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THROUGH GENERATIVE TECHNIQUES

ABSTRACT. Humor generation is a challenging task in natural lan-
guage processing due to limited resources and the quality of existing
datasets. Available humor language resources often suffer from tox-
icity and duplication, limiting their effectiveness for training robust
models. This paper proposes CleanComedy, a specialized, partially
annotated toxicity-filtered corpora of English and Russian jokes col-
lected from various sources. We study the effectiveness of our data
filtering approach through a survey on humor and toxicity levels in
various joke groups. In addition, we investigate advances in compu-
tational humor generation by comparing human-written jokes with
jokes generated by large language models. We fine-tuned several
models on the CleanComedy corpora, generated jokes using both
fine-tuned and original pre-trained versions, and collected human
feedback to assess the quality and humor of the outputs.

§1. INTRODUCTION

Humor is a widely recognized but inherently complex phenomenon: it
is intuitively associated with amusement and laughter, and serves as a
powerful tool for social bonding, communication, and creativity. Despite
its apparent ubiquity, there is no universally accepted definition of humor.
As noted by Nabil, “humor is a phenomenon that does not have a univer-
sally accepted definition” [30]. Its interpretation varies across linguistic,
cognitive, cultural, and contextual dimensions, making it difficult to for-
malize. Similar observations are made by Karyakin [31], who emphasize
that humor encompasses a wide range of mechanisms—from wordplay to
situational and cultural references—and is a multilayered cognitive con-
struct not easily reducible to a single computational framework.

Computational humor is a significant area of research within natural
language processing. The humor analysis is complex due to its reliance
on contextual dependencies. Developing Al systems capable of generating

Key words and phrases: humor generation, computational humor, large language
models, dataset, toxicity filtering, text generation.
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humor is important for improving human-computer interaction, making it
more natural, engaging, and relatable. As Al becomes increasingly inte-
grated into everyday life, the ability to generate appropriate and friendly
humor could enhance applications ranging from education and therapy to
entertainment and customer service. However, many current approaches
rely heavily on large-scale models accessed through costly APIs, making
them less accessible and harder to deploy in lightweight settings. Our re-
search aims to address this gap by developing a more efficient, lightweight
approach to humor generation.

Previous works in this field [13, 3, 4] have laid the baseline in humor
recognition. Recent research has focused on developing humor generation
solutions based on LLMs [18, 19]. LLMs capture complex linguistic pat-
terns, cultural references, and subtle nuances of humor far better than tra-
ditional template-based or rule-based systems, which often produce rigid,
repetitive, and shallow jokes that lack the richness and creativity of human
humor.

In this study, we collect, filter, and prepare humor corpora in Eng-
lish and Russian languages. In order to further enhance the utility of the
corpora, we collect human feedback for 1,000 Russian and 1,000 English
jokes. We publish individual annotations for every joke without aggregat-
ing scores provided by multiple annotators.

The datasets are publicly available on GitHub *, facilitating access for
the research community.

Following, we fine-tune and align an LLM on the prepared data, gen-
erate new humor samples and ask human annotators to evaluate them.
The model undergoes two training stages: Supervised Fine-Tuning and
Alignment to learn the humor style and subsequently pick up what “fun-
niness” is. We use human feedback obtained from the annotators during
the alignment stage.

The human feedback is then obtained for results of the two-stage fine-
tuning presented in this research. They show that this training technique
might give rise to lightweight humorous models and encourage responsible
and effective generative Al.

According to our results, although one could cherry-pick some fun and
interesting jokes, generative humor generally remains an open research
problem.

'https://github. com/gorovuha/CleanComedy
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This paper presents a detailed account of our methodology for dataset
curation, filtering, and annotation, and provides corpora for future re-
search, as well as human feedback. We also describe the settings and re-
sults of experiments with LLMs fine-tuned on our dataset, evaluating their
performance against existing models with annotators’ feedback.

§2. RELATED WORK

Computational humor research has seen significant advancements in re-
cent years. One of the primary challenges in this field is capturing the
details and contextual dependencies that make humor effective and enjoy-
able.

Works in computational humor [4, 3, 13] lay the groundwork by ex-
ploring the field of humor recognition. They introduce linguistic features,
which are essential in distinguishing humorous content from non-humorous
text.

Humor often involves a delicate balance of positive and negative emo-
tions, the work [2] explores the dual nature of humor and offense, high-
lighting the importance of sentiment analysis in humor research.

