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Abstract

We present KOWIT-24, a dataset with fine-
grained annotation of wordplay in 2,700 Rus-
sian news headlines. KOWIT-24 annotations
include the presence of wordplay, its type,
wordplay anchors, and entities the wordplay
refers to. Unlike the majority of existing
collections of canned jokes, KOWIT-24 pro-
vides wordplay contexts — each headline is ac-
companied by the news lead and summary.
The most common type of wordplay in the
dataset is the transformation of collocations,
idioms, and named entities — the mechanism
that has been underrepresented in previous hu-
mor datasets. Our experiments with five LLMs
show that there is ample room for improvement
in wordplay detection and interpretation tasks.
The dataset and evaluation scripts are avail-
able at https://github.com/Humor-Research/
KoWit-24.

1 Introduction

Wordplay refers to creative language use that often
purposely violates the linguistic norms and aims
to draw attention, entertain, and amuse the reader.
This umbrella term incorporates various techniques,
such as punning, spoonerism, oxymoron, portman-
teau, and their combinations. Even most modern
advanced LLMs fail to recognize humor and strug-
gle with generating original jokes (Ismayilzada
et al., 2024). At the same time, sense of humor
is a desirable trait of conversational agents (Shin
et al., 2023).

A play on words is quite frequent in news (Part-
ington, 2009; Monsefi and Sepora, 2016); see an
example in Figure 1. In this paper, we present
KOMMERSANTWIT (KOWIT-24), a collection of
headlines from the Russian business daily Komm-
ersant that is known for its distinctive ironic style.
The total size of the dataset is 2,700 headlines,
about half of which are annotated as containing
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No license to stroll: Pierce
Brosnan cited for off-limits
walk at Yellowstone park

James Bond star in hot water for stepping out of
bounds at hot springs area in US national park -
and must appear in court

Figure 1: Wordplay example from The Guardian. The
part highlighted in yellow refers to Licence fo Kill, a
concept popularized in the James Bond universe and the
eponymous film, while the phrase in green allows both
idiomatic and literal readings in this context. Source:
https://bit.ly/wpbrosnan

wordplay. Each wordplay-bearing headline is as-
signed up to two wordplay mechanisms from a set
of eight and has an annotated anchor (wordplay-
triggering word or phrase). In addition, we provide
a word, phrase, or entity the wordplay makes ref-
erence to along with a Wikipedia/Wiktionary link,
if possible. Importantly, wordplay examples in
KoWIT-24 are contextualized: each headline is
accompanied by a short description of the news
story (lead) and a summary.

KOWIT-24 has several features that distinguish
it from other humor datasets: 1) associated con-
texts, 2) a large proportion of transformation-based
wordplay examples underrepresented in the previ-
ous datasets, 3) non-English content, 4) multi-level
annotation, and 5) composition: items with and
without wordplay come from the same source.

We conducted wordplay detection and interpre-
tation experiments based on KOWIT-24 using a
representative set of five LLMs. The results show
that there is room for improvements even for GPT-
40, a definitive leader in both tasks.

2 Related Work

In their pioneering paper, Mihalcea and Strappar-
ava (2005) presented a dataset containing 16k one-
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liners collected online and an equal number of non-
humorous sentences. Since then, several similar
datasets have been released, including those that
use reddit as a source for humorous texts (Yang
etal., 2015; Chen and Soo, 2018; Weller and Seppi,
2020; Tang et al., 2023). An alternative approach
involves human editing: West and Horvitz (2019)
designed an online game in which participants had
to edit satirical headlines from TheOnion to make
them unfunny, while Hossain et al. (2019, 2020b)
explored the opposite direction: volunteers and
crowd workers had to make news headlines funny
with minimal editing. Several SemEval shared
tasks have produced new datasets and sparked
broader interest in computational humor (Potash
et al., 2017; Hossain et al., 2020a; Meaney et al.,
2021). Baranov et al. (2023) provide in-depth anal-
ysis of existing humor datasets.

