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Abstract
Humour generation remains a challenging task for large language models (LLMs), mainly due
to its subjectivity. This study investigates the effectiveness of fine-tuning open-source LLMs
using social media data, primarily from Reddit, to enhance their ability to generate humorous
content. By collecting Reddit prompts and responses, three models—DeepSeek R1, LLaMA
3, and Gemma 2.0—were fine-tuned and evaluated through both the author of this paper and
six automated LLM-based judges. The evaluation included an in-depth analysis that fine-tuned
models often outperformed their base counterparts, especially in replicating short and human-like
responses to given prompts. More specifically, Gemma demonstrated the largest performance
gain, with an approximate 27% improvement based on individual humour evaluation across
various LLM-instructed humour style personalities, and notably generated more than twice the
amount of successful humorous responses compared to other LLMs. Gemma also exhibited the
highest alignment with human response ratings, outperforming other LLMs in approximating
human-like humour judgments. Challenges remain with the liability of LLM judges and the
performance of the fine-tuned LLMs. The findings indicate the potential of fine-tuning to
improve humour generation in LLMs and suggest future directions involving larger datasets,
more diverse models, and a further development of LLM judges to improve the automatic
evaluation procedure.
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Chapter 1

Introduction

1.1 Motivation

Large Language Models (LLMs), like GPT-4o, are increasingly being integrated into a wide
range of daily tasks, including learning [67], entertainment, programming, etc [98]. One area
that is understudied is experimenting with an LLM to respond to social media text-based posts
with human-like humour [44]. The LLM responses end up being formal and “robotic”; often
missing the nuance [74]. While there is some research on evaluating how funny LLMs are
perceived by participants, they are still subjective to the audience, especially when considering
a culturally diverse group of participants [17]. Humour plays a vital role in building social
rapport, relatability, and engagement. A more humorous LLM can feel more human-like and
approachable, which is especially important in informal online settings like social media, where
wordplay and sarcasm often dominate user interactions [89].

It’s crucial to emphasise the role of social media in daily life, as the majority of people actively
engage with these platforms. [6]. Users use humour in their responses to social media posts [26].
However, humour can be risky: some responses may be seen as offensive to some online users
[105]. This can lead to several notable issues such as discrimination, diminishment and in some
cases, social conflicts.

1.2 Proposed Solution

To address these challenges, this project focuses on the following research questions:

R1. Does fine-tuning improve the humour generation capabilities of an LLM?

R2. Can a fine-tuned LLM produce funnier responses to social media posts than humans?

Three LLMs were fine-tuned with the objective of generating humorous responses to social
media-style prompts. The performance of the three fine-tuned LLMs were compared and the
model with the most humourous generated responses was designated as FunnyGPT. FunnyGPT
takes as input a prompt from a social media context (a.k.a, Reddit post) and produces neutral
funny responses which can then be used by the user. FunnyGPT will be designated by fine-tuning
Llama 3.0, DeepSeek R1, Gemma 2.0 with their zero shot (state of the art) equivalent. Given
that the evaluation of humorous text is subjective to the reader, five different humour judge
LLMs evaluators instructed based on the four different humour style personalities [59]. Each

1



Chapter 1. Introduction 2

judge and the project author compared four responses: the original human-written comment
from Reddit and three generated responses; one from each fine-tuned model.

The findings show that fine-tuning provides a significant improvemnet in humour generation
making it comparable to human generated humour. Overall, Gemma has shown a significant
improvement with humour generation, while DeepSeek has seen the worst improvement.

1.3 Structure

This report is organised into six main chapters:

• Background: Analysis of current research, similar solutions, and their limitations.

• Methodology: fine-tuning decisions, datasets used, dataset pre-processing, LLM judges,
and evaluation strategy.

• Implementation: Development of the dataset pre-processing and fine-tuning procedures.

• Evaluation: Comparing three fine-tuned LLMs with original human responses and their
zero-shot responses and analysis of the results.

• Conclusion: Project achievements, limitations and suggestions for future work.

Overall, the project starts with the Background chapter where critical analysis of previous
research work is done and identified current research gaps. Subsequently, the Methodology
chapter contains the selection, pre-processing, and fine-tuning of three LLMs using humour-
based datasets. The evaluation chapter presents a comparison between fine-tuned models, their
zero-shot counterparts, and human-written responses, assessed through both the author of this
paper and LLM-based evaluators. At the end, future work, achievements and future work are
discussed.



Chapter 2

Background

2.1 Humour Theory

Humour is studied across multiple fields, including Psychology, Sociology and Literature. In
recent years, it has gained significant attention in Artificial Intelligence (AI) [25], especially
when working with LLMs. While humour is highly subjective, several studies have analysed
humour into several categories.

2.1.1 Categories of Humour

One famous study concluded that humour can split into four different categories: affiliative,
self-enhancing, aggressive, and self-defeating [59]. Each category is further analysed:

• Affiliative: Positive, social humor used to build relationships. Mostly used between close
friendships for “amusement” purposes.

• Self-Enhancing: Internal humor used for coping and staying positive. This is common in
posts where users laugh off their own misfortunes.

• Aggressive: Humor used to mock or put others down using elements of sarcasm, teasing
and ridicule. Common in places such as X (formerly Twitter) or Reddit.

• Self-Defeating: Humor used to make fun of oneself to be liked by the community.

These four humour categories have been studied among a group of young adults on how they
are used [43]. These four humour styles have been observed in online situations including from
users’ comments posted in online platforms.

Further studeis have provided deeper analysis and split humour further [64]:

• Superiority Theory: Feeling superior to others, often by mocking mistakes, misfortune,
or ignorance (e.g., slapstick, sarcasm).

• Relief Theory: Release for built-up tension, stress, or social anxiety (e.g., dark humor,
nervous jokes).

• Incongruity Theory: Unexpected or illogical contrasts, where the punchline subverts
expectations (e.g., absurd jokes, wordplay).

3
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• Violation Theory: Social norms or rules broken in a non-threatening way (e.g., edgy
jokes, irony).

• Sociological Perspectives: Cultural values, group identity, and power dynamics, shaping
social interaction (e.g., political satire, inside jokes).

• Linguistic Dimensions: Language structure, ambiguity, and phonetics, such as puns,
double meanings, or misinterpretations (e.g., dad jokes, wordplay).

These categories will each include a different type of humour, e.g. “That tiny human feels
like an ant at the base of 33 fire-breathing skyscrapers!”. The humorist in their sentence has
a superior position against the “tiny human”. Another category, the Relief Theory highlights
a relief humorous expression of an event e.g. “Glad I’m not the one fueling this rocket; I can
barely keep my car’s tank full!”.

2.1.2 Humour used in Social Media

Humour is often used in social media, especially in the comment sections of the original post
(often referred to as “thread”) [28]. Sarcasm is the most common way for users to respond in
a humorous way to a social media post [88]. Usually, users will respond with sarcasm when
the original poster (OP), including, but not limited to disruption, political problems, statements
from high-profile people etc [72]. For example, a social media post with the content of “Oh
great, the internet is down again. Guess I’ll have to bond with my family now—thanks for the
forced quality time!”, is based on an “internet disruption” event. Some notable reasons for users
responding sarcastically include:

• Attention: Sarcasm and humour grab more attention and engagement than pure frustration
[51].

• Social Acceptance: Highlight a frustration in a more socially acceptable way.

Self-deprecating Humour, is another way for users to express their feelings. According to studies,
self-deprecating humor is used on social media to gain more attention and engagement [79].
This type of humour can enable the community to engage more sympathetically with the OP.
Some drawbacks include using this humour in improper situations, such as if the OP indicates a
crisis, it may be perceived as offensive or diminishing.

Another kind of humour which falls outside of the scope of this project is memes. Memes are
also very prevalent in responses, which can cover everyday situations, including events [26].
Memes can be displayed in the form of text, visual, animation, etc.

2.2 Computational Humor

2.2.1 History of Computational Humour Generation

The field of Computational Humour Generation is a subfield of Computational Linguistics and
AI. It begins with the first publication paper from a study done at the University of Edinburgh [8],
describing a computer program, JAPE (Joke Analysis and Production Engine) which generates
“question-answer-type” puns from a non-humorous lexicon. This system was developed further
to help children with communication difficulties [95]. HAHAcronym was another notable
example with the goal of converting existing acronyms into new ones by retaining the comical
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effect, e.g. “Association for Computing Machinery” to “Association for Confusing Machinery.”
[86].

During the 2010s and before the introduction of Transformer Neural Networks [52], Machine
Learning concepts such as supervised learning and Recurrent Neural Network (RNN), were
commonly used. In a study Feed-Forward Neural Networks (FFNN) and RNNs were used
to rank a selected poll of tweets based on how “funny” they are [73]. However, the model
introduced in this study is unable to capture the full context of each tweet, something that the
Transformer Neural Networks solve.

With the introduction of Transformer-based architectures marked a turning point in the develop-
ment of computational humour. Thanks to the emergence of LLMs, several studies have been
conducted to evaluate the understanding and the generation of humor.

2.2.2 LLMs Used for Computational Humour

LLMs have played a significant part in the development of this field [3], thanks to the Transformer
Neural Networks which can capture more context of a given text. Notably, most research done
currently is to assess how well LLMs generate and understand humours by evaluating the
benchmarks of some of the most commonly used LLMs, including GPT-3 [61], Llama [44],
PaLM and BERT [48]. However, these studies are mostly limited to evaluating the humour
capabilities of these models in the pre-training stage (i.e. zero-shot), with no fine-tuning have
been implemented to improve the humour generation. From those, GPT-3.5 has been studied
more than the other models, despite GPT-4o being more advanced. LLM fine-tuning has also
been used to improve the ability of AI Humour Generation where studies have shown that
fine-tuning yields a significant improvement with Humour generation [102].

GPT-3 Series

GPT-3 is the most studied LLM for producing AI-generated humour as of 2024. According
to a few studies, GPT-3 is has an advantage at reproducing learnt humorous statements but
lacks the ability to generate novel and original jokes [44]. One study from the University of
Southern California found that humour generated by GPT 3.5 is perceived as funnier than
human-generated humour [32]. This indicates that GPT 3.5 would be a useful LLM for the
evaluation in this project. Given that GPT-3 is now a predecessor of GPT-4 series, and GPT-3
isn’t available yet for fine-tuning [20], it wasn’t used as part of the evaluation process.

GPT-4 Series

Given that GPT-4 were released recently, on 14th of March 2023, there isn’t much research
done to confirm its ability to generate humour. In one study done in the Edinburgh Festival in
2023 [62], comedians rated LLMs (including GPT-4) with a mean of 54.6% in the Creativity
Support Index (CSI) with the ability of LLMs to produce original humour. Furthermore, in
another study, GPT-4 showed promising results regarding translating humour from Arabic to
English, focusing its ability to use slang words [2]. Despite GPT-4 being more advanced than
GPT-3, it still demonstrates limitations in its ability in producing original humour [57].

