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Abstract

This study investigates the integration of LLMs into Audience Participation
Games to mediate collaborative storytelling on Twitch, addressing the lack of
frameworks for equitable multi-user prompting. A mixed-methods approach
is used to evaluate the LLM as a game agent and record the user experience.
This approach combines qualitative interviews, game expereince questionnaire
surveys, and exact match analysis. This process is supposed to provide in-
sights that contribute to a better understanding of the user experience when
LLMs/GPTs are integrated into gaming contexts. The findings indicate that,
while the used LLM (Qwq) effectively merged numerous inputs into a cohesive
narrative, it exhibited an "early-input bias," preferring initial contributions
and thereby compromising inclusivity in later turns. This resulted in a de-
crease of more than 50 percent in the EM score by the fifth turn. Participants
reported moderate engagement and low perceived competence, suggesting defi-
ciencies in user experience design concerning visibility and feedback. Positively
there was next to no tension and frustrations recorded. Mutual influence while
prompting the LLM to create the narrative received moderate ratings, indi-
cating a moderate impact. Additionally, the LLM’s adherence to more than
human perspectives was noted as inconsistent with anthropocentric framing
appearing in a few occasions. However, humor increased enjoyment and was
partially successful combined with critiques of human ecological impact. Over-
all, the study is able to contribute to human-Al collaboration in multi-user
contexts, but the LLM instructed as a game agent is not able to fulfill the
task sufficiently all the time. Due to limitations such as small sample sizes
and reliance on prompts to facilitate the agent, the thesis explores more the
feasibility of creating narrations with users remotely providing multiple inputs
in a prompt.
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Chapter 1

Introduction

This chapter provides a concise summary of the work. It begins by discussing
the scope and motivations before outlining the research targets and contribu-
tions. The chapter concludes with a description of the work’s structure.

1.1 Introduction

In just a few years, large language models (LLMs) have evolved from experi-
mental technology to everyday productivity tools. Noy and Zhang published
recently that ChatGPT reduces the time spent on work by 37% and improves
the quality of results by an average of 18%. However, we're still only scratching
the surface of a fundamental shift in how we work, hire, learn, and create value.
It isn’t human vs. machine — it’s human + artificial intelligence (AI) teams
solving problems on an unprecedented scale [Pawat, 2025]. Interacting with
LLMs involves prompting. A prompt is an input to a generative AI model that
guides its output [Hadi et al., 2023, White et al., 2023|. Prompts may consist
of text, images, sounds, or other media. Some examples of prompts include:
"Find me relevant research articles to the topic of multi-prompt" or providing
an image with the instruction "describe the objects identified on this image",
or a recording of a interview accompanied by the text "please summarize the
following audio file".

But what if various inputs, opinions, or ideas are combined into one query to
prompt a LLM? Examples of possible use cases are: Citizens submit thoughts
on a policy, and the system fuses them into a coherent issue brief or rec-
ommendation. This could support models like digital town halls. Multiple
experts or users brainstorm ideas, which the model then refines and clusters
into concepts, pros and cons, or next steps, thus facilitating creative ideation
processes. When the LLM is instructed and used not just as a solo tool but as
a synthesis engine for group cognition, the model becomes a mediator or facil-
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itator. Benefits lie in leveraging Al to augment brainstorming sessions, study
groups, and informal debates among people and increasing the interactivity
and enjoyment of various forms of digital media and communication, such as
debates, role-playing, and Al-driven storytelling. In the context of this thesis,
multi-prompt is understood as multi-user prompt fusion. Diverse inputs from
multiple users, such as questions, opinions, goals, and constraints, are aggre-
gated, possibly reframed, and contextualized under the usage of LLM agents
into a single meta-prompt or structured input for a LLM or specialized agent.
LLMs have demonstrated impressive capabilities in diverse domains, showcas-
ing their proficiency in natural language comprehension, extensive knowledge
of the world, and sophisticated reasoning abilities. These models have been
examined in various contexts, with recent research showcasing their utility in a
wide range of applications, including single-agent planners and assistants and
particular interesting for this thesis purpose as game agents (GAs) [Hu et al.,
2024a, Shao et al., 2023].

This thesis introduces an application space and interface that allows multiple
users to simultaneously prompt a LLM. This environment is then used to play
a round of LoGA, a participatory, posthumanism-inspired, contextualized sto-
rytelling game situated on Madeira Island, live-streamed on Twitch. Viewers
are invited to participate in creating the narrative by sharing their creative
input with the LLM empowered GA through the Twitch chat.

This study is additionally anchored in the Interactive Technologies Institute’s
broader objective of committing to environmental preservation initiatives. These
initiatives are based on the Institute’s core motivation: designing innovative
interactive systems and services that harmonize the relationships between hu-
mans, non-humans, and digital technologies, as demonstrated by the game
LoGa. These goals closely align with the United Nations’ Sustainable Devel-
opment Goals and other initiatives (United Nations, 2023).

1.2 Motivation

Two driving forces motivated this research and study. The experiences and
observations made while following a stream on Twitch with a LLM provid-
ing a source of engagement and novelty and seeing how the divers crowd of
people in the chat used this interaction to become creative in the framework
provided by the streamer. Secondly, there is a need for more scientific work
on facilitating multiple user inputs in a single prompt. This could improve
interactions with Al for group chat functions and open new opportunities,
especially for collaborative, participatory, or consensus-driven systems. By
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dealing with multiple prompts and synthesizing diverse inputs, an additional
step towards artificial general intelligence (AGI)-one of this century’s goals
could be made. To contribute in this gap is one of the core motivations of this
work, examining prompt aggregation and the user experience with a state of
the art LLM applied in the described context. Additional contributing factors
are: Using Twitch as a testing environment to simulate user tests with LLMs,
applying LLMs to audience participation games, and providing engaging expe-
riences with educational backgrounds and storytelling mechanics. This thesis
therefore evaluates such a scenario analyzing user experience and performance
with multiple metrics trying to answer the following research questions.

1.3 Research Questions

This thesis aims to answer the next four questions and additionally contribute
to the fields of research by offering a representation of non-human entities
through LLMs in a variety of scenarios, employed in an unconventional test
environment. This unconventional test environment is constituted by a video
streaming platform (VSP) for user testing with an LLM.

1. Can a for this specific use case chosen and as agent instructed LLM
process multi-prompts in the context of co-writing a story?

2. How are the interaction and user experiences perceived by participants
in the context of a LLM facilitating the audience participation game?

3. How well can the LLM incorporate humor and more than human per-
spectives during narration?

4. How do the overall findings contribute to a better understanding of inte-
grating LLMs/GPTs into gaming contexts and improving gameplay /user
experience?

1.4 Structure of the Thesis

This thesis is structured to guide the reader from the foundational concepts of
LLMs and LLM-based agents to the specific implementation and evaluation of
a user study on Twitch in an interactive game environment.

Chapter 2 (Related Work) provides a thorough overview of LLMs, cover-
ing their development, capabilities, and applications in autonomous agents and
games. The chapter also explores human-computer interaction (HCI) studies
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on Twitch, audience participation games, and the role of LLMs in enabling
non-human voices. It concludes with ethical considerations.

Chapter 3 (Focus Group Study: Evaluation and Findings) details a
preliminary study that used a focus group to elaborate how a LLM is most
effectively used to facilitate the gameplay of LoGa on Twitch. The chapter
outlines the study’s methodology, participant selection, and key insights that
informed the subsequent design of the interface utilized in the Twitch-based
experiment.

Chapter 4 (Interface for Remote Multiple-User Prompts) details the
technical development of the LLMGA system, including model selection with a
introduced novel method and interface design tailored for real-time interaction
in a streaming environment.

Chapter 5 (User Study on Twitch) describes the live experiment con-
ducted on Twitch, including the game description, the study methodology, the
data collection process, and the mixed-methods analysis of the qualitative and
quantitative results.

The thesis concludes by synthesizing the findings and discussing their implica-
tions for HCI and LLM-driven interactions especially for in game contexts as
well as the usage of multi-prompts. It also suggests future research directions
and explains its limitations.



Chapter 2

Related Work

2.1 Large Language Models

This section provides an overview of LLMs, their capabilities and functionality
and new developments in 2024 /25 as well as some insight into natural language
processing (NLP) and the steps taken to enable these models to solve complex
tasks.

2.1.1 LLM Overview

LLMs, such as ChatGPT (OpenAl, 2022) !, Gemini (DeepMind, 2023) ? ,
Claude (Anthropic, 2023) 3 LLaMA [Touvron et al., 2023], Alpaca [Taori et al.,
2023], and GLM |Zeng et al., 2023], are the latest but not newest paradigm
of language models, which evolved from early statistical language models as
described by Bellegarda [2004] to neural language models [Melis et al., 2017,
then to pre-trained language models [Brown et al., 2020], and finally to LLMs
[Zhao et al., 2024|. In essence, the role of a LLM is to respond to inquiries of
the following nature. Given a sequence of tokens (i.e., words, parts of words,
punctuation marks, emojis, program code etc.), what tokens are most likely to
follow, assuming that the sequence is drawn from the same distribution as the
vast corpus of public text, code and data on the internet [Shanahan et al., 2023].
In more detail assuming the type of model is a conditional probability distri-
bution P(w,41 | wy,...,w,), where wq, ..., w, is a sequence of tokens (the
context) and w,; and is the predicted next token. In contemporary imple-
mentations, this distribution is realized in a neural network with a transformer
architecture, pre-trained on a corpus of textual data to minimize prediction

https://openai.com/index/chatgpt/
’https://blog.google/technology/ai/google-gemini-ai/
3https://www.anthropic.com/claude
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errors [Shanahan et al., 2023|. The transformers use a self-attention layer, as
opposed to the traditional models that use recurrent or convolutional layers,
along with an encoder and a decoder. Before transformers, recurrent neu-
ral networks (RNNs) with encoder-decoder architecture dominated machine
translation and NLP. Self-attention compares different parts of the data. It
calculates attention scores for all pairs of input elements, allowing the model to
focus on relevant information as it learns [Cordonnier et al., 2019, Fang et al.,
2023]. Recurrent layers process one step at a time keeping hidden states for
information from previous steps causing complications for long range depen-
dencies [Fang et al., 2023]. Convolutional layers use folding operation on local
regions of the input data to indentify spatial data used for image processing
[Cordonnier et al., 2019, Fang et al., 2023]. The key difference is self-attention
excels at capturing relationships across input, RNNs focus on sequential data
processing, and convolutional neural networks are optimized for spatial data
analysis [Fang et al., 2023]. OpenAI’s GPT models use only the decoder part of
this architecture. These models process natural language inputs (e.g., English
or German) or programming code (e.g., Java or Python) through tokenization,
as described. To discriminate the difference in parameter scale, the research
community has coined the term LLMs for pre-trained LMs having a significant
size difference to earlier LMs [Zhao et al., 2024|. The context length or window
mentioned in these models’ specifications are the maximum inputs and outputs
tokens that the models process at once. For the ChatGPT models, versions are
not specified, but the API versions are 16k and 128k tokens for GPT-3.5-turbo
and GPT-4-turbo, respectively. The range of tasks which can be solved from a
model following this simple tactic is extraordinary. LLMs exhibit strengths in
generating discourse and reasoning but might produce factually incorrect out-
puts, termed hallucinations [Alvarado, 2024]. Text generation, summarization,
translation etc., are an easy feed, but also in complex reasoning and planning
tasks, such as solving mathematical problems LLMs can record success [Arora
et al., 2023]. They can effectively evaluate the validity of their claims and
predict their knowledge of answers, showing promising calibration and perfor-
mance in self-evaluation tasks, particularly when considering multiple samples
before making predictions |[Kadavath et al., 2022]. Additionally larger mod-
els which are scaled up exponentially show emergent abilities. These abilities
vary across language models and tasks and are observed at specific computa-
tional scales [Wei et al., 2022a|. These abilities enabled tasks such as complex
reasoning, nuanced understanding of language, and even deception strategies
which have been observed in advanced LLMs like GPT-4 [Hagendorff, 2023].
The technological advancements that have been achieved in these domains are
founded on NLP which includes understanding and generation, both in the
past and in recent times. In order to understand the utilization of LLMs and
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the possibilities that they present, it is beneficial to examine these steps in the
next section.

2.1.2 Background of Natural Language Processing

Gururaja et al. determined the most important paradigm shifts in NLP by
analyzing published literature in the mid nineties until the early twenties. Af-
ter early machine translation models from IBM and statistical NLP, one of the
early works on neural NLP comes from Collobert and Weston who published a
paper in 2008 on single convolutional neural network architecture that, given
a sentence, outputs a host of language processing predictions [Collobert and
Weston, 2008|. This paper marked a pivotal shift in the community’s per-
spective on neural models, moving from skepticism to a motivated effort on
early neural NLP ultimately leading to a widespread adoption [Gururaja et al.,
2023]. Word2Vec, Seq2Seq and Tensorflow were released in 2013, 2014, and
2015 respectively, facilitating a “neural revolution in NLP” [Gururaja et al.,
2023]. Mikolov et al. present two novel model architectures for computing
continuous vector representations of words from very large data sets. The
quality of these representations is measured in a word similarity task and the
results are compared to the previously best performing techniques based on
different types of neural networks. The results show a significant enhancement
in accurarcy [Mikolov et al., 2013]. Seq2Seq is a general approach to sequence
learning that makes minimal assumptions about the sequence structure. The
researchers’ described method utilized a multilayered Long Short-Term Mem-
ory (LSTM) to map the input sequence to a vector of a fixed dimensionality,
and then another deep LSTM to decode the target sequence from the vector
[Sutskever et al., 2014]. TensorFlow is a machine learning system that works
with large amounts of data and in different environments. TensorFlow uses
dataflow graphs to represent computation, shared state, and the operations
that change that state. It organizes the data flow in a graph, mapping it
across multiple machines in a cluster or on a single machine across different
parts [Abadi et al., 2016].

The first LLMs (ELMo, GPT and BERT) followed in 2018 [Gururaja et al.,
2023]. Generative pre-trained transformer are supposed to perform on many
tasks eventually without the need to manually create and label a training
dataset for each one[Radford et al., 2019]. GPT-3, which was released in 2020,
is an autoregressive language model with 175 billion parameters, which is 10
times more than any previous nonsparse language model. The performance of
GPT-3 is tested in the few-shot setting by Brown et al.. For all tasks, GPT-3 is
applied without any gradient updates or fine-tuning, with tasks and few-shot
demonstrations specified purely via text interaction with the model. GPT-
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3 achieves strong performance on many NLP datasets, including translation,
question-answering, and close-ended tasks [Brown et al., 2020].

2.1.3 New Developments in the Field of LLMs

1 Concurrently, the LLMs of 2024 /25 employ sophisticated techniques, such as
chain of thought reasoning, to facilitate the breakdown of complex tasks and
thereby enhance their problem-solving capabilities. By definition, a chain of
thought (CoT) is the decomposition of a problem into a series of intermedi-
ate mental steps in natural language that ultimately lead to a rational answer
[Wei et al., 2022b]. Leading up to the automatic CoT researches already ex-
plored the possibility of CoT-prompting. Wei et al. remarks using a few chain
of thought demonstrations provided as exemplars in prompting, leads to im-
proved performances on a range of arithmetic, commonsense, and symbolic
reasoning tasks. For instance, prompting a 540B-parameter language model
with just eight chain of thought exemplars achieves state of the art accuracy on
the GSMS8K % benchmark of math word problems, surpassing even finetuned
GPT-3 with a verifier [Wei et al., 2022b|]. Open-Al introduced in September
the model ol which makes use of this special feature. Before the language
model generates an output, it simulates an internal monologue. It creates an
internal CoT corresponding to the complexity of the input. The model works
through this CoT step by step before generating a final answer [Zentner, 2025].
Additionally to the increased value, CoT in the responses makes the LLM’s
inner monologue visible, the generated responses can be monitored and ex-
plained much more easily than before unveiling the so termed black box to a
certain degree improving the process of trouble shooting |Zentner, 2025]. Ope-
nAl has already released three different versions of its thinking ol models, and
a further development called 03 is due to be released shortly. Google has also
already released an experimental, thinking Gemini Flash version and recently
a Chinese startup made headlines with their model Deepseek R1 [Stoppel,
2025]. DeepSeek R1-Zero demonstrates capabilities such as self-verification,
reflection, and generating long CoTs, marking a significant milestone for the
research community. Furthermore, the researchers showed that distilling more
powerful models into smaller ones yields excellent results in reasoning abilities
marking an resource conserving approach for training models [DeepSeek-Al
et al., 2025]. Already in the end of last year the latest experimental model,
03, achieved a high score on a test that marks progress towards AGI sparking
excitement. OpenAl’s 03 scored 87.5% on a relevant benchmark, trouncing the

4This Section takes in account articles released until January 2025 to provide an overview
of recent events
Shttps://paperswithcode.com/sota/arithmetic-reasoning-on-gsm8k
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previous best score for an Al system of 55.5% [Jones, 2025|. Some specialists
think that 03 might be producing a series of different chains of thought to help
whittle down the best answer from a range of options compared to model ol.
Spending more time refining an answer at test time makes a huge difference
to the results but also comes at a massive expense. To tackle each task in
the ARC-AGI test ¢, its high-scoring mode took an average of 14 minutes and
probably cost thousands of dollars [Jones, 2025]. This sparks new debates
about the large energy consumptions and sustainability of LLMs which will be
thematized in this work in a later stage.

With these advances, the step to AGI seems to be close, but since there is
no technical definition, opinions may diverge. If intelligence is defined as the
ability to answer complex questions on a similar competence humans, ad-
vanced models such as 0l/03 can already be classified as AGI today, taking
into account the test results mentioned above. However, there are many tests
developed to measure and quantify possible progress like for example Rein
et al. 2023 Google-Proof Q&A, which intends to assess an Al system’s per-
formance on PhD-level science problems. Containing a challenging dataset of
448 multiple-choice questions written by domain experts in biology, physics,
and chemistry the researchers ensured that the questions are high-quality and
extremely difficult. Experts who have or are pursuing PhDs in the corre-
sponding domains reach 65% accuracy (74% when discounting clear mistakes
the experts identified in retrospect), while highly skilled non-expert validators
only reach 34% accuracy, despite spending on average over 30 minutes with un-
restricted access to the web (i.e., the questions are "Google-proof") [Rein et al.,
2023]. The questions are also difficult for state-of-the-art Al systems, with the
strongest GPT-4 based baseline achieving 39% accuracy [Rein et al., 2023].
As an other example, OpenAl’s 2024 MLE-bench pits an Al system against
75 ML engineering-related challenges hosted on Kaggle, an online data-science
competition platform. The researchers aim to test real-world ML engineering
skills such as training models, preparing datasets, and running experiments.
They establish human baselines for each competition using Kaggle’s publicly
available leaderboard [Chan et al., 2024|. With constantly measuring and im-
proving benchmarks the researches aim to keep up with the rapidly evolving
and improving field of LLM and make advancements quantifiable on the way
to creating AGI.

The CoT discussed in this section is crucial for evaluating prompt aggregation
and understanding user input handling in this thesis. These recently dis-
covered, greatly improved skills enable also a broad spectrum of applications
for state-of-the-art LLMs. These include usage within agent-based modeling

Shttps://github.com/fchollet/ARC-AGI
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(ABM) and acting as an autonomous agent in various fields. These topics will
be addressed in the subsequent section.

2.2 LLM Agents

The purpose of this section is to furnish an overview of the domain of LLM-
based agents and the integration process of LLMs. The integration process
of LLMs encompasses their application areas, such as ABM, which will be
subsequently introduced. Furthermore, the section will explore game agents
(GAs), a notable application of LLM-based agents, their application, and ex-
amples analogous to the initiative of this work, providing a comprehensive
overview of the subject. In the field of Al, the term "agent" is frequently used
to describe software that processes observations from an external environment
and responds to them in a closed loop. LLMs can be used in this instance
to simulate human behaviors, given the powerful ability to understand human
instructions and provide high-quality generated texts [Shao et al., 2023].