While the majority of the datasets contain bi-
nary labels or funniness scores, a few provide more
detailed annotations. EnglishPuns (Miller et al.,
2017) contains annotations of pun type and punning
words along with their WordNet senses. Zhang et al.
(2019) annotated a collection of Chinese jokes with
keywords, character roles, place, humor category,
and funniness score. EnglishPuns also became the
basis for the EXPUN dataset (Sun et al., 2022),
which additionally contains understandability, of-
fensiveness, and funniness scores, as well as key-
words important for understanding the joke and
natural language explanations.

Most humor-related datasets are in English, but
there are also datasets for Italian (Buscaldi and
Rosso, 2007), Spanish (Castro et al., 2018), and
Portuguese (Inacio et al., 2024). The Russian
FUN dataset (Blinov et al., 2019) contains more
than 150k funny short texts collected online and
the same number of non-humorous forum posts.
JOKER (Ermakova et al., 2023) is a rare example
of a bilingual collection: it extends EnglishPuns
with French translations.

A study by Xu et al. (2024) is close to ours: they
evaluate pun detection, explanation, and generation
abilities of LLMs using English ExPUN dataset.

3 Methodology
3.1 Data Collection

Kommersant is a Russian news outlet with both
print and web editions.! Founded in 1990, the
newspaper is one of the main Russian business

"https://www. kommersant. ru/about (in Russian)

dailies. Since its inception, Kommersant has de-
veloped its own distinctive ironic and playful style,
which is best reflected in its headlines (Khazanov,
2023; Chernyshova, 2021; Tymbay, 2024).

We collected data from Kommersant via its RSS
feed” during the period from Jan 2021 to Dec 2023.
Each data item corresponds to an article on the
website and has the following fields: URL, cate-
gory (World news, Business, etc.), headline, lead,
summary, timestamp, and an optional image link.

3.2 Wordplay Definition

Wordplay is a multifaceted and somewhat ambigu-
ous concept. As the theoretical foundation for
our work, we adopted the conceptual framework
introduced and applied to the analysis of word-
play in a large collection of British news head-
lines by Partington (2009). Partington defines
two interpretations associated with the text as
the main characteristics of wordplay. In addi-
tion, these two meanings must be somewhat op-
posed, and the wordplay must be deliberately con-
structed. Partington distinguishes two main word-
play mechanisms: 1) relexicalization and 2) re-
working/reconstruction. The former corresponds
to traditional puns, where two meanings arise from
either lexical ambiguity (homonymic puns) or pho-
netic ambiguity (homophonic puns). In the case
of reworking/reconstruction, wordplay is based on
the modification (reworking) of a known phrase;
its effect lies in the interplay of the meanings of
the present phrase and the original one that the
hearer/reader reconstructs. Partington points out
that wordplay often involves different kinds of pre-
constructed phrases, such as proverbs, quotations,
idioms, common collocations, film and book titles,
etc. Note that this wordplay definition differs, for
example, from those of Monsefi and Sepora (2016)
and Brugman et al. (2023). In these studies lin-
guistic devices such as personification, metaphor,
metonymy, etc. in news headlines are attributed to
wordplay.

3.3 Data Annotation

At the base of KOWIT-24 is the binary annotation
of the wordplay presence. For the headlines with

2https://www. kommersant.ru/RSS/news.xml; Komm-
ersant grants permission to use its materials, provided that
no more than 30% of the original article is used, the text
remains unaltered and an attribution is given, see https:
//www.kommersant.ru/copyright (in Russian). The col-
lected data complies with these requirements.
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WP type

Original/transliterated headline and translated lead

Literal translation and interpretation

Polysemy

Homonymy

Homophony

Collocation

Idiom

«Boury» me moryrt 3acraBuUTh TEUb OBICTpEE

Volgu ne mogut zastavit’ tech’ bystree

The speed limit on the M7 federal highway in the
Moscow region remains unchanged

Typuszm moapacrepsn [lapm
Turizm podrasteryal Sharm
Operators adjust their Egyptian programs

Ws-nox 3emutn 1o cranu

Iz-pod zemli do stali

The mineral extraction tax for metallurgical compa-
nies will be increased starting in 2022

Oco60 GyMarKHBbIE TTEPCOHBI

Osobo bumazhnye persony

How private investors are reshaping Russia’s IPO
market

Kon nakmmkan / Kod naklikal
Why and for whom open-source software matters in

“Volga” cannot be forced to flow faster. Volga can
both refer to the Volga river and federal highway
“Volga”.