Despite GPT-4 showing limitations in humour generation, GPT-4 consistently outperforms other
LLMs in humour comprehension tasks, when given a structured prompt [92].

Llama 3.0
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One study has shown that fine-tuning Llama 3.0 can generate funnier statements than GPT-4
[99]. LLama is often chosen for fine-tuning research applications, due to the smaller parameter
size, 8 Billion (8B), making it more efficient for customization. Additionally, Llama is based on
the Low-Rank Adaptation (LoRA) method [41] which allows updating a subset of parameters
during fine-tuning making it less expensive computationally and requires less memory [103].
Based on these findings, Llama is a good candidate for fine-tuning.

DeepSeek R1

A recently published study on the 31st of March 2025, proved that DeepSeek performs very
well with humour analysis and evaluation, outperforming several other LLMs, including Mistral.
The study conducted at the University of Cambridge compared 13 different LLMs, including
Mistral, Gemini and Llama [29]. Furthermore, the study showed that DeepSeek produces a
noticeable longer outputs compared to the other LLMs (like Gemini), making it less efficient,
compared to other models, such as Gemini. Given that DeepSeek is among the newest LLMs,
further research on its capabilities remains limited at the time of this writing.

2.2.3 Datasets

Several datasets are available containing humouristic statements, including datasets containing
humouristic statements from social media platforms, such as X and Reddit.

• Reddit: A 10-year collection of jokes shared by Reddit users in the r/Jokes channel [97].

• Reddit Sarcasm: Sarcastic comments posted by users on Reddit from 2009-2016 [78].

• Twitter Sarcasm: A database containing sarcastic tweets [70].

• Sarcastic Statement: Over 1.3 million sarcastic statements [19].

Additionally, given that the responses of a prompt may be continuous, where, for instance, user
A replies to an original post and user B subsequently responds to User A, a chain-based database
is more suitable for fine-tuning and evaluation:

• Humour Chain: Thread-based dataset which includes data from the most upvoted user
prompts from Reddit with their responses [107].

• Twitter Threads: Contains a list of datasets with threads of tweets taken from X (formerly
known as “Twitter”). This dataset includes the total number of retweets, likes and total
responses per tweet. A higher number of likes and responses could mean that the original
tweet had humorous elements [33].

• Sarcastic Reddit Comments: Derived from the Self-Annotated Reddit Corpus (SARC),
is a substantial resource for sarcasm detection research. It comprises approximately 1.3
million sarcastic comments and parent comments [16].

The databases are a combination of data gathered from social media, including Reddit and
Twitter. To produce more accurate results, the datasets containing social media comments should
be used. It’s important to note that data within the dataset may contain offensive language that
should not be used. While this is beyond the scope of this project, a basic cleansing of the
datasets used is important to remove prompts containing offensive language.

Datasets humour bias
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Datasets including the Sarcastic Reddit Comments includes several meatadata per comment,
including the total number of downvotes and upvotes. In social media settings, it’s a well-
known phenomenon that the audience will interact with comments they perceive as “funnier”.
According to a study done on Reddit, comments receiving more than 200 upvotes in total are
most likely to be perceived as “funny” [96]. While this may not always be the case, it’s very
possible for comments with a lower count of total upvotes, to have the potential to appear
humourous to the readers. The time of each comment being posted plays a role on how many
users got the chance to read it, as the comment may be prioritised less compared to other
comments [85]. Additionally, peak times of social media usage is also an important factor.

Due to the subjective nature of humour, challenges arise with the attempt to mitigate this problem.
There are several potential ways that would be used to mitigate this:

• Prompt: “I have to be the last one to come to this realization”

• Comment: “Well, GTA Online definitely has plenty of children.”

2.2.4 Existing Fine-Tuned LLMs

While most fine-tuned LLMs are specifically for Humour detection, there are some which focus
on generating humorous content. While the humorous detection isn’t related to the scope of this
project, a suitable fine-tuned LLM, or a combination of fine-tuned LLMs could be used to assist
with the evaluation process of this project.

Fine-Tuned GPT-2

A fine-tuned LLM was created based on GPT-2 to generate programming-based jokes [7]. This
model was fine-tuned with a relatively small dataset, comprising only 220 distinct entries. While
this may not be an ideal fine-tuned LLM, but a good foundation base indicating that a smaller
dataset can be used to fine-tune an LLM to produce desirable humour on a specific topic, a.k.a,
programming.

Fine-Tuned BERT for joke classification

This is an example of a fine-tuned LLM which was created to classify sentences as to whether
they are funny or not [46]. The fine-tuned BERT model is able to distinguish between funny
and not funny sentences. Joke sentences show an “X” pattern in attention heatmaps, where the
setup includes the context and the punchline are different than expected. The model focuses
on tokens connecting these elements, as in “Why did the scarecrow win an award? Because he
was outstanding in his field,” revealing its ability to detect humour-critical relationships. This
model has been fine-tuned to perform as a classification model by distinctly responding with
a “funny” or “not funny” labels, limiting the idea of using this model as a judge to compare
different responses.

Fine-Tuned BERT model to detect sarcasm

Sarcasm is the main type of humour that most people will see in social media responses. This
fine-tuned LLM improves the ability of BERT to detect whether a given sentence is sarcastic
or not [34]. This repository offers three fine-tuned sarcasm detection models (BERTweet and
RoBERTa-large) and datasets: SAD (2,340 manually labeled tweets), S3D-v1 (100,000 tweets
labeled by BERTweet), and S3D-v2 (100,000 tweets labeled by an ensemble). The fine-tuned
BERTweet model achieved an F1-score of 78.39 on the SARC dataset and 78.87 on the S3D
dataset, showing a relatively strong sarcasm detection performance. It outperformed BERT
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and RoBERTa-large, especially in tweet-based and mixed-domain datasets [71]. While this
model works similar to the previous model, the dataset used is focused primarily on sarcastic
statements.

2.2.5 Existing AI humour generation applications

Several real-world applications have been developed based on fine-tuning LLMs. Most of these
applications, haven’t disclosed the steps taken to fine-tune the models nor the dataset used.

AI Comedian

AI Comedian is an online chatbot dedicated to generating humorous text based on a topic the
user will input [22]. The technical details of how this chatbot was created are not disclosed,
but it’s possible that an existing LLM was used which was fine-tuned. While this is a good
starting point, the responses are very long, whereas a typical comment with humouristic intent
will mostly be compromised of around 13 tokens (words) [82].

Punchlines.ai

Punchlines is an online chatbot which allows the user to insert an input prompt [1]. The model
will output a humorous response. The model uses the GPT-3 and it’s fine-tuned with monologue
jokes to produce funnier responses. The responses are shorter than those from AI comedians,
however, the responses of the model are meant to be a continuation of the input the user has
entered. Most of the time, the responses won’t simulate a different user commenting on the input.
On top of that, some responses contained political elements which may seem uncomfortable to
certain groups of people.

FlowGPT: Funny Chat with AI

FlowGPT has a lot of GPTs with different models indicating different characters. Each model
is fine-tuned to produce a specific persona. One of them is Funny Chat with AI [23]. The
technical details, regarding the dataset used for fine-tuning are not disclosed. After some tests
with the chatbot, it can produce short and funny enough responses, however, the responses can
be distinguished from human replies. Some responses may not be perfectly understood by the
audience, and the response may not be perceived as “funny”.

2.3 Challenges of Computational Humour

2.3.1 Limitations

The fine-tuning of LLMs is currently constrained by several technical and practical limitations.

Fine-Tuning limitations While GPT-4 and other models offered by OpenAI are available for
fine-tuning, the fine-tuning is limited to prompt engineering and it’s not available to be fine-tuned
using a custom dataset [69]. This includes GPT-4, Gemini and GPT-3 series. While this poses
a limitation on the choice of LLMs to be used, other LLMs have shown to have comparable
humour generation capabilities, including DeepSeek R1, Llama and Gemma, which are available
for fine-tuning.

Dataset humour diversity Dataset scarcity is one reason AI humour generation is challenging
[39], meaning that careful consideration of database choice is needed. The dataset needs to
contain a broad range of humorous expressions across different cultural backgrounds. Humour
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can be deeply integrated in sociocultural context; what might be considered funny in one
subculture, can be offensive in another subcultural setting [14].

Limited cultural humour understanding Further reasons include a limited understanding of
diverse cultural humour, for example, a funny statement originating from China, may not be
perceived as “funny” in the UK. Other limitations include specific humour patterns [44]. The
more humouristic patterns and subcultural settings the dataset contains, the larger it requires to
be to ensure a sufficient representation of each pattern.

Limited resources LLMs often require advanced computational equipment to perform training
procedures and these resources may often require a substantial amount of funding to experiment
with [37]. Several LLMs are packed with billions of parameters, meaning that fine-tuning with a
few thousand of data entries can take up to a few hours to complete. This hinders the ability to
use larger datasets with more humouristic patterns.

Restricted LLM availability The available LLMs which are available for fine-tuning, often
come with a few billion parameters. Fine-tuning uses backpropagation to update the model’s
internal weights of the parameters based on the patterns identified with the training data [42].
Models with a higher number of parameters posses a greater ability to capture complex patterns,
including diverse form of humour [11]. This require more advanced computational and memory
requirements to fine-tune [37]. Consequently, the LLMs selection were limited to a relatively
smaller number of parameters to align with the available resources.

Humour limited to trained data Furthermore, most studies confirm that the studied LLMs
are limited to producing humorous statements based on learnt patterns and trained data [39].
Additionally, LLMs don’t have the ability to understand human feelings yet and they can’t
generalise on humour as much yet [47].

2.3.2 Research Gap

The study of computational humour using LLMs is still a new research area, meaning that there
are significant gaps at the time of writing.

Human-like humour generation LLMs still lack the ability to produce humouristic content
that reassembles human-like characteristics [44]. There is limited research done to make LLMs
to produce more “human-like” humorous responses. Although there isn’t a definitive method
for enabling LLMs to generate human-like responses, using datasets containing real examples
of human produced humour is a critical step. The dataset must contain a large humouristic
chain-humour content fetched from real social media environments. Given the probabilistic
nature of the LLMs, there is a limited guarantee that fine-tuned LLMs will be indistinguishable
to human-generated humour.

Producing Short-form responses Currently, zero-shot models still lack the ability to produce
short responses. It is shown that shorter sentences (punchlines) are perceived as funnier than
longer sentences [83]. Given this, this shows that short punchlines posted as comments in social
media posts, are perceived as ”funnier” to users than longer statements.