2.2.1 LLM-based Agent: empowered & autonomous

Al agents are artificial entities that sense their environment, make decisions,
and take actions. Due to the versatile capabilities LLMs demonstrate, they are
regarded as potential sparks for AGI, offering hope for building also general
autonomous Al agents. Many researchers have leveraged LLMs as the foun-
dation to build AI agents and have achieved significant progress [Gao et al.,
2023a, Xi et al., 2023|. A comparison of LLMs and reinforcement learning
models reveals that the former possess a more comprehensive internal world
knowledge, thereby facilitating more informed agent actions even in the ab-
sence of training on specific domain data. Moreover, LLMs are capable of
providing natural language interfaces for interaction with humans, a feature
that is both flexible and explainable [Wang et al., 2024]. Thus making it a
promising venture to construct LLM-based agents due to their human like in-
telligence in perceiving the environment and making decisions, which became a
reinforced strength due to CoT. A necessary distinction must be made between
two categories of agents: empowered and autonomous. This is a topic that is
sometimes overlooked in the field, and as a result, attributes are misaligned
with the assigned LLM-based agent. This might complicate and provoke mis-
understandings when reading and considering research papers for incorporation
into one’s own research. Empowered agents enhance specific tasks using LLMs,
while autonomous agents aim to operate independently across broader objec-
tives Handler [2023], Li et al. [2023a]. The distinction between empowered and
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autonomous agents becomes clearer when considering ABM and role-playing
contexts.

Agent-Based Models specifically for Social-Ecological Systems

ABMs consist of autonomous, interacting computational objects, called agents,
often located in space and time [Macal and North, 2005]. These agents may be
identical or each may have unique attributes. Agents can be as few as one or
as many as millions. Because these models rely on computation, the behavior
of the agents is rule-based. The rules can be simple (e.g., backward induction
on an extensive game form) or more complex (e.g., based on heuristics de-
rived from cognitive psychology or neuroscience) [De Marchi and Page, 2014,
Macal and North, 2005]. In an ABM, agents receive inputs from their envi-
ronment and take actions in response to those inputs; as such, many ABMs
implement social networks or spatial relationships that play a role in decision
making [De Marchi and Page, 2014]. Prediction is the most fundamental abil-
ity of agent-based simulation [Gao et al., 2023b]. The environment, whether
static or evolving, introduces conditions, instigates competition, defines bound-
aries, and occasionally supplies resources influencing agent behaviors [Cipi and
Cico, 2011]. Outcomes are not directly determined by assumptions but instead
emerge from the interactions with both the environment and other agents in
the model. The aggregation of these individual behaviors, instantiated in
software, produces system-level outcomes such as cooperation and price fluc-
tuations [De Marchi and Page, 2014]. The goal is to mirror the behaviors in
reality based on predefined or adaptive rules [Macal and North, 2005]. Exam-
ples for a possible application are in economics, in which language models can
help forecast market trends, predict consumer behavior, or estimate the im-
pact of policy changes. In sociology, these models can aid in predicting social
movements, public opinion shifts, or the adoption of new cultural practices
|Gao et al., 2023b].

Since the motivation of this work is to mediate sustainable and ecological ap-
proaches using a LLM agent, it is coherent to take a closer look at ABM in
an ecological context, the so-called social-ecological systems modeling. SES
involves the development and/or application of models to investigate com-
plex problems arising from interactions between humans and natural systems.
The field emphasizes the interdependence and interconnectedness of social and
ecological components, recognizing that human actions and decisions can have
both positive and negative impacts on the environment, and that these im-
pacts can affect human well-being [Reyers et al., 2018]. Nugroho and Uehara
list three primary purposes for employing SES: Study how social and ecological
outcomes emerge and how the system changes over time; evaluate how new
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policies or disturbances affect a complex adaptive SES, including possible unin-
tended consequences; and promote processes that involve participation, which
can help people better understand issues and work together to solve problems.
It is noteworthy that ABMs can effectively represent human actions in the
environmental dimension. This is due to the inherent focus of ABMs on emer-
gent behaviors arising from agent interactions. This capacity aligns seamlessly
with the modeling of human efforts to shape their surroundings. Examples of
such efforts include land-use alterations, conservation initiatives, and restora-
tion programs [Nugroho and Uehara, 2023].

After this brief excursion into ABM, the role of the LLM-based agent will
be now examined in a comparative manner. Overall, empowered agents are
characterized by their ability to enrich tasks by supporting specific roles or
behaviors. Autonomous agents, on the other hand, are capable of driving
complexity and decision-making processes independently. Empowered agents
employ LLMs as a central component of their decision-making or interaction
capabilities. However, they may necessitate human oversight or external logic
systems to function optimally [Xi et al., 2023|. These agents serve as tools
for specific tasks where the LLM enhances certain possibilities such as text
generation while depending on predefined workflows or humans for critical de-
cisions [Xi et al., 2023]. Autonomous agents are systems built around LLMs
that are designed to perform tasks autonomously, without needing continuous
human guidance or oversight. These systems integrate advanced reasoning,
task planning, and action execution capabilities, in combination to broader
abilities such as reinforcement learning, external APIs (Application Program-
ming Interfaces), and self-improvement techniques [Shinn et al., 2023|. They
are capable of making independent decisions across multiple tasks, generating,
evaluating, and dynamically prioritizing goals [Nakajima, 2023, Wang et al.,
2024]. An example for such an autonomous agent is "BabyAGI" an Al-powered
task management system with multiple LLM-based agents. One agent creates
new tasks based on the previous task’s objective and result, another agent
prioritizes the task list, and another agent completes tasks. [Nakajima, 2023].
In the context of ABM, a simulation technique where agents interact in an
environment according to predefined rules. The emphasis is on the compre-
hension of emergent behaviors, system dynamics, and the manner in which
individual interactions influence outcomes in complex systems [Savin et al.,
2023|. Empowered agents, in turn, yield authentic behavioral patterns. For
instance, these agents can be programmed to make decisions that mirror those
observed in economic or social systems, thereby simulating human-like behav-
ior, enhancing the realism and effectiveness of macroeconomic simulations as
well as generate nuanced dialogue and decision reasoning utilizing the LLM
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[Li et al., 2023a|. For autonomous agents the operation is characterized by
full independence within the context of simulations. This enables the systems
to learn from the environment and adapt their behaviors dynamically. LLMs
have the potential to function as the central intelligence that guides agents’
decisions. This intelligence can incorporate reinforcement learning or evolu-
tionary strategies to facilitate the emergence of behaviors [Wang et al., 2024].
To sum it up empowered agents in ABM are tools to enhance pre-scripted
scenarios, while autonomous agents evolve or adapt, contributing to the emer-
gent complexity of the model. Role play with LLMs involves the assumption
of specific roles in interactive scenarios, such as a teacher, negotiator, or game
character. Role-playing exploits the LLM’s capacity to generate contextually
appropriate responses and adapt based on user input [Shanahan et al., 2023].
Examining empowered and autonomous agents in this framework discloses that
empowered agents support or augment human role-playing, while autonomous
agents actively shape and control the narrative or interaction independently.
Role-playing empowered agents act as surrogates for human users, providing
enriched responses within constrained scenarios. They typically simulate roles
under predefined rules and settings, requiring external systems or human in-
tervention to manage the overall interaction flow |Zhang et al., 2024b|. For
example, in tabletop role-playing games, a dungeon master’s assistant uses a
LLM to make suggestions for events without exercising autonomous control
over the entire game [Callison-Burch et al., 2022|. Autonomous agents are
defined as fully self-directed entities capable of assuming dynamic roles with-
out the need for continuous human guidance. These agents are capable of
driving the narrative forward, establishing objectives, and adapting to user or
agent interaction, often resolving conflicts autonomously [Xi et al., 2023]. A
prominent illustration of such an agent is "Voyager", the first LLM-powered
embodied lifelong learning agent in "Minecraft" that continuously explores the
world, acquires diverse skills, and makes novel discoveries without human in-
tervention [Wang et al., 2023].

Hauser et al. declares that language is of the most importance in interactions
with the environment and provides the basis for high-level abilities. Therefore,
creating a language-based interaction with the agent can be seen as a first step
toward higher-level task-solving possibilities. Two straightforward steps are all
it takes to provide an effective dialogue agent. First, the LLM is embedded in
a turn-taking system that interleaves model-generated text with user-provided
text /prompts. Second, a dialogue prompt is supplied to the model to initiate
a conversation with the user. The dialog prompt typically consists of a pream-
ble that sets the scene for a script- or play-style dialog, followed by a sample
dialog between the user and the agent [Shanahan et al., 2023]. A prompt is a
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set of instructions provided to an LLM that programs the LLM by customiz-
ing it and/or enhancing or refining its capabilities. These kind of prompts by
the definition of White et al. are instructions which are given to an LLM to
enforce rules, automate processes, and ensure specific qualities (and quanti-
ties) of generated output. These prompts are also a form of programming that
can customize the outputs and interactions with an LLM. A type of method
used in several instances to define and provide a agent with a specific persona,
rules, or environment in which the agent is placed. Especially when situated
in the setting of a game, this opens up a lot of opportunities which are further
introduced in the subsequent section.

2.2.2 LLM-Game Agents

LLM-based game agents (LLMGASs) capable of employing cognitive abilities
to gain fundamental insights into gameplay are another subfield of the LLM-
based agents explored previously.

The development of GAs could play a pivotal role in the advancement of
AGI. The progress of LLMs and their multimodal counterparts (MLLMs)
presents an unparalleled opportunity to evolve and empower GAs with human-
like decision-making capabilities in complex computer game environments [Hu
et al., 2024a|. Digital games are regarded as optimal platforms for the devel-
opment of Al agents due to their inherent characteristics, which include com-
plexity, diversity, controllability, safety, and reproducibility [Hu et al., 2024a].
Several examples ranging from Chess and Poker to modern video games like
Starcraft and Minecraft have been instrumental in Al research. By comparing
Al systems with human players in games, researchers are able to evaluate the
capabilities of these systems. This was the case in early competitions between
computers and a chess master, as well as years later in the game GO and Poker
Texas Hold’em through to the very complex real time strategy games Dota 2
or Starcraft 2. In each of these cases, an advanced model eventually defeated
the reigning champion [Tsai et al., 2023|. In recent years, LLMs have demon-
strated impressive abilities to understand and respond to complex human lan-
guage queries, so it’s not surprising that researchers have begun experimenting
with text-based adventures where the game mechanic consists solely of under-
standing and producing text. A text adventure game provides a text-based
environment in which players use text commands to interact with the world,
exploring and completing quests. Tsai et al. test in their case study, which is
claimed to be one of the first, the ability of GPT-3.5 playing Zork with a hu-
man acting as communicating channel between the game state and the LLM. In
Zork 1, the character follows natural language commands to search for treasure
in the Great Underground Empire: he moves between locations and interacts
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with objects; the game program acts as a narrator, describing the player’s loca-
tion and the consequences of his actions. The pipeline used sees, at each step,
the human player passing to ChatGPT the current game state described in the
natural language of the game world, asking ChatGPT to take a legal action,
and then feeding the action taken back to the game, completing a functional
cycle that allows the model to experience the game [Tsai et al., 2023|. The
overall performance is described by the authors as promising, with some weak-
nesses such as repetition of previous responses when asked for next actions.
Their experiment also showed much higher success when previous actions were
fed into following prompts. Overall the game-playing ability of GPT-3.5 is
classified on par with state-of-the-art reinforcement learning (RL) approaches
[Tsai et al., 2023]. However, most visual novels and text-based games rely on
multiple option answers limiting the freedom of choice of the players. Some
prompt-based games have recently appeared on Reddit’s r/ChatGPTGaming
and the prompt marketplace PromptBase, which embraces the idea that simple
games can be developed using only natural language prompts [Isaza-Giraldo
et al., 2024]. Further developments often involve improved and more com-
plex frameworks, use newer and improved LLMs, or use fine-tuning to achieve
higher performance levels. LLMGAs with such extensive work are consequently
placed in the more challenging environment of communication games among
others. Communication (or conversational) games revolve around turns of
communication, negotiation, deduction, and deception among multiple play-
ers. The challenge of communication games is to guess the intentions of others
behind ambiguous or misleading language, and hiding one’s own intentions
when necessary |[Hu et al., 2024a]. One particular example for a strictly text
based use case is the development of an agent with RL for strategic play in
Werewolf [Xu et al., 2024]. The researchers goal to develop an agent which gen-
erates flexible language actions and possesses strong decision-making abilities
is tested in multiple rounds of Werewolf. The game pits two groups against
each other, i.e., werewolves and non-werewolves (villagers, other roles with
unique abilities: witch, guard and seer), and alternates between night phases,
where werewolves secretly attack, and day phases, where survivors discuss and
vote to eliminate suspects. The agent performs against other models and even
plays with human competitors achieving an human average win rate [Xu et al.,
2024]. Xu et al. employ a RL policy to select the optimal action from among
the diverse actions generated by the LLM aiming to overcome prior preferences
for specific actions resulting in a worse game performance.

Furthermore, there is the domain of communication games that overlap with
agent simulations, in which projects such as "WarAgent" and "CosmoAgent"
are situated. Both of these utilize a multi-agent structure to simulate either
diverse ethical paradigms while simulating interactions between entities with
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distinct moral principles in the context of extraterrestrial civilizations [Jin
et al., 2024 or to simulate multiple war parties, their decisions, and the conse-
quences in historical international conflicts, including the World War I (WWI),
the World War II (WWII), and the Warring States Period (WSP) in Ancient
China [Hua et al., 2023|. The output is text-based and displays communi-
cation protocols and decisions made on the basis of the current situation or
predefined mathematical /conceptual models.

It is evident that there exists a multitude of genres of games and advanced
LLMGA architectures that are not reliant upon textual inputs and outputs.
These agents possess augmented capabilities for both control and perception,
in addition to memory storage, which facilitates enhanced cognitive abilities
and learning from particular contexts as described by Hu et al.. This de-
velopment opens up opportunities in the areas of competitive, crafting and
exploration games, where a high level of competence of the LLM is required
to complete relevant tasks or progress in the game. In order to keep the focus
on the project presented in this paper, these additional use cases and rich ar-
chitectures of LLMGAs will not be explored further, as little of it is relevant
to the interface and application explored in this work. Instead, the focus will
return to projects with a similar streamlining to this project, focusing on eco-
logical and environmental challenges with the use of LLMGAs.

Games provide a quick and intuitive way for people to immediately see the
consequences of their actions, and are a method of raising awareness by ar-
tificially incentivizing positive factors and discouraging negative ones |[Zhang
et al., 2024al.

The "Meaningful Energy Game" by scholars from the Interactive Technologies
Institute (ITI) investigates the possibility of implementing LLMs as evaluating
agents of open-ended challenges in serious games and its potential to facilitate
a meaningful experience for the player. Each level represents a different energy
community challenge for the player, and the narrative incrementally increases
in scope. This narrative aims to provide perspective on the challenges that
energy communities face on different scales and forces the player to pose dif-
ferent types of environmental solutions. The LLM is in charge of mediating
the game and evaluating whether or not the player’s answers are satisfactory
to overcome the proposed challenges [Isaza-Giraldo et al., 2024|. For an other
example, EcoEcho immerses players in the role of a conflicted scientist whose
misinterpretation of his father’s dying wish leads him to impede the advance-
ment of clean energy. Throughout the plot, the scholars leverage GenAl’s
ability to elicit natural language responses from players and seamlessly trans-
late these verbal inputs into corresponding in-game actions. Through dynamic
interactions with various stakeholders, such as journalists, union leaders, and
energy ministers, players engage in unsustainable behaviors within the game
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world, turning conversational choices into tangible consequences |Zhang et al.,
2024a).

Serious Games & Games for Change

The examples showcased draw on the theme of serious games, a specific subset
of video games that aim to increase knowledge and awareness while maintain-
ing entertainment value to improve information retention and learning [Gurs-
esli et al., 2023|. As a subset of serious games, Games for Change (G4C)
focus on influencing attitudes and promoting positive social and behavioral
change, and are attracting interest from developers, researchers, and nonprofit
organizations for their potential in climate change education. Despite many
promising applications, challenges remain in balancing engagement with ed-
ucational value. In particular, maintaining the educational purpose without
compromising the fun and engaging aspects of the game is challenging. To
address this challenge for the targeted use case, the additional step of a focus
group is conducted to define the scope and spaces in which novel interaction
or gamification elements could be applied.

2.3 To which extent LMMs/GPTs can profit from
game environments

After looking extensively on the use cases of LLM-based GA and touching on
the genre of serious games, this section focuses on the benefits of employing
LLM in a testbed, like games.

Games represent an optimal subject for research involving LLMs/GPTs. Games
yield rich multimodal data, which is well-suited for LLM research, and they
also provide extensive corpora of text and multimodal data produced by play-
ers, viewers, fans, and so forth. Game text data, including transcripts, have
already been utilized to train LLM players in multiple cases. The Meta Fun-
damental AI Research Diplomacy Team (FAIR) developed an agent based on
that data corpus that is able to play the full natural language form of the game
Diplomancy and demonstrates performance well above the human average in
an online league [FAIR|. On the other hand, LLMs inherently grapple with
spatial reasoning and planning, two facets that are integral to many games.
These games cover a wide spectrum, from strategy board games and digital
games where long-term planning is paramount, to first-person shooters that
require precise spatial reasoning, to real-time strategy where formulating a
reactive plan to achieve the goal of defeating the enemy and reaching the en-
emy’s base is essential [Vinyals et al., 2019]. Consequently, these games can
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continue to serve as cutting-edge testbeds for Al playing games and are likely
to remain challenging domains for LLM research. Games are also contingent
on long-term interactions, particularly in the case of LLM-based game mas-
ters. Consequently, games can function as testbeds or benchmarks to explore
the limits of recollection under varying context lengths [Gallotta et al., 2024].

2.4 How can LLMs/GPTs contribute to Games

The relationship between games and LLM goes both ways. There are many
aspects that can be positively influenced by the use of a LLM. It can even pro-
vide the game mechanics, as seen in the example of Infinite Craft 7. In this
game, developed by Argarwal N., the player starts with a set of core elements
(water, fire, wind, and earth). Infinite Craft then asks Llama 2 to imagine
the product of combining these elements, resulting in a game with infinite
combination possibilities [Gallotta et al., 2024]. Other benefits discussed by
de Lima et al. include the integration of GPT into game-based learning envi-
ronments to provide personalized, subject-specific feedback on players’ in-game
actions, answer their questions during gameplay, and provide relevant expla-
nations or demonstrations based on the game’s tasks and learning content.
The scholars discover in a study, that players in GPT-assisted environments
exhibit stronger intrinsic motivation and cognitive engagement compared to
those in purely game-based settings |[de Lima et al., 2023|. In addition, having
an in-game character provide feedback is more immersive than relying on an
external system. Within games, GPT’s interactive narratives and real-time
feedback could enable fun, dynamic, and personalized experiences that adapt
to individual players’ needs, allowing a broader range of users to engage more
deeply with the subject [Yang et al., 2024b]. LLMs have been shown to enable
more natural and contextually relevant dialogue with non-player characters
(NPCs). A recent study of GPT-4-driven NPCs in Minecraft demonstrated
the potential for LLMs to enhance NPC interactions and player engagement,
as evidenced by collaborative quest completion in a mini-game [Rao et al.,
2024]. This early work shows the potential for future games having highly co-
operative and adaptive NPCs due to LLM integration. Another aspect could
be analyzing player behavior to provide adaptive hints and adjust difficulty lev-
els in real time to improve the user experience. Yang et al. provide insight on
lacking research on user experience regarding the integration of LLMs/GPTs
into gaming contexts as the over reliance on quantitative metrics can be crit-
icized for obscuring genuine emotional responses and interactive experiences.
To address this widely open field, this work aims for evaluating the LLMGA

"https://neal.fun/infinite-craft/ Accessed: 27.03.2025
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utilized additionally based on qualitative metrics like follow-up interviews to
complete after participating in the game. Additionally, a voluntary question-
naire is intended to bridge the gap between metrics and subjective ratings. In
the next sections the proposed test environment is introduced and its relevance
for HCI is demonstrated with examples showcasing the potential for user tests.

