses the same structure,
with the examples and their expected outputs in-
serted before the text. The four examples were
used with every item in the test data, ensuring the
test entry does not include the same PET used in
the prompt.

Results are reported for the testing split.

5.1. GPT-5-nano

Tables 3 and 4 show the average binary F1, preci-
sion, recall and macro F1 over five runs for each
language. Very rarely, the model did not return
a 0 ora1ias an answer. In those cases, we
drop those instances from the final averaging. As
shown, the GPT-5-nano (Singh et al., 2025) model
demonstrated uneven performance in which pre-
cision typically outperformed recall, hinting that a
larger number of samples were labeled as 0 rather
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than 1 (false-negative). Yet, the zero-shot per-
formance is surprisingly high given that we only
present the model with a classification task with-
out explaining what euphemisms are nor provid-
ing examples. Since most multi-word expressions
in general language use are non-euphemistic, if
the model simply matched the distribution of eu-
phemisms vs. non-euphemisms in the general lan-
guage, it would expectedly have made more non-
euphemism predictions. The ability of GPT-5 to
reach such performance with zero-shot prompting
indicates some internal knowledge representation
of what “euphemistic” means.

Overall, our results were lower than Firsich and
Rios (2024)’s. This was likely due to the different
models used, as we used the nano version of GPT-
5. We found that the GPT-5-nano model showed
the highest zero-shot performance in English (pos-
itive class, aka binary, F1 around 0.74) and Chi-
nese (around 0.75), with a steady decline across
other languages, reaching the lowest scores for
Ukrainian (around 0.37). This result aligns with lan-
guage representation in the hypothesized training
data for GPT-5 as we review in details in Section 6.
It appears that GPT-5 can recognize euphemistic
tone in high-exposure languages but fails to do so
reliably when the cues are culturally specific. Even
with substantial textual resources, languages like
Spanish remain challenging, suggesting that ex-
posure to text alone does not guarantee cross-
linguistic transfer of social and pragmatic under-
standing. We elaborate on pragmatic and cross-
lingual aspects in Section 6.

In the few-shot setting, Chinese and English re-
main the strongest performers (binary F1 around
0.68 for Chinese, 0.66 for English), while Turk-
ish, Spanish, and Yoruba cluster in the mid-
range near 0.52-0.55. Ukrainian continues to
trail behind, with F1 scores around 0.46. GPT-5-
nano shows moderate gains in euphemism clas-
sification across low-resource languages such as
Yoruba and Ukrainian, small variations in either di-
rection across mid-resource languages like Turk-
ish and Polish, and high losses across high-
resource languages like English and Chinese.
These results confirm that limited in-context expo-
sure helps the model align with the task. Spanish
is an exception, being a high-resource language,
which demonstrated a slight drop in F1 scores,
which places its performance closer to the Pol-
ish and Turkish category. This behavior is sur-
prising given the general assumption that Span-
ish is more high-resource than Polish and Turkish
since it is the “the second most spoken language
in the world” according to Lee et al. (2023, p. 443)
as of 2009, citing a book by Lewis (2009). Im-
provements in Polish, Yoruba and Ukrainian sug-
gest that GPT-5 can adjust its decision boundaries

when given examples, but that its underlying prag-
matic understanding remains uneven across lan-
guages. The relative ranking between languages
remains largely unchanged, indicating that the
model’ s limitations stem more from linguistic and
cultural familiarity than from the mechanics of few-
shot learning.

One possible reason for the decrease in per-
formance for English and Chinese few-shot com-
pared to zero-shot could result from the choice
of examples for the prompt. Both positive (eu-
phemistic) examples selected in Chinese were
death-related. The euphemisms we selected in
the English few-shot were “laid off” and “down
there”, both of which may be perceived by mod-
els as slang as opposed to euphemistic. The gap
between precision and recall increased after few-
shot prompting for both languages, hinting that
the examples we provided may have confused the
model.

5.2. Qwen3

For Qwen3, we report results for our tests on
Qwen3-4B, a lightweight version of the Qwen3
model (Yang et al., 2025). For this, we did two
runs, the first one using the same prompt as GPT,
with no-think setting on, and the system prompt
just telling the model to distinguish euphemisms
from non-euphemisms, then output 0 or 1. The
results are inferior to GPT-5, partially due to how
without special prompting, the model may output
1 for every, or almost every, test entry. In order
to combat that, we had to do special prompt engi-
neering.

Our prompt engineering consists of adding a
system prompt “You are an expert at decipher-
ing non-literal meanings, especially euphemisms.
Think about what aspects of the context could
point to whether something is euphemistic or not,
and how they contribute to your decision. Fo-
cus especially on the one sentence in which the
phrase of interest appears, since that is where
the euphemistic context, if there is any, would
probably appear. For example, '‘pass on’ could
mean death (euphemistic) or passing on infor-
mation (non-euphemistic). Look at the specific
context, and not just whether the phrase itself is
typically euphemistic or not. Many typically eu-
phemistic phrases are used in non-euphemistic
contexts too! The final output should just be a
0 (if non-euphemistic) or a 1 (if euphemistic).”
The system prompt remains in English, while the
user prompt is translated into the language of the
dataset that is being evaluated. The prompt ref-
erences the use of the euphemism “pass on” in
Sammartino et al. (2025).