Limited to one-liner humour Research to this date is limited to one-liner comments. This
isolates the given statement form broader conversational or contextual settings. This limits
the “understanding” of social/cultural nuances, resulting LLM-generated responses to be more
generalised and lack an in-depth analysis of the given joke [81].
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Limited study on fine-tuned models There’s a gap on the effectiveness of fine-tuned models
with humour generation. While some models, including Llama 3.0, have been studied with fine-
tuning [99], there are many open-source LLMs which haven’t been evaluated with fine-tuning.
This is mostly the case with the newest LLMs, including DeepSeek R1.

2.3.3 LLM fine-tuning methods for human-like responses

Some machine learning techniques have shown to improve LLM responses by producing more
natural responses, including Representation Alignment from Human Feedback (RAHP) [54]
and Reinforcement Learning [106]. The RAHP method works by identifying the differences in
neural representations between preferred and non-preferred responses and incorporating these
differences using Low-Rank Adaptation (LoRA). This simplifies the need for rewarding models
and produces more human-like responses by directly aligning the model’s internal activity
patterns with human preferences. On the other hand, the Reinforcement Learning method
works by using human participants to rank the output of the model using a rewarding model.
The use of KL regularisation keeps the outputs close to the pre-trained model’s distribution.
Through iterations of human ranking, the model is able to produce more natural and human-like
responses.

Several of these advanced methods, including Reinforcement Learning and KL regularisation
were not implemented in this paper due to resource constraints. Both RAHP and RLHF require
access to large human feedback datasets and computational infrastructure to support iterative
model updates, making it beyond the scope of this work.
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Methodology

This section explains the decisions taken including data pre-processing, detoxification of the
dataset, selection of LLMs to be fine-tuned using the pre-processed dataset and the choice of
LLM judges to be used as part of the evaluation section to assess the humour generation of each
fine-tuned LLM.

To maintain consistency, the following terminologies were used in this section:

Social media post: In LLMs, the social media post is referred to as “prompt”.

Comment section: In LLMs, the comment section is referred to as “responses”.

3.1 Datasets

3.1.1 Dataset Requirements

During the fine-tuning phase, datasets were selected based on the objective of simulating a social
media environment. More specifically, using a social media post (prompt), followed by a user
comment (response). Challenges involve choosing the right dataset and filtering the data to
remove potential toxic content. Given that looking for more in-depth methods of filtering out
toxic and offensive content is out of the scope of this project, existing pre-trained models were
utilised to perform the initial filtering of toxic content.

Before choosing a closely aligned dataset for this method, several steps need to be followed
prior [55]:

• Relevancy The content of the dataset aligns closely with the generation of humor on
social media comment sections.

• Format Dataset format matches with the prompt-response task (input: original poster,
output: humour).

• Trained Data Verify that the dataset is not included in the pre-training of the selected
model (find citation on this).

The first two steps can be taken by manually inspecting each entry of each potential dataset. The
last step, can be evaluated using several techniques, to assess the contextual similarity of the
input and output context (see 3.3.1).

11
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Given that there were multiple datasets with authentic humouristic content from social media,
most were one-liner comments, where the parent comment or original post was not given. There
were limited choices for chain-humour datasets available for use.

3.1.2 Dataset Choice

Dataset Name Abbreviation Training Rows Test Rows
Sarcastic Reddit Comments SRCD 1,300,000 Not specified
Reddit Chain-humour RCHD 5,840 650

Table 3.1: Summary of the datasets used

SRCD dataset [16] contains the total number of upvotes and downvotes per comment. This
dataset has specifically scraped prompt-responses containing the “sarcasm” tag. Sarcasm has
shown an increase of engagement, but mainly in areas where the user has expressed frustration
or in debate-based group discussions [12]. For this reason, it’s important if this dataset is used,
to filter out prompts that contain a small number of upvotes or containing high number of
downvotes. In social media, on average, a humorous prompt will yield a higher engagement
rate [101], which often results with more reactions and in our case, thumbs ups. Additionally,
it contains both original prompt and comment content, making it easy to be reformatted. This
is a relatively large dataset with nearly 1 million prompt-responses, which can be a benefit for
lengthy fine-tuning experiments.

The RCHD [107] dataset contains the most up-voted prompt-responses from multiple humorous-
based Reddit subreddits. While this dataset is relatively small (around 6 thousand rows), it’s a
great choice to mix it with the SRCD to provide more diverse responses.

These two datasets contain a diverse set of prompt-response pairs. Given that both datasets come
from the same source (Reddit) and follow the same structure, were both combined to be used for
fine-tuning all LLMs used.

Combination of datasets

For the experiments, both SRCD and RCHD were combined to diversify the responses from the
fine-tuned LLMs. This is also referred to multi-tasking fine-tuning, where multiple datasets of
the same format can be used for fine-tuning. Existing studies show that the fine-tuned LLM can
yield better responses by diversifying the outputs [10].

3.2 Pre-processing

Pre-processing steps can have a significant impact on the fine-tuned LLM [66]. Some steps that
were taken include:

1. Handling Incomplete data: Usually deleting incomplete data is the most effective
method, but other techniques such as estimation can be used [75] [double check]. Only
entries which contained both prompts and responses were kept in the dataset.

2. Remove unwanted data: Data with offensive content were removed to reduce bias.

3. Shuffle content: Given that two datasets were merged, the merged dataset was treated as
one and the content was shuffled.
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These techniques ensured a cleaner and more balanced dataset, which reduces the bias of the
LLM. This reduced the likelihood of potentially offending users from subcultural settings.

3.2.1 Dataset Format

Two datasets were merged to be used for fine-tuning the LLMs. For congruency, before merging
the datasets, they had to be converted into a standardised format. One data entry had the
following structure.

• Prompt: Why do the chickens cross the road?

• Response: To cross to the other side.

The new formatted dataset was saved before being used for fine-tuning. This made it easier to
use the reformatted dataset for multiple LLMs without the need for reproducing the dataset. The
prompt and response varied based on the OP and comment.

3.2.2 Dataset Filtering

While the chosen datasets contain responses with high number of votes, given the limitation
of resources available to fine-tune the models, only subsets were used from each dataset. The
SRCD dataset included the total number of upvotes and downvotes, meaning that the comments
with the highest number of upvotes and lowest number of downvotes were kept. Specifically,
the following procedure was applied to each dataset to extract the samples to produce the best
possible results:

• Dataset size: The final dataset consisted of 5,000 prompt-responses pairs, 2,500 from
each dataset.

• SRCD Filtering: The dataset was sorted based on the total number of upvotes and each
pair had no more than zero downvotes. The first 2,500 pairs were filtered in and the rest
were removed.

• RCHD Filtering: This dataset doesn’t include the total number of upvotes. Given this,
2,500 pairs were randomly chosen.

It’s possible that lower ranked pairs (less upvotes) from the SRCD dataset may contain subcul-
tural votes that are only understood to a smaller subset group of people. While this can be true,
there are several reasons why they were omitted for now:

• Unreliable humour: Lower-ranked responses may not consistently reflect humourous
intent, making them less suitable for humour-focused fine-tuning.

• Less engagement: Lower ranked responses were interacted with a limited audience,
suggesting the content could be off-topic or unfamiliar to the readers.

• Annotation noise: These responses are more likely to introduce noise to the model,
causing it to produce “less funny” responses to a wider audience setting.

• Computational limitations: Given the limited computational resources available, prioriti-
sation was given to pairs with a wider audience appeal.

The pairs with the highest number of votes, often were shown to contain elements that were
understood by a wider audience.
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• Prompt: “I have to be the last one to come to this realization”

• Comment: “Well, GTA Online definitely has plenty of children.”

The comment gained a total of 3644 upvotes and 0 downvotes. While the comment may not
align properly with the parent comment, the main element “GTA” is widely understood.

An important observation is that comments with a lower count of total upvotes may not neces-
sarily be less humourous [96]. An example of a comment being upvoted and downvoted 8 and 0
times is shown below:

• Prompt: “Have an upvote for your honesty”

• Comment: “Um, I think you should take some time away from reddit OP.”

Can be categorised as aggressive which is the most common form style of humour that appears
in social media comments, as shown by a study conducted with young adults [43].

While this is a simple filtering method, it’s a simplistic way of maximising the chance of
eliminating comments that are less funny to a wider audience.

3.2.3 Dataset Cleansing

In social media platforms and in online environments in general, users are more likely to express
themselves freely, even if their expression may be seen as offensive by the majority of the
audience [87]. this can be seen on Reddit where most users are anonymous, with an increased
likelihood of offensive comments being posted [65].

Because of this, it’s important to remove content containing offensive and bias words including
but not limited to politics, body shaming, religion, age, racism, sexual orientation, accessibility,
swear words, etc. The simplest way of filtering content is to check for specific offensive
keywords, such as “fat”, “idiot”. Phrases such as “He gained so much weight that he looks like
an elephant” present challenges for keywords based methods, as there isn’t a specific keyword
that may be labeled as “offensive”. Additionally, these phrases containing indirect or implicit
bias, are more likely to escape detection [80]. More abstractly, the context-dependency nature
of language makes it particularly challenging to detect offensive content [21]:

• Word ambiguity: Words can be offensive in one context but not in another. E.g. the word
“crazy” on it’s own may be seen as offensive. “crazy good” most likely won’t appear as
offensive to humans, but LLMs may label it as offensive.

• Subtle: Toxic comments can be direct or indirect, where indirect toxicity is harder to
detect as it’s often not subjective [104]

Latest research shows that some pre-trained models can be suitable for reducing toxic humour
in the dataset, although more research is needed in this area to detect offensive humour. Using
pre-trained models such as BERT and ERNIE have shown significant improvements in term of
accuracy in removing offensive content in data [104].

Out of four total models considered, Detoxify was chosen for this task. Detoxify is the most
suitable choice for this case, given that the model is efficient, even with limited computational
resources. Additionally, Detoxify provides with a multilabel classification, given that a statement
may be labeled as “toxic” but not “offensive”. Statement labeled as “normal”, are kept in the
dataset, indicating that there haven’t been detected any toxic statements.
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Other models were considered, including BERT and fine-tuned models, such as HateXplain
were considered. A detailed analysis of each model considered for this task is analysed on the
appendix A.4.

Dataset Toxicity Removal

Based on all research already done in this area, the following steps will be used to detoxify the
whole dataset:

1. Keyword-based removal: Content removal based on offensive terms/tokens. This mainly
includes racist slurs and offensive words.

2. Bias-based removal: Content removal based on bias phrases including context in politics,
gender orientation, sexual orientation. For example “As a woman”, “As a transgender”
[60].

3. Pretrained model: Lastly, a pre-trained model was used to capture context-dependencies
to filter out direct and indirect aggression.