According to one of the humor theories, the element of surprise is what
constitutes humor [25]. This incongruity theory has been tested with com-
putational methods [26] and utilized to generate humorous content [27, 28].

2.1. Data. The evolution of computational humor research has produced
a variety of popular datasets, which serve as the foundational data sources
for training humor recognition and generation models. Table 1 provides an
overview of the most commonly referenced datasets.

These datasets are broadly used in solving computational humor tasks,
yet they share two major problems that hinder their usage for the training
of generative humor models:

(1) Toxicity: Many jokes in these datasets contain offensive content,
including sexist, racist, or otherwise discriminatory jokes. This
does not only raise ethical concerns but also impacts the gener-
alization capacity of the humor models trained on such data.

(2) Redundancy: There is a high number of duplicate jokes, both
explicit when the same exact words are used, and implicit when
the same joke is paraphrased multiple times. Training models on
duplicate data can lead to overfitting.
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Ne ‘Description Jokes |Non-jokes
English

1 [13] |Humorous samples from daily joke websites 16,000 |16,000

272 Short jokes scraped from various joke websites|231,657|0
with lengths ranging from 10 to 200 characters

3 [2] |80% jokes from twitter and 20% jokes from Short|4,932 3,068
Jokes dataset

4 [14] |Multiple sources were combined and dedupli-|96,910 [173,633
cated (the two sources for jokes are CrowdTruth
and Subreddits)

5 [15] |Scrapped from Reddit and includes different|92,153 |10,710
types of humour

6 [16] | The original part is scraped from Reddit 14,946 |0

7 [3] |Puns from Pun of the Day website 2,423 (2,423

8 Ethical filtered jokes with 2-scale score 44,481 |0

9 Ethical filtered jokes with human humor 5-scale|1,000 |0
score

Russian

10 [1] |One-liners from social media 46,608 |46,608

11 [24]|Russian jokes from social media and online col-|156,605|156,605
lections

12 Ethical filtered jokes with 2-scale score 40,926 (0

13 Ethical filtered jokes with human humour 5-scale|1,000 |0

score

Table 1. Comparison of Humor Datasets: 1 — 16k One-
Liners, 2 — Short Jokes, 3 — SemEval 2021 Task 7: Ha-
Hackathon, Detecting and Rating Humor and Offense, 4
— Knowledge Amalgam: Generating Jokes and Quotes To-
gether, 5 — The Naughtyformer: A Transformer Under-
stands Offensive Humor, 6 — Humor Detection: A Trans-
former Gets the Last Laugh, 7 — Pun of the Day, 8 —
CleanComedy English, 9 — CleanComedy English Gold,
10 — Stierlitz, 11 — FUN, 12 — CleanComedy Russian, 13

— CleanComedy Russian Gold.

2.2. LLMs. There have been several recent attempts to explore the hu-
mor abilities of LLMs.
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The authors in [18] explore the abilities of GPT-3.5 in both creating and
comprehending humor. Their findings indicate that the model struggles
with the generation and interpretation of jokes. For instance, GPT-3.5
produces only a limited set of unique jokes, which appear to be taken from
a prepared list of appropriate jokes.

LLMs as creative writing assistants for comedians are studied in [21].
It is concluded that the models can be deployed successfully in this qual-
ity with certain restrictions, such as contextual alignment. The paper [22]
introduces an adaptive humor generation model that personalizes content
based on user feedback, demonstrating improved engagement through tai-
lored humor. LLM’s reasoning capabilities are explored in [29] where it is
shown that the multi-step reasoning approach can improve the quality of
generative humor.

§3. DATASET CURATION

In this section, we describe the methodology employed in collecting
and processing our dataset, which includes humor content in both English
and Russian languages. The approach to dataset curation is guided by
the goal to create a resource that is not only large and varied, but also
devoid of offensive content and redundancies that could potentially bias or
undermine the performance of language models trained on it.

3.1. Data processing. First, we utilize resources reviewed in Sec-
tion 2.1, see Table 1 for a quick overview. Then we unite it into one large
collection and remove exact duplicates, ignoring punctuation and case. Ev-
ery step of the further filtering process removes bad samples. We do not
paraphrase the jokes in order to preserve the intricate semantics of humor.