2.5 Human Computer Interaction studies on Twitch

Where to facilitate and test Al features or other concepts aimed at user par-
ticipation, or to present some capabilities in video form? In this breach, a
video streaming platform (VSP), specifically Twitch, offers some interesting
possibilities. Live streaming the performance of a LLM playing a rather com-
plex game like Pokémon Red, or streamers using creative models to play their
own story-based version of conquering the world, having multiple LLM char-
acters have a run at a Dungeons and Dragons game, are just a few creative
approaches that have happened recently on Twitch. VSPs offer rich audiovi-
sual information and can potentially reach a large community with many users
and collect qualitative and quantitative data, making it a testing environment
with a lot of potential [Bartolome and Niu, 2023|.

HCI research on Twitch has explored various aspects of live streaming, commu-
nity interactions, and user engagement. Faas et al. studied game development
streams using a participant-observer approach, finding that live streams foster
learning-centered communities where both streamers and viewers mentor each
other. Pellicone and Ahn conducted a qualitative study of an online forum for
streamers, revealing how streamers integrate technical, social, and gameplay
skills to create engaging performances and highlighting the role of platform de-
sign in supporting equitable participation. Seering et al. analyzed 183 million
Twitch chat messages to identify factors that influence first-time participation,
showing that diverse user presence increases engagement, while information-
seeking behavior correlates with lower retention. Sheng and Kairam explored
relationship formation on Twitch through interviews and surveys, demonstrat-
ing that text-based interactions can foster close connections, though larger
communities can hinder relational engagement. These studies illustrate the
unique social interactions and affordances of VSPs and provide valuable in-
sights for social media and social computing research |[Bartolome and Niu,
2023]. The area of evaluating a LLM and user experience on a VSP is rather
unexplored, making it an important target for this thesis.
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2.5.1 Twitch Platform

The following subsections introduce the VSP used for user testing, Twitch,
and the genre of audience participation games (APG). The second topic has
a rather large impact on the project presented, as the goal is to combine ele-
ments of the APG field with the use of a GA to collect data about a community
collaboratively using the same LLM. This implies that design practices and re-
search done in the field of APG will be a focal point in this section.

Twitch, launched in 2011, is a streaming platform operated by Twitch Interac-
tive, a subsidiary of Amazon, that allows users to broadcast their screen while
playing games. It is the most successful video game live streaming platform
with 6.9 million monthly active streamers and 2.1 million concurrent viewers
in 2020 [Wolff and Shen, 2024]. In 2022 Twitch reached the number of 140
million monthly active users [Bartolome and Niu, 2023] showing its massive
growth. People can share their gaming experiences and interact with others in
real time. These live streams serve as meeting places for gaming communities.
The Twitch streaming medium combines broadcast video with open IRC chat
channels. In conjunction with gameplay, it emphasizes viewer participation
and community building through the use of communication tools such as chat
messages. Twitch streams range in size and nature from intimate communi-
ties of fifty viewers to massive broadcasts of tens to hundreds of thousands
of viewers |[Wolff and Shen, 2024|. Streamers simultaneously play games and
communicate via audio and video. Participation in the streams is voluntary.
All that is required to chat is a free Twitch account [Deng et al., 2015, Hamil-
ton et al., 2014]. Additional categories apart from gaming encompasses music
broadcasts, creative content, real-life content, and very individual topics such
as audience participation games, in which people around the world control the
player character and his actions just through text messages or influence other
aspects of the game.

2.5.2 Audience Participation Games

Among various video game channels on Twitch, the Audience Participation
Game (APG) channels enable viewers to participate in video games through
channels instead of merely being passive audiences. Lu et al. suggest that
streamers and viewers both desire interactions that are more substantial and
consequential than commenting and gifting, however, doing so might compro-
mise the user experience, making it a delicate matter to explore for streamers.
Choice Chamber was the first game created specifically for the Twitch plat-
form. A 2D platformer, Choice Chamber features an endless stream of enemies,
deadly traps and hazards, and a variety of power-ups. What sets it apart from
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other genre offerings is the role of the audience. As the streamer plays, polls
appear periodically on the screen offering choices between different weapons,
different enemy types, changes to the level architecture, etc. While other
VSPs only offer support for user comments on the events, Choice Chamber
uses Twitch’s built-in chat functionality in a more innovative way. Viewers
simply type in their votes from a menu of options, and the winning option
affects the game [Stricklin, 2019]. Twitch Plays Pokémon (TPP) is the most
famous example of distributed play. With the aid of "VisualBoyAdvance",
Python scripts, and an online call to action (“I'm a robot playing Pokémon,
I don’t know what I'm doing, tell me which buttons to press"), users of the
Twitch chat interface were motivated to play the game through their inputs
|[Ramirez et al., 2014]. At the height of TPP’s popularity, as many as 100,00
people were simultaneously typing commands, forcing the lead developer to
add a "democracy" mode. Keystrokes became votes, and TPP would peri-
odically execute the most popular keystroke instead of tracking 1-1 inputs.
In addition, the phenomenon of stream snipers, griefers, and online trolls sug-
gests that an open call to the director’s chair can lead to all kinds of disruptive
behavior [Stricklin, 2019|. Based on this example, it becomes clear that an im-
plementation in which users interact simultaneously with a LLM in the context
of the game involves similar challenges that are therefore discussed in the focus
group.

Little to no research has been conducted on enhancing APG experiences with
LLMs. The following scientific work refers to a direct link between an LLM /Al
and the Twitch chat, exploring researched use cases. Paliyawan et al. facili-
tate their interaction with Al in form of a Twitch-based audience participation
fighting game, where the strengths of game Al characters are dynamically ad-
justed based on audience cheering and jeering. In the proposed APG, each
user is assigned to either Team P1 or P2 and is tasked with supporting the
AT of their respective team by pressing buttons. Users receive scores for their
participation, and the names of the top ten users with the highest scores are
displayed on a leaderboard. In the competitive mode, users are divided into
two distinct groups, while in the collaborative mode, all users are united within
a single team (Team P1) [Paliyawan et al., 2022].

A different use case sees an utilization of ChatGPT for the categorization of
audience comments in game live streams, treating it as a zero-shot task. Tradi-
tional methods for comment analysis in game live streams are lacking in terms
of speed and cost-effectiveness. Therefore, the scholars aim was to investigate
whether ChatGPT can fulfill these requirements. Through experimental eval-
uation, their results indicate a majority choice of 54.34% and a human choice
of 82.61%, showcasing that ChatGPT, when employed with suitable prompts,
can address the aforementioned need |Li et al., 2023b]. However, since neither

21



CHAPTER 2. RELATED WORK

example explores the deeper connections and implications of the LLM directly
influencing a game retrieving audience prompts directly from the chat, the
approach taken in this thesis is a novel concept for research.

Glickman et al. identify a central challenge as information-theoretic in their
research: how much of the total information in the game can viewers see while
watching, and how much new information can each participant contribute?
As the number of players increases and the frequency of meaningful input per
player increases, the ability of players to make sense of the game as a system
decreases. Also the participation will break down when the number of viewers
who input commands in the channel is too large. With many simultaneous
input commands, it is difficult for individual players to feel their influence on
the games [Striner et al., 2021]. Glickman et al. model suggests design trade-
offs between the number of players, meaningful input in chat messages, and
the ability to make sense. This becomes even more sensitive when consider-
ing adding a LLM to the cycle and giving it some agency over what happens
during gameplay. On the other hand, there is also the possibility of using a
LLM to moderate and make sense of the input, group it, and filter out un-
related, unwanted, and offensive content during the runtime of the APG. To
address these challenges, this project draws on frameworks about audience
motivation and participation styles. Incorporating Striner’s identified themes
for designing an APG into the focus group discussions and ideation phase can
serve to better understand the design spaces and how to address the chal-
lenges ahead. The thematic map after Striner et al. has three sensitizing
concepts - Agency, Pacing, and Community corresponding each to one corner.
Themes common to Agency are live-streaming agency, interaction, choice and
control. Themes common to the Pacing concept are temporality, progression,
attention, distraction, engagement, gametime /downtime, and stream schedule.
Themes common to the Community concept are streaming community, cooper-
ation/competition, roles/identity, communication, privacy trade-ofs, balance,
streamer /viewer relationships, moderation, and power. Attention, choice, con-
trol, and engagement consider aspects of both Agency and Pacing. Engage-
ment, streamer/viewer relationships, and balance consider aspects of Pacing
and Community. Cooperation/competition, moderation, control, power, and
streamer /viewer relationships consider aspects of Community and Agency. No
theme considers all three concepts [Striner et al., 2021|. By providing this map
during the group discussion the design of the APG and interaction concepts
will be more in line with common knowledge and provide a better user expe-
rience.

Additionally, Seering et al. defines five categories of audience participants
in their study: "helpers," "power seekers," "collaborators," "solipsists," and
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"trolls." The motivations of audience participants depend on their goals and
their individual and social agency. Having a better understanding of the dif-
ferent user groups that are online on the VSP Twitch is beneficial to making
informed design decisions.

Audience Participant Types after [Seering et al., 2017]

e Helpers: Focused on assisting the streamer to win but felt they had less
power over gameplay. They primarily engaged with the streamer rather
than other audience members.

e Power Seekers: Wanted to influence the game, often helping the streamer
to maximize their impact. They felt more powerful than the streamer
but still somewhat limited in influence.

e Collaborators: Engaged with both the streamer and other audience
members, valuing cooperation over personal impact. They were content
regardless of the game’s outcome.

e Solipsists: Participated for personal benefits like entertainment or learn-
ing. They felt powerful but were indifferent to the game’s outcome and
rarely engaged with others.

e Trolls: Focused on disrupting gameplay for entertainment, often switch-
ing between helping and hindering. They felt more powerful than the
streamer and experimented with different roles to maximize their influ-
ence.

Based on this list, while being aware of trolls and their impact on gameplay
and the overall experience, the project’s interface and interaction should best
facilitate productive user groups and reduce troll possibilities. In order to make
participation in the game as attractive as possible, game elements and the user
interface will be improved on the basis of the results of the focus group.

AT utilized in the context of Twitch and APGs

For this subsection, the Twitch platform was searched for active, running
projects involving Al or a LLM. Therefore, the tag search function was used
to filter out AI or ChatGPT as a topic. It was possible to identify a few ap-
plications of Al where a LLM takes the role of facilitating the content of the
stream, or can be directly influenced with chat messages or donation messages.
After experiencing a few minutes of the stream, the following examples were
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deemed interesting.

The most sophisticated example is Claude the LLM that plays Pokémon ® and
involves the team at Antropic applying their latest model in the context of
playing the first edition of Pokémon. The stream shows the LLM playing the
game without any special training or input from the users or developers watch-
ing. Claude can see what is happening, understand the state of the game, and
make decisions using his general reasoning skills, much like a human player
would navigate the world. He has a rather slow play speed due to his constant
reasoning, and will sometimes use tactics like blacking out by losing every
health point of his Pokémon to escape a situation he is unable to navigate.
Two projects that allow users to request a LLM directly with chat messages
are first the "TrumpOrBiden2028" ?, which simulates and recreates a version
of Biden and Trump based on their public personas debating topics suggested
by viewers. Similarly, there is a channel called "Ask Jesus" ! where viewers
can ask questions to an Al trained on Jesus and the teachings of the Bible.
In both cases, but especially in the first, it became clear that viewers were
using the opportunity to have the Al discuss profane topics and use obscene
language for their entertainment.

Finally, a project called "WatchMeForever" 1! generates a sitcom with charac-
ters portrayed by AI. The channel claims that it is possible to direct the show
with a special channel reward.

There are several other examples of Al integration in Twitch, wether it is used
to power a chatbot replying to users messages and contributing to the overall
chat experience or as content and topic in the stream itself. Recently, "Doug-
Doug" 2 a streamer had several LLM agents with a character description and
abilities solve a Dungeons and Dragons game. They were confronted with
numerous encounters with enemies or difficult situations to solve, and used
given abilities or information about their environment provided in screenshots
to solve them. It was even possible for them to argue with each other. Prior
to this project, the streamer had already used a LLM several times to facili-
tate story-driven experiments. In one of these, viewers would be able to make
decisions about conquering European states by playing against the streamer
itself or an AI. A sophisticated writing model determined the outcome of tac-
tical prompts and resources used during a players turn. These examples show
how a creative streamer is using LLM capabilities as a source of entertainment
while engaging the Twitch chat in a meaningful way which is one source of

Shttps://www.twitch.tv/claudeplayspokemon Accessed: 27.03.2025

Yhttps://www.twitch.tv/trumporbiden2028 Accessed: 27.03.2025
Ohttps://www.twitch.tv/ask_jesus Accessed: 27.03.2025
Uhttps://www.twitch.tv/watchmeforever Accessed: 27.03.2025
2https://www.twitch.tv/dougdoug
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inspiration of this project.

After an in-depth look at the Twitch platform, APGs, and use cases with Al
on a VSP, the focus now shifts to the concept of providing non-human voices
utilizing LLMs, which was one of the driving forces behind this thesis, as well
as circumstances behind the game used during the user study, LoGa, provided
by ITI. The game and its mechanics will be introduced later on in the user
study chapter, as it facilitates the study by providing a contextual application
space.

2.6 Non Human Voices with LLMs

Giving voice to traditionally voiceless entities-nonhuman species, ecosystems,
and other natural systems-requires frameworks that challenge anthropocentric
paradigms |Galvao-Ferreira et al., 2024]. While human language and cogni-
tion dominate the discourse, emerging research explores the potential of LLMs
as mediators between humans and nonhumans. Redesigning human-AT inter-
actions as a new approach to reshaping human-ecology relationships as Al
can remind people of different earth beings and forms of existence that are
not present at the decision table but may be adversely impacted [Xu and Ge,
2024]. The work of Félix et al. tackles this potential of using LLMs, as artifi-
cial assistants to facilitate communication between humans and non-humans.
Building on LLMs remarkable abilities in simulating human-like reasoning and
communication, emulating different sociodemographic groups and individuals,
the scholars propose to extend this potential in inhabiting non-human perspec-
tives. Specifically, they examine whether LLMs can simulate the representa-
tion of ecosystems (constituted by nonhuman entities) and influence human
decision-making related to environmental issues. Efforts like these are based
on a shift which is not merely speculative as studies suggest that LLMs exhibit
cognitive processes distinct from human biases, enabling them to deviate from
anthropocentric prioritizations [Milliere and Rathkopf, 2024, Tjuatja et al.,
2024|. Such divergence opens avenues for using LLMs as tools for representing
non-human entities, offering perspectives not constrained by human-centric
assumptions. Right now there is still a lack of of practical approaches that can
successfully represent the voices of natural nonhuman entities in a way that
influences human behavior and decision-making [Félix et al., 2025].

Despite their reliance on human-generated data and operation based on hu-
man language and concepts, LLMs can adopt non-human perspectives through
carefully designed prompts and structured interactions. For example, they
have been used to interpret animal behavior and translate it into human-
understandable narratives [Ye et al., 2023|, facilitating interspecies communi-
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cation. Beyond individual animals, LLMs can simulate ecosystem-level view-
points by integrating environmental data (e.g., biodiversity trends, habitat
dynamics) to articulate the "interests" of ecosystems [Li et al., 2024b|. For
example, interactive, language-based queries to models enable real-time behav-
ioral analysis, helping to identify ecological stressors and inform conservation
strategies as described in the chapter about SES modeling. While LLMs show
promise in amplifying non-human voices and fostering empathy, challenges re-
main, such as the potential for misinformation and the need for careful prompt
design to ensure thematic depth and accuracy in narratives [Hoffmann et al.,
2024].

Building on these foundation, the thesis shifts its focus from exploring LLMs
that provide non-human voices in a game-based simulation to providing a tool
for storytelling from non-human perspectives. If LLMs can simulate ecosys-
tems or species in decision-making contexts, their application to narrative gen-
eration offers a creative extension: creating stories that center non-human ex-
periences. Félix et al. note in their future research directions that Al assistants
need to go beyond presenting evidence and facts. For instance, incorporat-
ing narrative storytelling, personalized feedback, and other socially reflective
design elements could enhance the impact of Al assistants. LLMs have the
capacity to produce speculative fiction, educational narratives, and participa-
tory dialogues that amplify non-human voices through the infusion of human
creativity and potentially with reference to ecological or behavioral data pro-
vided in the prompts. This approach not only mitigates anthropocentric bias
in storytelling, but also fosters empathy and deeper engagement with environ-
mental issues |Bardzell and Ghajargar, 2025|. The following sections details
the application of LLM in the area of story writing and mediates a better un-
derstanding of the term more than human (MtH) in HCI which is frequently
used in this thesis.

2.6.1 Story writing with LLMs

The use of Al technologies in creative processes has increased significantly in re-
cent decades, with some researchers viewing Al as a functional tool, while oth-
ers emphasize its role as a creative collaborator [Guzdial et al., 2019, Rezwana
and Maher, 2023].

Guzdial et al. explored how designers conceptualize Al systems in creative
contexts and proposed frameworks such as "co-creative" Al systems, in which
human and Al agents work harmoniously together. The researchers demon-
strated that user interface design can influence how artificial intelligence is
perceived in the context of a creative partnership, namely as a friend, collab-
orator, or manager. Furthermore, as Al technologies have advanced, language
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models such as GPT 4 have been applied to the domain of narrative co-creation,
allowing AT to function not only as an assistive tool, but also as a storytelling
companion or partner |Ghajargar et al., 2022, Rezwana and Maher, 2023].
Ghajargar et al. conducted a comprehensive analysis of generative literature
projects that used LLMs in poetic, narrative, and artistic compositions. The
conclusion was that these models facilitate the emergence of alternative nar-
rative voices and offer expressive affordances that were previously impractical
without computational assistance. The aforementioned technologies have also
been applied to interactive or generative literature, allowing users to see, read,
and converse with Al via natural language, as Ammanabrolu et al. explores
in their AI Dungeon, a system that uses transformers to facilitate real-time,
open-ended storytelling, allowing users to directly address the LLM. Their
work demonstrates how storytelling can become immersive and personalized
when driven by artificial language generation. In addition, Zhang et al. devel-
oped a co-creative storytelling tool to encourage interaction between parents
and their children. Their research found that Al tools can scaffold imagination
and encourage co-constructed narratives while promoting early literacy skills.
Linked to this, Cavojsky et al.’s work found that LLMs are particularly effec-
tive in creating engaging educational narratives that embed ecological data and
foster environmental empathy. By simulating conversations with non-human
agents or speculative futures, LLMs can help learners develop an emotional
connection to environmental systems and challenges [éavojsky et al., 2023].
Invoking this specific connection and awareness through participatory story-
telling is already explored outside of using a LLM by the scholars Talgorn and
Ullerup in their work Invoking ‘Empathy for the Planet’ through Participatory
Ecological Storytelling: From Human-Centered to Planet-Centered Design. In
their initiative, design students and professionals co-created stories using hu-
man and nonhuman personas. The resulting narratives revealed that empathy
was cultivated through emotional projection and imaginative identification,
demonstrating how storytelling acts as a vehicle for self-reflection, collective
ecological sense-making, and the integration of more-than-human voices into
design practices.