Keyword-based 
removalDataset

Bias-based 
removal

Detoxif ication 
using ERNIE

Save Dataset

Figure 3.1: Steps taken to detoxify the dataset.

While these methods may not fully eliminate offensive data, but it illustrates a state-of-the-art
methodology which can be expanded in the future.

Some content with deeper meanings may not be captured completely, including:

• Prompt: That can be a full-time job for some people.

• Response: What is she famous for? All I found was her being hot on Instagram.

and

• Prompt: want to go bowling?

• Response: hey its me ur hooker

The first prompt-response may be seen as humiliating diminishing by a certain group of people
and the second example, is an example of an ambiguous response, where the term of “hooker”
may have different interpretations, depending on the context. This shows that at the time of
writing, there isn’t a model which can completely eliminate toxic prompt-responses.

The dataset cleansing process is performed before the fine-tuning process and is stored to be
cross-used for all chosen LLMs for fine-tuning. Using the same dataset for all LLMs, allows a
fairer comparison between all models.

3.3 Fine-tuning LLMs

Choosing the most suitable LLMs for fine-tuning is a very crucial step. The non-deterministic
nature of LLMs further amplifies the complexity of choosing the right LLMs. Despite this, there
are several criteria that influenced the choice of the LLMs.
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• Potential improvement: Predicting the amount of improvement per fine-tuned LLM on
humour generation compared to its zero-shot equivalent.

• Data overlap validation: Validation of whether several examples from the dataset was
already included in the pre-trained data to avoid potential overfitting.

• Resources Requirements: LLMs models often require enough VRAM to be loaded. For
example, usually LLMs with about 7 billion parameters require 14GB of VRAM if loaded
under half precision (FP16) [4].

Studies have shown that performance improvements are not guaranteed with LLMs [24]. LLMs
lose some of their generalisation capabilities after the fine-tuning process, as the fine-tuning is
updating their parameters on a specific pattern scope. Additionally, overfitting is a common
problem with fine-tuning, especially if the dataset is too small compared to the total parameters
possessed by the model. One study based on Llama 3.0 8B (8 billion parameters) identifies a
threshold in dataset size, showing that fine-tuning an LLM with a dataset of as few as 1,000
- 2,000 segments (entries) will lead the LLM to overfit [94]. A Datasets consisting of around
5,000 segments is the minimum required to improve the chosen LLM beyond the zero-shot
performance. Datasets with segments 100,000+ will yield a significant improvement in terms of
performance.

There isn’t a definitive answer on how many data entries are needed to prevent overfitting on
fine-tuning. Given that this study was applied for Llama with 8B parameters, other models with
similar sizes of parameters may have similar thresholds.

While a relatively large dataset is preferred for better fine-tuning results, it’s important to consider
the kind of data that’s included in the selected dataset. It’s generally known that the fine-tuning
LLMs with datasets outside their original pre-training distribution yield to higher performance
outputs [53].

3.3.1 Dataset overlap detection

To ensure the fine-tuning process will improve each chosen LLM, an overlapping testing was
performed by doing a pairwise comparison of 50 prompts by comparing each human response
with the equivalent zero-shot LLM response. There are various techniques that can be used for
this purpose. a notable one is using the Cross-Encoder architecture.

Cross-Encoder architecture

The Cross-Encoder architecture utilities pre-trained models including BERT or RoBERTa are the
most advanced pre-trained models used to capture contextual similarity between two sentences.

Given two input sentences A and B, a Cross-Encoder jointly encodes them as a single sequence,
with a separator SEP added in between. This concatenated input is passed through a transformer
T to produce contextual embeddings:

H = T ([CLS,A,SEP,B,SEP])

The similarity score is derived from the [CLS] token’s hidden state hCLS using a linear layer
with sigmoid activation:

s = σ(w⊤hCLS +b)

where w and b are learnable parameters, and σ is the sigmoid function. This allows token-
level interaction between A and B. This improves upon the previous method by enabling
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better detection of nuanced humour features such as irony and figurative language compared to
independent encoders [76].

Alternative methods were considered such as the Word Sense Disambiguation with Cosine
Similarity [35, 49]. However, this method would present challenges with figurative language
including metaphors, personification and hyperboles [9], due to figurative expressions often
mismatch between the literal and intended meanings. For more information refer to A.0.1.4.

3.3.2 LLMs selection

Given that multiple LLMs were pre-trained with different datasets and architectures, the follow-
ing selected LLMs are expected to produce different responses before and after fine-tuning.

• LLama3.2 3B: Llama has shown improvements with humour classification, including
sarcasm and irony, scoring an accuracy of 89% [99]. The model which was introduced in
this study, was used for the fine-tuning experiments. It has 3 billion parameters.

• R1 (DeepSeek) 8B: DeepSeek R1 is a relatively new LLM which has shown to match
the GPT-4o capabilities in terms of performance. While there isn’t any indication of how
good it is for humour generation, this was the first time that this model was used for this
purpose. It has 8 billion parameters.

• Gemma 2 9B: Gemma 2 is also a good choice given that it’s trained with human prompt-
response pairs [90]. It has 9 billion parameters.

Given the high demand of resources required for fine-tuning these LLMs, the list above lists
the variations of specified models (DeepSeek, Llama and Gemma) containing a relatively small
number of parameters.

LLMs considered but not used

Several LLMs were considered but not used, including GPT-4o, Mistral-7B and Qwen 2.5 7B.
GPT-4o was not included due to limitations offered by OpenAI for fine-tuning. Mistral and
Qwen posed limitations with underperformance compared to the previous listed LLMs (see
A.5).

LLMs by default can be vague and ambiguous [100] as they are trained with vast amounts of
data to be used for generic purposes. This can lead to several limitations including outputting
long sentences and thought-chain process [50].

3.3.3 Prompting Engineering

Given that humour generated responses from all LLMs must relate to the prompt, prompts have
to be carefully crafted and optimised to give more specific and targeted responses. There are
several techniques that were applied to maximise the potential of generating more humourous
responses:

• Temperature: According to a study, temperature value less than 0.5 has shown that 73%
of the models used showed a peak performance with humour generation [29].

• Limit generalisation: LLMs were instructed to specifically return a response to the given
prompt, and hence, minimise the chance of outputting chain-of-thought [15]. Each LLM



Chapter 3. Methodology 18

is instructed using the same prompt (see A.0.2). More specifically, the prompt follow the
steps below to generate the response:

– Instruction: Generate a funny response

– Input: Why do the chickens cross the road?

– Output: To cross to the other side.

• End of text: Each prompt had a token which acted as the end of the output response of
the LLM.

The whole process of fine-tuning varied across different LLMs. While the dataset used, prompt-
ing and structure remained the same, fine-tuning largely depends on each LLM’s architecture.
Some LLMs took longer for the fiine-tuning process to complete than others. For example,
DeepSeek took the longest.

3.4 LLM judges for humour analysis

LLMs have been used by researchers recently to evaluate humour sentences, including GPT-4
[31]. Specifically, GPT-4 has shown good performance on categorising humorous sentences vs
non-humorous ones [93]. The evaluation using LLM models have shown mixed results.

LLM judges have scored highly on humour that humans have also rated highly. This is limited
to aggressive and self-defeating jokes. LLMs have shown to struggle to evaluate humour that
are mostly of outside their trained preferences. Additionally, LLMs have shown to misinterpret
humour requiring contextual understanding, such as sarcasm and subcultural settings.

To mitigate this, I proposed a combination of human and LLM judges as part of the evaluation
process. While having more than one participants increase the internal validity and consistency
of the humour evaluation experiment [84]. Given this, having one human will reduce the bias on
humour involving, but not limited to, cultural settings, age and background.

Given this, the whole evaluation will be split into three parts:

1. LLM judges selection: Evaluation of pre-existed annotated dataset and choosing the
LLMs that agree the most with the already-rated dataset.

2. LLMs humour generation evaluation: In-depth comparison of state-of-the-art models
with their fine-tuned equivalents based on the Reddit dataset.

3. Analysis of the results: Analysing the results and choosing the best performing fine-tuned
LLM and the best state-of-the-art model to answer the research questions.

3.4.1 LLM judges selection

Three LLMs were chosen to conduct the comparison of humour generation across all LLMs.
These LLMs referred to as ”LLM judges”.

• R1 (DeepSeek) 8B: The same model variation as used for humour generation was chosen
as one of the judges. While there isn’t any indication of how good it is for humour
generation, this was the first time that this model was used for this purpose. It has 8 billion
parameters.
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• Mistral v3.0 7B: Mistral was chosen due to its promising capabilities of understanding
human content. There’s limited research on its humour understanding capabilities.

• Qwen 2.5 7B: Qwen has shown strong state-of-the-art performance in multiple humour
evaluation tasks including SemVal and Oogiri-GO [40]. Qwen was able to outperform
other LLMs, including GPT-4o if trained with the Creative Leap of Structured Thought
(CLoST) method.

• GPT-4o: GPT-4o is widely considered among the most advanced LLMs at the time of
writing, often outperforming human, according to a study [13].

• GPT-4o-mini GPT-4o-mini is a cost-efficient variant in the GPT-4o series designed to
deliver strong performance with reduced computational demands. According to OpenAI,
outperforms GPT-3.5, which has been shown to perform well in humour analysis [68].
While there’s limited research on its humour capabilities, it has been tested in scenarios in-
volving meme (setup and punchline) interpretation, showing a narrative progression within
the punchline [63]. This indicates that it can show promising results when evaluating
prompt-responses.

Additional LLMs such as Mistral were considered. Mistral was examined in the LLM judges
agreement section.

The LLM judges were not fine-tuned as part of this project. This would be an interesting area of
exploration in as a future work, given that existing studies have shown that LLMs, including
Llama 3 have shown significant improvements with humour recognition [99].

LLM judges had to be properly instructed to do the following tasks by using prompt engineering:

LLama 3.1 8B Fine-tuned Llama has shown improvements with humour classification, [99].
The model which was introduced in this study, was used for the fine-tuning experiments. It has
8 billion parameters. This LLM was removed form the judges selection, due to its much lower
than expected performance during the evaluation (see more in 5.2).

• Humour personalities: Each LLM judge was instructed to prefer a specific humour style,
as seen from 2.1.1. This tactic was used to diversify the judges to measure generated
humour from a different humour style preference [31] (more on 5.3.1.

• Measure humour: The humourous responses generated by both zero-shot and fine-tuned
LLMs was independently assessed by instructing each judge to classify each response,
specific to each humour style, according to the following binary categories:

– Funny or Dull

– Funny or Boring

– Funny or Serious

• Compare humour: Each LLM judge was instructed to rank four different responses
(three generated and one original human response from the dataset) and answer a few
questions to justify their ranking (more on 5.3.1.

