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Abstract

Automatic detection of figurative language is one of the major directions in modern NLP. Euphemisms
are words or phrases used to mitigate the expression. By and large, they are socially and culturally
determined, naming the sensitive entities in an indirect, softened way. The problems of the automatic
detection of euphemisms arise when words can be used both literally (non-euphemistically) and
euphemistically. We refer to such usages as PETs (potentially euphemistic terms). The attempts to
detect/disambiguate euphemisms cross-linguistically have reported a high performance of transformer-
based neural models. Nonetheless, such models have not been tested on Ukrainian datasets. The purpose
of this endeavor is to test LLMs on the collected, annotated, and processed Ukrainian dataset, exemplified
in this paper by the newly coined during the Russia-Ukraine war PETs. Employing prompt engineering,
the study has revealed a high performance of GPT-40 and GPT-40-mini on the Ukrainian PET dataset.
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1. Introduction

Euphemisms are a linguistic device used to soften or neutralize language that may otherwise be
harsh or awkward to state directly. By acting as alternative words or phrases, euphemisms are used
daily to maintain politeness, mitigate discomfort, or conceal the truth. As part of war vocabulary,
they are used to address sensitive issues, such as death, losses, military attacks, alleviating the
mental perception of the harsh reality and often promoting victorious discourse. Euphemistic
expressions replace direct references and are characterized by changing the word sentiment
towards neutral or more positive. Nonetheless, in the course of time, their positive or neutral
sentiment is becoming obliterated; they undergo the “euphemism treadmill” via changing or losing
their euphemistic meanings (Pinker, 2003) [1].

Russia-Ukraine war gave rise and prominence to a number of euphemisms in the Ukrainian
language: 6a6osna (cotton — “explosion”), nmawxa (birdie — “drone”), 3adsoxcomumu (“to kill"), na
wumi (“dead”), etc. The majority of them are relatively new coinages and have not been
sufficiently recorded or studied thus far. They are mostly the product of productive semantic
derivation patterns accompanied by vivid associations. Focusing on this category of euphemisms in
terms of their automatic detection appears to be highly topical and has a clear-cut practical value.
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Despite being an important element of language use, the figurative nature of euphemisms poses
a challenge for natural language processing (NLP). Due to the polysemous nature of the potentially
euphemistic terms (PETs), the detection and recognition of their euphemistic usages requires the
elaboration of viable mechanisms of word sense disambiguation. The semantic annotation scheme
applied to PETs poses difficulties as it needs to consider subtle context-sensitive instances with
various shades of meaning. Thus, we hypothesize that drawing on manual annotation of multiple
instances of PETs allows for approaching the full specification principle (Lakoff) [2] in the
description of the word meaning (conceptual category), which can further feed large language
models (LLMs) and train them to detect and recognize euphemistic expressions of the Ukrainian
language.

Thus, the aim of this paper is to discover efficient techniques for the automatic detection of
Ukrainian euphemisms related to the topic of the Russia-Ukraine war, which presupposes the
completion of the following tasks:

e To collect a dataset of Ukrainian war-related euphemisms based on the corpus of modern
web communication.

e To elaborate, standardize, and apply the annotation scheme for PETs.

e To elicit key difficulties in the recognition and annotation of the PETs.

e To leverage machine learning techniques for the automatic detection of euphemisms.

e To assess the performance of the models.

2. Related Works

In recent years, there has been a surge of interest in computational approaches to euphemism
detection in the NLP community. [3] introduce the recognition of euphemisms and dysphemisms
using NLP, generating near-synonym phrases for sensitive topics. [4] propose euphemism
detection and identification tasks using masked language modeling with BERT. [5] create an
extensive corpus of potentially euphemistic terms (PETs). In [6], they develop a linguistically
driven approach for identifying PETs using distributional similarities. BERT-based systems that
participated in a shared task on euphemism disambiguation they organized showed promise [7].
[8] experiment with classifying PETs unseen during training. In [9], they perform transformer-
based euphemism disambiguation experiments, exploring vagueness as one of the properties of
euphemisms.