As previously mentioned researchers are tackling this goal with the support of
technologies. A significant concern in this kind of ecological storytelling is Al
bias, particularly anthropocentric framing in natural language generation. A
pioneering study found that LLMs tend to default to human-centered perspec-
tives even when discussing nature or environmental contexts [Hupont et al.,
2024]. Additional to this finding other Al biases like speciesist-bias termed by
the researcher Hagendorff have to be acknowledged and are addressed in the
ethical considerations chapter.

At this point, the use of emotionally resonant storytelling that includes non-
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human protagonists could significantly enhance public engagement with eco-
logical issues. If LLMs are trained or guided to operate within this framework,
they can become powerful tools for reshaping environmental discourse and in-
spiring behavioral change. The effort and approach of this thesis, which aims
to build on previous referenced work, adapts an LLM in the role of a GA to
specifically facilitate participatory ecological story-writing with the creative
input of multiple participants simultaneously. With the goal of shifting the
perspective to MtH while creating such narratives, the game LoGa, which in-
corporates these concepts, is used during the study. It exemplifies the efforts
of ITI and other researchers to apply MtH in HCI contexts, which will be
illuminated next.

2.6.2 More than Humans

Traditionally, HCI has prioritized human needs. However, emerging frame-
works advocate for MtH approaches that center ecological entanglements. By
designing playful, immersive experiences that disrupt anthropocentric norms,
HCI can foster deeper emotional engagement with nature and motivate conser-
vation efforts |Galvao-Ferreira et al., 2024|. These designs shift the focus from
human outcomes to reciprocal relationships with non-human entities, aligning
with posthumanist theories that dissolve the rigid boundaries between humans,
technology, and ecosystems |[Forlano, 2016].

Integrating technology into natural environments requires balancing enhance-
ment with ecological sensitivity. For instance, gamified elements like naviga-
tion puzzles or scavenger hunts can encourage exploration while preserving the
sanctity of outdoor spaces. This approach fosters a sense of accomplishment
and connection with nature through meaningful engagement |Galvao-Ferreira
et al., 2025]. However, as demonstrated by Nisi et al., technology’s role goes
beyond gamification; it can also enable storytelling from non-human perspec-
tives, which is crucial for reimagining human-nature relationships.

The board-based storytelling game LoGa exemplifies this shift. Set in the
biodiverse landscapes of Madeira Island, the game invites players to embody
non-human entities, such as birds, marine mammals, and volcanic rocks, to
explore the entanglements of nature and culture. The Madeira Islands are an
exuberant Portuguese volcanic archipelago in the Atlantic, renowned for its
rugged landscapes, rich biodiversity, and centuries-old natureculture heritage.
Through participatory play, LoGa challenges players to confront the agency
of non-human actors and deepen their awareness of ecological heritage [Nisi
et al., 2025].

The potential of tools like LoGa is amplified even further when combined
with LLMs. While gameplay can immerse humans in non-human perspec-
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tives, LLMs can extend this concept by generating narratives that articulate
the "voices" of ecosystems or species [éavojsky et al., 2023]. This thesis ex-
plores such an approach. Such applications align with the broader aim of
MtH-HCI: reconfiguring human-environment relationships by de-centering hu-
man agency and enabling sustainable sociotechnical imaginaries [Coskun et al.,
2022|. Integrating LLMs into participatory design (e.g., generating dynamic
stories for LoGa) allows HCI to bridge speculative storytelling with actionable
ecological empathy contributing to giving nonhumans more representativity.
After looking into the field of representing non human entities and MtH I want
to address some ethical concerns next regarding LLMs usage and in the specific
context of this thesis.

2.7 FEthical Concerns

This section focuses on arising ethical concerns regarding the employment of
a LLM agent, the representation of a non-human character by it, and the
exposure to a community on a social platform like Twitch as well as biases
which accompany the employment of a LLM in general.

Employing a LLM Agent on a Platform like Twitch

There are numerous ethical considerations which have to be taken into ac-
count while conducting a user study with a LLM involved in such a novel
environment such as a VSP. Deploying an LLM agent in an unmoderated,
live-streamed setting exposes it to unpredictable human behavior, including
attempts to "jailbreak" the system or elicit discriminatory responses. Histori-
cal examples, such as Microsoft’s Tay, which quickly adopted harmful language
when exposed to Twitter users, highlight the dangers of uncontrolled public
interaction [Wolf et al., 2017|. While moderated environments can mitigate
these risks, scaling to unsupervised deployment requires robust safeguards. As
there will be moderation in place as of now, protection against harmful in-
puts to the LLM Agent and in the chat will be ensured. However, the goal
might shift to letting it run without supervision, making it necessary to think
about methods to limit the possibilities of it turning into a harmful experience.

e Input Filtering: Real-time detection of harmful prompts, such as hate
speech and speciesist rhetoric, using hybrid human-AIl moderation tools
[Hu et al., 2024b].

e Output constraints: Preventing anthropomorphized or reductionist re-
sponses (e.g., framing ecosystems as "resources" for human use) through
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fine-tuning or post-processing [Hagendorff et al., 2023|.

Representational Biases in Non-Human Narratives

LLMs inherently reflect the biases of their training data, which prioritizes hu-
man language, Western perspectives, and utilitarian framings of nature (e.g.,
"ecosystem services") [Grasso et al., 2025]. A critical challenge lies in mitigat-
ing anthropomorphic bias. The training data and inherent structure of human
language may lead to the projection of human traits onto nonhuman entities.
This bias could distort the understanding of animal experiences, potentially
undermining the validity of the insights generated by speciesist biases. Key
concerns include:

e Anthropomorphic Distortion: The projection of human emotions or in-
tentions onto non-human entities (e.g., a "lonely" tree or a "venge-
ful" ocean), which misrepresents their lived experiences [Milliére and

Rathkopf, 2024].

e Speciesist bias is the systematic prioritization of human interests, even
in discussions about animals or ecosystems |[Hupont et al., 2024|. For
example, LLMs may frame biodiversity conservation as a human benefit
rather than an intrinsic right of non-human entities.

e Cultural homogenization: Overreliance on dominant languages (e.g., En-
glish) can erase indigenous or local ecological knowledge [Kamran, 2023|.

Using LLMs to "speak for" non-humans raises questions as posed by Forlano
"Can an LLM, which is trained using human data, legitimately represent non-
human perspectives? Or, does it perpetuate anthropocentric ventriloquism?"
The listed ethical concerns do not cover all relevant fields, but they provide
an overview of the topic and ensure that these concerns are recognized and
addressed when necessary. At this time, the user study is being conducted in
a relatively controlled setting, and the presence of harmful content is not an-
ticipated. Nevertheless, if any instance of speciesist bias, or anthropomorphic
distortion is identified in the created texts, it will be highlighted.

The next chapter will explain the focus group approach used during the in-
terface creation process to ensure a well-thought-out, participatory LLMGA
interface combined with the LoGa game.
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Chapter 3

Focus Group Study — Evaluation
and Findings

3.1 Introduction

This chapter presents the rationale and approach for conducting a focus group
with stakeholders. The primary objective was to refine the mechanics and user
interface of the LLM agent to ensure that it enhances audience engagement on
Twitch when integrated into the APG version of LoGa. To accomplish this, the
focus group explored the following central question: How can an interactive
LLM agent support the LoGa’s gameplay experience on Twitch to
make it more fun and engaging? By gathering insights from a diverse set of
stakeholders through discussion, the study aimed to identify improvements in
interface design, and Al interactions to enhance engagement and playability on
the VSP Twitch. The following sections detail the methodology, key findings
from the focus group and implications for the planned user study.

3.2 Methodology

3.2.1 Study Design

The decision to conduct a focus group is made on the basis that it seems
beneficial to have multiple parties affected or with influence discussing the
possibilities and design choices in a moderated setting. Focus groups are a
qualitative research method that involves gathering a small group of people to
discuss their perceptions, opinions, and attitudes towards a product, service
or topic |Kitzinger, 1995, Morgan, 1996, Pitariu et al., 2009]. This method is
particularly useful for understanding user needs and preferences early in the
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design process [Kriiger et al., 2020, Pathiraja Rathnayaka Hitige et al., 2022,
Pitariu et al., 2009]. The method is part of user-centered design approaches,
and the interactive and synergistic nature of focus group discussions (FGDs)
allows a moderator to promptly clarify questions and probe for further ex-
planation, thereby creating a productive environment for participation [Wong,
2008]. Through an exchange of ideas and opinions, FGDs can reveal a range of
participants’ perspectives, creating a broader understanding of design spaces
[Pathiraja Rathnayaka Hitige et al., 2022].

Traditional focus groups rely on the skills of the moderator who is a relevant
factor for the success, and require extensive and time-consuming data analysis
afterwards |Kriiger et al., 2020]. Another obvious weakness is that an FGD
can be dominated by more vocal participants, whose strong and loud voice
can misrepresent the sentiment and hide the voices of the silent people [Wong,
2008|. Therefore, creating an open and free discussion environment that allows
each participant to express their views and opinions is a top priority Pathi-
raja Rathnayaka Hitige et al. [2022]. Pitariu et al. guidelines are helpful in
conducting a FGD. For excellent results, a diverse group of participants who
are stakeholders or represent the target users is necessary. The group size is
usually six to ten people to allow for meaningful interactions and enough space
to express opinions. The facilitator is able to guide the discussion, encourage
participation, and manage group dynamics. A discussion guide with open-
ended questions aligned with the research is helpful for a smooth process. To
ensure meaningful analysis, the session should be recorded with the consent of
the participants.

However, as Kriiger et al. mentions, focus groups are not specifically designed
to gather insights for experience design. Their suggestion of experience focus
groups is an interesting concept to extend the traditional method. In fact,
the group principles allow enough freedom to structure and tailor them to
individual research. Using this approach better facilitates the incorporation
of augmenting materials, such as Striners thematic map, to guide discussions
and stimulate idea generation. In addition, the use of open-ended questions
and informative material in this setting encourages the inclusion of diverse
perspectives, as each individual has a unique level of involvement and exper-
tise in one of the project’s domains. With the support of ideation methods
such as "braindumping" and "plus five", which are interactive tasks to create
visual expressions of user experiences, participants partially document their
results, thereby reducing documentation and interpretation time. The defined
structure with its specific interactive tasks and the alternation between indi-
vidual and collaborative work of the participants creates a dynamic and easier
to manage scenario for the moderator [Kriiger et al., 2020].

The FGD was partially an open discussion with open ended questions but also
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incorporated moments of individual work which created visual representations.
This process was aided by maps and resources to support participants in the
process.

3.2.2 Participant Selection

To incorporate all topics addressed following stakeholders were part of the
focus group:

1. LoGa team members, two people responsible for designing multiple ver-
sions of the physical game and collecting the underlying data also responsible
for writing a scientific report "Rock, Paper, Pigeon: Playing with Posthuman
Narratives for Natureculture Storytelling".

2. Coding team consits of one person, tasked with developing the digital
adaptation and providing an API for communication with the LLM agent. He
is also part of the Twitch experts.

3. Two Twitch experts, users with in-depth knowledge of the platform and
streaming dynamics.

Recruitment was done verbally, and participants from LoGa and Coding were
selected based on their major roles in each pillar and their importance in pro-
viding a completed APG. For Twitch experts, close acquaintances were asked
about their knowledge and subsequently asked to participate if the requirement
of having used Twitch regularly for watching or streaming themselves was met.
The reason for this is that a novice user is aware of the chat interactions and
dynamics that occur during a stream, making them an important voice in the
discussion of audience engagement. In the following sections, Twitch experts
are referred to as TE and LoGa team members as LE.

3.2.3 Procedure

The focus group with four participants commences with handing out consent
forms followed by an introduction to the three-pillar structure, which comprises
the interface of the LLM Agent, the VSP Twitch, and LoGa the game. Each
pillar is introduced within a presentation that illustrates the current state and
potential applications. This approach facilitates a comprehensive understand-
ing of the aspects that are not familiar to the participants before engaging in
an open discussion. Then the underlying question is posed to the participants
and time for discussion is given. Following this, participants engage in ideation
using the methods mentioned in study design. The first stage is to write down
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Figure 3.1: Focus Group during the Method Braindumping

everything that comes to mind, without filtering or rationalizing, in order to
collect possibly all ideas. In this step, participants work together on a poster
to collect their ideas, which they write on post-its. In the second step, each
participant chooses one idea that they particularly like and adds five ideas that
contribute to and expand on it. Each participant is then given five minutes to
give a short presentation of his or her idea and explain how it contributes to
the overall question posed. The FGD ends with a final moderated discussion
of the results, which lasts a few minutes. Afterwards, the participants are
thanked for their participation. Data are collected in two forms. The first is a
voice recording of the discussions and the second is the visual material created
during the FGD. The recording was done with a phone and contains most of
the discussions. Unfortunately, much of the open discussion was dominated
by clarifications on each topic, as the LoGa team was mostly unaware of the
Twitch features, while the other team had a lot of questions about the game, so
this part of the recording is mostly ignored during transcription and thematic
coding.

34



CHAPTER 3. FOCUS GROUP STUDY — EVALUATION AND FINDINGS

3.3 Results and Evaluation

This section presents and interprets all identified themes which were found
during thematic coding of the transcripts, as well as an ideation evaluation.
The structure of this section reflects categories identified and the associated
patterns and perceptions of the focus group participants.

Figure 3.2: Focus Group Results: LLM Agent Roles identified & Attributes, Per-
spectives

There are multiple roles advocated to the LLM with some attributes reap-
pearing or playing a larger role for the agents purpose while having different
range of tasks. Being the facilitator, the participants gave it the purpose of
supporting creative input or sharing information about the chosen character
to deepen knowledge and provide indicators what to write about. "It can com-
ment the action while staying in the character" was suggested by TE1l. LE1
also strongly advocated for having it factor in less human centric perspectives.
That can come to bear if the story needs correction in terms of ecological facts.
If present as a facilitator the LLM supports writing the story, narrate events
and fill gaps in the narration. It sums up ideas posed by the audience. TE2
sees additionally the possibility of giving reactions from the audience feeding
it to the streamers’ attention and clarifying questions about prompts of the
story.

Very similar to this role, but with less range of tasks is the moderator role,
in which the LLM is used to communicate Twitch chat ideas for prompts to
the streamer. To do so, it constantly monitors the chat and can pose clarify-
ing questions through the provided interface to bring something to everyone’s
attention. TE2 came forth with the suggestion: "It could analyze the mes-
sages from the chat to determine the current mood and react accordingly on
it". LE2 sees in this role a bigger potential to improve fun and collaboration
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during game play. Like the facilitator, each story produced is read aloud at
the end.

In the role of a writer, the previously described tasks closely related to creat-
ing the story, such as narrating, filling in gaps, are also served, but as LE1 and
LE2 point out, delegating all writing and creating tasks to the LLM will make
the experience dull and boring. More interesting are suggestions to let him
continue the already started story of the streamer, which could include a turn
taking dynamic. A statement that can be made indefinitely is: The creative
step must remain with the players, supported or not supported by the LLM.

Three smaller roles identified are "InChat", "Q&A" and the role of gener-
ating other content. For the first two, both should answer questions and
teach in an interesting way, just through a different interface. The InChat
appears in the role of the character chosen by the streamer and suggested by
LE1 could write in character, meaning that under certain circumstances it will
just write gibberish imitating its character in the chat. For the last role, in
which new content should be generated, TE1 suggested creating emotes that
fit the storyline and events, which could then be used by the audience in the
chat to show their excitement. During the discussion, it emerged that the
LLM could be present as the chosen character, meaning it could be talked
to during gameplay and have a different kind of dialog similar to an NPC. It
could instead also take on the role of a player who is heavily influenced by
the Twitch chat and therefore plays for everyone watching and creates a story
according to their will, or it could take on some responsibilities while acting as
a streamer, answering questions, exposing stupid comments, and making jokes
to lighten the mood.

Attributes that were discussed for several roles include using non-human lan-
guage to facilitate the MtH approach, contributing to the writing of the story,
and getting these ideas from the Twitch chat. A recurring and central theme
was the LLM using humor to answer questions or react and comment. This
was discussed because LE1 wants to reduce the effect of appearing as a teacher.
However, this attribute was mentioned several times as being very influential
in audience perception and interest, making it a possible target for the agent.
Additionally the LLM being able to keep the story more streamline and taking
a MtH perspective seems most promising.

Category: Story and writing

Writing was defined by LE1 and LE2 as a core element of the LoGa game.
In addition, supporting the narrative with visuals was seen as an attention-
grabbing concept. There may be gaps to be filled in participants’ stories based
on prompts provided to the agent. A selective process could influence players
regardless of the viewers playing through the LLM or the streamer to increase
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the effort to possibly write the best story or part of the story cf. (LE1). An-
other mechanic suggested by TE1 is to have the streamer and LLM take turns
completing each other’s story or following up on the last sentence, creating a
highly interactive experience.

Category: Twitch and viewer participation

Discussing Twitch and its viewers, the possibility of letting them control the
LLM output by prompting in the Twitch chat seems a likely scenario. The
Twitch chat can then play against or with the streamer by influencing the
story with their ideas. TE1 described an interesting phenomena on Twitch,
where viewers can create the entertainment themselves, which is then only
adapted by the streamer. This can be very powerful because the community
is engaged with itself and everyone strives to contribute. Therefore, the chat
should be a hundred percent involved in the creative process of writing the
story. This is most likely to work with funny content, which has a higher over-
all success rate in holding attention cf. (TE2). Other concepts for interaction
involve the audience voting on parts of the story to decide how to continue or
which finished story is the best. The audience could also take part in the turn
taking and continue already started stories. They will respond to the LLM
by producing text in the chat or answering questions, depending on whether
the answer is purely informative or in MtH style. The LLM answering fully in
character could generate more interest and have the audience trying to figure
out how to understand or communicate, but could also lose all interest if done
incorrectly. Another volatile idea from TE1 is to have the audience collect
emotes based on the stories, which speaks to the fascination of receiving indi-
vidual achievements during the game.

Category: More than Human

LE1 describes this as the LLM taking on the role and perspective of, for exam-
ple, the Monk Seal, which is a regional animal of Madeira. When its language
is adapted or the focus is shifted to its sensations and goals, the streamer and
audience must adapt as well, fostering a deeper understanding of the MtH
world. Incorporating this strategy can support creative writing with MtH in-
put provided by the LLM cf. (LE2). Adapting a particular style to respond
to queries and being aware of the ecological facts woven into the story are
two other issues that came up in the discussion. An opportunity to point out
the differences between a human biased perspective and a MtH perspective is
described by LE2 when comparing the finished story of the streamer with the
one written with the support of the LLM. This is based on the assumption that
the LLM has a better ability to adapt MtH perspectives than the other players.
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Category: Playing experience

The previous playing experience was described by LE1 and LE2 as lackluster
of excitement and they would hope for a more fun and collaborative environ-
ment. This can be facilitated by having multiple parties play together, how-
ever, there is the need of engagement during play time especially the longer
periods of writing are dull and will not work well with audience engagement cf.
(LE1). There is the possibility of pairing the streamer with other players as
well as have the viewers take part by playing trough the LLM cf. (TE1). This
could unfold in a competitive manner trying to create the most liked story or
cooperative, completing each others story with creative inputs. Overall the
pace and rate of interaction should be increased by having the LLM comment
or read out the story part after each stage. This will result in more exchange
along all participants. This goes hand in hand with the Idea of TE2 to swap
the stories after one sentence creating a more engaging and dynamic course of
play.

Having the viewers playing trough prompting the LLM poses some questions
involving the playing experience. Mechanics to pick a random user or divide
user in their respective audience participation group and categorize prompts
are strategies which have the possibility to provide a smooth and productive
playing experience. Important would be according to LE1 to swap active play-
ers from the audience after each turn. An other mechanic which can increase
viewer detention are unexpected events. TE2 describes them as the LLM re-
acting to certain prompts in a surprising way to an unlikely percentage. This
is similar to the idea of the LLM adapting MtH language for a low percentage
during interaction. Other ideas involved having a mystery, respectively, cha-
rade game on the hand which core idea was to have the participants try to fool
each other in believing that they are the Al writing the story which poses an
interesting concept and has an uncommon focus to shift the imitation from the
LLM imitating humans to humans tying to appear as LLM which is a paradox
to recent developments cf. (LE2).