After prompt engineering, the model’ s /no_think
mode still occasionally overpredicted the positive
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class, although performance improved substan-
tially relative to the initial setup. Even so, it re-
mained below GPT-5 (Singh et al., 2025). In the
zero-shot setting, Qwen3 reached positive-class
F1 scores of about 0.70 for English and 0.79 for
Chinese, but its macro F1 was only 0.57 and 0.58,
respectively. This gap suggests an imbalance in
performance across classes, likely due to a ten-
dency to overpredict the positive label, which was
less pronounced with GPT-5.

In the few-shot setting, the English positive-
class F1 decreased to 0.57, while Chinese re-
mained at 0.79. For English, macro F1 and
positive-class F1 moved closer (0.64 and 0.57, re-
spectively), suggesting more balanced predictions
across classes. For Chinese, however, the gap
persisted (0.60 macro vs. 0.79 positive-class F1),
indicating continued skew toward the positive la-
bel.

6. Discussion

In this work, we present two novel datasets of eu-
phemism in Polish and Ukrainian. We also make
available a benchmark for a euphemism classi-
fication task in 7 languages that cover diverse
set of linguistic properties. To facilitate future re-
search, we release a uniform representation of the
old and new datasets, with complete information
for shared attributes, distributional analysis of the
data, and splits for training and testing computa-
tional models.

We report results with GPT-5-nano (Singh et al.,
2025) for zero-shot and few-shot classifications.
These results provide baseline performance mea-
sures for future work as well as an analysis of
the SOTA computational power of classifying eu-
phemisms. Overall, GPT-5-nano tends to make
more false-negative errors than false-positive re-
sulting in higher precision against lower recall, with
English and Chinese gaining the highest scores.

The overall performance trend indicates a con-
sistent pattern linked to the model’ s training ex-
posure and cultural proximity to English. First, the
training data is likely lacking in low-resource lan-
guages. Although OpenAl has not openly stated
the composition of the training data for the GPT-5
model (Singh et al., 2025), LLM performance often
correlates with the availability of training data for a
language, which may partially explain the stronger
results for English and Chinese.

Moreover, euphemistic expression varies sub-
stantially by culture; indirectness, politeness, and
taboo avoidance are encoded differently in each
language, making it difficult to rely on training data
in high-resource languages to extend to other lan-
guages. In a zero-shot setting, the model relies
on broad semantic cues learned from a training

dataset that is most likely largely composed of En-
glish, which do not always transfer to other linguis-
tic or cultural systems. This may be especially
prominent in low-resource languages like Yoruba,
but might also affect languages with more train-
ing data. For example, although Spanish is a rel-
atively high-resource language (Li et al., 2025b),
its results were weaker than expected, suggesting
that euphemism detection depends on pragmatic
understanding stemming from exposure in training
rather than only on general language proficiency.

Previous work on euphemism classification
looked into the ability of LLMs to extend eu-
phemism knowledge from one language to the
other (Lee et al., 2024; Sammartino et al., 2025).
Hankins (2024) used the DistiiBERT model (Sanh
et al., 2019) and determined that a multilingual
model tended to outperform models fine tuned on
only one language in euphemism detection for En-
glish, Spanish, Chinese and Yoruba, implying that
information the model learns from each of the dif-
ferent languages can improve understanding of all
four languages. We further extend such analysis
of cross-lingual transfer in the current results. Cer-
tain categories within the datasets, such as ‘bodily
functions/parts’, ‘sexual activity’ and ‘death’, tend
to have PETs shared across languages with the
same literal translation, e.g., “hacer el amor” and
“make love”, and “Zift” and “passed away”. We
suspect that the performance in some languages
gained from this pragmatic similarity to English.
On the other hand, Spanish, for example, did not
benefit as much from it since such common cate-
gories (e.g. for ‘bodily functions/parts’, ‘sexual ac-
tivity’ and ‘death’) made up less than a third of the
Spanish data. On the other hand, the performance
for the Chinese data might have benefited from the
fact that a large portion of its data has to do with
‘sexual activity’, ‘bodily functions/parts’ or ‘death’.