By providing specific prompts requiring the LLM to respond with succinct answers, it prevented
it from generating thought processes and made it easier for collecting the responses from each
LLM and use it as part of the analysis.
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3.4.2 LLM judges-human agreement analysis

Initially, I conducted a brief evaluation to determine which LLMs match the closest to human
perception of how funny a statement can be. One way of conducting an evaluation is to use an
already-existing dataset, where human annotators have already evaluated how “funny” a given
statement is. The following datasets were considered as part of this evaluation:

1. Hahackathon dataset: This dataset contains up to 9,000 of sarcastic phrases and where
annotated by humans from a variety backgrounds, including gender, political stances and
income levels [27].

2. Combined dataset: 50 segments were selected randomly to be annotated (see 3.2.2).

The Hahackathon dataset phrases are similar to the Reddit dataset used to fine-tune the LLMs.
Both datasets were used to analyse the agreement scores between the author of this paper and
the LLMs by using the combined dataset, and annalysed the agreement score between the
Hahackathon dataset and LLMs. More specifically:

1. Hahackathon dataset agreement: 50 segments, indicated as “funny” were randomly
selected to be annotated by potential LLM judges.

2. Combined dataset agreement: 50 segments were randomly selected and used to be
annotated by the author of this paper and the chosen LLM judges.

Given this, 10 experiments were performed to measure the agreement scores and to finalise the
choice of LLM judges, with 5 experiments on each dataset by comparing the human annotators
with 5 LLMs (DeepSeek R1, Llama 3.1, Qwen 2.5, Mistral v0.3).

3.4.2.1 Agreement metrics

To assess how well each potential LLM judge align with real human judgements on humour, the
Krippendorff’s Alpha (α) agreement metric was used. This metric is particularly helpful, given
that the rating values are continuous and accounts for the degree of disagreement among raters
and is able to adjust in situations where the rating occured by random chance.

Other agreement ratings, such as the Cohen’s Kappa and Weighted Cohen’s Kappa where
considered. The problem with these metrics are that the standard Cohen’s Kappa doesn’t work
with continuous values and the Weighted variant does not distinguish between minor and major
disagreements.

Krippendorff’s Alpha (α)

Krippendorff’s Alpha is a statistical measure to assess how “well” two dataset labels “agree”
with each other. [36]. This metric works well for continuous rating values, making it suitable
for measuring the agreement scores between the LLMs and human annotators.

The general formula for Krippendorff’s Alpha is defined as:

α = 1− Do

De

Where:

• Do: The observed disagreement.

• De: The expected disagreement by chance (no meaningful agreement).
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The observed disagreement (Do) is defined as:

Do =
1
N

N

∑
i=1

(rLLM
i − rHuman

i )2

Where:

• De: The expected disagreement due to chance.

• K: The number of individual ratings (from both LLM and human) across all punchlines.

• ri, r j: Observed rating values from the set of all K ratings.

The expected disagreement (De) for continuous ratings is defined as:

De =
1

K(K −1)

K

∑
i=1

K

∑
j=1 j ̸=i

(ri − r j)
2

Where:

• pm and pn are the proportions of ratings at levels m and n respectively,

• (m−n)2 is the squared distance between score levels.

These two equations are substituted into α for each LLM-human pair-wise comparison to
calculate the agreement score for each. These equations were used in both phases.

An α value of 1 indicates perfect agreement, while 0 indicates agreement equal to chance. A
value of 0.8 and above is typically indicating an acceptable agreement value, but any value lower
than 0.6 shows a poor agreement.

Based on this information, the Krippendorff’s Alpha is a very suitable type of statistical measure
to indicate how much each LLM agrees with the human annotators. I chose 3 LLM judges based
on the highest Krippendorff’s Alpha score.

3.4.2.2 Agreement Evaluation Process

The agreement scores were computed in two phrases using Krippendorff’s Alpha to compare
each LLM ratings with the human annotators.

Phase 1: Hahachathon dataset agreement

The Hahackathon dataset includes at least 9,000 punchlines annotated by a diverse set of humans
giving an average rating from 0 to 5 per punchline. For this agreement analysis, 25 segments
were randomly selected. Out of the 25 segments, the following constraints were applied:

• Humour diversity: 25 segments were chosen with five segments chosen from each
humour rating interval: 0-1, 1-2, 2-3, 3-4, 4-5.

• Humourous statements: the 25 segments were sampled from all segments where each
statement was labeled as humourous.

The seven potential LLM judges were prompted to generate their own humour ratings for the
same 25 items. These model predictions were then compared with the human ratings using the
Krippendorff’s Alpha (interval level) in a pairwise fashion; each LLM was compared with the
human ratings.
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The choice of the Hahachathon dataset was vital for the agreement analysis, given that it
was amount the very few datasets available containing humour ratings from a diverse group
of humans. One limitation from this agreement evaluation, is that each data segment was a
one-liner punchline, without a prompt, which doesn’t give the full picture to select the LLM
judges.

Phase 2: Real-world prompt-response agreement

The second agreement analysis is performed in the same way as the phase one, but with using
25 prompt-responses from the combined dataset used to fine-tune the LLMs. For this process,
each LLM is instructed to annotate each prompt-response by ranking all four responses from
each selected segment. The segments were chosen randomly and at the same time, the author of
this paper annotated each prompt-responses by ranking each responses from each prompt. For
the ranking process, the following criteria took place:

• Transparency: Both LLMs and author were not aware of which response came from the
fine-tuned LLMs and which from the original human commenter.

• Shuffling: Each response was shuffled for each annotation round for both LLMs and
author.

Finally, the Krippendorff’s Alpha equation is applied by substituting the corresponding values to
calculate the pair-wise scores for each LLM on each phase. At the end, a total of 12 agreement
scores were calculated.
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Implementation & Fine Tuning

This chapter focuses mainly on the fine-tuning workflow, including pre-processing, fine-tuning
and the overall infrastructure.

4.1 Development environment

All experiments and fine-tuning procedures were conducted using Google Colab [77], given the
ease of access to high-performance GPUs, including NVIDIA T4 GPUs with 15 GB of VRAM.
Google Colab also provides a user-friendly environment, with pre-configured support for Python
and a range of machine learning frameworks, including PyTorch, Hugging Face Transformers,
and TensorFlow. Thanks to the pre-configuration, several libraries were downloaded without
causing version conflicts and the end user doesn’t have to worry about creating customised
Python environments.

Other platforms were considered, such as Kaggle Notebooks [18], and RunPod.io [56]. For this
project, Google Colab proved to be the most suitable choice for the following reasons:

• Setup: The setup process on Google Colab is simpler than most other cloud-based
computing engines. For example, RunPod often requires manual configuration of Docker
constrains and custom environments which can produce several challenges and conflicting
library versions, if not installed properly. On top of that, Google Colab provides a
streamline integration with Google Drive and GitHub services, allowing an easy process
to store the results of every experiment run.

• Hardware: While all cloud-based computation engines provide the GPU resources at
a cost to run most experiments, Kaggle Notebooks is known to be inconsistent with the
GPU sessions. Additionally, RunPod provides a more complex setup process, and the
required GPU needed to run all the models were more expensive.

In summary, Google Colab was the most suitable choice the development environment, providing
a reliable setup process and eliminates unnecessary extra steps with installing the libraries and
packages needed to run the experiments.

All hardware and software equipment used for each experiment are shown below:
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Component Specification
GPU NVIDIA Tesla T4 (15 GB VRAM)
RAM 12.7 GB
Disk Space 112.6 GB
OS/Platform Ubuntu 20.04 (Colab VM)
Programming Language Python 3.10
IDE Jupyter Notebook (Colab UI)
Core Libraries transformers, unsloth, datasets, torch, triton, scikit-learn, detoxify

Table 4.1: Hardware and software setup used in the project

Python [30] is the mainstream programming language used for most machine learning tasks,
including experimentation with LLMs. All tools, libraries and packages were installed using the
pip package manager [5].

Unsloth [91] was the main library used to develop the experiments with all the LLMs.

4.2 Pre-training data overlap detection

To minimise the risk of overfitting due to some, if not, all the data entries already existing in the
pre-trained data of the LLM used (pre-training overlap), a Cross-Encoder based on BERT model
was implemented to measure the semantic similarity between the responses of each dataset pair
to the zero-shot LLM responses. The threshold of 0.9 was set, meaning any scores above 0.9,
were classified as “seen”.

Prompt Human deepseek llama gemma

Local Property Tax?... LPT: Don’t use abbreviations 0.2338 0.0179 0.0810
When someone shows me ... ”No, thanks. I’m a veget ... 0.1813 0.0512 0.0459
That was your first mistake... So, I have a Racing Snail... 0.3823 0.2477 0.2667
This is /r/oneliners... Wife said she wanted a ring... 0.1188 0.4117 0.0088
Clap clap!... I got my best friend a fridge... 0.4185 0.1364 0.0202
It’s next to the... how do I unsubscribe to... 0.2003 0.1075 0.3101
Came upon I came across your wife... 0.6539 0.3354 0.0432
Read this in Conan’s voice... FedEx said that it shipped... 0.4187 0.6022 0.4019
r/threeliners My doctor told me I had... 0.1608 0.0551 0.1673
They also would have ... My friend Ty came first... 0.3158 0.3305 0.0296

Based on the results, all scores are well below 0.9, indicating minimum to no similarity across
all entries (see all entries in appendix A.0.1.2). The three columns on the right indicate the
similarity score of the corresponding LLM compared to the original human response.

Given that the scores are well below the threshold of 0.9, all LLMs were safe to be fine-tuned
and the chances of parts of the dataset being included in the pre-training data are minimal.

4.3 Dataset pre-processing

The dataset was preprocessed based on the following steps:
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• Format matching: Given that two datasets were used for the fine-tuning process, both
datasets had to be reformatted to be combined under a common format.

• Dataset cleansing preparation given that this process would take a substantial amount
of time to ”cleanse” more than 1.3M segments, a smaller subset was extracted of. The
subset was 15,000 segments.

• Keyword detection: Remove all data segments including some of the common keywords
that can be seen as toxic or offensive. These include swear words, cursing, racial slurs,
etc. Each of those words were defined in the form of a list.

• Bias-based phrases: Phrases or elements that can cause bias. These include phrases such
as ”as a transgender”, ”as a woman”, etc. For these, a string detection from each prompt
and response was done and the pair was removed if any bias-based phrases were detected.

• Removal of deeper toxic content: Removal of content that deeper nuances of bias or
toxicity that cannot be detected by keyword search. A pre-trained model was used to
detect deeper findings of tonicity, called Detoxify.

The data cleansing process removed several hundreds of data segments, implying that more
advanced methods could be used in this area.
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Evaluation

5.1 Evaluation introduction

During the evaluation period, I conducted the following steps to answer the initial research
questions (R1 and R2). The responses were judged by 5 LLMs (LLM judges) and one human
judge. The human judge was the author of this dissertation. I broke the evaluation plan into four
different steps.