The initial preprocessing of English data involves the keeping of exam-
ples that contain only Latin characters and punctuation marks to unify the
joke structure. It helps get rid of bad examples comprising emojis, links
and also, for example, corrupted jokes from Reddit containing [deleted] or
[removed] words (these words indicate that a part of the joke was deleted
before it was collected). We also noticed that excessively short or long
entries have a large amount of noise (for example, repetitions, unfunny ut-
terances), so the next step was to keep examples only between 50 and 150
characters. This window length was chosen by the series of experiments,
see Table 3 in Appendix. The remaining part of English jokes after this
step consists of 230k jokes, for Russian there were no such noise.
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For both English and Russian, we utilized the unbiased toxicity classifier
Detoxify [5] for extracting toxic jokes as this model is capable of detecting
different types of toxicity like threats, obscenity, insults, and identity-based
hate. As the authors of the classifier mention, words associated with swear-
ing, insults, or profanity are likely to be classified as toxic, regardless of the
tone or the intent. According to our goal, which is to collect an ethical hu-
mor dataset, we removed all the jokes that were supposed to be toxic. Due
to the lower representation of Russian in multilingual models, we employ
the ruBERT Conv Toxic Classifier®, a transformer model tailored for the
Russian language [12, 11], to improve the accuracy of toxicity recognition.
The remaining part of the English dataset contained 99k jokes, Russian —
100k.

To identify and remove duplicate jokes, we utilize the Sentence-BERT
pretrained model all-mpnet-base-v2 |6, 10]. This framework allows us to
compute text embeddings and then compare their cosine similarity and find
sentences with similar semantics [7]. The goal is to remove jokes with the
same meaning expressed in different words or jokes where some parts are
presented in a different order (see Table 5 in the Appendix). As we collect
English jokes from various sources, there is a large number of duplicate
instances. We consider two entries as duplicates if the cosine between their
embeddings is higher than 0.7 for English and higher than 0.9 for Russian,
these thresholds were chosen empirically due to a series of experiments.
Thus, at this step, we removed a considerable number of 29k duplicating
jokes, and the remaining part is 73k unique jokes in English and 80k in
Russian.

After that, rigorous manual analysis of the dataset shows that a large
part of jokes contains metaphorical insults. To make the resulting data
cleaner, we label jokes with zero-shot classifier DeBERTa-v3-large-
mnli-fever-anli-ling-wanli [§8]. The set of labels this time is politics,
neutral, offending, alcohol, drugs, racist. Thus, we removed all instances
labeled as political, racist, and insulting content (see Table 6 in the Ap-
pendix) to avoid unethical expressions, with 49k jokes left in English and
52k left in Russian.

A thorough analysis of the remaining jokes reveals a significant number
of texts on sensitive topics. Therefore, we utilize topic modeling to un-
derstand our large corpus better. Our objective is to have topics that are
specific enough (e.g., separating soft drinks from alcohol) but not overly

Shttps://huggingface.co/IlyaGusev/rubertconv_toxic_clf
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fragmented (e.g., having 100 classes about animals would be uninterest-
ing). BERTopic, a topic modeling technique that leverages transformers
and ¢-TF-IDF [9], is used to create clusters with easily interpretable top-
ics while keeping important words in the topic descriptions. The visual
representation of these clusters can be found in Figures 1, 2.

BERTopic clusters of CleanComedy English

E i o0 maths

i

Figure 1. Topic modeling for CleanComedy English.

Cluster modeling allows us to thoroughly analyze the collected dataset
in terms of diversity and content distribution. We remove sensitive jokes
that belong to the clusters about religion, funerals, bathrooms, officers,
pregnancy, nations, disabilities, and divorce ensuring an ethical and useful
dataset.

The final remaining dataset, after the full set of filters has been applied,
contains 44k English jokes and 40k Russian jokes. The comprehensive fil-
tering pipeline can be found in Figures 3 and 4.

3.2. Dataset annotation. Datasets for both languages include manual
human annotation of 1,000 samples for each language. We call this subset



160 D. GALIMZIANOVA ET AL.
BERTopic clusters of CleanComedy Russian
14 .
.
2
12
W S .
e by -wran ,A z 'IIIEEIEI
10 ‘ "' TeanMuhl m ‘-
m,m.. ol 1 'ﬂm@ - e
. EwHuqu m S CKaaa"a ; -
e e [
@EW
8 o
"
£
6
‘
3 6 8 10 2 14
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Figure 3. Full filtering pipeline for CleanComedy English.
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Figure 4. Full filtering pipeline for CleanComedy Russian.

Russian

of the data CleanComedy Gold. Volunteers have been asked to rate a
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joke on a scale from 1 to 5 depending on how funny they believe the joke
is. The instructions for the annotation included the following points:

e Rate how funny a joke is on a five-point scale, where 1 is not funny
and 5 is very funny.
e Do you find the text of the joke vulnerable or inappropriate?