Tourism has lost its charm. Russian Sharm can also
refer to a shortened form of Sharm EIl Sheikh, a
holiday resort in Egypt.

The headline sounds like an idiom Iz-pod zemli
dostali, literally Got out from under the ground,
equivalent to English Left no stone unturned, but the
spelling of the last word (dostali — do stali) allows
for a different reading: From under the ground to
the steel.

Very paper persons refers to Very important per-
sons; Russian original/substitute words (vazh-
nye/bumazhnye) rhyme.

Code clicked sounds in Russian similar to Cat cried,
an idiom describing a very small amount of some-

Russia

Reference

diplomats from NATQO’s Brussels missi

Nonce word | Or 3am4yacTHOro K 00IIEMY

Ot zapchastnogo k obshchemu

Oxymoron

Naftali Bennett heads to Washington

Muccust cokpatuma / Missiya sokratima
How Russia could respond to the expulsion of its

on

Car deficit sends Russian sales into reverse

Hoserit npembep Mspanisa Hagas co craporo
Noviy premier Izrailya nachal so starogo

thing.

Mission reducible refers to the Mission: Impossible
film series.

From sparepartish to a whole: the headline refers
to the induction principle from a part to a whole
with a neologism adjective derived from the noun
zapchast’ (spare part).

New Israeli PM started with old (tricks).

Table 1: Original wordplay examples along with interpretations.

wordplay, we provide further annotations: 1) word-
play type, 2) anchors, i.e. words or phrases that
trigger the wordplay, 3) anchor reference, e.g. a
similar-sounding word or original phrase the an-
chor refers to (note that there is no reference in case
of homographic puns that are based on polysemous
words), 4) for headlines that are modifications of
a collocation, an idiom or refer to a popular entity
(such as movie or book titles, catchphrases, etc.),
we provide a corresponding link to Wiktionary or
Wikipedia, if possible.

The annotation was done using the Label Studio
tool® by three authors of the paper, two of whom are
professional linguists and one is a computer scien-
tist; all three are Russian native speakers and have
an extensive experience with NLP-related projects.
Translated annotation guidelines can be found in
the repository.

Three annotators labeled each element of the
data in parallel, making notes on ambiguous cases
that were later discussed. We compared the re-

Shttps://labelstud.io/
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sults, discussed discrepancies, and reconciled them
in the annotation process. The average of three
pairwise Cohen’s kappas for the initial wordplay
annotations before discussion was 0.42, indicating
the non-trivial nature of the task (two annotators
with linguistic background showed better agree-
ment with k = 0.58).* The majority of discrepan-
cies were found in the Reference and Collocation
categories. There was virtually no disagreement
when annotating Oxymoron and Homonymy. How-
ever, we hope that subsequent reconciliation of
discrepancies ensures a high quality of the result-
ing annotation. The overlapping annotation was
particularly useful: the different cultural prefer-
ences and backgrounds of the annotators allowed
to get a higher coverage, as not all interpretations
are obvious and immediately understandable.
Later, we assigned up to two mechanisms to

“Low agreement is typical for humor-related annotation.
E.g., Sun et al. (2022) reported Cohen’s kappa values of 0.58
for joke definitions and 0.41 for joke ratings. Similar low
agreement has been reported in sarcasm (Oprea and Magdy,
2020) and insult (Mathew et al., 2021) detection studies.


https://labelstud.io/

Wordplay type # AAL  Links
» Polysemy 190 1.51
E Homonymy 26 1.57
Phonetic similarity 98 1.80
4 Collocation 423 2.64 126
s Idiom 177 343 118
E Reference 353 373 214
Nonce word 185 144
Oxymoron 48  2.02

Table 2: Wordplay types, average anchor length (AAL)
in words, and wiki links in KOWIT-24. Three mecha-
nisms at the top of the table correspond to traditional
puns. Three mechanisms in the middle are based on
transformations of existing phrases. Note that some
items are assigned two mechanisms, so the sum of the
counts exceeds the number of headlines with wordplay
in the dataset (1,340). The last column shows the num-
ber of wiki links for transformation-based types.