The performance of LLMs might also correlate
with the difficulty of the task for PETs with weaker
annotator consensus. Human annotators can dif-
fer in their interpretations for PETs that are more
vague (Lee et al., 2023), or commonly used jar-
gon in fields such as medicine or politics (Gavidia
et al., 2022). We hypothesize that the types of
phrases that do not produce confusion among hu-
mans are more likely recognized as euphemistic
by SOTA LLMs such as GPT-5 due to their ubig-
uity. While Lee et al. (2023)’s study, which uses
a fine-tuned RoBERTa (Liu et al., 2019) model,
showed that vague PETs actually performed bet-
ter, we do not think that is the case for non-fine-
tuned prompted models like GPT-5-nano, since
the model would be pretrained on large amounts
of human data from different sources rather than
fine-tuned on a dataset specifically made to iden-
tify euphemisms. Many unambiguous PETs like
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“passed away”, “backside”, and “made love” tend
to fall under these three categories, whereas PETs
in, for example, medical categories, could be con-
sidered either as euphemisms or simply as com-
monly accepted terminology by different people
(Gavidia et al., 2022) and likely by GPT-5 too. How-
ever, there are also PETs within these categories
of our dataset, such as “six feet under”, which is
considered euphemistic by us, but dysphemistic
by others such as Felt and Riloff (2020). These dif-
ferences in classification could confuse language
models.

Another factor in model performance could
be the portion of the dataset that is “al-
ways_euphemistics”. A large portion of the PETs
in the Chinese dataset are “always_euphemistic”,
which could lead to higher scores since the model
would have to only learn the phrase and not
the context. However, it should be noted that
being “always_euphemistic” on its own does not
necessitate a high score, as the Yoruba dataset,
which had one of the lower scores, also had a
large portion of “always_euphemistics”. For being
“always_euphemistic” to help in terms of classi-
fication, it seems that a phrase also has to be
well-known and/or transferable across languages,
and unambiguously euphemistic. The Ukrainian
data serves as a good example for the tension be-
tween these two factors, frequency of euphemistic
use in language vs. general familiarity with the
term. The Ukrainian data’s scores likely suffered
as a majority of the dataset was about war. A lot of
the euphemisms in the dataset, like “gBoxcoTnii”
meaning “dead” (in a military context) or “killed in
action” (Wiktionary contributors, 2024; Dilai et al.,
2025), are only used in the post-Soviet linguistic
sphere as it originates from the term Cargo 200
(Wiktionary contributors, 2025). The high ratio
of 0 predictions to 1 predictions for the Ukrainian
dataset demonstrates that many Ukrainian eu-
phemisms might not have been recognized by
the model, especially since the Ukrainian dataset
consists of more euphemistic examples than
non-euphemistic examples to begin with.

At the same time, other factors may also con-
tribute. Differences in the composition of available
text data across languages could mean that the
model has seen fewer examples of conversational
or socially indirect language in some corpora, even
for otherwise high-resource languages. The way
the task prompt is phrased and translated might
also influence results if the term “euphemism?” is in-
terpreted differently across languages. Finally, lan-
guages with richer morphology, such as Ukrainian,
can produce more fragmented representations un-
der tokenization, which may weaken downstream
reasoning performance. We believe the release of
these datasets will enable future research to ana-

lyze these linguistic aspects of euphemism classi-
fication and the computational methods to classify,
detect, and interpret them in context.

7. Limitations

As with most of our work containing LLMs, com-
pute power has been one of our main obstacles,
especially with regard to running the Qwen3 (Yang
et al., 2025) models.

Additionally, the model would sometimes output
explanations along with the prediction, thus we
had to remind it several times in the system and
user prompts to only output 0 or 1 as the overall
output.

The thinking mode gave a more balanced out-
put in terms of positive and negative classes, but
because of compute power limitations, we were
not able to run it five times for each language.
We also ran a few trials with Qwen3-14B for En-
glish and Chinese, but opted not to use these
larger models with other languages due to time
constraints, as the Qwen3-14B took much longer
to run than Qwen3-4B. Furthermore, Qwen3’s En-
glish and Chinese reasoning abilities seemed to
be significantly better than other languages, likely
because English and Chinese were highly repre-
sented in Qwen3d’s training data. Qwen models
were run on Google Colab.

GPT-5 (Singh et al., 2025), on the other hand,
was run from the OpenAl servers, eliminating limi-
tations of compute power. However, we were very
likely throttled by rate limits when calling the API.
Also, the model was unable to classify some ex-
amples due to guardrails against sensitive topics.

8. Ethical Concerns

The datasets include sentences taken from public,
licensed corpora and examples written by the au-
thors. They contain no personal information. All
source materials were used under their original li-
censes, and the released data will use a permis-
sive open license. Annotation was done by trained
volunteers who gave consent to participate and
could skip examples or stop at any time. Because
some data deal with sensitive topics such as death,
sexuality, or war, annotators were warned in ad-
vance and allowed to opt out of such cases.

9. Declaration on Use of Generative
Al

While most prompts used in the process were writ-
ten and translated by humans, we used genera-
tive Al to translate some prompts for zero-shot and
few-shot into different languages, for example, Chi-
nese.
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