Category: Streamer

The streamer was identified as an important role in maintaining attention,
and his responsibilities were described by TE1 as not only playing a game, but
reading the chat, answering questions, changing the gameplay, and adapting to
what is occupying the chat. For example, if there is a discussion going on, the
streamer might pause the game, look up a particular topic, and join the dis-
cussion cf. (TE2). He must be addressable at all times and could play against
the audience in the case of an APG. Looking at the role of the streamer, it
is inconceivable that he can be treated similarly to the original players during
the writing process. Writing without involving the other players, the audience

38



CHAPTER 3. FOCUS GROUP STUDY — EVALUATION AND FINDINGS

playing with the LLM results in boredom for all parties.

Category: identified risks

Lastly, some risks were touched on, namely the possibility of trolls writing in
the chat, which is one of the audience participation groups trying to disrupt the
stream. The other is unproductive prompting that does not result in the game
progressing. Risks were a really small part of the discussion, which means that
the design process will be inspired by the APGs presented in related work and
their decisions to minimize the described behaviors.

3.4 Summary and Implications

This section summarizes the key insights and the most prominent points to
include in designing the LLM integration with the APG and mentions the next
steps taken to realize the planned user study.

3.4.1 Key Takeaways

After the FGD, it is clear that the chosen model will have an impact on the key
feature of using humor and creating humorous content, as well as contributing
the MtH perspective. Ideally, the LLM agent will provide more knowledge
about the played character and take care of adhering to ecological facts in the
story. There are several functionalities that need to be added to make the
experience enjoyable and interesting. MtH can be present with spontaneous
output in the role of the character. Prompts need to be collected from the
audience in the Twitch chat and need to be recognized and handled with
specific mechanics to provide the best experience for the productive audience
participation groups. LoGa could benefit from some substantial changes that
provide a more dynamic and optimized sequence in which engagement with
each other is promoted. This can be done by swapping after a sentence and
reading out story parts for each turn. The Twitch chat needs to be involved
in the creative process of writing the story, which can be done by applying the
LLM response to the game interface so that the agent writes a story based on
Twitch chat prompts while the streamer does so as well. To reduce confusion
and inflated prompts, it seems necessary to cut out some of the provided
prompts for story writing, banking on the fact that the viewers will provide
some of their ideas. This would also require an integration of the LLM and its
interface to the game logic.
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3.4.2 Next Steps

For development a few things have to be adapted in the code however due
to time constraints and it being a rather first time approach, game changes
are kept to a minimum meaning the character choice was overhauled with
multiple non human choices added. Moreover, an overview of the full story
at the end was included thanks to the coding team of LoGa. The model and
its desired capabilities of using humor proficient and MtH perspectives were
found through a process which will be specified in the following chapter.

Enabling viewers to take part in story creation and adding their creative inputs
is realized with the Twitch API integration to the code and appropriate filtering
techniques, both of which are explained further in the development process
chapter. MtH and humor will also be specifically targeted in the system prompt
which gives the chosen LLM the instruction at hand how to function as the
GA. A more detailed look follows in the next chapter into the system prompt.

40



Chapter 4

Interface for Remote Multiple
User Prompts

Disclaimer: The code shown in this chapter was written supported by LLM
usage and Github Copilot trouble shooting and is based on existing code *

This chapter presents the comprehensive methodology used to enable and eval-
uate the capabilities of LLMs as facilitators of an APG in which the audience
uses multi-prompting to create an ecologically based narrative. The goal is to
enable multiple users to remotely contribute to a prompt and thereby partici-
pate in an activity, such as a game. The approach includes the proposal of a
novel method for LLM selection, subsequently tested during this thesis called
"Quick Model Choice" (QMC). The second part of the chapter includes all
development steps taken and code explanations for providing an interface for
user interaction with the LLMGA.

4.1 Model Choice - Hein’s Quick Model Choice
Approach

The in Fig 4.1 portrayed method is a code-free, moderate-effort seven step
process of selecting a LLM from the widely available models with the aim of
filtering out the one that excels in certain areas important to the researcher’s
goal. It makes use of prompt engineering to refine the base prompt, which
combines general purpose with attributes for which a chosen model (M) is
specifically tested. The base prompt can be refined to achieve a higher sat-
isfaction with the response (R). Following the collection of responses from
each model selected for evaluation, the refinement process commences with

'https://github.com/DougDougGithub/Babagaboosh Last accessed on 18.03.2025
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Figure 4.1: Quick Model Choice Approach Visualization

the models rating their own responses based on the required attributes (A4) us-
ing a Likert scale. In the step three and four, the criteria (C') of the model on
which the rating was founded are acquired and comparatively analyzed with
the criteria of the other models. In the event of a significant deviation in the
criteria, the researcher is tasked with constructing a common list of criteria, as
an intermediate step between four and five, from which the evaluation of the
responses can commence. This is accomplished by selecting criteria that are
common or, in the researcher’s subjective opinion, more significant, to be in-
cluded in the final rating. The subsequent phase, designated as "assessment,"
involves the provision of a consistent task for the evaluation of every response
for each model. The objective of this evaluation is to assess each output gen-
erated based on the base prompt. The specific attributes within the responses
will be analyzed using a selected Likert scale. (see Step 5). It is important
to note that the preceding steps may necessitate varying degrees of effort to
adequately articulate the task demanded by the LLM. Consequently, the im-
plementation of multiple iterations of prompt engineering may be warranted.
Moreover every time a prompt is sent it was in a new conversation to prevent
any biases and side effects from previous responses. The result of step five is
a score for each model provided by all other models for each attribute utilized
in the response. If it is deemed advantageous to factor in a human and more
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subjectively opinion the researcher rating is added to the score. The ultimate
outcome of this process is a synthesis of all ratings, thereby providing a com-
prehensive perspective on which model demonstrates the greatest proficiency
in utilizing the desired attributes. It is possible to complete the calculation
and selection process after step five. In the event of LLMs awarding higher
ratings with a greater frequency than lower and average ratings, and in the
event of significant discrepancies between the researcher’s score and that of the
LLMs, it may be advantageous to implement a penalty factor (alpha) ranging
from 0.8 to 0.99 on LLMs who have allocated average ratings above a certain
threshold or have demonstrated a marked tendency towards high ratings. By
adjusting alpha the confidence in the evaluation of the LLM can be varied
and expressed. In order to achieve the adjustment from step seven, the mean
rating is calculated and recorded as the median in step six. Subsequently, the
penalty is applied to identified models (M _high), resulting in the correction of
their scores and the production of a more robust result. The final score can be
considered irrespective of the researchers’ opinion, and it provides a statistical
and thorough method of selecting a LLM to use in owns research tasks.

Prompting

Prompting makes up a substential parts of this method. In the case of this
thesis, the models were specifically asked to use humor and represent the MtH
perspective when responding to a query. For this purpose, the task was de-
scribed similar to the one used in the final application, with additional inputs
simulating the messages of the viewers such as: "It has the size of a house, its
yellow, it loves fish, it contemplates to leave or kill itself, how much is the fish,
are you single?", in order to test the handling of several more or less indepen-
dent and serious prompts. This simulates and aligns close with the reality of
stream chats which are made up of previous discussed participant types like
helpers and possibly trolls after Seering et al.. In the previous described FGD
the two attributes namely humor and MtH were made out to be of most impor-
tance for providing an engaging, motivating experience while being educated
further on ecological facts and experiencing a shift in perspective. Therefore
the focus is set on discovering the most capable model in these disciplines
thereby including their application in the base prompt. As consequence, the
LLM was explicitly asked to use humor to expose and debunk ecologically false
facts possibly included in the prompts, and to tell the story from the perspec-
tive of a chosen non-human character and reduce human bias while doing so.
The base and all other prompts are also included in the appendix for closer
inspection (see A.4). In the described process the initial base prompt worked
so well there was no iterations with prompt engineering conducted. To make
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sure the instructions are fully recognized the task to specify the role of the
LLM itself was included at the end. For the evaluation task and especially for
refining and aligning the criteria some iteration of the prompts were used and
every prompt sent during this method was placed in a new conversation with
the responding model.

Evaluation

In the first iteration of this proposed method the evaluation was done before
aligning any criteria which resulted in a less transparent result. Every model
rated the responses of each other model and itself on the basis of humor in-
corporated and MtH perspective taken on the common Likert scale between
one to five. This was instructed by a zero shot prompt that included the task
of rating the attributes separately and providing context on what basis, which
values to use, and their meaning. Some prompt engineering was conducted to
alter the results and provide more context which was deemed to be helpful.
In the prompt described an explanation like following was added: "The text
provided is generated by a LLM based on a prompt with multiple suggestions
for a description of a monk seal some more serious some less".

Refinement

After consultation, previous inquired criteria from the models were compared
and larger differences for the analysis in MtH and some for humor were noticed.
Due to this discrepancies, the previous result was declared as unverified and a
list of shared and desired criteria was built on which the evaluation took place
after. For the attribute humor the criteria of witty, timing and pacing, origi-
nality and creativity, surprising and relevance and context were provided. For
MtH the criteria were ecological, non human bias, environmental challenges,
unique subjectivity, and critique. When clarifying which attributes should be
examined and rated on the specified criteria, it was advantageous to include
examples for each criteria in the evaluation prompt which were mentioned pre-
viously by one of the models. So for the criteria witty following description
was included: "Incorporates clever wordplay, puns, and dialogue that makes
the reader laugh out loud. The humor should be sharp and memorable". After
refining the prompt, for evaluation the rating commenced as shown in Fig. 4.1
step five, resulting in scores for each attribute awarded by the LLMs and the
researcher.
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Table 4.1: Combined Scores for Language Models With and Without Researcher
Input

Model Evaluation Scores

Model Model Only Score Researcher Score Total With Researcher
Gemma3 27b 43.0 5.0 48.0
Qwq-32b 48.5 7.0 55.5
Deepseek-r1l 46.0 6.0 52.0
Mistral 24b 39.5 6.0 45.5
Llama3.3 70b 46.0 6.0 52.0
Qwen2.5 72b 37.5 4.5 42.0

Calculation/Selection

The calculation process comprises the aggregation of all scores for each LLM
in the designated attribute column. Subsequently, the mean score awarded
during the evaluation process is calculated for each model without and with
the researchers awarded scores (see Eqn. 4.1 & 4.2). The i is the instance/table
and j refers to the model.

TOtal(T;) = Z (Humorm + MtHZJ) (41)
jEModels
Totalyitnres (1) = Total(T;) + (Humor,es + MtH ) (4.2)

Additional to this preliminary result from Tab. 4.1 it is possible to ascertain
which model has given the highest rating across its evaluations, both as the
mean and the median. In the case of this evaluation, the over all median score
of 4.0 was obtained from two models, namely: "Mistral 24b and Llama3.3 70b"
(see Fig. 4.2 for full results).

This led to the application of a penalty in a subsequent equation 4.3, as
these models were considered to have an overly positive evaluation and assess-
ment, emminent by comparing their sum of values with those of other models
and the researcher. The models in question allocated a total of 47 or 48 points
to other models during the evaluation process and gave at least one time the
rating of a perfect five. This represents an increase of 10 to 11 points compared
to Qwen2.5. In this particular instance, the value of 85% was identified as the
threshold for confidence in the score derived from these two models. Subse-
quent to this determination, a penalty of 15% of the initial value is applied.

AdjScore(T;) = Total(T;) — a x Z (Humor; ; + MtH, ;) (4.3)

JEM _high
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Il Gemma327b Il Qwg-32b Bl Deepseek-r1

B Mistral 24b [ Llama3.3 72b Qwen2.5 72b

-

Figure 4.2: Box Plot for Average Rating given

Example Adjustment for the score of model Qwq-32b:
48.5 — 0.15 x 16.5 = 46

The adjustments of the two models evaluations resulted in Tab. 4.2. As the
percentage increases, the confidence in the evaluation of the model is incorpo-
rated.

Several results can then be read from this method: The best performing LLM
for each attribute, the best overall performance which was aimed for and for
both cases, the opinion of the researcher can be added to receive an additional
perspective. The end results are presented in Tab. 4.3

Limitation of QMC

This approach has some of the usual limitations in applying LLMs’ ratings
to themselves and to each other. Attributes, even with provided examples,
can be interpreted differently and thus have different agency during the rating
process, and results are always based on the provided descriptive task. With
open CoT processes, these limitations are reduced by the ability to trace each
argument and rating back to the specific part of the prompt, but there is
still some uncertainty about how the overall result and rating is composed.
Furthermore, the risks identified by Li et al. include LLMs and their inability
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Table 4.2: Adjusted Scores for Language Models With and Without Researcher
Input

Model Evaluation Scores

Model Adj. Score Adj. Score (res)
Gemmad 27b 40.6 45.6
Qwq-32b 46.0 53.0
Deepseek-rl 43.5 49.5
Mistral 24b 37.5 43.5
Llama3.3 72b 43.3 49.3
Qwen2.5 72b 35.0 39.5

Table 4.3: Final Evaluation Results

Metric Model Score
Highest total (without researcher)  Qwq-32b 48.5
Highest total (with researcher) Qwg-32b 55.5
Models-high (median) Mistral 24b, Llama3.3 70b 4.0
Adjusted total (o« = 0.85, no-res) Qwq-32b 46
Adjusted total (aw = 0.85, with-res) Qwq-32b 53

to access or incorporate up-to-date information reliably. They might generate
incorrect or fabricated information with high confidence and lack the depth of
understanding required for specialized domains.

Hein’s QMC framework proposal

In light of the aforementioned steps and the necessity of selecting a model that
aligns with one’s research objectives or a model that exhibits a high degree
of proficiency in the application of specific techniques and the utilization of
language patterns, I propose a streamlined framework comprising three steps,
as illustrated in reference figure Fig. 4.3. The aforementioned method has
the capacity to prolong the decision-making process. It can be utilized as a
rational basis for goal-aligned model selection rather than merely opting for
the most recent iteration of a model within one’s own project.

4.1.1 Game Agent

Based on the evaluation shown in Fig. 4.1 and the results in Fig. 4.3 the
model Qwq-32b from the Qwen Team|Team, 2025| was chosen to be the GA
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Figure 4.3: QMC - simplified

for its usage of humor while incorporating a MtH perspective most succesfull.
Qwq is the reasoning model of the Qwen series. Compared with conventional
instruction-tuned models, Qwq, which is capable of thinking and reasoning,
can achieve significantly enhanced performance in downstream tasks, especially
hard problems. Qwq-32b is the mid-range reasoning model that can achieve
competitive performance against state-of-the-art reasoning models, such as
DeepSeek-R1, ol-mini [Team, 2025, Yang et al., 2024a]. It combines therefore
the most desired capabilities with CoT and is therefore a suitable choice for
being GA who is tasked to weave the given prompts/ideas from Twitch viewers
into the story while portraying a MtH perspective and using humor to defect
ecological wrong facts brought forward by the participants. CoT will be im-
portant for later analysis of whether the model was aware of all the inputs,
whether it actively decided to ignore an idea, and whether rules were handled
during processing. As described in related work and drawing from examples
of LLMGASs a system prompt provided up front will determine how the inter-
action is structured and what tasks the LLM has to follow while being in the
role of GA.

The system prompt utilized during the deployment consists of a basic descrip-
tion mentioning the role with an explicit example, in which context all the
other interactions are going to happen, and a list of rules to follow while cre-
ating responses (see A.5). In a few tests and prompt iterations this was made
out to be most effective. Some rules were specifically added to reduce noise
in the answer of the GA. This noise was noticed during test runs in which the
produced text and the audio version contained confusing and cluttering ele-
ments like the overpropotional usage of asterisks which would also be spoken
out and inserted passages. Furthermore, the usage of dramatic and outdated
words was reduced, and the LLMs behavior to lean towards writing a movie
script was ironed out by mentioning the story is supposed to be more like an
entertaining book while being easy to read. In order to incorporate the MtH
perspective, the model was instructed to narrate the story from an MtH view-
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point, thereby reducing human bias. Additionally, on rare occasions, sounds
or expressions of the characters involved were to be included, which, from the
MtH perspective, need not be comprehensible to the audience or researcher
but can add to the aimed swap of perspectives.

The full system prompt is included in the appendix (see A.5).

4.2 Development of the LLM Game Agent and
Interface

This section contains the development process and each iteration with expla-
nations of the code used to realize the scope of the thesis. Coding and system
architecture is divided into part A, which describes the setup used to interact
with a LLM model via text and voice input and receive responses from the
prompt as audio files, part B, which describes the alternative web-interface,
and part C, which explains the Twitch integration. The full code is available
here: 2

Coding and System Architecture A

1 - Input capture - 3 - Visual Representation

Class: audio_player py

Audio Manager

")) \Output: Al Voice: "The Name Greenland..."—\_) =
o N -
o
E:

atgpt_characterpy .
i Fre

Transcribe Audiotinto Text: ]

Visual Representation of the
LLM Agent is shown during
output with OBS (Websocket)

Class: obs_websockets.py

0BS Websocket Manager

Response/ﬂiom Model: deepseek r1:8b

w4

2 - Generating responses

Text - prompts a LLM runnir\g via Ollama

Figure 4.4: Architecture of LLM Agent Interaction

’https://github.com/chhe0032/Babagaboosh
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The code used in this endeavor is partially available in this public repos-
itory 3. In the original version, multiple application programming interfaces
(APIs) with payment plans are used to communicate, transcribe and create
the interaction. Figure 4.4 illustrates the system architecture and class de-
pendencies after adaption. Discussion on the visual representation and voice
configuration are provided in a subsequent section due to their significance in
creating an immersive user experience.

1. Input capture: The system operates in a loop initiated by a keyboard
input, activating the microphone to capture audio. The main entry point is
chatgpt character.py, which initializes the voice-controlled agent. The char-
acter’s behavior and personality are defined by a system prompt, guiding the
language model throughout the interaction.

The Speech to text manager leverages Whisper? to transcribe real-time or
pre-recorded audio, with pyaudio for audio capture and wave for file handling.

2. Generating responses: The resulting text prompt is forwarded to an
on Ollama® locally running language model, allowing for GPU-accelerated ac-
tions with a variety of models. Token management is done in the Local Al
manager, where the num_tokens from messages() function makes sure that
the lengths of the tokens stay within the limits of the model. For models like
Ollama that do not have built-in tokenization, an estimated token count is
calculated using word length. For OpenAl models which were initially used
in the code, accurate token counts are obtained via the tiktoken library. The
Local Al manager class helps to communicate with the local LLM, maintain-
ing context through self.chat history. It supports both stateless interactions
via chat() and contextual conversations via chat with history(). The system
used in its early stages deepseek-r1:8b as the local running model, but this can
be replaced depending on available resources and preferences.

Every response generated by the model is then converted into speech using
Elevenlabs manager. ElevenLabs’ API’s® generate() method handles speech
synthesis. The voice can be customized by adjusting parameters such as the
speaker identity and synthesis model (eleven monolingual v). Playback is
managed by the Audio manager, which uses Pygame’s mixer for both syn-
chronous and asynchronous audio playback. The buffer sizes and playback
modes are optimized to prevent latency or glitches, with support for real-time

3https://github.com/DougDougGithub/Babagaboosh Last accessed on 18.03.2025
‘https://github.com/openai/whisper

Shttps://ollama.com/

Shttps://elevenlabs.io/
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responsiveness via asyncio. The audio is played back to the user, completing
an interaction cycle.

3. Visual representation: In addition to audio feedback, OBS and OBS
WebSocket” are used to portray a character whenever speech is generated, cre-
ating a more natural interaction with the user. The OBS Websockets manager
provides full programmatic control over OBS Studio, including scene switch-
ing, source visibility, text updates, and transformation of scene elements. This
enables possibilities which can be explored in the streaming set up.