Each joke has been rated by five different annotators. The scores were
collected through Telegram bot by crowdsourcing. The annotators volun-
teered their time, dedicating a maximum of one hour. For each instance,
we calculated the mean score for five annotators, which is used in Clean-
Comedy Gold datasets as the human humor feedback, see Figure 5. We
also publish individual scores to facilitate further research on the person-
alization of generative humor.

With the consent of the annotators, we also publish their anonymized
data, such as age, gender (female, male, and other), education level (sec-
ondary vocational, bachelor’s degree, specialist degree, master’s degree,
PhD) and the language fluency level for both languages (from Al to C2 +
native).
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Figure 5. Average scores for CleanComedy Gold
datasets in English (in the left picture) and Russian (in
the right picture). The average score of 5 annotators was
computed for each joke.

§4. MODELS

In our experiments, we fine-tune a pre-trained version of a multilingual
large language model meta-llama/Llama-3.1-8B. We utilize the pre-trained



162 D. GALIMZIANOVA ET AL.

version of the model because we believe that in this setting the influence of
our dataset on the final result increases, while using the instruction model
meta-llama/Llama-3.1-8B-Instruct increases the dependence on both the
model itself and the prompt selected for it.

Our prompt for fine-tuning models looks like this:

<|begin_of_text|>
<|reserved_special_token_{il}|>
{text}

where begin_of_text is the start of  text token,
reserved_special_token_{i} is the language token (i=0 for Eng-
lish and i=1 for Russian language), and {text} is a joke text.

For fine-tuning the model, we use LoRA [17]. Instead of updating all
the weights in every layer, we only train low-rank approximations (with a
rank of 4) for all layers except for the classification and embedding layers,
which we train fully.

We fine-tune the model in two stages: Supervised Fine-Tuning and
LLM Alignment. At the first stage, we train meta-llama/Llama-3.1-8B
to imitate the jokes of our large datasets. At the second stage, we addi-
tionally train the model obtained at the previous stage to generate funny
examples from our small annotated dataset and not generate unfunny ones.
At both stages, optimization is performed using the Adam algorithm, cou-
pled with a cosine learning rate scheduler. The batch size per these two
stages is equal to 64.

4.1. Supervised fine-tuning. At this stage, we train meta-
llama/Llama-3.1-8B using the datasets described in Data processing sub-
section.

The model’s training employs the standard language modeling loss func-
tion. A fine-tuning phase takes 2 epochs using a maximum learning rate
of 1e-05.

4.2. LLM alignment. At this stage, we additionally train the model
obtained at the previous stage using the CleanComedy Gold dataset. We
calculate the level of humor in a joke by averaging the annotators’ ratings
in this one. Since these average ratings are between 1 and 5, we apply a
linear transformation to map the scores to a 0-to-1 scale to get soft labels
for the sequence classification task.
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The model is trained using binary cross-entropy as the loss function for
binary classification tasks inspired by DPO [23] and SimPO [20]. Our
method differs from these methods by using soft positive/negative labels
instead of requiring a dataset of chosen-rejected answer pairs:

t=(s—1)/4,

loss = — Z (tlog(p) + (1 —t)log(1 — p)),
(t,p)eB

where s? is an average humor score of a joke from the annotated dataset
and p is the probability of the same joke according to the language model
that is trained.

A fine-tuning phase takes 5 epochs using a maximum learning rate of
4e-07.

§5. RESULTS

For both languages, we sample 100 examples from each of the following
six groups:
(1) LLaMA 3.1 8B (Supervised Fine-Tuned). See Supervised
fine-tuning section for training details.
(2) LLaMA 3.1 8B (Supervised Fine-Tuned + Aligned). See
LLM alignment section for training details.
(3) LLaMA 3.1 8B (Instruct). We use following prompts for two

languages.
( 3\

System prompt:

You are a comedian with a lot of experience. Your income
level and future career depend on the level of humor in jokes.
Since your audience is educated, it’s best to avoid using
well-known jokes.

User prompt:
Write a funny short joke for your performance. I only need
the text of this joke and nothing else.

4The range of s varies from 1 to 5, so t falls between 0 and 1 and can be interpreted
as the target probability for classification task using soft labels.
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(4) GPT-4o. Since we don’t have access to the GPT-40 API, we use
the default system prompt and generate all 100 jokes of the
class at one time, using the following prompt:

User prompt:

Hi! Imagine that you are a comedian with a lot of experience.
Wrrite 100 funny short jokes for your performance. Your in-
come level and future career depend on them.