the wordplay headlines identified in the first phase.
The approach was mainly data-driven: we grouped
the headlines based on the similarity of their
wordplay mechanisms as we went through the
collection, assigned labels, and occasionally re-
annotated some items. The final list of the word-
play mechanisms used in the annotation is given
in Table 1 along with examples. The two main
groups, Puns and Transformations (see Table 2),
correspond to the aforementioned mechanisms of
Partington (2009) — relexicalization and rework-
ing/reconstruction. Within puns, we distinguish
homonymic puns based on either on polysemy or
homonymy, as well as homophonic puns based on
phonetic similarity. We classify transformation-
based puns by their source phrases — common col-
locations, idioms, or references — named entities
such as quotations, book or film titles, etc. Nonce
words (occasionalisms) and oxymorons form a sep-
arate group.

Finally, we annotated wordplay anchors, pro-
vided anchor references, and, if possible, added a
link to the corresponding Wiktionary or Wikipedia
page.’> An example of a dataset record is available
in our GitHub repository.°

3.4 Dataset Statistics and Analysis

In total, we annotated 2,700 headlines, of which
1,340 contained wordplay, so the dataset is almost
perfectly balanced. It is interesting to note that the

SWordplay examples in Figure 1 would be annotated with
Reference and Polysemy types, respectively. The highlighted
spans would be annotated as wordplay anchors, with Licence
to Kill as the anchor reference accompanied by the correspond-
ing Wikipedia link.

6https ://github.com/Humor-Research/KoWit-24
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Figure 2: Perplexity distribution of the headlines in two
(+/-) KOWI1T-24 classes and RIA Novosti collection.
Vertical lines correspond to the medians of the distribu-
tions (note that the histogram is truncated).

wordplay headlines are on average one word shorter
than their counterparts (3.88 vs. 4.81 words). To
characterize KOWIT-24, we calculated perplexity
of the headlines in both classes using ruGPT-3.5
13B model (SaluteDevices team, 2023) and juxta-
posed them with the news headlines from the RIA
Novosti dataset (Gavrilov et al., 2019). As Figure 2
shows, Kommersant headlines have higher perplex-
ity than the more reserved headlines of the state-
owned agency RIA Novosti, and the KOWIT-24
headlines with wordplay deem even more ‘unusual’
than their counterparts.

Distribution of headlines by wordplay type can
be seen in Table 2. The most frequent word-
play mechanism in our dataset appeared to be
the modification of existing well-known phrases —
collocations, idiomatic expressions, or named en-
tities. Notably, this type of wordplay is barely
presented in previous humor datasets. As antici-
pated, the average anchor lengths are also higher in
the transformation-based classes (average anchor
length in the whole collection is 2.65 words). Our
observations are in good agreement with the study
by Partington (2009), who argues that the wordplay
occurs mainly at the phrasal level.

About half of all headlines with transformation-
based wordplay are provided with Wikipedia (290)
and Wiktionary (168) links pointing to descriptions
of the source phrases/entity names. The presence of
an article in one of the wikis can be seen as an indi-
cator of the popularity of the original phrase/entity,
which reduces the risk of subjective and spurious
associations.

4 Experiments

For the experiments, we allocated 200 records
(100 from each class) for the development set,
making sure that all wordplay types were repre-
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Wordplay type # GigaChat Lite GigaChat Max YaGPT4 GPT-4o
simple extended | simple extended | simple extended | simple extended

Polysemy 168 | 0.56 0.74 0.57 0.57 0.05 0.23 0.88 0.86
Homonymy 22 | 050 0.59 0.50 0.64 0.14 0.23 0.68 0.82
Phonetic similarity 88 | 040 0.74 0.44 0.58 0.10 0.15 0.81 0.90
Collocation 393 | 047 0.70 0.48 0.58 0.09 0.20 0.78 0.87
Idiom 164 | 0.50 0.74 0.49 0.65 0.12 0.38 0.87 0.96
Reference 326 | 049 0.71 0.44 0.58 0.06 0.23 0.76 0.85
Nonce word 166 | 0.52 0.81 0.45 0.60 0.21 0.27 0.87 0.96
Oxymoron 34 | 0.68 0.79 0.68 0.71 0.21 0.41 0.85 0.82
Total 1,361 0.50 0.72 0.48 0.59 0.10 0.24 0.81 0.88