The work of R. Choenni et al. [10] explores the multilingual and cross-lingual transfer
capabilities of LLMs. They find that multilingual LLMs rely on data from multiple languages to a
large extent, learning both complementary and reinforcing information. The authors of [11] find
cases where transfer learning from out-of-language data in a particular domain performed better
than the same-language data in a different domain.

While euphemisms are culturally dependent, the need to discuss sensitive topics in a non-
offensive way is universal, suggesting similarities in the way euphemisms are used across
languages and cultures. Euphemisms are found across the world’s languages, making them a
universal linguistic phenomenon. As such, euphemistic data may have useful properties for
computational tasks across languages. A. Feldman and her team have explored this premise by
training a multilingual transformer model (XLM-RoBERTa) to disambiguate potentially
euphemistic terms (PETs) in multilingual and cross-lingual settings. They have conducted
experiments on English, Spanish, Chinese, Turkish, and some other low-resource languages. In line
with current trends, they demonstrate that zero-shot learning across languages takes place. They
also showcase where multilingual models perform better on the task compared to monolingual
models by a statistically significant margin, indicating that multilingual data presents additional
opportunities for models to learn about cross-lingual, computational properties of euphemisms. In
a follow-up analysis, they focus on universal euphemistic "categories" such as death and bodily
functions, among others. They test to see whether cross-lingual data of the same domain is more



important than within-language data of other domains to further understand the nature of the
cross-lingual transfer.

In June 2024, a special Figlang (Figurative Language Processing) workshop was held in Mexico,
where the findings of the shared tasks on multilingual euphemism detection were presented.
Among others, [12] tried to test whether Chat GPT can detect euphemisms across multiple
languages.

To the best of our knowledge, no similar study on the automatic detection of euphemisms has
been conducted in Ukraine or on Ukrainian language material. Nonetheless, there are works with
valuable observations related to the linguistic aspect of the newly coined Ukrainian military
vocabulary and euphemisms in particular [13-16]. A revised approach to labeling sensitive
language related to the ongoing war was proposed in [17].

3. Methods and Materials

The technical solution to the problem of automated Ukrainian euphemisms detection involves
prompt engineering for LLMs. We test both zero-shot prompting, which does not contain any
examples or demonstrations while interacting with the model, and few-shot prompting,
accompanied by illustrations and enabling in-context learning of the model.

The experimental research is based on GPT-4o, the flagship LLM by OpenAl, GPT-40-mini, and
DeepSeek, though other models have also been tested but showed worse performance. GPT-4.5-
preview was rejected due to its high pricing at the time of testing. Older models (01, 03-mini, o1-
mini) performed notably worse on smaller datasets and were also rejected. DeepSeek-Chat was
chosen as a widely advertised, cheaper alternative to OpenAl models.

We draw on the F1 score to elaborate on class-wise performance of the LLMs. The overall
workflow consists of the following stages:

e PET dataset collection.

e PET dataset annotation.

e PET dataset processing.

e  Testing zero-shot and few-shot prompting performance of the LLMs.
e Prompt engineering to enhance the performance of the models.

PET samples have been collected from the Polish Automatic Web corpus of the Ukrainian
language (PAWUK) [18]. It was built and is being maintained by our partner institution the
Linguistic Engineering Group of the Institute of Computer Science of the Polish Academy of
Sciences. The corpus contains Ukrainian texts selected from the web pages and social network
posts starting from February 24, 2022, and is daily updated. As of March 2025, it consists of over
700 million tokens. The PAWUK is lemmatized and accompanied by automatic POS tagging.

The seed list for the dataset encompasses 21 PETs together with their derivatives featuring the
war-related vocabulary. Since most of the identified PETs are polysemous items (e.g., nmauwxa,
6asogHa, yinb, MiHycysamu, etc.), not always used euphemistically, the key problem both for
human annotators and for the AI lies in disambiguating their senses. It can be tackled by
accomplishing their fine-grained annotation and elaborating a machine learning model that would
achieve high performance in the recognition of euphemistic usages.

The initial stage of testing a euphemism detection model is the collection of a PET dataset. Our
dataset consists of 4,258 instances of Ukrainian PETs referring to the ongoing Russia-Ukraine war,
encompassing both euphemistic and non-euphemistic usages. Table 1 features the resultant
dataset.