(5) Unfiltered Dataset. In order to understand how the levels of
humor and toxicity in the dataset are changed after toxicity filters,
we also take 100 samples from the dataset without toxicity filters.

(6) Clean Dataset. In order to understand how large language mod-
els are able to learn humor from humorous data, we also take 100
samples from the dataset as some reference for comparing humor
scores.

We employ ancestral sampling with a temperature of 0.5 for all gen-
erated examples, except for the LLaMA 3.1 8B (Instruct) model for
English, where we use a temperature of 0.9 to mitigate its tendency towards
generating absolutely identical texts at lower temperatures. Additionally,
for the LLaMA 3.1 8B (Instruct) generations, we remove semantic du-
plicates using the SBERT model in the same manner as during the dataset
deduplication stage, applying the same cutoff threshold for identifying du-
plicates®.

Each of the 600 sampled examples was evaluated by 3 individuals, fol-
lowing a process similar to that described in Dataset annotation subsec-
tion. In this case, in addition to rating each joke, the evaluators were also
asked to assess its level of toxicity or inappropriateness®. The average rat-
ings for each group can be found in Table 2. For both English and Russian,
the toxicity percentage in our clean datasets is half that of the originally
collected data, demonstrating the effectiveness of the aforementioned fil-
tering process. The data on the demographics of the annotators can be
found in Figures 7, 8, 9 and 10.

The evaluation of humor generation models reveals interesting trends
across different setups for both English and Russian datasets.

5We do this for two languages.
SWe ask: “Do you find this text vulnerable or inappropriate?” An annotator can
answer “yes” or “no”.
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Model Humor score Toxicity percentage

English
LLaMA 3.1 8B (SFT) 2.11+£1.2 13.38
LLaMA 3.1 8B (SFT + Aligned) 2.02 4 1.08 15.38
LLaMA 3.1 8B (Instruct) 2.65+1.23 3.97
GPT-40 3.02+1.3 9.27
Unfiltered Dataset 2.72 + 1.42 26.09
Clean Dataset 2.96 +1.36 11.41

Russian
LLaMA 3.1 8B (SFT) 1.68 £+ 1.09 4.01
LLaMA 3.1 8B (SFT + Aligned) 1.74 4+ 1.06 3.3
LLaMA 3.1 8B (Instruct) 2.07x£1.27 4.26
GPT-40 2.38 +1.23 4.67
Unfiltered Dataset 27714 20.93
Clean Dataset 2.84 +1.44 11.37

Table 2. Comparison of average metrics for different
groups of jokes. Standard deviations are also calculated
for the humor scores. Each group includes 100 examples,
with each example rated by at least 3 people. The toxicity
percentage ranges from 0 to 100, while the humor score
ranges from 1 to 5.

For English, among the models, GPT-40 achieves the highest humor
score (3.02), closely followed by the Clean Dataset of human-written jokes
(2.96). The LLaMA 3.1 8B (Instruct) model also performs reasonably well
(2.65), but significantly lags behind GPT-4o, suggesting that high-quality
humor generation remains a challenge for open models. In contrast, models
fine-tuned on the CleanComedy dataset (SFT and SFT + Aligned) achieve
noticeably lower humor scores (2.0-2.1), reflecting the difficulty of adapting
LLMs to humor tasks using filtered or smaller-scale data. One possible
reason for this is the bias in human annotation: the average humor scores
across the dataset hover around 2.5, and the annotators may not have been
fluent or culturally attuned enough to assess humor nuances in English
jokes. This annotation noise likely contributed to the ineffectiveness of
alignment procedures for English models.

In terms of toxicity, LLaMA 3.1 8B (Instruct) achieves the lowest tox-
icity percentage (3.97), even lower than the Clean Dataset (11.41), and
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Figure 7. Age of annotators for English (in the left pic-
ture) and Russian (in the right picture). Only annotators
with at least one score are taken into account.

significantly better than the unfiltered jokes (26.09). Interestingly, GPT-
40 also maintains relatively low toxicity (9.27), suggesting that proprietary
closed models like GPT-40 may benefit from more robust and large-scale
alignment pipelines, which our lightweight methods cannot yet fully repli-
cate. This points to a gap we aim to reduce with future improvements.
In Russian, similar trends are observed, but with more encouraging
results. The Clean Dataset again achieves the highest humor score (2.84),
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Figure 8. Gender of annotators for English (in the left
picture) and Russian (in the right picture). Only annota-
tors with at least one score are taken into account.
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Figure 9. Education level of annotators for English (in
the left picture) and Russian (in the right picture). Only
annotators with at least one score are taken into account.