Table 3: Recall on wordplay detection by type with simple/extended prompt (Mistral’s all-zero scores are not

shown).
Wordplay type # | GigaChat Lite | GigaChat Max YaGPT4 Mistral GPT-4o0
manual auto | manual auto | manual auto | manual auto | manual auto
Polysemy 12 0.17 0.33 0.331  0.25 0.08 0.00 0.17 0.33 0.50 0.50
Homonymy 7 0.14 0.43 0.29 0.29 0.14 0.14 0.00 0.43 0.43T 0.29
Phonetic similarity 85 0.11 0.25 0.28 0.39 0.11 0.21 0.15 0.32 | 0.521 0.51
Collocation 393 0.07 0.18 0.27 0.27 0.16 0.20 0.20 0.30 | 0441 041
Idiom 164 0.15 0.18 | 0371t 030 | 0321 028 | 0341t 030 | 0551 048
Reference 326 0.10 0.12 | 025t 023 0.20T 0.16 0.23 0.25 0467 0.36
Nonce word 166 0.15 0.46 0.29 0.57 0.28 0.43 0.28 0.57 0.61 0.69
Oxymoron 6 0.67 0.67 0.50 0.50 0.33 0.33 0.83 0.83 0.67T  0.50
Total 1,159 0.11 0.19 0.28 0.28 0.20 0.22 0.24 030 | 0.48T 043

Table 4: Recall on wordplay interpretation by type; manual and automatic evaluation (1 marks cases, where manual

score exceeds the automatic one).

sented. Thus, the test set contains 2,500 headlines
(1,290 with and 1,310 without wordplay). Since
the dataset is primarily intended for experiments
with modern LLMs in few- or zero-shot mode, we
didn’t allocate a dedicated training set. With 2k+
test items, KOWIT-24 should ensure low variance
in repeated runs.

We experimented with five LLMs and two tasks —
1) wordplay detection and 2) wordplay interpre-
tation. The five LLMs are a representative mix
of open/closed, medium-sized/large, and Russian-
centric/multilingual models. Details about the mod-
els are provided in the extended arXiv version of
this paper.’

When using LLMs, the temperature was set to
0.1 for the GPT-40, GigaChat Lite, GigaChat Max
and YandexGPT4 models, and to 0.3 for the Mis-
tral NeMo model, as per the developers’ recom-
mendations. For the wordplay detection task, the
maximum number of generated tokens was set to
128, and for the wordplay interpretation task — to
2,048. For GPT-40, we used model version gpt-
40-2024-08-06, with knowledge up-to-date as of
October 2023. The YandexGPT4 model version is
specified by its release date, and we used version
23.10.2024. The GigaChat Max version 26.10 was

"https://arxiv.org/abs/2503.01510
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accessed through the APIL.

For the wordplay detection task, we employed
two types of prompts in Russian: 1) a simple
prompt asking whether the headline contains word-
play and 2) an extended prompt with definitions
and two examples for each of eight wordplay types
from the development set, see an extended version
of the paper at arXiv.” When designing prompts,
we adhered to the guidelines outlined in the Ope-
nAl documentation under the Prompt engineering
section.® In both cases, the LLM input included
the headline and the lead.

For the wordplay interpretation task, we used
1,033 headlines with annotated anchor references,
which are not present verbatim in the original head-
line and thus allow for a streamlined evaluation.
The instruction and examples of wordplay were
included in the prompt, similarly to the extended
prompt in the detection task. In the automatic eval-
uation, we labeled the interpretation correct if we
could match the lemmatized reference in the sys-
tem’s response (the approach is similar to automatic
evaluation of pun explanation by Xu et al.).