When collecting the dataset based on the PAWUK, we were guided by the following principles:
(1) tried to get a balanced representation of the PET across the three-year period (2022-2025), (2)
tried to represent all wordforms for both euphemistic and non-euphemistic usages, (3) tried to use
a corpus-driven approach, proportionately representing euphemistic and non-euphemistic usages,



their wordforms, etc., (4) tried to identify and include cases hard to classify: instances of pun,
symbolism, intentional vagueness, etc.

The dataset collection consists of the sentences with the PET, ideally, with the preceding and/or
following sentences to introduce broader context. The node, e.g., <6aBoBHa>, was enclosed in angle
brackets in each sample to facilitate further processing. The annotation stage lies in labeling PETs
as euphemistic with a label (0) and non-euphemistic with a label (1).

Table 1
PET dataset description

PET PET translation Euphemistic Non-euphemistic Total
(euphemistic) instances instances number

6aBoBHA explosion 749 251 1000

(3a)6aBOBHUTIICS to explode 7 0 7

OTaIIka drone, aircraft 124 77 201

IMCKOTEKA military action 166 334 500

IIBOXCOTHUII dead 180 20

((sa)mBoxcortumrTm) (to kill)

TPBOXCOTMIL wounded 175 25 200

(3a)TppOxXCoTHTI to wound

Ha IINTI perished 40 10 50

MiHyCyBaTu to liquidate 142 58 200

BimmparirtoBaTu to shell 46 103 149

MoIen drone 155 95 250

TIPLTIT hit 132 154 286

(mpmteriTu) (to hit)

BTOMMUTICS to collapse 119 87 206

LiTb target 101 99 200

M'sIcOo cannon fodder 92 108 200

crenjanpHa BoeHHa  special military 50 0 50

omepanis operation

30psHI BilIHK star wars 12 12 25

NIpU3eMIIUTH to shoot down 104 46 150

Ha KOHILIEPT to die 201 0 201

Ko630oHa

3aK0030HUTH to kill 3 0 3

fararbitoH affluent draft 10 0 10

Momnako dodgers

3a pycku/im after the russian 50 0 50

Kopabiem warship (expletive)

IPY>KHiiT BOTOHB friendly fire 20 0 20

HYJIb frontline 151 49 200
Total 2,829 1,429 4,258

The annotation was done manually by four annotators who are expert linguists. The inter-
annotator agreement was measured using Cohen’s kappa (k). For the resultant dataset, k = 0.89. The
annotators were asked to mark the cases of uncertainty, attaching the most likely label to the
respective sentences.

The cases of uncertainty encompassed the samples of distinct play on words (pun), in which the
euphemistic usage keeps traces of the literal one and cannot be discerned without it, e.g., 3aysina
6asosHa. Also, we identified the cases of the literal use of this PET with a noticeable shade of the



new euphemistic sense. In these cases, the PET 6a6osha is used in the sense of “a flower/plant”
referred to as a symbol of “(victorious) explosion”. Such nuances contribute to the complexity of
PET annotation.

The dataset processing pinpoints its major quantitative characteristics. Though we tried to
obtain a balanced and representative dataset of the PET, it is limited to (1) the time span (2022-
2025) and (2) the web communication register. Thus, the obvious bias will be towards euphemistic
usage, often accompanied by metaphor, irony, and sarcasm.

4. Experiment

The performance of LLMs is highly affected by a prompt that is passed to interact with the model
and perform the detection of euphemisms. To reduce the mutual impact of data samples on each
other, we rejected batching several data samples into one prompt, although batching reduces the
overall pricing of data processing without a high impact on the performance.

The experiments were planned to understand the impact of the prompt on LLM
performance. Four types of prompts were chosen (Table 2) for experiments with different
scopes of additional information provided. The language of the prompts (Ukrainian/ English)
did not substantially affect the performance.

Table 2
Prompts used in the experiments

Prompt type Prompt

Context-free [Prompt 1] For each sentence in the set, determine whether the term enclosed in

prompt

Prompt with a
labeled
example

Prompt with a
dictionary
definition

Prompt with a
word list

angle brackets is used as a euphemism (1) or not (0).