followed by GPT-40 (2.38). The LLaMA 3.1 8B (Instruct) model performs
slightly worse (2.07), and fine-tuned models (SFT and SFT + Aligned)
remain behind, consistent with the English results. However, in contrast
to English, alignment in Russian does show clear benefits for reducing
toxicity: toxicity drops from 4.26 (Instruct) to 4.01 (SFT) and further to
3.3 (SFT + Aligned). This confirms that our intended approach works in
principle — alignment can reduce toxicity — and highlights that annotation
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quality plays a critical role in the effectiveness of such methods, particularly
for subjective tasks like humor assessment.

The age histograms in Figure 7 show the majority of our annotators are
aged 20-30, which skews the humor perception toward this age group. It
is also important to point out that there were almost no native speakers
of English among our volunteers (Figure 10), which has significantly influ-
enced the humor scores obtained for the English jokes. We theorize that
the English jokes generated by our models were rated higher than Russian
due to this linguistic bias. The humor scores for the Russian generative
jokes are lower for the models trained on the filtered data because they
could have been deemed more boring for the annotators, as the humor
scores are lower for the jokes with a lower toxicity percentage.

§6. CONCLUSION

In this research, we share the insights we gained while experimenting
with prompting and fine-tuning models for humor generation.

This paper presents CleanComedy, a novel and ethically curated dataset
for humor generation and evaluation in English and Russian. Through rig-
orous data filtering and annotation processes, we address the common
challenges in datasets, such as toxicity and redundancy. By fine-tuning a
LLM with this dataset, we demonstrated its capability to generate contex-
tually appropriate and ethically aligned humor.
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The results provided by the annotators of our experiments underscore
the importance of alignment techniques in improving the quality and rel-
evance of generated humor. While our models perform well within the
scope of the dataset, challenges remain in generating humor that adapts
to different languages and cultures.

This study contributes to the field by introducing methodologies that
prioritize ethical considerations while advancing computational humor re-
search. However, humor’s subjective and cultural nature requires ongoing
attention to ensure Al-generated content remains inclusive, engaging, and
responsible.

LIMITATIONS

The English dataset faces challenges related to the quality and diversity
of humor instances. While significant efforts are made to remove offensive
and inappropriate content from the datasets, the filtering processes may
not be ideal. Enhanced filtering techniques and ongoing monitoring are
essential to mitigate this risk. Moreover, future research should focus on
developing more advanced generative techniques to enhance the coherence
and creativity of the outputs.

When training language models, we have only experimented with PEFT
methods. Judging by the quality of the resulted generations, the models
would benefit greatly from full fine-tuning. Another limitation of this study
is the size of the dataset which comprised only ~40k samples for each lan-
guage. It seems obvious that collecting a bigger and higher quality humor
dataset could further advance humor generation. For example, transcrib-
ing popular humor shows seems to be an interesting idea for humor data
collection.

Humor is inherently connected to cultural and contextual details, which
can be challenging for language models to understand and generate. The
models we trained for English and Russian show different types of jokes.
Thus, they might not perform well

across other cultural contexts and languages, raising the need for cul-
turally adaptive humor generation techniques.

ETHICAL STATEMENT

The ethical risks that the computational humor research carries are dis-
cussed in this section to ensure responsible development of Al technologies.
Computational humor systems may mimic biases present in training
data. Despite multiple stage filtering process and mitigation strategies to
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prevent the spread of stereotypes and discriminatory content, generated
humorous texts still can sometimes result in offensive or harmful content.

Text Drawback
well.... [https://imgur.com/gallery/2CmdahS| links
(https://imgur.com/gallery /2CmdahS)

A veteran walks into a bar. 12 people in the bar [removed|

[removed]

Chinas president is so bad beacuse.... [Deleted] [deleted]

lock lock me, i dare you. not a joke
(excessively
short)

Test post Test not a joke
(excessively
short)

meat meat meat meat meat meat meat meat meat repetition

meat meat meat meat meat meat meat meat meat (excessively

meat meat meat meat meat meat meat meat meat long)

meat meat meat meat meat meat meat meat meat

meat meat meat meat meat meat meat meat meat

meat meat meat meat meat meat meat meat meat

meat meat meat meat meat meat meat meat meat

meat meat meat meat meat meat meat meat meat

meat

Mars is Earth’s second moon Mars is Earth’s sec- repetition

ond moon Mars is Earth’s second moon Mars (excessively

is Earth’s second moon Mars is Earth’s second long)

moon... (and so on)

Table 3. Different types of noise before initial preprocess-
ing of the English data. All the provided examples were
removed after initial preprocessing that includes the re-
moval of corrupted characters and excessively short or
long examples (shorter than 30 or longer than 150 char-

acters).