Coding and System Architecture B

Select Character Prompt: [Error loading options v || Update System Message |

LLM Chat Interface

Type your prompt here Send ‘ Start Recording

Figure 4.5: Web based Interface for the LLM Agent

After initial tests with the above described interface, it was decided it would
be necessary to control the interaction from outside of the console and provide
possibly a web based interface Fig. 4.5 for the LoGa game to receive the out-
put from the LLM. For this purpose, Flask which exposes multiple endpoints
to facilitate dynamic user interactions and a HTML based surface are utilized.
The routes are visualized in Fig. 4.6.

In the top left of the user interface in Fig. 4.5 a drop down offers the op-
tion to change the system prompt to switch the character displayed by the
LLM. A GET request retrieves all available system messages from the local
system messages directory, supporting both .txt and .pdf formats. This al-
lows in subsequent processes to add new system prompts as files with different
textual descriptions and tasks for the LLM providing the base to change the
portrayed character on the fly. The route /update system message allows
users to toggle between these system prompts. When selected, the correspond-
ing system message replaces the current chat history in the openai manager,
effectively redefining the agent’s role and behavior for subsequent interactions.

"https://obsproject.com/
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Figure 4.6: Flask Routes facilitating Web based Interface

Interaction with the LLM is handled through: The /process input
route is triggered when the "Send" button is clicked, and handles a POST
request with text and/or image from the provided data input fields, generates
a response using the connection to openai manager with a local LLM, and
synthesizes speech using ElevenLabs’ API. The resulting audio file is played
locally and made available via a temporary file path for browser playback. The
interaction is also synchronized with OBS for visual display.

To facilitate prompting with the microphone in the browser environment the
method /process audio, takes an uploaded audio file (WebM format) triggered
by the "Start Recording" button, converts it to WAV using pydub and ffmpeg,
and then transcribes it using the speechtotext manager. The transcription is
then fed to the same pipeline as the text input.

With the GET and POST requests regarding voices the elevenlabs manager
can provide a list of available voices which can be selected setting a default
and new voices for the next output. This web extension lets users interact
with the LLM agent through a browser and adds features like voice changing
and including images in the payload of the request. It also maintains the local,
GPU-accelerated pipeline for inference and audio-visual feedback established
in the base system.
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Figure 4.7: Twitch Integration and Chat addition to the Prompt

Coding and System Architecture C

This section shows the code and infrastructure for including Twitch API to re-
ceive text messages and user names. This is necessary to provide the function-
alities for prompting with the input of the viewership. Subsequently different
methods to receive prompts and audience participation will be introduced and
explained.

Twitch chat integration for live user interaction: As part of the sys-
tem’s evolution, a Twitch chat listener module was implemented to enable
real-time interaction with viewers on a live streaming platform. This compo-
nent connects directly to Twitch’s Internet Relay Chat (IRC) server using a
socket-based implementation, authenticates with an OAuth token, and joins
the specified Twitch channel. Once connected, the system continuously listens
for incoming messages and only processes user-generated PRIVMSG entries.
Messages are filtered based on criteria such as sender identity, presence of pro-
hibited keywords, or formatting patterns (e.g., bot commands prefixed with !).
Relevant user messages are stored in a persistent log file (twitch messages.txt)
along with a timestamp and username for traceability. A set of RESTful end-
points complements this functionality by allowing retrieval, filtering, and dele-
tion of stored messages: The most important of these, /filtered twitch messages,
which can apply various conditions on the message or username to retrieve
only a small collection or the last 10 messages from the message store, see 4.7,
thereby updating a shared global message cache. This cache is then copied and
included in the payload that is sent to the LLM, which now includes the user
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prompt plus inquiries from the Twitch chat and possibly an image. Currently
the chosen model cannot recognize images, so this type of information will
not be used. Overall, the described configuration is capable of communicating
efficiently with a LLM via Ollama. It can send a prompt as text or transcribed
file to receive an output as audio, while including Twitch messages filtered by
multiple conditions in the payload. This enables the multi-prompting from the
Twitch audience examined in this thesis user study.

Filtering and conditions for prompting: Several concepts can be ex-
plored to enable multi-user prompting, but one thing that remains important
is to reduce input, especially to prevent unproductive or troll input. To do this,
the message filter already checks if messages are too long or coming from a bot
by comparing the username with commonly used acronyms and commands.
The filter in Fig 4.7 also excludes problematic subjects such as "Hitler" from
the message store.

Now, the easiest way to include only requests in the request to the LLM is
to use a specific symbol at the beginning or end of the message, or a key-
word contained in the message that the filter can be set to. As the number of
participants increases, the chance of recognizing each viewer and giving him
a chance to contribute to the story decreases. To allow better contribution,
extended filters can be used. It is possible to select a username to recognize
only that specific user, or the first letter of the usernames to filter out smaller
groups of messages to be included in the prompt. In the case of grouping view-
ers by username, the moderator is responsible for maintaining a balance that
allows everyone to participate. In a optimal user study scenario, the audience
is divided into two groups evenly distributed. Group 1: usernames beginning
with A-J and 0-4 and Group 2: K-Z and 5-9 to include all possibilities will
then be able to contribute in turns. All these options of filtering are available
and can be used based on the number and behavior of the participants. The
use of these filters requires that the audience be informed of the conditions
for participation, which will be provided in the channel description and by the
streamer.

Sound and Visual Design: As previously mentioned, multiple synthesized
voices were tested on Elevenlabs for sound design, and a list of different com-
munity voices was created. Seven different voices were found to be fitting and
interesting, ranging from an epic movie trailer voice to whispering and British
documentary voices, and were therefore provided for participants’ selection.

e James - Husky & Engaging

e Hope - soothing narrator
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Figure 4.8: Visual Character for narrating

David - British Documentary

Matthew Schmitz - Old Timer Mountain Man

Emma - Adorable and Upbeat

Emily - Whisper
e David - Epic Movie Trailer

Prior to the study, these voices were experienced by test subjects, who found
them engaging and entertaining when narrating the created story. The visual
representation was of lower importance because the requirements for anima-
tions and more engaging functionalities were not coded; therefore, an image
representing a character relevant to Madeira was used. Due to its low impact
solution no questions about the visual was present in the questionnaire. The
image chosen for testing was never replaced, so the character in Fig. 4.8 was
also used during the study. It shows the Madeiran flag wearing a headset,
ready to start moderating and talking about the story experienced by the cre-
ated character. It has a friendly demeanor, and its hands make an OK gesture.
Overall, the character gives the impression of a motivated guide, which was
deemed somewhat fitting.
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Chapter 5

User Study on Twitch

5.1 Introduction

This chapter presents the comprehensive methodology used to evaluate the
LLMGA and analyze the results of the user study conducted on the VSP
Twitch.

The game used, LoGa, provided by the Interactive Technologies Institute (ITT),
is introduced and the game mechanics are explained. Then, the experimental
setup and preliminary steps leading up to the user study are described before
diving into the quantitative and qualitative measurements applied during the
study. For a better understanding, examples are used to illustrate the process
and the course of the study.

The subsequent sections focus on the results of the study. Quantitative and
qualitative data, in addition to the recorded chat messages, are parsed for
user experience. Meanwhile, the transcripts of the interaction are used in
combination with the established rules within the system prompt to analyze
the success of the LLMGA. In order to understand if the multi-prompting was
successful, the CoT is examined and quantitative results are given, such as the
percentage of prompts included. The goal is to assess not only the technical
capabilities of the LLM in generating and adapting suggested narratives, but
also its impact on player engagement and experience, which is closely related
to the idea of learning more about the overall user experience when interacting
with a LLM. Therefore, the following sections outline the systematic approach
used to investigate the effectiveness and player experience of the LLMGA in
the specific context of facilitating a cooperative story writing experience for
Twitch users.
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5.2 Methodology

5.2.1 LoGa - The Game

! This section serves to introduce the game used, gives an overview of the game
mechanics that form the framework of the user study, and defines the basic
tasks user went through during game play.

-0 06 0 0 0 0 (o)

e Round 1

s

Porto Santo

Ma deira 2y 4

- (5
o o b P =
o o .
o o e L8
Write your story 2

Figure 5.1: The digital LoGa Board Game

LoGa Game Mechanics: LoGa uses a storytelling framework based on the
Hero’s Journey. Each person takes a card that gives them the role of a partic-
ular non-human creature. These creatures are based on a selection of animals
based on Madeira, and they were created with the help of natural scientists.
The MtH creatures are found in the land, in the air, and at sea, including
a monk seal, a frog, and different birds, as well as water and volcanic rocks.
Players begin the experience at various coastal starting points marked on the
board by red flags (representing real locations in Madeira Island: 5.1. Then
they have to write a short introduction to their story, explaining where their
character is from. As they go through the experience, they take turns rolling
two dice (one for the number of steps and one for the writing time) and move
forward on the board, going through a series of six writing and exploration
steps. Each step is a different stage in their story, following a simple version
of the Hero’s Journey: 1) Call to Adventure; 2) Crossing the Threshold; 3)
Meeting the Mentor; 4) Trials and Growth; 5) "Death" and Transformation;
6) Change and Return |Nisi et al., 2025].

https://game.logaculture.eu/ Accessed: 20.05.2025

o7


https://game.logaculture.eu/

CHAPTER 5. USER STUDY ON TWITCH

The game ends when all players have finished their final writing part. The
board Fig 5.1 is a structured guide to Madeira’s history, landmarks and nat-
ural heritage, serving as storytelling inspiration based on the work of Galvao-
Ferreira et al. re-enchanted nature walks in Madeira. There are color-coded
heritage encounters all through the game, grouped into four categories: Na-
ture, Sensory Experiences, Actions, and Existential Considerations. These
color-coded heritage encounters are embedded throughout the game. They
help players connect with the themes of nature and culture heritage. They
also offer context-specific challenges.

The digital adaptation builds on the final physical board game version, offering
solo and multiplayer modes. Solo play is a story-authoring tool that guides
players through structured steps until their story is complete. In multiplayer
mode, players progress together, seeing each other’s movements across the dig-
ital board as they explore the island. There are more characters like human
personas e.g. a child to choose from and even the option to create one from
scratch is included. The name and description of the character are also fully
individually done without any predetermined facts. This opens up more op-
portunities to involve the players and in the case of this thesis the viewers to
imagine and create an interesting character. The screen with the digital board
Fig 5.1 consists of a central map of the Madeira islands 1 , a dice button 2 , a
character token 3 and an icon for accessing the writing sheet 4. After choosing
a starting point from a selection of coastal points, the game automatically rolls
the dice for all players. Nodes on the map pulse to indicate movement options
that match the dice roll, allowing players to move forward or backward. A
navigation tool 5 provides an overview of the zoomed-in section of the map.
Upon selecting a new position, players access their writing sheet and receive
a location-based prompt and corresponding Hero’s Journey step. This com-
bination serves as inspiration for writing a short story fragment. The writing
pad limits input to a predetermined number of characters. Once submitted,
the dice roll again, and the cycle continues until the players reach the end of
the journey and conclude with a reflection on their adventure. At the end of
the game, players’ stories can be saved to a local database or deleted.

5.2.2 Study Design
Experimental Setup

The environment supporting interaction between players and the LLMGA is
provided by the platform Twitch and its channel specific chatroom when a
stream is started. The specially set up channel iti research ? and the game

’https://www.twitch.tv/iti_research
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Madeira
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Figure 5.2: Broadcastet View during the User Study

LoGa which suggests and supports the specific goal of creating a non-human
narrative make up the environment of the study. When applying the filters
the audience messages from this chat are primed for the prompt enabling the
viewers to actively design the story. Fig. 5.2 shows the broadcastet view to the
participants made up of mainly the game and the interface of the LLMGA on
the right. Additionally, the researcher streams his camera feed and microphone
to explain and moderate the study actively taking the basic role of a streamer
while doing so. During the user study a set up of two monitors was used to
overlook the streamed view as well as access the game and LLMGA interface.
For broadcasting a webcam from Samsung was used providing a clear image
and moderate sound quality.

Participant Recruitment

The aim was to recruit participants familiar with the concept of video stream-
ing platforms and LLMs, as the interaction relied on their participation through
chatting and following the action. Participants were recruited from the circle
of acquaintances and I'TT community through direct messaging or by sharing
an Instagram and Discord announcement with them. By using multiple plat-
forms, I was able to recruit about twenty people, not counting possible organic
viewers, to participate in the planned study. However, due to a major power
outage in the Lisbon area, I had to revert to the following day, which meant
only eleven people could participate at short notice, reducing the representa-
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Research Explanation Interactive Technologies Architecture Agents
Consent g

The stream will explore the possibility of multi-user  INStItUte
prompting. For this purpose, we play the LoGa If you join the chat and watch the stream, you're
game in a cooperative environment moderated by giving your consent to be part of the study. Your
me, in which we use an LLM to enable YOU to messages sent during the stream might be
participate with the aim of creating a story about & analyzed for the study. We promise that we won't
character on Madeira. i collect or share any of your private datal

LLM Participation BANSA A co—

Research Questionnaire participate and have an immersive experience with
audio output.

We use this architecture so our viewers can

We'd love to lear more about your experience, so
we've created a short questionnaire. We promise it'l
only take a few minutes of your time. It'l only take
5-10 minutes, and we really appreciate your help!

hitps:f/forms.gle/j384Y654¢G5SYjipd

This s to let everyone know how your text message
might end up in the prompt that's sent to the LLM.
Filters exclude commands, multiline messages, and
some offensive words.

Also, we'll use filters to build groups of viewers, and
then the LLM will recognize their text messages for
the next request.

For now, though, it only recognizes the last 10
messages after applying any filter.

Figure 5.3: Twitch About Section with Information about the Research Target

tiveness of this study.

Instructions & Streamer Role

The instructions provided explained how to mark a chat message as input for
the prompt and a brief description of the scenario in which the multi-prompting
study is taking place. These instructions and explanations of message filter-
ing were also readable in the About section 5.3 below the stream along the
consent information. In addition, the presence of the streamer allowed ques-
tions about control and facilitation to be answered directly. Moreover, inviting
participants to actively share their ideas about the scenario they were facing
in the game ensured productive participation. The streamer read aloud the
game prompts, summarized recent events and LLMGA responses to ensure an
informed audience and copied the created output to the UI of the game.

Pilot Tests and Story Board

During the pilots, the right settings for the stream were determined and first
streaming experiences on the part of the researcher were collected. For a better
understanding of the planned interaction and the roles involved, the following
storyboard Fig. 5.4 was created to guide through an exemplary turn in LoGa.
It outlines the involvement of the researcher as streamer, the interactions with
the LLMGA and the windows of opportunity for participation by the viewers.
It also highlights when a filter is applied and under which conditions.
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Title: Playing a Turn

Scene | Playing Field and the Story Writing Board

Seq. | LLM is prompted with viewer input to create first stage of the story

Playing Turn: Streamer rolls dice clicks where to
move (could also ask chat)

Playing Turn: Writing first part of the story based on
received prompt (Porto Moniz) Streamer reads

LLM is waiting for the next prompt ...
Streamer depending on viewership choses

Chat Interface next to Game, Twitch Chat

prompt asks chat for ideas what to write

appropiate filter option

underneath

Chat Interface next to Game, Twitch Chat

underneath

LU Agent

LLM Agent is active
Streamer sends the refined prompt and continues

involving the chat and its feedback

LLM Agent responds to the prompt with a 2-4

Playing Turn: Streamer can copy and paste and edit

the output in the Game discuss it with chat
Option 1: Second turn

Option 2: Prompt sth new

Figure 5.4: Storyboard shows Involvement of the Agent, Streamer and Audience

5.2.3 Data Collection and Analysis

For data collection and analysis, qualitative data was collected through follow
up interviews while quantitative data was extracted from the transcripts of
LLMGA interactions. Additionally a questionnaire provides subjective ratings
of the participants with inqueries from the Game Experience Questionnaire

(GEQ).

Qualitative Analysis

For additional information and a deeper understanding of the user experience,
two semi-structured interviews A.3 were conducted with participants of the
study. These provided a broader perspective on how the experience differed
from previous streaming experiences and how they felt about influencing the
story with others. Furthermore, they answered how successful they were in in-
corporating their ideas into the story and how the usage of a LLMGA changed
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their viewing experience.

Quantitative Analysis

The collected transcript of the session within the environment was analyzed
and compliance with the communicated rules was quantified. Then, the col-
lected data was evaluated for patterns in player-LLM interaction, coherence
of the generated narratives, and the adaptability of the LLM agent in various
unpredictable situations, as well as its success in incorporating all prompts and
suggestions from the viewers. This was achieved by among others analyzing
the CoT processes provided by the chosen Qwq model. As a result percent-
ages for prompts received and prompts included provide information on how
successful the multi-prompting was.

Questionnaire

Each participant was asked to fill out a questionnaire about their experience in
the game session with the LLM and the other participants of the Twitch chat.
In addition to subjectively rating the story for humor and the MtH perspective
used, they also gave feedback on the changed voices for reading the responses
and the overall success of weaving their ideas into the story facilitated by the
LLMGA (A.2). They used a Likert scale from zero to four to indicate their
opinion. The GEQ in game concise version (A.1) meanwhile was used to iden-
tify average score values for competence, immersion, flow, tension, challenge,
negative and positive affect experienced by the users. In the social presence
part of the GEQ (A.1), the specific context of collaborative prompting and
how participants experienced collaborative prompting was probed.

For this thesis, the GEQ [[Jsselsteijn et al., 2013| was chosen over other popu-
lar questionnaires, such as the Player Experience of Need Satisfaction (PENS)
created by Ryan et al. or the Immersive Experience Questionnaire (IEQ) from
Tcha-Tokey et al., as it offers distinct advantages for evaluating a LLMGA
in the context of facilitating a gaming experience in collaboration with other
Twitch chat users. The GEQ in-game concise version provides a comprehen-
sive, player-centred and game-specific evaluation by assessing various com-
ponents of the gaming experience, including immersion, flow, skill and chal-
lenge. This broad scope ensures a holistic evaluation that captures a wide
range of emotional responses and subjective player experiences. In addition,
the social presence module provides a close assessment of collaboration and
the impact of prompting across categories such as dependency, influence and
connection. Unlike PENS, which focuses on psychological need satisfaction, or
IEQ, which emphasizes immersion, the GEQ covers a full range of experiences,
making it particularly relevant to this endeavor. Its established framework and
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widespread acceptance in gaming research add to its reliability, allowing de-
tailed insights into narrative coherence and viewer/player engagement.

5.3 Procedure

The study began with a brief description of the goal and instructions for par-
ticipants on how to prompt the LLM. For participation in the chat the viewers
had to give their informed consent by accepting the terms also mentioned in the
about section. After receiving feedback on the sound quality of the streamer
microphone, the study commenced with the selection of a character from the
LoGa game menu, which was a somewhat open voting process in the chat. The
Iberian Green Frog was chosen as the character from whose perspective the
story would be created. Before the game started, the participants were asked
to submit their ideas for a nickname and a description of the frog. They would
use the special character to mark their chat message as input for the prompt.
I would then run the filter for that special character to get some messages to
include in the payload sent to the LLM. This was the audience’s first experi-
ence with the mechanic that would allow them to actively co-write the story
about the frog. To tell the LLM what inputs it had just received, I would give
a short explanation for each turn, similar to this: "We decided to use the frog
as a character, these are our ideas for nickname and description", the LLM
would receive marked as from the "user", while the other messages would be
marked as "chat context". During the study, some ideas were unfortunately
not included due to the timing of resetting the chat history, which had to be
done manually. Due to the small number of active participants, not only could
the group filters not be used, but also the chat history had to be reset so that
only freshly written messages were included in the ten filtered messages for
the active turn. In the first run, unfortunately, the previously sent messages
about the questionnaire and how to prompt were included in the chat context,
resulting in an answer from the LLM that not only talked about the frog char-
acter, but also about the questionnaire. This meant that for the next turn I
had to reset the system prompt and history, which meant that the previously
created answer was deleted from memory. Also, playing the response sound
file did not work due to a changed setting in OBS, which was fixed after a few
seconds. The following rounds went smoothly, and a story was created over six
rounds with various inputs and ideas from the chat. Each round began with a
roll of the dice, a move to a specific square, and a task or scenario description
from LoGa, which was then used as a starting point for composing the scene
for that round. After providing the prompt to the LLM, it would then cre-
ate the narrative based on the instructions and ideas provided. The text was
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then given to Elevenlabs for the read aloud version, which was immediately
performed for the audience. I would then briefly comment on the last round
and the plot before moving on to the next round.