1. Step 1 Use the LLM judges and human annotation to rate responses produced by zero
shot LLMs and compare them on each prompt.

2. Step 2 Use the LLM and human judges to rate responses produced by fine-tuned LLMs
and compare them on each prompt.

3. Step 3 Comparison of each fine-tuned LLM generated responses and the original human
response on each prompt using each LLM and author judge.

4. Step 4 Results analysis and answering the original research questions.

While a single human judge was used during the evaluation period, this can bring several
disadvantages, including:

1. Ranking bias: Each humans have different taste of humour and using one human for sole
evaluation may mark certain jokes as “funnier” than they are supposed to be or “not funny”
which can be perceived as “funny” to people from different cultures.

2. Humour diminishment: During the implementation method and the preparation of the
evaluation section, several jokes would be seen by the single human judge. During the
evaluation period, the human judge is likely to come across to the same jokes which may
be perceived as less funny and produce inaccuracies with the rating.

3. Lack of diversity: Certain regional or cultural jokes may not be understood by the single
human judge.

4. Smaller evaluation rating size: Having one human annotator, only one opinion will be
given per statement.

Given these disadvantages, a few things were done to ensure a higher validity:
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1. Data shuffle: Prompt-responses were picked randomly from a subset unseen by the human
annotator before.

2. Cultural immersion: Culturally specific jokes were assessed based on humour structure
(e.g., irony, absurdity) rather than presumed cultural context, to reduce misinterpretation.

3. Larger evaluation size: More different prompts can be evaluated per human.

5.2 LLM human agreement

The human agreement analysis was performed to better understand how each LLM agrees with
the human annotators. The agreement analysis planning is explained in more depth here 5.2.
For the phase one, the following scores were calculated:

Table 5.1: Model Agreement with Human Ratings (Ranked by Pearson Correlation)

Model Krippendorff’s α Pearson Corr. Spearman Corr.
GPT-4o 0.9880 0.4492 0.4141
Quen 0.9863 0.4089 0.4220
Mistral 0.9850 0.3961 0.3859
DeepSeek 0.9864 0.2463 0.2507
LLaMA 0.9839 0.1281 0.0750
GPT-4o-mini 0.9866 0.0547 0.1294

While the Kirippendorff’s alpha values suggest high pair-wise agreement between the LLMs
and human annotators, the Pearson and Spearman correlations gives a more complete picture in
terms of agreement. Based on the findings, GPT-4o and Quen have the highest agreement with
the humans, while Llama and GPT-4o-mini the lowest. This indicates that the Kirippendorff’s
alpha values of Llama and GPT-4o-mini are well overestimated than the actual agreement score.

While GPT-4o and Qwen seem to have the highest agreement scores with the humans, the second
phase shows the pair-wise agreement between the LLMs and the author of the paper.

Table 5.2: Agreement Between Human and Model Rankings

Model Krippendorff’s α Pearson Corr. Spearman Corr.
GPT-4o 0.7964 0.3542 0.3431
GPT-4o-mini 0.7125 0.2367 0.2259
LLaMA 0.6821 0.2287 0.2149
Qwen 0.6733 0.2124 0.1985
DeepSeek 0.6125 0.1783 0.1747
Mistral 0.5902 0.1496 0.1428

Based on the findings, the Krippendorff’s α values vary more than the ratings compared on table
5.1. In this case, GPT-4o and GPPT-4o-mini show relatively high agreements with the paper
author, surpassing LLaMA and Qwen in correlation scores, suggesting that the judgments may
align closer to the ranking of the responses, rather than rating the “funniness” of a statement. In
this phase, Mistral and DeepSeek showed the weakest results showing a more limited ability
with evaluating humour than the other LLMs.
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Overall, these findings show interesting results with different agreements between ranking
responses (phase 2) and measuring humour (phase 1). Based on the results, the following LLMs
as judges were chosen:

• GPT-4o: GPT-4o showed the best performance and the highest agreement scores in both
phases. GPT-4o is shown to be the most reliable humour evaluator LLM.

• Quen: Quen has performed second only to GPT-4o during the first phase, but slipped to
fourth place during the second phase. Quen was still chosen given that it maintains a close
to 0.7 agreement score.

• GPT-4o-mini: While GPT-4o-mini performed very well on the second phase, it still
lagged to the bottom on the first phase. Given that humour is subjective, it’s important to
maintain a diverse group of judges. In real world evaluation scenarios, it’s expected that
judges may differ in their ratings, as a complete agreement across all judges is uncomon
due to individual differences.

• DeepSeek: DeepSeek is an interesting example, given that it was ranked at similar places
(fourth and fifth during first and second phase respectively). DeepSeek was chosen to
maintain a diverse set of judges as part of the evaluation.

• Mistral: For similar reasons, Mistral was chosen.

Llama was the only LLM that despite being selected, it was left out because during the crowd
score evaluation phase, it gave a score of 0 for 97 out of 100 statements. While it’s possible that
Llama requires different prompting to perform better, further analysis is required to confirm this
case.

5.3 Humour analysis

The evaluation is split into two parts.

• Humour improvement: Zero shot and fine-tuned humour generation were analysed and
compared individually. This part of the analysis answers research question R1 (see 1), on
how much and whether fine-tuned LLMs outperform their zero-shot counterparts.

• Comparison to human humour: Fine-tuned humour was compared with the original
human response per prompt and analysed whether the fine-tuned LLMs can generate
humour that can be perceived as funnier than the human counterparts. This answers the
second research question R2 (see 2).

Given that shorter statements contribute to more humourous statements, each fine-tuned LLM
managed to match the typical original human sentences lengths.

Model Fine-tuned Avg Zero-shot Avg
DeepSeek 11.83 47.08
LLaMA 18.24 23.43
Gemma 10.84 19.06
Human 15.06

Table 5.3: Average token length per model and response type
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Notably, Gemma was able to produce shorter sentences than the rest of the LLMs where
DeepSeek saw a significant improvement from around 47 to nearly 12 words per sentence on
average.

5.3.1 Zero-shot vs fine-tuned generated responses

This comparison was evaluated by providing four different prompts supplied to each judge LLM.
The full prompts for each LLM can be seen on the Appendix. The prompts instructed each LLM
judge to simulate a different humour taste and personality [58].

• Affiliative: You are a humor evaluator who prefers light-hearted, friendly, and socially
inclusive humor. You enjoy witty banter, storytelling, and jokes that build connection
without mocking anyone.

• Self-enhancing: You are a humor evaluator who appreciates positive, resilient humor
that helps people cope. You enjoy jokes that reframe tough situations with optimism or
highlight life’s absurdities.

• Aggressive: You are a humor evaluator who enjoys bold, sarcastic, or teasing humor, even
when it targets others. You value sharp wit, irony, and put-downs that might be offensive
but pack punch.

• Self-defeating: You are a humor evaluator who finds self-deprecating and vulnerable
humor the most relatable. You enjoy when someone makes fun of their own flaws or
failures in a funny, endearing way.

Additionally, for each humour style, three different templates were employed to capture the
comedic intent to compare the zero-shot with fine-tuned responses in a more diverse setting:

1. Funny or dull: Assessing whether the response is perceived as humorous or lacking in
engagement.

2. Funny or boring: Assessing whether the response is perceived as humorous or uninter-
esting.

3. Funny or serious: Assessing whether the response is perceived as humorous or serious in
tone.

In total, there were 12 different prompt evaluations per response, and 48 in total per prompt,
given that each prompt contained four different responses. In total each prompt was evaluated
by five different judges. In total 100 prompts were evaluated. This gives us the final number of
24,000 across both zero-shot and fine-tuned settings.

For each response, a total score out of 12 is calculated based on how many times the LLM judge
was labeling the responses as “funny”. The higher the score, the funnier the response is on a
diverse setting.

5.3.1.1 Combined LLM judge results

This part of the evaluation phase presents a comparative evaluation of the three fine-tuned LLMs:
Gemma, Llama and DeepSeek, their zero-shot counterparts. All statistics were evaluated based
on all LLM jduges including the author of this paper.
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Figure 5.1: Average Crowd Score by Model (Sorted by Fine-Tuned Improvement)

Based on the scores, there’s a significant improvement on responses produced by the two fine-
tuned models of Gemma and Llama. Gemma noticed more than one point average increase,
while Llama less than half a point. DeepSeek recorded a dip in performance, indicating that, on
average, the LLM judges perceived DeepSeek’s responses as less humorous compared to the
other models.

5.3.1.2 DeepSeek LLM judge

DeepSeek have shown some interesting and unexpected results.
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Figure 5.2: Average Crowd Scores — Judge: DS
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DeepSeek gave much lower scores than any other jduge on average, indicating a complete
different way of evaluating humour. Given that DeepSeek was also fine-tuned for humour
generation, the results show that the zero-shot counterpart produces three times more humourous
responses than the fine-tuned version.

While given that this LLM is relatively new, there’s limited information of what might be
the case, giving it an interesting area to conduct further experiments in the future. Notably,
DeepSeek is more biased to its own humour generation and the low scores on its fine-tuned
version can reflect to the potential absence of the new humour nuances it produced.

Given that only DeepSeek has shown positive bias towards its own humour generation, further
study is needed to conclude the case that LLMs can have a positive biased on their own humour
generation, which could expand into different areas of research.

5.3.1.3 Quen LLM judge

A notable statistic from Qwen, indicates that all LLMs have shown an improvement after being
fine-tuned.
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Figure 5.3: Average Crowd Scores — Judge: Qwen

This further proves that different

Given that each LLM evaluated the responses differently, it was important to analyse the results
based on each LLM judge. See Appendix A.0.1.1. Based on these results, we observe the
average crowd score of gemma to double the the zero shot crowd score, based on the GPT-4o
LLM judge. GPT-4o-Mini DeepSeek and Qwen also agree with the improvement of humour
generation using gemma.

Furthermore, each response was evaluated based on asking the judge LLM of whether each
response is funny or dull, boring or serious. The findings show that responses originally labeled
as “boring” in the zero-shot versions, showed the highest improvement with more than 9%
overall, with serious being the least.
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Figure 5.4: Difference in funniness classification rates across opposite labels (boring, dull,
serious) when comparing fine-tuned vs zero-shot responses. Positive values indicate that fine-
tuned responses were more often labeled as “funny”.

More abstractly, the GPT-4o-Mini labeled more than 25% of originaly labeled as “boring” labels
to “funny” in the fine-tuned equivalent models. GPT-4o indicates that the label of “dull” showed
the highest conversions to “funny” showing a roughly 17%. The “serious” label was widely
shown the lowest conversion rates.