There is a risk that computational humor systems could be misused
for malicious purposes, such as cyberbullying, harassment, or spreading
misinformation, thus, we claim that our systems are not intended for any
malicious applications.



CLEANCOMEDY: CREATING FRIENDLY HUMOR 171

The rise of computational humor may impact human writing and en-
tertainment. It is essential to consider societal impacts and strive for a
balance that supports human creativity while leveraging technological ad-
vancements.

Acknowledgments. We would like to express our gratitude to the vol-
unteer crowdworkers who dedicated their time and effort to evaluate our
generative models.

APPENDIX A. SUPPLEMENTARY MATERIAL

This appendix collects the supplementary tables and figures referenced
throughout the paper. Table 3 shows representative noise removed during
preprocessing of the English data, and Table 4 compares toxicity classi-
fiers on the Russian jokes. Table 5 illustrates near-duplicate jokes detected
by cosine similarity, while Tables 6 and 7 report the zero-shot label and
sentiment analysis used for data cleaning. Figures 6-10 summarise the
annotator statistics for the human evaluation: the number of jokes rated
per person and the age, gender, education level, and language level of the
annotators.

Joke ruBERT Con- Multilingual
versational Detoxify
Toxicity Clas-
sifier

Ecmn 61 s 6buia mpunieccoit, to momm 0 0.01

3aMKOM 0BT OBl JINKEPO-BOJOYHBIN 3aBOJI.
(If I were a princess, my castle would be a

distillery. )

Tne tBost rpyas? Tol ee cuyruysn. (Where 1 0.83
are your breasts? You scared them away.)

Mpsr me Oymem Gosbiiie BCTpedarhbed... dro, 0 0.73

TapaKaHbl B TBOEH I'OJIOBE IIPOTOJIOCOBAIH
nporus mensi? (We won’t be dating any-
more... What, the bugs in your head voted
against me?)

Table 4. Different toxicity classifiers results for Clean-
Comedy Russian, 1 — for toxic, 0 — neutral, for ruBERT-
Conv we considered jokes with score more than 0.1 to be
inappropriate.
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Duplicate Cosine

English

what’s a rock group with four guys that don’t sing? mount rushmore

What rock group has four guys who can’t sing? 0.922
Mount Rushmore.

who’s an all male rock group that doesn’t sing? 0.8857
mount rushmore .

what do you call a rock group with no bassist, drum- 0.741
mer, singer or guitarist? Mount Rushmore

Q: What do you call a male quartet? A: Three men 0.528
and a tenor.

Russian

a 3aueM B HHU3Y dCKajaropa 6abysibka B Oylke CHIuT?!

— OHa TaM MeJal KPYTHUT.

(Why is a grandma sitting in a booth at the bottom of the escalator?
— She’s pedalling there.)

A 3maere, 3agem B MeTpo BHu3Y sckKajgaropa 0.928
6abysbKa B Oyke? Ouna tam nepaiu Kpytut. (Do you
know why there is a granny in a booth in the subway
at the bottom of the escalator? She’s pedalling there.)

ITpuser, kak mema? Bor Bce Tebe HAIO 3HATH.
(Hi, how are you? You gotta know everything, don’t you?)

— Ilpuser! Kak nena? — IlopamoBars Tebst Heuem. — 0.9033
Kak? Hey:xkenu Bcé xopomo? (Hello! How are you?

— I can’t please you with anything. — How come? Is
everything really good?)

Table 5. Cosine similarity between duplicates.
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Joke

Label

English

Romeo: Your cheeks are like petals. Juliet: Really? Romeo:
Yes, bicycle pedals.

What would one call a movie about meth addictions? Need
for speed.

what do you call ghosts that haunt liquor stores? spirits
What do Syrian refugees eat for breakfast? Syrial!

Bought my epileptic girlfriend a strobe light for her birthday.
She will have a fit when she sees it.