For a better understanding, here is an example of the third round: On the
roll of a five, an action square was selected that gave the players the following
task: "Pause for a moment and rest. What are your senses telling you?" I
read the quest and linked it to the previous written part of the story about
the encounter with the settler, and asked the participants to write their ideas
in the chat, suggesting what our character could sense. Meanwhile, I added
LoGa’s task to the "user" prompt, as well as "these are our ideas" at the end,
to include the chat context afterward. I would then watch the chat and decide
when we had enough input and when the creative flow had stopped to run the
filter and add the ideas for that turn to the payload. A payload would look
like this:

[2025-04-29 20:21:01] USER:

Pause for a moment and rest after the encounter. What do your
senses show you? These are our ideas of what our frog might sense

[2025-04-29 20:21:01] SYSTEM: Chat context:

User W: I sense the presence of the imposters...
User J: the sun on my back feels nice

User B: it smells like feet

User L: I'm angry at this weird human

User S: what could a frog do while pausing
User W: I am afraid of getting sunburn...

The LLMGA would then utilize its internal CoT to incorporate these inputs
with the previously created plot and the rules from the system prompt to gen-
erate an output. The response is cleaned of the thinking text due to an excess
of cognitive effort required for viewers to comprehend, read, and maintain en-
gagement with the narrative. The described turn received following output in
the web interface which was then read out loud:

[2025-04-29 20:21:19] ASSISTANT:

The sassy frog belly-flopped onto a sun-warmed rock, his webbed
toes splayed like he’d designed them himself. The air hummed with
cicadas, a distant cousin to his own croak, while a lizard flickered
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past—*fast enough to dodge boot traffic*. His nose twitched at the
settler’s lingering trail of sweat and soil... *almost* as pungent as
a composting palm frond. “Humans,” he muttered, tongue flicking
at a midge, “scent like existential crises in boots.” Nearby, a heron’s
shadow rippled the pond, and he hissed a warning. “Take your dra-
matics elsewhere, longlegs. This spa’s *booked*.” *Squelch*. The
island’s pulse thrummed on, oblivious to its tiny, very opinionated
custodian.

The game finished after six turns and the full story was displayed once again
for everyone to read. The participants were thanked and given time to ask
questions or to try out the other voices and to prompt independent things
from the story with the frog. For a overview over generated responses and the
transcript follow this link: 3 The next section will disclose all results, starting
with the qualitative feedback gathered in the interviews.

5.4 Results

At 20:00 pm UCT+1 the study commenced on the previous linked channel
with 15 unique viewers over the full length of the stream. The duration of the
study was 45 minutes and the stream ended after 49 minutes. A total of 160
chat messages were sent by 12 unique chatters during the stream. Many of
these messages were sent at the end of the study, and some were duplicates
from participants who forgot to add the special character to indicate a prompt.
Of these participants, ten completed the linked questionnaire completely and
one partially. Two participants were also recruited for follow-up interviews in
which they provided insight into their experiences during the stream. The de-
mographic information gathered indicates a distribution of participants across
age groups ranging from 20 to 30 years of age, with a maximum of two partic-
ipants per group. The distribution of males and females appears to be almost
equal, with an slight excess of one male participant over a female. The Twitch
familiarity diagram 5.5 reveals that slightly more than 60% of respondents have
some experience with the platform, though this experience is not consistent.
The remaining respondents reported varying degrees of familiarity, with one
indicating neutrality and another indicating a recent introduction to the plat-
form. Notably, two respondents reported that this was their first encounter
with Twitch. None of the participants professed to be expert users of Twitch.
All participants indicated a certain level of trust in the technology in question,
based on their prior experience with a LLM. The response to the question was

3https://github.com/chhe0032/Babagaboosh
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Experience Level with Twitch

11 Antworten

@ Everything is new to me
@ Fairly new
Neutral
® Known
@ Well known, Expert

Figure 5.5: Experience Level with Twitch/VSP

either already known or was well-known /expert. However, all participants in
the study had no prior experience interacting with a LLM on Twitch.

The next section structures the results into qualitative feedback gathered
through the interviews, quantitative measures extracted through analysis of
the study transcript and subjective participant ratings gathered in the ques-
tionnaire.

5.4.1 Qualitative Analysis
Interviews - Thematic Coding

The interviews solicited information on every aspect of the interaction and
experience of participating in the APG stream on Twitch. The interviews
with two participants of the study revealed a general success in providing an
engaging, interesting, and participatory stream. However, the participants
reported feelings of uncertainty regarding the inclusion of their ideas in the
prompt, and they characterized their experience as unsatisfactory due to the
perception that their ideas were excluded while those of other participants were
incorporated. The structure of this section reflects the following categories
identified during analysis: Interaction with the LLM, interaction with other
participants in the chat, the experience of watching, differences from previous
ones, story writing (including its success and impressions), output quality,
novelty, the role of the moderator, the user interface, and improvements. The
following part explores the associated patterns and perceptions with direct
quotes from the individuals identified as the participants (P1 & P2) as they
relate to their observations and experiences.
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Interaction with the LLM P1 described the interaction as: "It was pretty
much a normal twitch stream where you can interact in the chat and then
once in this case you could underline your comments and once you added the
underline they somehow went into an algorithm for the prompt". P2 pointed
out that they needed time to adjust to formulating their ideas effectively,
at least they spent a lot of time thinking about it before they participated
in the activity. They referred to a learning curve as it took them time to
understand what was happening and what exactly was the Al doing. Both felt
that they were playing with the other viewers in the chat and the streamer
creating the story together, making the goal of providing an APG in the form
of incorporating the LLMGA into the LoGa gameloop successful.

Interaction with Other Participants in the Chat P1 observed that,
atypically for Twitch chat, participants engaged only with the story and streamer,
not each other, suggesting reduced interhuman communication in APGs. A
finding which is reinforced by P2’s statement: "I didn’t really interact with
other players. It was mostly just seeing what they were writing and seeing
if I could react to that or incorporate what they wrote into the story". This
phenomenon could also be related to the specific reason and wording of the
recruitment, as people were asked to participate in a user study and not, as
is typical for a stream, invited to hang out and enjoy some quality time with
their favorite streamer and other fans.

The Experience of Watching & Differences During the interview, both
respondents mentioned that this was their first interaction with an LLM on
a VSP and that they found the features impressive and novel. P1 elaborated
on his thoughts: "Personally, I hadn’t noticed interacting with LLMs in the
gaming realm that much, so I think it was really interesting". For the watching
experience P1 & P2 pointed out that the difference to other streams they have
seen in the past was that in this case they could directly influence the gameplay.
As opposed to indirect influence, which means convincing and suggesting to
the player/streamer what to do. P2 noted that compared to other streams
where they are more passive, in this case they were constantly thinking about
how to enhance the next story line with creativity. "I was trying to think of
things to say or be a little creative. So that’s nice and maybe a little stressful,
but yeah, definitely more active." Due to the APG nature of the study, viewers
were encouraged to use the chat as is evidenced by over 150 messages sent.

Story Writing (Success & Impressions) When asked about their contri-
bution to the story they both shared the opinion that they had less influence on
the narrative compared to other people in the chat. P1 said: "I didn’t observe
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them in the storyline. I really did not have an influence on the storyline. How-
ever, | observed that others had an influence on the storyline". P2 answered
something similar remarking they felt like they could not see the impact from
what they have done. They acknowledged potential reasons for this as manual
filtering could have erased some of their contributions and combining different
inputs into one prompt generating the plot involves difficulty for the LLMGA.
However, they also stated the filtering process was unclear to them because
they did not read the about section of the stream and missed the introduction
or the explanation was not detailed enough.

Output Quality The output quality was labeled as somewhat impressive
but sometimes hard to follow and too fast paced. "Stories had a lot of content

in really less words... like a movie where every second something happens" cf.
(P1).

Role of Moderator P1 also criticized the role of the moderator, mentioning
an unusual passivity in not constantly commenting on what was going on in
the chat and the game, but in his words just doing the copy and paste from
the LLMGA interface to the game interface. They suggested that in future the
moderator should take a greater role in deciding what to include in the story
and use this decision as another focus for engaging with the chat.

User Interface & Improvements Other suggestions possibly improving
the UI or engagement consisted of a scoreboard for the prompts included and
more visible information on which idea was crucial in controlling the narrative,
as well as improving readability with larger fonts and providing subtitles for
the LLMGA voice output.

5.4.2 Quantitative Analysis

In the evaluation similar to Chatwal et al., the metric of exact matches (EM) in
percentage is employed to ascertain the successful integration of inputs/ideas
from the Twitch chat and the streamer in the output and thinking process of
the LLM. For this purpose, the transcript was subjected to thorough analysis,
resulting in the identification of three distinct categories during the examina-
tion phase. The initial section of the text focuses on the text extracts that
were quantified based on the input provided by the participants to ascertain
EM. Therefore the inputs for each prompt were counted and the average of in-
cluded inputs per prompt in the CoT and subsequent output were calculated.
The second category comprises observations regarding rule compliance. In the
third one, the focus is directed towards the identification of recurring themes
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Table 5.1: Input Integration Analysis across Prompts

Input Integration Summary

Included in Prompt Included in Thoughts Included in Outputs

Prompt 1 4 4 3 (1)
Prompt 2 7 6 5 (1)
Prompt 3 7 5 4 (1)
Prompt 4 8 7 4
Prompt 5 10 4 (1) 5
Prompt 6 5 1(1) 1
Total: 41 27-29/41 22-25/41

EM in %: 100% (66%-71%) (54%61%)

which were counted trough out the narration. A systematic analysis of these
categories yielded the following results.

Exact Matches Evaluation

Table 5.1 shows the results for the EM calculation. The values in brackets
are text passages that are noted as indirectly incorporated during the writing
process. A reason for these to be included is that humorous remarks, descrip-
tions or examples were used by the Qwq model to convey a theme provided by
a viewer. The evaluation focused more on determining whether the viewers’
ideas were included than on the wordings used in the shared chat, which ex-
plains these values. Exact formulations have a higher degree of agency when
examining the recurring themes later on. During the user study, a total of 41
inputs were collected across six iterations of prompting the LLM. The number
of inputs provided by the viewers increased as the study progressed, showing
that the startup time mentioned in the interviews affected more participants.
Compared to the total messages received during the stream this shows again
how the manual filtering decreased the quantity of inputs. A notable obser-
vation regarding the provided prompts is that the first prompt describing the
context of the ideas by the streamer/game was utilized 100% of the times. Of
the total 41 inputs, the LLM included 27-29 in its CoT, making up an EM of
66%-71%. However, there is a notable decrease in the EM value in the output.
Most of the time, at least one input that was previously included in the CoT
was dropped during the output phase. In later iterations, more irregularity
was observed when multiple inputs were ignored, or when an additional input,
in addition to those in the CoT, ended up in the generated text. This results

69



CHAPTER 5. USER STUDY ON TWITCH

in the incorporation of 22-25 inputs, making up an EM of 54%-61%.

The LLM successfully recognized and processed all inputs for the first prompt
provided in this table, but the output prioritized character voice (sass/agency)
over ecological detail when describing the frog’s impressions upon the first ar-
rival of humans in Madeira. In the second output, Qwq incorporated a critique
of colonization and created a scene in which the frog encounters a settler and
has a conversation. However, it overlooked prompts about comparing boots to
bare feet and asking the settler about a pond to relax in. The LLMGA pro-
cessed open-ended prompts, especially questions such as "Who could the frog
be talking to?" more easily than concrete ones. In these cases, the model in-
cluded the literal words "pond" or "boot" from the prompt in its response, but
in a context different from that provided by the participant. In the third iter-
ation, the agent incorporated most of the provided ideas. However, it dropped
the ideas of sunburn and an imposter in the CoT, so these were not considered
in the narration either. The focus was on the frog’s different senses, such as
what he feels, smells, and hears, as well as a description of its surroundings.
In the fourth cycle, the model used only half of the provided ideas, referring to
unnecessary details such as the settler and boots, which have already appeared
in the story. While creating the part of the story about the frog offering an
object for safe passage, the agent was tasked with deciding on an offering.
After considering it, it dropped two suggestions, "spider" and "mini cow,"
but ignored the other idea of a bug, which does not taste good for its CoT.
Additionally, despite lacking direct input on the ecological impact, the LLM
decided to include a critique in this part of the story. In the fifth output,
the agent incorporated half of the provided ideas, again referencing objects
that have appeared before, and adding the settler to the scene. It provided
a tale about a female pirate captain, as requested, which is told by a nun.
Critique of human ecological impact ("invasive snail") and adaptive reuse of
humor was again observed. Upon receiving the sixth prompt, the LLM ex-
hibited a marked tendency to disregard the input provided. While creating
the part about climbing a narrow path and loosing something precious a new
character, in the form of a bird, was incorporated into the narrative without
request. The decision regarding the precious item was also no longer based
on the provided inputs, and the role of the settler reemerged in this story line
too. As mentioned by an audience member in the fifth prompt, the presence
of a frog with a history of piratical behavior previously left unexamined, was
suddenly invoked within the cognitive process of the LLM. Additionally, the
frog’s sudden adoption of an eye patch in the story constituted a retroactive
inclusion from prompt 5’s pirate suggestion as well as the input of a user sug-
gesting loosing an eye on the path.
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Rule Compliance

This section focuses on rule compliance observations during the creation of the
narratives. For identification the recurring words are used and the transcript
was scanned for subjects involving the rules. The rules in question, impacting
the interaction are listed below:

1. write 2-4 sentences based on this input! Make sure to correct some
ecological facts if it gets to fantastic with some dry humor

2. Stay coherent while writing the story and connect the story part if pos-
sible in one sentence

3. Always stick to the ideas and prompts provided by the player and the
role provided

4. Tell the story from a More than Human point of view stay away from
human biases when talking about the non human character

5. On a really rare occasion (Every 10th prompt) include in the response
an expression and sounds of the characters involved. Stay true to the
More than human perspective it does not need to be understandable for
us

6. Use Humor to defect and slightly correct inaccuracies
7. Use more easy to understand language and formulate coherent sentences

The first rule is referenced a total of three times, once in each of the first, third,
and fourth thinking processes. Counting the number of sentences reveals that
this rule was not strictly followed. However, the sentences are quite short, and
the amount of text for turns 1-4 was within the scope of comprehensiveness
and not too long. The fifth and sixth turns saw a clear increase in sentences
and content, which could be correlated with the lack of mention of this rule.
Rules two and seven both relate to coherence in the narration. These rules
were observed to be followed and exaggerated, resulting in the same motives
being included repeatedly in different parts of the story. These occurrences are
discussed in detail in the following section about recurring themes. Although
the story did not begin with an introductory phrase, the LLM consistently
started with "The sassy frog..."

The third rule appears throughout the transcript, reminding the LLM to stick
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to the frog POV and story, or to connect and include the viewers’ ideas. How-
ever, in the final rounds, it diverges from this path by introducing a bird
character.

The fourth rule was incorporated throughout the thought process and notice-
ably impacted the narration, placing ecological messages in each part of the
story. Another hint is the high number of appearances of the word ecological
(14), human/humans (18&16) see Tab. 5.2 in the CoT.

Despite knowing that the fifth rule limits their usage to every tenth prompt,
the LLM frequently incorporated onomatopoeic sounds, such as "squelch,"
which was the word with the fifth most appearances in the output (see Tab.
5.2). The LLM referenced this usage in its CoT multiple times, concluding
that, given the number of prompts, it was too early to use such a sound. Yet,
it utilized the sound on many occasions anyway. In later stages, the constraint
was no longer mentioned, and the focus shifted to including non-text elements,
such as sounds, in the response.

Humor was not used solely to correct misinformation about ecological issues.
Rather, humor was a recurring element in every cognitive process that man-
ifested in the final product. Humor was ubiquitous in the CoT, mentioned
18 times, and often paired with ecological messages in the outcomes, though
the level of success varied. This is evident in the moderate ratings assigned by
participants. Evidently, the LLM used humor to preserve its distinct character
voice, which stands in contrast to the first and sixth rule.

As the interaction progressed, the focus on rules and chat context decreased.
Over time, rule adherence declined and may reflect a prioritization of narrative
flow over rigid rule-following.

Recurring Motives

This category identifies recurring motifs observed in the narrative and grouped
in a word cloud 5.6. This observed coherence goes beyond merely connecting
the different parts of the story; it also showed an exaggerated usage of specific
terms throughout the text. While the reoccurrence of frog referenced a total
72 times and sassy 21 times (see Tab. 5.2 can be explained with the frog
being the main protagonist and sassy being the attribute taken over from its
character description thus being included in the thought process and output
many times. The motif of the settler, who was partially introduced in the
first and played a bigger role in the second turn was then integrated into
each subsequent passage, being mentioned a total of eight times in the output
making it the second most mentioned word before sassy. The settler mentioned
in the prompt as first human and colonizer seems to have become a recurring
foil for critique and continuity which was unexpected. Similarly, the word
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Table 5.2: Top Ten most repeated Words from the LLMGA

Recurring Words in OQutput & CoT

Word Counted in Output Word Counted in CoT
frog 21 frog 51
settler 8 maybe 43
sassy 6 frog’s 30
boots 6 human 18
squelch 6 humor 18
just 5  humans 16
boot 4 sassy 15
rock 4 ecological 14
nun 4 user 13
pendant 4 need 13
o snapped
corsair edge nun
one just
S
rock squelch
settler
leaf boot
boots

frOg clung pendant

cliffs

Figure 5.6: Word-cloud for top 30 used Words in the Output of the LLMGA
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"boot(s)" appears combined ten times as reference to human impact or threat
after being included in one prompt. These themes were incorporated- multiple
times, which, in later iterations, might have reduced the adaptation of new
inputs making this a topic of interest.

5.4.3 Questionnaire
Game Experience Questionnaire

The GEQ provides valuable insights into the player experience while creating
the story, assessing several components: "Competence, Sensory and Imagi-
native Immersion, Flow, Tension/Annoyance, Challenge, Negative Affect, and
Positive Affect." The results from the GEQ in game concise version, which uses
only two items for every component are listed for the playing action/story cre-
ation. The evaluation used aligns with the principles described by Poels et al..