[Prompt 2] For each sentence in the set, determine whether the term enclosed
in angle brackets is used as a euphemism (1) or not (0). Consider the example of
labeling.

[Prompt 3] You are a linguist. For each sentence in the set, determine whether
the term enclosed in angle brackets is used as a euphemism (1) or not (0).
Consider the terms to be euphemistic in the context of war, the dictionary
definitions are attached. (The dictionary definitions generated by the GPT-4o
model are provided in Appendix A).

[Prompt 4] You are a linguist. For each sentence in the set, determine whether
the term enclosed in angle brackets is used as a euphemism (1) or not (0).
Consider the terms to be euphemistic in the context of war; the list of
euphemisms is attached. (The attached list of euphemisms without definitions is
provided in Appendix B).

The initial (context-free/zero-shot) prompt was: “For each sentence in the set, determine
whether the term enclosed in angle brackets is used as a euphemism (1) or not (0)”. Table 3 shows
the sample of PET labeling in comparison with the annotators’ labeling.

The agreement between the annotators and GPT-40 was estimated. For the PET 6a6o6Ha, the F1
score is equal to 0.77 (Precision = 0.82, Recall = 0.72). For the whole dataset, the F1 score amounts
to 0.81, which is rather high, though individual PETs show different performances (from 0.5 to 0.9).

The next step was to check if the performance could be augmented after refining the prompt,
providing the Al with a few-shot prompting.



Table 3
Sample PET labeling by expert annotators vs GPT-40

# Context Annotators’ GPT- Agreement
label 40
label
1 CoHue3axucHi wtopu He 060B'A3KOBO BUOMpPaATH cepea, 0 0 1

TeMHUX BiATiHKIB. CBiTAi TexK edeKTuBHI. MNoraHo i3
3aXMCTOM Bif, COHUA CNPaBAAOTLCA IbOH | <6GaBOBHa>.
2 ToBigoOMNAETLCA, WO ropATb pe3epByapu i3 NaAMBOM. 1 1 1
[aHnx Npo NocTpaXKgananx He Haaxoauno. 3a coBamm
KUTENIB, Nepes NOYaTKOM MOXKEXKi Yynaca NoTy»KHa
<6aBOBHa>, a 3arpaBa Bif, BOrH0 3apa3 BUAHO 3 Pi3HUX
TOYOK MicTa.
3 PociicbKnm HoBMHam 3a6opoHUAN Ka3aTu BUOYX. BoHM 0 1 0
Ka3anum X/I0ONOK. A XTOCb NepeKknas Ha YKPATHCbKY
X/10MOK-<6aBOBHa>.
KypcbK 3HOBY roputb. <baBOBHa> 3HOBY BMHHa. 1
5 VY Hac 36pos 3HaUMTbCS Ha KOXKHil NtoauHI. € 36pos, AKa 1 0 0
Hanexana <4BOXCOTUM> i TPbOXCOTUM.

6 BopoXi <npunboTn>y KpamaTOpPCbKy: NOWKOAKEHO 1 1 1
3a/i3HUYHE NOJIOTHO.

7 Pauii nepeaanu, Wo 3a KOHTPObLHO-NPOMNYCKHUM 1 1 1
MYHKTOM «<TPbOXCOTUI>Y.

8 BOiHM 36pOHUX CKUN YKPaATHM NPU3EMINAN YeproBy 1 0 0
pOCifCcbKy <nTalWKy> nig baxmyTom Ha [JOHEYYUHi.

5. Results

The performance of LLMs on the PETs dataset largely depends on the type of the model and the
prompt. The DeepSeek-chat model was not significantly affected by the prompt type and its
performance was considerably worse than GPT-40-mini and GPT-40 models. GPT-40-mini
performed unexpectedly better than GPT-40 on context-free prompts, regardless of its smaller size.

Providing definitions of the war-related euphemisms was beneficial for the GPT-40-mini and
GPT-40 models, but the performance boost was considerably higher for the GPT-40 model (+11%).