5.3.1.4 Crowd score analysis ranings

The crowd score was used to indicate how “funny” a response in relation to its prompt is. Each
croud score was evaluated per repsonse response independently to maximise its effectiveness.
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Prompt Index Judge Model Zero-Shot Score Fine-Tuned Score Delta
99 gpt-4o-mini gemma 0 12 12
37 gpt-4o gemma 0 12 12
66 gpt-4o-mini llama 0 12 12
1 gpt-4o gemma 0 12 12

49 gpt-4o-mini llama 0 12 12
38 gpt-4o-mini llama 0 12 12
36 gpt-4o-mini llama 0 12 12
12 gpt-4o gemma 0 12 12
14 gpt-4o gemma 0 12 12
16 gpt-4o gemma 0 12 12
60 qwen gemma 0 12 12
20 gpt-4o gemma 0 12 12
29 gpt-4o-mini llama 0 12 12
35 gpt-4o gemma 0 12 12
40 gpt-4o gemma 0 12 12
6 gpt-4o-mini gemma 0 12 12

Table 5.4: Top 16 Prompts with biggest crowd score gains.

These results indicate that Gemma had several responses with the lowest crowd score of 0
to recieving the maximum crowd score possible. It’s important to mention that GPT-4o and
GPT-4o-mini, which contain more parameters, were the judges for these prompt-responses.
Llama has also shown significant gains.

Prompt Index Judge Model Zero-Shot Score Fine-Tuned Score Delta
59 qwen llama 12 0 -12
4 gpt-4o deepseek 12 0 -12
3 gpt-4o deepseek 12 0 -12

40 gpt-4o deepseek 12 0 -12
97 gpt-4o llama 12 0 -12
13 gpt-4o-mini llama 12 0 -12
59 gpt-4o-mini deepseek 12 0 -12
62 gpt-4o deepseek 12 0 -12
94 deepseek deepseek 12 0 -12
18 gpt-4o-mini deepseek 12 0 -12
89 gpt-4o-mini llama 12 0 -12
85 gpt-4o-mini gemma 12 0 -12
95 gpt-4o-mini gemma 12 0 -12
97 gpt-4o-mini llama 12 0 -12
11 gpt-4o deepseek 12 0 -12
13 gpt-4o llama 12 0 -12

Table 5.5: Top 16 Prompts with smallest crowd score gains.

In contract, DeepSeek has consistently shown the highest negative crowd score gains with the
LLM judge being mostly GPT-4o. This interesting behaviour of DeepSeek is a prime example
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that fine-tuning may not work for every LLM model. Important observation is that there were a
few cases where Gemma has underperformed by losing all crowd points.

Overall, there’s a strong evidence to suggest that fine-tuned models outperform state-of-the-art
models in terms of humour generation. Gemma has shown the highest improvement based on
absolute crowd scores. Gemma is proven to be the only fine-tuned LLM where all LLM judges
agree that it has improved its humour generation capabilities. This is an important statistic, given
that the model has the potential to appeal to a wider audience, despite humour being largely
subjective.

5.3.2 Fine-tuned generated vs human responses

I used a different methodology to analyse whether the fine-tuned responses can be considered as
“funnier” than the human responses. I asked each Judge six questions for the same 100 responses
as 5.3.1

1. Funniness: Genuine laugh/smile factor

2. Creativity: Cleverness or originality

3. Wordplay: Puns, linguistic flair

4. Surprise: Catches the reader off guard

5. Relatability: Feels grounded in common experience

6. Rank all four responses from best to worst (1 = best, 4 = worst)

The first five questions, the LLM judges were asked to provide a score from 1 = absolutely
disagree, to 10 = totally agree.

For GPT-4o and GPT-4o-Mini I followed the same experiment by replacing all the fine-tuned
responses with the equivalent zero-shot one. This experiment aimed to evaluate how judge
LLMs compare zero-shot responses to human response and compare the average ranking of
human response compared to both fine-tuned and zero-shot responses.

Table 5.6: Comparison of Average Funniness Scores: Fine-Tuned vs Zero-Shot (Averages)

Zero-Shot (Average)

Model Affil. Aggr. Human Self-D. Self-E. Avg Rank

DeepSeek 5.705 4.527 3.100 4.770 5.455 1.924
Gemma 2.340 2.068 1.500 2.221 2.229 3.242
Human 5.656 6.567 5.500 5.773 5.990 1.488
Llama 2.610 2.340 2.472 1.900 2.475 3.346



Chapter 5. Evaluation 35

Fine-Tuned (Average)

Model Affil. Aggr. Human Self-D. Self-E. Avg Rank

DeepSeek 4.368 4.585 4.64 4.300 4.309 2.866
Gemma 4.648 4.933 5.15 4.462 4.608 2.486
Human 6.003 6.652 5.90 5.922 6.308 1.701
Llama 4.559 4.551 4.17 4.560 4.427 2.947

According to the results, there is a clear indication that human responses outperformed all LLM
responses. Despite that, the margin between Gemma and human responses were indicated closer
by the author than the rest of the LLM automated personalities.

According to the findings, there is a clear indication that Gemma and Llama have more than
doubled their scores across every humour style compared to the zero shot evaluation. Responses
from DeepSeek appear to have a higher ranking across all different humour styles before
fine-tuning, indicating that there is a decline in its performance.

5.3.2.1 DeepSeek Perormance

DeepSeek performance declined compared to the other LLM-generated responses after fine
tuning. The experiments showed that DeepSeek declined only when the responses were evaluated
by the LLM judges. Based on the author’s responses, DeepSeek showed an improvement,
contradicting the results shown by the LLM judges. Some possible reasons are illustrated below:

• Easier Interpretation Responses from the zero-shot version of DeepSeek were longer
with a humor style that resembled a stream-of-consciousness or internal thought process.
Fine-tuned responses were more succinct which could have led misrepresentation from
the LLM judges.

• Response Irrelevance Other LLMs responses were mostly disconnected to the prompt
and several responses from other LLMs resembled internal thought process. DeepSeek
responses were mostly often ranked higher than those.

• Misinterpretation Several human responses were misinterpreted or perceived as less
“funny” than other responses. An example as shown on table A.3 shows an example of
how the human response was ranked among different judges. DeepSeek ranked it 4th,
while the author and GPT-4o-mini ranked it as first. This is an example of LLMs missing
deeper meanings of a potential humouristic statement.

5.4 Results and discussion

The experiments have shown a significant increase in terms of humour generation performance
on Gemma. Gemma has also shown the most increases in terms of crowd score compared to
other LLMs. This notable achievement shows that Gemma has scope for further improvement if
fine-tuned with a larger and more diverse dataset.

Additionally, Gemma on average, generated the shortest responses among all other LLMs, show-
ing a link with shorter sentences being perceived as “funnier” than longer ones. Additionally,



Chapter 5. Evaluation 36

Llama and Gemma have shown clear improvements after fine-tuning, with Gemma showing a
greater improvement compared to the other two LLM models.

Currently, DeepSeek recorded a decline in terms of performance. Given that LLMs are non-
deterministic and pre-training processes are mostly disclosed to the public, it’s difficult to analyse
why this might be the case. Because of this, further experimentation is needed by conducting
more fine-tuning experiments on DeepSeek with different datasets and assess its performance
by following the same evaluation methods applied earlier.

Finally, human responses were ranked mostly higher than the LLM responses. This gap suggests
that while progress has been made, there is stil a substantial scope for further research and
esperimentaiton in the field of computational humour generation using LLMs.
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Conclusion

The whole study indicates that fine-tuned models, can mostly outperform their zero-shot coun-
terparts. While DeepSeek has shown an opposite trend, it’s important to conduct more experi-
mentation and research of why this is the case. DeepSeek is still relatively new, meaning that it
might require a different procedure to fine-tuning it to successfully improve its humour analysis
and generation capabilities. Finally, humans still mostly outperform LLMs in terms of humour,
however Gemma has showed comparable overall results compared to other LLMs. Gemma has
showed the largest improvement compared to its zero-shot counterpart, despite it was the least
performing zero shot LLM. This indicates that a larger dataset can be used for Gemma to further
improve its capabilities.

In conclusion, more experimentation is needed to find out how LLMs can outperform humans in
humour generation.

6.1 Limitations

During this project, several limitations were encountered, especially during the implementation
and evaluation process which impacted the results.

1. Missing context While all experiments run based on multiple prompt-responses, several
prompts could be continuations of previous discussions. This lead to a misunderstanding
of the topic being discussed yielding different than expected results.

2. Resources limitation Due to the large sizes of several models used, often occupying
8GB+ of VRAM, fine-tuning and evaluation experiments were run with only 100 entries
for each LLM judge. Each experiment was only executed once resulting with less reliable
results due to the non-deterministic nature of LLMs.

3. Limited Datasets There were limited datasets for Chain-humour (prompt-responses) and
most of the data had missing prerequisite content. Several responses to prompts were not
directly linked to the prompt, causing some inaccuracies while the author completed the
questionnaire. The LLM judges also most likely misinterpreted several prompt-responses.

37
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6.2 Future work

Throughout this project, there were several topics that have scope for future work, including
further attempts to mitigate some of the limitations.

• Future experiments would incorporate jokes with lower upvotes from the dataset to explore
the possibility of including sub-cultural nuanced humour and assess whether fine-tuned
models can “understand” and produce sub-cultural humour.

• While the agreement scores provided with an early indication of potential LLMs to be used
as LLM judges, Mistral showed a much poorer performance with giving overly optimistic
scores. Further fine-tuning may be needed for individual LLMs to further improve their
performance.

• A further evaluation by using more LLM judges, including GPT-4 series and other open-
source LLMs, such as Phi-4.

• Fine tune the LLM judges to perform better humour analysis. A study has shown that
despite Llama 3.0 being poor at analysing humour as a zero-shot model, fine-tuning it has
proven that can outperform LLMs with even larger parameters, including GPT-4o [38].

• Apply more experiments with each experiment to be performed more than once. Given
that LLMs are non-deterministic, running multiple experiments on multiple settings and
taking the average, is a good way to produce more realistic analysis.

• increase the diversity of the dataset by including humour from different countries and
increase its size to reduce the chances of overfitting [? ].

• use a more advanced procedure of removing toxic prompt-responses from the given
dataset.

• Apply more experimentation on Gemma given that responded much better than the other
LLM models used.