Why can’t you have Christmas dinner in the EU? Because
there is no turkey.

neutral
drugs
alcohol
racist

offending

politics

Russian

Muorna s BRIIMBAIO CTakKaH BOJBI, IPOCTO JJIsl TONO YTO ObI
YIUBHUTB CBOIO Ievenb. (Sometimes I drink a glass of water,
Just to surprise my liver.)

— 3uaemb, g meJblil Mecan xoamia Ha dpurHec!... — U ckoabko
(- You know, I went to fitness for
a whole month!... — And how much did you lose? — 12 hun-

JIyame 6b110 ObI, eciiu ObI HapOAHbIE M3OPAHHUKU OTBEYAJIN
He 3a CBOU IIPEIBBIOOPHBIE CJIOBA, & 33 CBOU IIOCJIEBBIOOPHBIE
nena. (It would be better if the people’s representatives were
responsible not for their pre-election words, but for their post-
election deeds.)

99 IpOLEHTOB MOEH MOJIOTOBKH K 9K3aMEHY 9TO KypPEHHE C
rpyctHBIM JunoM. (99 of my exam preparation involves smok-
ing with a sad face.)

BoMmzku BN Ha IEMOHCTPAIMIO IPOTUB HOBBIX TEXHOJIOTHUIA.
Ilo ux csoBaM, B KOpOOKE U3-TIOJ, ILIOCKOTO TEJIEBU30Pa
BOOOIIE KUTHh HEBO3MOXKHO. (Homeless people demonstrated
against new technologies. According to them, it is generally
impossible to live in a flat-screen TV boz.)

AwmepukaHCcKuil Typuct xomuT ¢ rugoMm no Jlommony. — Bce
TYT y BaCc TaKO€ MAJICHBKOE, 3aKaTO€, — TOBOPHUT OH. — ITO
3/1aHKe, HAIPUMED, ObLI0 ObI B AMEpHKe pa3 B JIECATDH BBIIIE.
— O, xoHeuHO, c3p! DT0-2Ke ncuxuaTpudeckas KauHuKa. (An
American tourist walks with a guide around London. “Every-
thing here is so small and cramped,” he says. “This building,
for example, would be ten times taller in America.” — Oh, of
course, sir! This is a psychiatric clinic.)

alcohol

neutral

politics

drugs

offending

racist

Table 6. Sentiment analysis.
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Joke

Cluster name

English

Idea:A Transformers movie that can transform into a
much better movie.

"Why did voldermort used Twitter instead of Facebook?
Because he only had followers. Not friends.

What did the Jewish man say to himself on a hot day? I
should be used to being in an oven by now.

What kind of bee can’t be understood? A mumble bee !
what do you call a dead bee”a was

What happens to someone who gets attacked by bees?
They get bee’d up

I just tried coffee for the first time... To be honest, it
wasn’t my cup of tea...

What do you call a cat in love? Romeow

movie
facebook
jews

bee

bee

bee

coffee

cat

Russian

Bes xkuszap — dyrbos, a Tl B Heit — cbopHast Poccun.
(All life is football, and in it you are the Russian national
team.)

Jokrop, momorure MHe. Y MeHs mpobsiema. ¢ wacto
ommbarock B moaax. f me mokrop. (Doctor, help me. [
have a problem. I often make mistakes in people. I’'m not
a doctor.)

ITofimasr My2KHUK 307I0TYI0 PBIOKY XOUy MAIINUHY U 3aBO/I.
Pribka: xopomro o B kpenur min 1o Ju3uary? Crapuk:
TaK BbIOUPAil Ha [IOCOIHEYHOM WK ciuBoaHoM? (A man
caught a goldfish and tells it that he wants a car and a
factory. Goldfish: okay, do you want to loan or to lease
it? Old man: so choose oil or fat?)

41 me mormMmaro dpazdy: Ycrad, kak cobaka. Most cobaka
CIUT, ecT W ryjasier. 41 Obl camM OT TakoOil »KU3HW He
orkazascst. (I don’t understand the phrase: Tired like a
dog. My dog sleeps, eats and walks. I myself would not
refuse such a life.)

B xomnanum co MHOI OGBIYHO CMEIOTCSI He HaJ| IIyTKOM,
a HaJ TeM, KaK s CMEIOCh HaJ| mryTKoii. (People with me
usually laugh not at the joke, but at the way I laugh at
the joke.)

dyr6oa (foot-
ball)

nokrop (doc-
tor)

puiba (fish)

cobaka (dog)

(hu-

IOMOP
mour)

Table 7. Sentiment analysis.
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