One of the hypotheses was that the LLM improves performance by utilizing a list of
euphemisms in the context of the war without focusing on the meaning of the euphemisms
themselves. To prove or disprove this, we provided a list of euphemisms without an explanation of
their meaning (Prompt 4). The result turned out to be worse than when providing no word samples
at all, as in Prompt 1. The inclusion of 10 random labeled examples of euphemistic and non-
euphemistic usage of words in the prompt (Prompt 2) had no significant impact on the
performance of the models. Moreover, it significantly increases the prompt size, thereby raising
inference costs.

Table 4 shows the performance of all the models tested on Prompts 1, 3, and 4. The results of
Prompt 2 are omitted because they do not differ significantly from the results of the context-free
prompt.

Table 4
Russia-Ukraine war euphemism detection performance of LLMs with different prompts



Model Prompt type Precision Recall F1

deepSeek-chat  Context-free prompt 0.699 0.837 0.762

deepSeek-chat  Prompt with a dictionary 0.699 0.818 0.754
definition

deepSeek-chat  Prompt with a word list 0.693 0.854 0.765

gpt-4o0-mini Context-free prompt 0.804 0.841 0.822

gpt-4o-mini Prompt with a dictionary 0.833 0.880 0.856
definition

gpt-4o-mini Prompt with a word list 0.730 0.779 0.754

gpt-4o Context-free prompt 0.903 0.731 0.809

gpt-4o0 Prompt with a dictionary 0.875 0.964 0.918
definition

gpt-4o Prompt with a word list 0.699 0.814 0.752

The detection rate is unevenly distributed among the euphemisms (Table 5). The LLMs’
performance on the PETs 6ionpayweamu, 3opsui eiiinu, ouckomexa, yinb, gmomumucs was much
worse than the performance on other terms.

Table 5
The euphemism detection performance of the GPT-40 model based on a prompt with a dictionary
definition (Prompt 3)

PET Number of Precision Recall F1
samples

6aBoBHa 1007 0.960 0.972 0.967
[BOXCOTUI 200 0.942 0.994 0.968
npuAaiT 150 0.969 1 0.984
TPbOXCOTUI 200 0.940 0.989 0.964
npuAeTiTH 350 0.878 0.960 0.917
BTOMUTUCA 206 0.723 0.832 0.773
nTalwKa 201 0.873 0.951 0.911
Linb 200 0.201 0.964 0.333
chneuianbHa BOEHHA onepaLia 50 1 0.96 0.980
Ha WMTi 50 0.905 0.974 0.938
npM3eMAnTH 150 0.893 0.971 0.930
monen 250 0.910 0.981 0.944
batanboH MoHaKo 10 1 1 1

JANCKOTEKa 500 0.548 0.968 0.670
30pAHI BilHK 25 0.647 0.917 0.759
3a pycKim Kopabiem 50 1 1 1

OPYKHiN BOroHb 22 1 1 1

Ha KoHuepT Ao Kob3oHa 204 1 1 1

MiHycyBaTHh 200 0.838 0.992 0.909
m'aco 200 0.929 0.989 0.958
BignpautoBaTtn 149 0.303 0.964 0.461

HY/b 200 0.947 0.953 0.950




6. Discussion

The quality of annotation has largely predetermined the performance of the model. Among the
major challenges for the annotators were:

1. Labeling instances with play on words (pun).

2. Handling the symbolic usage and metaphoric extensions of different types.

3. Adopting a vantage point, as the same PETs appeared to be euphemistic and have more
positive sentiment when referred to enemy losses but looked dysphemistic and acquired
negative sentiment when referred to one’s own losses (comp., 6asosHa 6 Tepronoui).
Annotators’ inner bias.

5. Already noticed euphemism treadmill resulting in the tendency to gradually treat them as
rather dysphemistic within broader contexts.

Engineering LLMs’ prompts that can best detect euphemistic usages in context involved
experimenting with zero-shot and few-shot modes. The highest F1 scores have been achieved by
GPT-40 and GPT-40-mini for the whole dataset while interacting with a prompt accompanied by
dictionary definitions of the euphemisms under scrutiny.