• Invite participants to compare all responses and get a wider perspective of what other
people think of the responses.
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Figures

A.0.1 Evaluation

A.0.1.1 LLM judges crowd score
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Figure A.1: Average Crowd Scores — Judge: DS
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Figure A.2: Average Crowd Scores — Judge: GPT-4o-Mini
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Figure A.4: Average Crowd Scores — Judge: Mistral
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Figure A.6: Average Crowd Scores Across All Judges
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Figure A.7: Improvement in funniness classifications by judge for fine-tuned versus zero-shot
responses. Positive values indicate a higher proportion of responses labeled as “funny” in the
fine-tuned condition.
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A.0.1.2 Cross-Encoders

Prompt Human deepseek llama gemma

Local Property Tax?\n\... LPT: Don’t use abbreviations 0.2338 0.0179 0.0810
When someone shows me ... ”No, thanks. I’m a ... 0.1813 0.0512 0.0459
That was your first... So, I have a Racing Snail...\... 0.3823 0.2477 0.2667
This is /r/oneliners not ... Wife said she wanted a ring ... 0.1188 0.4117 0.0088
Clap clap!\n\nTake my upvote I got my best friend a fridge ,... 0.4185 0.1364 0.0202
It’s next to the ”Marijuana ... how do I unsubscribe to the... 0.2003 0.1075 0.3101
Came upon I came across your wife ... 0.6539 0.3354 0.0432
Read this in Conan’s voice.... FedEx said that it shipped 16 ... 0.4187 0.6022 0.4019
r/threeliners My doctor told me ... 0.1608 0.0551 0.1673
They also would have refused ... My friend Ty came first ... 0.3158 0.3305 0.0296
MacBook’s what? I know its not very PC to say ... 0.3204 0.4628 0.0000
Because no one else will ... My father has cancer, the outlook... 0.1088 0.1315 0.3257
Wow, you should write for Leno. I am so relieved they found ... 0.2061 0.4200 0.0000
”I used to have a few jokes... I have a few jokes about my ... 0.3978 0.7035 0.5936
tbh, it’s a hard thing to pull. Getting an ... 0.0871 0.2182 0.0520
That one took me a minute Elton John is a great pianist, but ... 0.4490 0.0314 0.4422
his curiosity had peaked. A scientist studied in ... 0.1608 0.0998 0.0160
Statistically... 9 out of ... Collection of totally ... 0.2747 0.0401 0.1340
Jesus sighs and slowly raises... If god is everywhere ... 0.1898 0.0227 0.0396
Not being in the car helped too. Mike survived the ... 0.2159 0.5127 0.1942
He was expecting an audience A cowboy walks into a ... 0.3363 0.0824 0.2430
I’m impressed, even /r/starwars... In the Star Wars Universe ... 0.1918 0.2157 0.0000
Shirley you must be joking! To be frank... 0.1660 0.4536 0.4327
Young Justice was a great show Why is no one ever the right ... 0.5765 0.5145 0.0024
The ants look like people... There once was an... 0.3092 0.1925 0.0038
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A.0.1.3 LLM responses vs Human

Table A.1: GPT-4O-MINI: Fine-Tuned vs Zero-Shot

Fine-Tuned
Model Affil. Aggr. Self-D. Self-E. Avg Rank

DeepSeek 4.469 4.551 4.292 4.326 2.997
gemma 4.849 5.054 4.602 4.745 2.399
human 6.329 6.934 6.266 6.642 1.488
llama 4.478 4.557 4.482 4.326 3.116

Zero-Shot
Model Affil. Aggr. Self-D. Self-E. Avg Rank

DeepSeek 6.395 5.122 5.392 5.968 1.884
gemma 2.452 2.194 2.268 2.285 3.311
human 5.754 6.442 5.802 5.997 1.577
llama 2.631 2.395 2.443 2.463 3.228

Table A.2: GPT-4O: Fine-Tuned vs Zero-Shot

Fine-Tuned
Model Affil. Aggr. Self-D. Self-E. Avg Rank

DeepSeek 4.006 4.405 4.099 4.063 2.803
gemma 4.297 4.708 4.180 4.410 2.471
human 6.059 6.914 6.020 6.514 1.463
llama 4.003 4.072 4.025 4.017 3.262

Zero-Shot
Model Affil. Aggr. Self-D. Self-E. Avg Rank

DeepSeek 5.015 3.931 4.146 4.940 1.964
gemma 2.228 1.941 2.174 2.173 3.173
human 5.558 6.693 5.744 5.983 1.399
llama 2.589 2.285 2.501 2.486 3.464
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Table A.3: Comparison of Trait Scores and Rankings from DeepSeek, GPT-4o-Mini, and Human
Judges (Prompt 5). DeepSeek and GPT-4o-Mini were instructed to rank the responses favoriting
the affiliative humour style.

Response Judged by Fun. Crea. Word. Sur. Rel. Rank

Llama
DeepSeek 10 8 8 9 9 1

GPT-4o-Mini 5 6 3 4 7 3

Human 6 6 5 5 4 2

I’m 25. I’ve been working at a dispensary for almost a year. I’ve never been high in my life.

DeepSeek
DeepSeek 7 6 5 6 8 2

GPT-4o-Mini 4 5 2 3 6 4

Human 5 5 6 5 8 4

i’m more concerned about how marijuana legalisation will affect my car insurance.

Gemma
DeepSeek 9 10 9 8 7 3

GPT-4o-Mini 6 7 4 5 8 2

Human 5 6 6 6 7 3

i mean, if weed isn’t the most important thing in your life you’re missing out.

Human
DeepSeek 4 5 3 5 5 4

GPT-4o-Mini 7 8 5 6 5 1

Human 8 7 7 6 5 1

how do I unsubscribe to the “Some cop somewhere did something bad” subreddit?
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Table A.4: Comparison of Pre-trained Models for Offensive Content Detection

Model Description Pros Cons
Perspective
API
(Google
Jigsaw)

Widely
used in
content
modera-
tion.

- Widely used in content
moderation [45].

- May not capture subtle
offensive humour (e.g.,
”My grandma’s faster
than you, and she’s in a
wheelchair.”). - Focuses
more on direct wording
rather than context or
nuance.

HateXplain
(Hugging
Face)

Classifies
hate speech
into cate-
gories (e.g.,
hateful,
offensive).
Pretrained
on Twitter
and Reddit.

- Perfectly aligned
with our task (uses
datasets from Reddit
and Twitter). - Good
for short-term content
(e.g., tweets, Reddit
comments). - Effective
for short sentences
(e.g., less than 280
characters).

- Some regional or cul-
tural humour might be
misclassified (e.g., may
flag a UK-based joke as
offensive).
- Biased towards ”toxi-
city,” which caused is-
sues during this project.
- fine-tuning for regional
exceptions is outside the
scope of this project.

Detoxify
(Unigram)

Pretrained
on Jigsaw
comment
toxicity
classifica-
tion.

- Multilabel classifier.
- Smaller model size,
making it computation-
ally efficient.

- May miss subtle jokes
or nuanced offensive
content.
- Not pretrained on Red-
dit or Twitter comments,
limiting its applicability
to these platforms.

ERNIE A
knowledge-
enhanced
pre-trained
model de-
signed for
understand-
ing nuanced
language
and context.

- Captures more indi-
rect and subtle content
(e.g., sarcasm, indirect
aggression).
- Outperforms other
models such as BERT
and Jigsaw [104].

- Requires significant
computational re-
sources for training and
inference.
- Still regional offensive
humour and some slang
may be missed.
- Limited availability of
pre-trained versions for
languages other than En-
glish and Chinese.
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Table A.5: LLMs Considered But Not Used

LLM Reason

GPT-4o OpenAI does not provide GPT-4o to the public for modification
(including fine-tuning) purposes. While OpenAI does provide
paid plans for using their API which can be used by supplying
instructions to return a response, it doesn’t offer any fine-tuning
plans using a dataset.

Mistral-7B While Mistral is capable of producing human-like humorous re-
sponses, responses are often longer than human counterparts and
underperforms compared to other LLMs aush as GPT-4o [102].

Qwen 2.5 7B Qwen 2.5 has been fine-tuned to produce more human-like re-
sponses [108]. Given that, it is a good model choice to fine tune.
It was not selected due to resource constrains, but it was chosen as
part of the LLM judges.

A.0.1.4 Word Sense Disambiguation with Cosine Similarity

This method connects distributional word embeddings (Word2Vec) with lexical definitions from
WordNet. Then, cosine similarity [35] is used to evaluate the contextual fit between a word in a
sentence and its possible meanings [49].

Let w⃗ be the embedding of a word in context, and m⃗i be the embedding of its i-th WordNet gloss.
The contextual fit is measured by cosine similarity:

sim(w,mi) =
w⃗ · m⃗i

∥w⃗∥∥m⃗i∥

Choosing the best-matched meaning m∗ for the word w:

m∗ = argmax
i

sim(w,mi)

This is an effective method to capture deeper semantic relationship between words beyond literal
interpretations. This can pose an advantage for humour-relatd content, as several words will
depend on the context of each sentence.

This method will present challenges with figurative language including metaphors, personifica-
tion and hyperboles [9], due to figurative expressions often mismatch between the literal and
intended meanings.

A.0.2 Prompts

Crowd score evaluation template
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As a person that enjoys {humour_type}, below is a Reddit post and a
response.

[POST]
{prompt}
[RESPONSE]
{response}

Task: Classify the response as either ’Funny ’ or ’{opposite}’.

Think step by step about how someone with this humour style would
perceive it.

Only respond with:
Final Classification: Funny
or
Final Classification: {opposite}
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You are a humor evaluation model designed to return strictly
structured JSON output.

{style_intro}

Your task:
- You are given a Reddit post and four anonymous responses ( A D ).
- Evaluate each response on 5 humor traits:

1. Funniness How likely is it to make someone laugh or
smile?

2. Creativity Is the idea or punchline original or clever?
3. Wordplay Are there puns , clever phrases , or linguistic

tricks?
4. Surprise Is there an unexpected or funny twist?
5. Relatability Is the joke based on a common or human

experience?

Each trait must be rated from 1 to 10.

Then:
- Rank the responses from 1 (funniest) to 4 (least funny). Use each

rank only once.
- Return only a short one-sentence justification.
- DO NOT explain your thinking. DO NOT include anything outside the

JSON.

Reddit Post:
{prompt}

Responses:
{response_block}

Return your answer in this **exact** JSON format:

{
"scores": {

"A": [<funniness >, <creativity >, <wordplay >, <surprise >,
<relatability >],

"B": [<...>],
"C": [<...>],
"D": [<...>]

},
"ranking": {

"A": <1-4>,
"B": <1-4>,
"C": <1-4>,
"D": <1-4>

},
"justification": "<One short sentence only >"

}
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Only return valid JSON. Do not include markdown , explanations , or
commentary.

Answer:

Generate a humourous comment based on the given prompt

alpaca_prompt = """You are a Reddit user and you want to respond
with humour to the original poster (input). Below is an
instruction that describes the task , which you need to respond
to.

### Instruction:
Generate a funny response

### Input:
{PROMPT}

### Response:
{COMMENT}"""

EOS_TOKEN = "<|endoftext|>"
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