The results of the experiments are summarized
in Table 5. GPT-40 demonstrates the strongest per-
formance in both tasks, significantly outperforming

8https://platform.openai.com/docs/guides/prompt-
engineering/six-strategies-for-getting-better-results
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Model Detection, P/ R Interpretation, R

simple extended manual  auto
GigaLite | 0.50/0.50 0.53/0.72 0.11 0.19
GigaMax | 0.62/048 0.68/0.59 0.28 0.28
YaGPT4 0.83/0.10 0.76/0.24 0.20 0.22
Mistral 0.00/0.00 0.00/0.00 0.24 0.30
GPT-4o 0.62/0.81 0.65/0.88 0.48 0.43

Table 5: Wordplay detection precision and recall using
a simple/extended prompt and interpretation recall on
headlines with anchor references based on manual/string
matching scoring.

the other four models. In the detection task, the ex-
tended prompt improves both precision and recall
in three out of five models. The high precision of
YandexGPT’s detection comes at the cost of low
recall. Interestingly, Mistral returns only noes in
the detection task, while it is quite competitive in
the interpretation task. YandexGPT4 and GigaChat
Max appeared to be very strictly moderated: in the
detection task with a simple prompt, they refused
to give an answer and suggested changing the topic
in 24.8% and 15.4% of cases, respectively.’

Looking at the recall of wordplay recognition
by type (Table 3), we cannot conclude that some
mechanisms are more challenging for all LLMs,
but there are small variations within the results
of each LLM. The extended prompt improves re-
call in almost all cases, sometimes significantly.
However, the quality of GPT-40’s recognition of
oxymorons and polysemy-based wordplay deterio-
rates slightly. The extended prompt doesn’t change
GigaChat Max’s recall of polysemy-based word-
play. GPT-40’s recall of idiom-based wordplay
and nonce words reaches 0.96 — the best among
all types. It can be assumed that non-dictionary
occasionalisms are very different from the rest of
the vocabulary, and idiom-based wordplay is easily
recognized due to the frequency and stability of
idiomatic expressions it refers to.

Interpretation scores are expectedly lower than
detection scores. Again, idiom-based wordplay and
nonce words seem to be slightly easier for interpre-
tation; see Table 4. Although not perfect, automatic
evaluation seems to be a viable and efficient option
in the interpretation task. Lower manual scores
are largely due to hallucinations — the models of-
ten generate invented phrases that resemble the
correct ones.'? In general, automatic evaluation

“The rejection rate is even higher for more straightforward
RIA Novosti headlines — 34.4% and 27.4%, suggesting that
Aesopian language can partially overcome strict moderation.

1Similarly, when tasked with interpreting RIA Novosti

inflates the scores compared to manual checking,
but sometimes the opposite occurs, most notably
in case of GPT-40. We carefully examined these
cases and found that GPT-4o returns spelling vari-
ants or references that are slightly different from
the canonical ones. These cannot be captured by
straightforward string matching, but are considered
correct by manual evaluation.

The obtained results for both tasks are much
lower than LLMs’ recognition and explanation
scores on English puns (Xu et al., 2024), though
they cannot be directly compared.

5 Conclusion

In this paper we presented KOWIT-24, a dataset of
richly annotated wordplay in Russian news head-
lines. We demonstrated how the dataset can be used
for wordplay detection and interpretation tasks.
The provided multi-level annotation not only con-
tributes to detailed linguistic analysis, but also en-
ables automatic evaluation, which is a significant
advantage for NLG tasks. Experiments with five
models, which well reflect the variety of available
LLMs, show that even advanced models such as
GPT-4o0 face significant challenges in fully under-
standing and interpreting wordplay in Russian. We
expect that the dataset can be used for other tasks
as well. For example, previous studies suggest that
rich annotation of jokes can improve humor gen-
eration (Zhang et al., 2020; Sun et al., 2022; Xu
etal., 2024).

We have made the dataset, evaluation scripts,
and all code to reproduce the experiments available.
We hope that KOWIT-24 will facilitate research in
the field of multilingual computational humor.
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headlines that actually contain no wordplay, LLMs often iden-
tify a polysemous word in the text and base their explanation
on it.
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