It is worth mentioning that the PET dataset is not homogeneous; it comprises clear-cut
instances of euphemisms always labeled with (1), which are generally easier to detect, and
ambiguous instances of polysemous PETs where either euphemistic or non-euphemistic usages
prevail based on the corpus data. The task was also complicated by insufficiency of context in some
cases. Besides, some PETs refer to more than one euphemistic category and, as a result, were
ignored due to the focus of the prompts on the war-related vocabulary.

Another observation is that though the overall performance of GPT-40 and GPT-40-mini
achieved on the Ukrainian PET dataset is strikingly high, the models often fail to explain why a
certain word or phrase is euphemistic (they provide wrong synonyms, hypernyms, or definitions).
It demonstrates that even though the correct label has been attached, the models’ understanding of
the sense/usage is incorrect.

7. Conclusions

The euphemism treadmill illustrates how language evolves in response to societal attitudes and
how efforts to soften language often fall short of removing the negative associations that these
terms might evoke. It highlights a tension between the desire to use language to be more sensitive
and inclusive and the reality that such efforts can sometimes inadvertently create new stigmas.

The study has proven that the war-related euphemisms manifest the vast creative potential of
the users and are particularly context-sensitive. As mostly newly coined, euphemisms are a
challenging problem for detection and proper understanding by humans, let alone Al Nonetheless,
neural network models relying on efficient techniques can easily recognize them and use them in
other applications, including generative Al

The implications of this research go beyond computational linguistics and NLP. Ukrainian war-
related euphemisms designating sensitive topics are a rapidly developing category in the Ukrainian
language, reflecting the new reality and its perception. Thus, the results can be of interest to the
social sciences.

The prospects of further study lie in testing the models on a larger dataset of Ukrainian PETs
belonging to other categories and employing other, more advanced LLMs.
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Appendices

Appendix A. Definitions of euphemisms for Prompt 3

BaBoBHa — ipoHiuHe IMo3HaueHHs BUOYXiB, IKe BUHUKIIO uepe3 I[eH3yPy B POCIICBKUX Mefia.
3aMiHIOE CIIOBO «BUOYX» Y KOHTEKCTi yIapiB 110 BOPOXKIUX 00 €KTAX.

J[lBoxcoTuUit — BIiFICBKOBUII TEPMiH, 110 O3HAYA€ 3armOIIOro coymara (IIOXOOUTH Bil KOTOBOI
Has3BU «BaHTaX 200» I TPAHCIIOPTYBAHHA Til 3arMOJINX).

[Ipunit — HmOTpamyIsSHHSA pakKeTM, CHapsIAy abo APOHY B I[iJIb, 3a3BMUANl CYIPOBOMKYETHCS
BUOYXOM.

TpboxcoTnit — BilfICBKOBIII TEPMIH, 1110 03HAYAE ITOPAHEHOrO COJAATa (IIOXOAUTH BiJl KOMOBOI
Has3BU «BaHTax 300» I eBaKyallil TIOpaHeHNX).

ITpuneTiti — OTpMMAaTH BJIy4YaHHS PAKETOIO UM CHAPAAOM, 3a3BMYail BUKOPMCTOBYEThCA IIIOHO
06cTpiniB MicT, BilfICBKOBUX 00 €KTiB 200 TeXHIKIL.

Bromurucs - eBdemiaM, SIKMM UYACTO OMUCYIOTH cTaH pociiicbkux cucteMm IIIIO aGo TexHiKu

micna yoapy 3CY.

[Iramrka — Ge3MmiJIOTHMK abo JTAXBHUII amapaT, AKUiI BUKOHYE PO3BiIyBalbHI UM yHapHIi
3aBJaHHA.

Line - o00’ekT, IO fAKOMY IUIAHYETbCd 3aBHATM yHapy (HAIpMKIAM, BilICBKOBA TeXHiKa,

KOMAaHIHUIT IYHKT, CKJIa] OOENPUIIACIB).

CrermjasbHa BOEHHA oIlepallif — eBQeMICTMYHMII TepMiH, SKMII poOCii BUKOPUCTOBYE IS
IIO3HAUEHHSA CBOTO ITOBHOMACIITAOHOTO BTOPTHEHHS B YKpaiHy 3 METOK YHMKHEHHS CJIOBa
«BITHa».

[Ipmsemanty — 36MTU BOPOXKMIL JIiTAK, OE3IMUIOTHUK UM PAKETY.

Momnen - ipoHiuHa Ha3Ba ipaHCBKOTO OpoHa-KaMikamse «Shahed», skmiT BMKOPMCTOBYETBCS
VIS yOapiB IO yKpaiHCBKiN iHdpacTpykTypi (uepes xapakTepHUII 3BYK OBUTYHA, CXOKWUII Ha
MoOIIe).

Baranpiton MoHako - capKacTMUHWII TepMiH Mg yKpalHChbKuX 0arariiB Ta ITOJITHKIB, SKi
BTEKJIM 32 KOPMOH IIi yac BilffHM, 0COOJIMBO B JOPOTi KypOpTHi Micid Ha KIITainT MoHaxo.

[uckorexa — MacoBaHuil 06CTpin a6o GoMOapAyBaHHS, YACTO CYIIPOBOIKYETHCS BUOYXaMU Ta
3arpasoxo.

3opsHi BiitHU — nporunoBiTpaHMUI 6iit i3 3actocyBanusam IO, xonu B HeOl BUOHO CiaM Bif
30MTHUX paKeT ab0 IPOHIB.

3a pyckim Kopabiem — ckopoueHa ¢popMa yKpaiHCHKOTO BilIChKOBOTO MeMy «Pycckiit kopabiib,
imi *!», 110 cTAaB CMMBOJIOM CIIPOTUBY POCIIICHKIlT arpecii.



HpyKHilI BOTOHb — BUIIAQAKOBUIT OOCTPiN CBOIX BIilICBK a00 TEXHIKM, YaCTO uepe3 IIOTaHy
KOOpAMHALIiI0 a00 MaHiKy.

Ha xonuepr mo Ko63ona — eBdemism, gkuil o3Hauae 3armOenb POCIICBKUX BIICBKOBUX YU
xomauaupis (Mocun Ko630H — pansHChKuil CIIiBaK, 1110 MiATPUMYBaB POCIfiChbKy arpecito, omep y
2018 porri).

MinycyBarty — 3HUIITYBaT! BOPOXKY T€XHIiKy ab0 KUBY CIy (HAIIPUKJIAM, «MiHyCHYJIM TaHK» —
SHUIIVINA TaHK).

M’sico — mo6inizoBaHi comgaTy, SKMX POCiicbKe KOMaHAyBaHHS Kupae B Oiif Oe3 HamexHOI
MiAroToBKM Ta 3a0e3reueHHs (TAKOX BiIOME SIK «M SICHI IITYPMII» ).

BigmpamroBary — 3aBmaTM ymapy IO BOPOXKill mo3uiil abo TexHili (Hampukiam, «apTuiepis
BifmparoBaia mo ckiagy BK»).

Hyxnp — nepenosa JsiHig GpoHTY, HallHeOe3IIeuHillle Miclie, e TPMBAIOTh AKTMBHI 60JI0BI Aii.

Ha muri - Bupas, mo o3Hauae 3arubensp BificbKoBOTo y 6010. [loxomuTs i3 maBHBOI TpammIiii,
KoM 3aruOimMx BOIHIB IpPUMHOCKIM 3 IIoiNd OOK Ha IUTaX. Y Cy4acHOMY KOHTEKCTi
BMKOPMCTOBYETBCA K CMHOHIM TepMiHa «IBOXCOTHIT».

Appendix B. The list of euphemisms for Prompt 4

baBoBHa, IBOXCOTMIA, IIPUIIIT, TPHOXCOTHI, IIPMUIETITY, BTOMUTICS, IITAIIKA, 1IUIb, CIIeliaIbHa
BO€HHA OIlepallid, Ha IIUTi, Ipu3eMINTH, Monex, baranboH MoHako, QUICKOTeKa, 30pgHi BilfHH, 3a
pPyckiM kopabiiem, Opy»KHiil BOTOHb, Ha KOHIEPT 00 Ko630Ha, MiHyCyBaTn, M’CO, BiIIIpaI[fOBaTH,
HYJIb.