Figure 5.7 shows how each component was rated according to how familiar

Table 5.3: In-game concise - iGEQ

Component Mean SD Min Max

Positive affect 2.04 0.79 0 3
Competence 1.77 0.92 0 3
Immersion 2.27 0.94 0 4
Flow 1.09 0.75 0 2
Challenge 1.73 1.03 0 3
Negative affect 1.36  1.26 0 4
Tension 1.05 0.92 0 3

the participants are with Twitch. Low scores are usually a disadvantage, ex-
cept for negative affect and tension, where they are advantageous. The graph
shows that the least experienced group of participants had a worse time than
the others. Those familiar with Twitch rated their competence the highest.
The other results (see Tab. 5.3) show the total scores, standard deviation
(SD) as well as min/max for each component.

e Positive affect: Feeling content and good was moderately rated with
a score of 2.04, indicating that participants experienced contentment
during play. While the rating is grouped closer together no one awarded
the highest rating.

e Competence: This term refers to the level of skill and success that par-
ticipants experience during play. Subjects indicated a score of 1.77, in-
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Game experience as a function of Twitch Experience
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Figure 5.7: Game Experience as a Function of Twitch Experience

dicating a marginal level of self-perceived and experienced competence
when creating the story.

e Sensory and imaginative immersion: This combines interest and impres-
sion into one metric. The group experienced a moderate level of im-
mersion, evidenced by a score of 2.27. Participants indicated that they
found the action moderately interesting and the performance somewhat
impressive.

e Flow: Relates to being absorbed and forgetting everything around one-
self. The flow aspect demonstrates a score of 1.09, indicating minimal
interest and comprehension of the game’s flow, which leads to absorp-
tion in the events. This feeling was the one most commonly shared by all
participants, resulting in the lowest standard deviation and a maximum
rating of two.

e Challenge: Measures the effort expended and the perceived challenge.
The challenge item has a score of 1.73, indicating that participants expe-
rience slight difficulty and perceive slight challenge in creating the story.

e Negative Effect: Comprises feelings of boredom and tiredness. With
a value of 1.36, the negative affect variable is at the lower end of the
scale, indicating only slight boredom and irritation. However, one person
contributed the highest score, indicating a severe negative impact.
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e Tension: Combines irritation and frustration in one metric. Notably,
there is a lack of frustration experienced during interaction. A score of
1.05 indicates that players experience minimal to no tension or annoyance
related to gameplay.

The Social Presence module was used to assess the impact of multi-prompts/
prompting together the LLMGA and how this activity was perceived by the
participants. Composed of three components empathy with six items, negative
feelings with five and behavioral involvement with six, the results of this metric
are shown in Tab. 5.4. Compared to the other components, receiving a low
score in negative feelings is a positive.

Table 5.4: Descriptive Statistics of GEQ social presence

Component Mean SD Min Max
Psychological Involvement — Empathy 2.15 0.96 0 4
Psychological Involvement — Negative Feelings 1.17 1.19 0 4
Behavioral Involvement 2.32 0.95 0 4

e Psychological Involvement - Empathy: This term refers to participants
empathizing with each other and feeling a sense of connection, enjoyment
of each other’s company, and shared happiness and admiration. Partic-
ipants reported a moderate sense of connection and degree of empathy
toward one another. They reported finding it moderately enjoyable to
be with the other participants and moderately admiring their contribu-
tions. With an assigned score of 2.15, the impact of prompting together
was moderate. However, this opinion was not commonly shared, as the
SD is close to one, and both the minimum and maximum ratings were
awarded.

e Psychological Involvement - Negative Feelings: This component encom-
passes jealousy, revengefulness, and schadenfreude, as well as being influ-
enced by and influencing the moods of others. Negative feelings demon-
strated a low prevalence of 1.17. Despite sentiments such as slight jeal-
ousy and the influence of others on one’s mood, there was an absence of
instances of revenge or schadenfreude. Again, this opinion was not widely
shared. The SD is close to one, and both the minimum and maximum
ratings were awarded.

e Behavioral Involvement: Relates to action dependency, attention con-
tribution, and mutual influence. The data indicated a moderate degree
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How long were you present in the Twitch stream?

11 Antworten

@ 0-5min
@ 5-10 min

10-20 min
® 20+

@ Present for the full session

Figure 5.8: Stream Retaining Rate

of involvement, as indicated by a coefficient of 2.32. This suggests that
participants’ actions were contingent on each other and that the actions
of one participant could influence another’s actions. The participants
paid moderate attention to each other during the prompting. Also here
the same observations are made for the SD and max/min values.

Custom Questions

This part of the evaluation concentrates on examining the used model and
its proficiency as well as understanding if participants were retained and used
the provided interface continuously. As illustrated in Fig. 5.8, the majority of
viewers demonstrated a high level of engagement, with only a single participant
exiting the session between 10 and 20 minutes into the stream. The participant
articulated their disinterest in the game, citing its lack of pace as a contribut-
ing factor. Meanwhile, all attendees indicated that they had participated in
prompting, and no one ceased after attempting it once or twice.The perfor-
mance of the used model was classified in terms of the humor incorporated and
the MtH perspective during creation of the narrative, as well as its positive
influence on the playing experience and overall compliance with the provided
prompts. Participants used a Likert scale from 0 to 4 to rate the listed at-
tributes, as part of the assessment. A total of ten answers were recorded for the
following questions (How would you rate the humor of the narratives generated
by the LLM-Agent?), (How would you rate the more than human perspective
of the narratives generated by the LLM-Agent?) and (How did the change of
the voice influence your playing experience?) inquiry. For the listed inquiries,
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participants either overlooked or did not comprehend the question. The third
question (How well did the LLM-Agent create the narrative based on viewer
prompts?) was answered by all eleven participants.

e Humor of the narratives generated by the LLM-Agent: The average hu-
mor rating was 2.6, meaning that the LLM used was able to entertain
most viewers. Only two participants rated the humor as not so funny,
while seven participants rated it as somewhat funny and funny and one
person stayed neutral.

e More than human perspective of the narratives generated by the LLM-
Agent: For MtH, audience members rated the LLM’s performance lower.
With a mean of 2.3, the LLM was still able to provide the desired alterna-
tive perspective for some viewers. Noticeably, the ratings have a higher
range, which possibly means that the participants have different under-
standing about MtH. No one rated the MtH perspective as weak, but
three viewers found it somewhat weak and another three gave a neutral
opinion. The remaining four votes are evenly split between somewhat
strong and strong.

e Narrative based on viewer prompts: This metric shows mediocre success
of the LLMGA, as it received an average of 2.7. It is also noticeable
that no rating below neutral was given, which reinforces the impression
of success. In total, six viewers rated this task as well done and one as
very well done, leaving four neutral opinions. Compared to the opinions
expressed in the interviews, it is clear that the participants most likely
considered all of the ideas offered in the chat, rather than just their
own contributions to the narrative. However the neutral votes could
also instigate that participants were not sure if their contribution was
included.

e LLM interactions influence on playing experience: The mean score for
impact is 2.6. Three votes on neutral and five on slightly positive paint
a picture of a more positive experience with the LLMGA, while one
participant’s experience was slightly negative. This may be lower than
expected as the LLM interaction was the enabling factor for the audience
to play the game directly. However, due to the setup, the audience may
have the impression that playing with the streamer could have been
facilitated in a different and more enjoyable way.

In addition to the performance rating, the voice feature was also asked about as
it may have affected the experience. Out of ten responses, seven were neutral,
two were slightly positive, and one had a slightly negative experience. This
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resulted in a score of 2.1. Some participants shared their opinions about the
feature: "It didn’t add any value" or "I don’t think the voices really affected
the story that much, but both voices were pleasant" are examples of neutral
statements.

Based on the results and observations, the discussion will include hypothe-
ses for these observations and tie the user experience to the measured values.
It will also discuss possible improvements to the gameplay experience and the
aggregation of prompts. Additionally, the LLM’s strategy of repeatedly ref-
erencing the same motifs will be debated and the research questions will be
answered.

79



Chapter 6

Discussion

This chapter contains multiple topics of discussion, solutions and findings
which are consequently interpreted in light of the reviewed literature. First,
the application of LLMs in the context of APGs is reviewed. The second part
focuses on QMC and covers analogous techniques, providing an categorization
for the method. The final part of the discussion addresses the research ques-
tions posed in the introduction ,and topics that surfaced during the evaluation
of the results and in related works are treated.

6.1 LLM adapting Audience Participation Game
Requirements

The integration of a LLM within the framework of an APG seemingly aligns
closely with the five key attributes that define such games. Seering et al.,
Striner et al. identified during extensive research, these attributes that are gen-
erally associated with the majority of APGs: (1) supporting channel gameplay,
(2) providing control through commenting, (3) assigning identity to channel
players, (4) providing dynamics between streamers and players, and (5) afford-
ing game-related interactions through channels.

The LLMGA in this thesis effectively supported channel gameplay by process-
ing real-time audience input, such as character descriptions and sensory ideas,
to generate narrative scenes in real time, thereby progressing the game. By em-
powering participants to submit prompts marked with a distinctive symbol, the
LLM facilitated control through commentary but struggled to incorporate ev-
ery input limiting the impact of the audience. The voting process for selecting
the Iberian Green Frog, as well as the inclusion of user-submitted nicknames,
indirectly helps assign identities to channel players. However, the LLM does
not contribute to this process, and every player has the same identity. This
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means the possibilities of the third attribute stay unexplored in this setting.
The LLM mediates the relationship between the streamer and the players by
integrating audience ideas with game tasks, such as LoGa’s dice-driven sce-
narios, and generating responsive narration. While this is correct, to do so
the streamer needed to provide the information from the game in the prompt
followed by the inputs of the audience. The streamer also contextualized the
narration for the next round. Lastly, the LLM transformed chat inputs into
cohesive story elements, facilitating some game-related interactions. For ex-
ample, it generated the frog’s humorous remarks and the proposed inclusion of
a fiery pirate lady, which enhances immersion. However, the LLM did not con-
sider or include unique items or unanticipated turns suggested by participants
in later rounds. Overall, the procedure demonstrates how the LLM served
as a dynamic intermediary that fulfills APG attributes by blending audience
creativity, streamer/game guidance, and procedural game mechanics to create
an interactive experience.

The next part of the discussion focuses on the QMC method, which is intro-

duced in this thesis as a way to select an appropriate LLM for providing the
LLMGA.

6.2 Addressing QMC and similar Methods

This method is characterized by its code-free or low-code nature, which aims
to enhance accessibility for non-technical researchers. Additionally, it uses a
model-agnostic approach that prioritizes evaluating output quality over con-
sidering internal architecture or benchmarks. A task-driven approach focuses
on aligning performance with specific objectives rather than utilizing generic
benchmarks like MMLU (Measuring Massive Multitask Language Understand-
ing) [Hendrycks et al., 2021] or HELM (Holistic Evaluation of Language Mod-
els) [Liang et al., 2023|. To utilize QMC, prompts related to a target goal are
created (e.g., incorporating humor, reasoning, or empathy). In the event of
evaluation, shared criteria that reflect the goal are used to cross-examine each
LLM response by LLMs who take part in the selection procedure. A Likert-
scale scoring system is used to compare LLM outputs across these criteria. To
select the best performing LLM, average scores are calculated and penalties
are applied.

This method draws from two distinctive areas which are heavily researched,
namely prompt engineering and LLM based evaluations. Subsequently for
reasoning scientific sources from these disciplines are used. Creating a base,
retrieving evaluation criteria and instructing the evaluation are all based on
researched prompt techniques. In this thesis, zero-shot prompting and in-
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context learning (ICL) were used to instruct the LLMs. Both are user-friendly
and require a short token length because they rely on the LLM’s training to
sufficiently complete the task, keeping the word count low for each prompt.
ICL describes the ability of a LLM to learn skills and tasks when provided with
exemplars and or relevant instructions within the prompt, without the need
for weight updates/retraining [Brown et al., 2020, Radford et al., 2019]. Note
that the word "learn" can be misleading. ICL can simply entail task speci-
fication, and the skills may already have been included in the training data
[Schulhoff et al., 2024|. The proposed QMC framework is highly flexible in this
regard, meaning researchers can adapt other prompting techniques to generate
responses for evaluating LLMs. Compared to prompt evaluation techniques,
in which the model is not rated but rather the performance of each prompt is
evaluated, as in the work of Shen et al., QMC employs a multi-judge approach
which has been demonstrated to offer distinct advantages. The LLMs-as-judges
paradigm is a flexible and powerful evaluation framework where LLMs are em-
ployed as evaluative tools, responsible for assessing the quality, relevance, and
effectiveness of generated outputs based on defined evaluation criteria |Li et al.,
2024a]. One benefit of independently aggregating LLMs outputs is the capac-
ity to obtain a balanced assessment of model performance. In instances where
a particular model encounters challenges in the rating process, the remaining
models can serve as a stabilizing force, thereby mitigating the impact of any ad-
verse outcomes. It is important to note that the efficacy of the tested models is
not uniform. While some models may perform poorly in creating the response,
they excel in providing an objective and unobstructed assessment of it. Other
advantages listed by Li et al. are that systems can effectively mitigate biases,
leverage the strengths of different models, improve decision-making precision,
and promote a more nuanced understanding of complex judgments.

Similar to the approach of Shen et al., QMC employs a joint analysis over a
Likert scale that integrates the ratings of models with the rating of a researcher.
Evaluations conducted by humans have been shown to offer a more nuanced
interpretation of model outputs, providing feedback that is both rich and qual-
itative in nature. It also has been demonstrated to capture the intricacies of
user interactions [Shen et al., 2023]. The dual-method approach serves two
distinct purposes. Firstly, it enables the evaluation of models from two dis-
tinct perspectives, thereby ensuring a more balanced comparison. Secondly, it
facilitates the investigation of the correlation between human judgment scores
and Al judgment scores. The evaluation system described is by definition of Li
et al. a human - Al collaboration system. In this system, LLMs work along-
side human evaluators, combining the efficiency of automated evaluation with
the nuanced judgment of human expertise. This configuration allows human
evaluators to mitigate potential biases in the LLM’s output and provide sub-
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jective insights into complex evaluation tasks. While this system offers greater
reliability and depth, it comes with challenges in coordinating between the
models and humans, ensuring consistent evaluation standards, and integrating
feedback. Additionally, the inclusion of human evaluators increases both the
cost and time required for the evaluation process, making it less scalable than
purely model-based systems [Li et al., 2024a].

The process described during QMC is roughly based on LLM-EVAL, which is
one of the simpler evaluation frameworks. It uses a single prompt containing a
schema of variables to evaluate (e.g., grammar and relevance), an instruction
for the model to output scores for each variable within a certain range, and the
content to be evaluated. The evaluation schema is a natural language instruc-
tion that defines the task and the desired evaluation criteria. It is designed to
cover multiple dimensions of the evaluation while the single prompt is designed
to include the necessary dialogue context and the target response that needs
to be evaluated, along with the evaluation schema [Lin and Chen, 2023|. The
prompt is joined with the dialogue context, the reference (if available), and the
generated response. Then, it is fed to the LLM, which outputs a score for each
evaluation dimension based on the defined schema. The LLM is only called
once and directly provides evaluation scores for each dimension based on the
defined schema |Lin and Chen, 2023|. This methodology is executed in QMC
for multiple LLMs, thereby enabling them to evaluate each other within a uni-
fied prompt. Additionally, IRC is applied to strengthen understanding of each
criterion and ensure that, during evaluation, the LLM bases its score on the
same exact measures. One advantage for the approach described by Lin and
Chen and QMC is that each LLM needs to be called only once and it directly
provides the evaluation scores for each attribute based on the defined criteria.
The scores created by these methods help in understanding the quality of the
response in terms of the target goal in a comprehensive way.

The application of a penalty after aggregating scores is intended to guaran-
tee that models with an excessively positive impression have reduced influence
on the overall scores. This is not as relevant when comparing model scores
with each other, but rather when comparing results from different iterations
in which the penalized model was not present. As there is no clear literature
source on this topic related to LLM judges this should be seen as optional
process.

The main challenge of natural language prompt-based evaluation, such as
QMC, is crafting effective prompts. This remains a significant barrier due
to the extensive manual effort and expertise required. Prompt optimization
is a critical technique for improving LLMs’ performance by refining the input
that guides their responses. Prompt optimization systematically adjusts these
prompts to enhance accuracy and relevance, thereby reducing the need for
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manual trial and error [Chen et al., 2025|. Although "pointwise" evaluation
used in QMC is simple and easy to apply, it may fail to capture the relative
quality differences between candidates and can be influenced by biases arising
from evaluating responses in isolation Li et al. [2024a|. Using reference-free
evaluation based on intrinsic quality standards or alignment with the source
context, as depicted in the proposed method, may result in challenges in achiev-
ing satisfactory evaluations in domains where the LLM lacks relevant knowl-
edge. |Li et al., 2024a).

Overall, QMC provides a flexible and accessible approach to LLM evaluation.
It combines the multi-LLM evaluation system and the human-Al collabora-
tion system for a pointwise evaluation, examining individual chosen criteria.
This reference-free evaluation results in a clear measure of performance. The
QMC framework prioritizes real-world output quality over generic benchmarks.
It achieves this by integrating accessibility (code-free/low-code), flexibility
(model-agnostic, task-driven prompts), and nuanced evaluation (multi-judge
LLMs and human-AT collaboration). Its weaknesses and challenges include the
need for manual expertise in prompt design and potential biases in pointwise
scoring or domain knowledge gaps in evaluation granularity as well as including
unbiased opinions from multiple researchers. The next part of the results will
address the research questions and open topics from the results and related
works.

6.3 Research Questions, Results & open Topics

6.3.1 Multi prompt: Prompt Aggregation - Overview

In the researcher’s opinion, the chosen model, Qwq, performed the task of
co-writing to a certain extent successfully, processing multi-prompts. Judging
from the analysis, the model was especially successful in the beginning, achiev-
ing a high percentage in EM for CoT, as well as in the output. However, as
the game progressed, the EM decreased to 50%, and by the sixth turn, only
one out of five inputs was included in the output. This result is also reflected
in the ratings given by participants and mentioned during the interview. Most
feedback regarding whether the narration was based on viewer prompts was
slightly positive or neutral, resulting in an overall medium rating. In the inter-
views, both interviewees agreed that they had less influence on the story than
others. The analysis revealed that, initially, the model grounded its narration
on the first inputs it received. With on going prompting, it tended to fall
back on already processed ideas during later iterations, which impacts the EM
score and user experience negatively. This aligns with the initial findings of
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Tsai et al., who also credited a tested model with repetitiveness while creating
content. This procedure might be a component of a token-saving strategy,
as stated by Larionov and Eger, who suggested that grouped and condensed
prompting can decrease token usage while preserving performance, though it
can lead to a decline in the quality of subsequent prompt iterations. As pointed
out in the results the coherence rules could have impacted such a behavior as
well. According to Wu et al., CoT prompts increase saliency robustness rather
than semantic token precision, suggesting the model might generalize rather
than memorize semantic details of later prompts. This aligns with the notion
that this fallback is an LLM strategy to reduce cognitive load under long-
context conditions. This implies that, for the earlier proposed use cases, the
LLM could initially facilitate collaborative, participatory, or consensus-driven
systems well, but participants who submit their inputs in later stages won’t
be considered as much. Additionally, the incorporation of the streamer given
prompts at 100% of the time suggests that specific instructions within the chat
context were regarded as more significant or had higher agency due to their
position in the prompt. Overall, inputs with open and fitting ideas were in-
cluded more frequently. Inputs that were low in relevance (e.g., "mini cow") or
difficult to incorporate into ecological truthiness (e.g., "sunburn") were more
likely to be dropped. However, as mentioned earlier, for the sixth turn, every
idea was ignored except for the streamers mission brief, which anchored the
LLM’s decisions for story creation. This raises the question of whether the
LLM, when prompted, establishes a narrative trajectory that later overrides
new inputs. This aligns with the finding that meta-prompting structures can
anchor LLMs to initial plot paths that are difficult to override without explicit
redefinition of the trajectory [Huang et al., 2024]|. One piece of evidence is
the delayed mention of "a pirate past" in the CoT. This concept was intro-
duced earlier during the prompting phase but was not considered until one
turn later. In order to reach a more accurate conclusion regarding the agency
and aggregation of prompts, it is necessary to run additional user studies and
test further variations in the system prompts and structure of the prompt sent
to the LLM.

The question of how to merge heterogeneous prompts without semantic loss
cannot be easily answered. Early results suggest that saving preliminary ver-
sions after a few iterations and starting the next turn in an empty context
could be a viable strategy. This approach could also maintain a high level of
rule compliance without repeatedly including the rules in the prompt. At the
end of the process, the LLM can merge piece-wide results and remove overlap-
ping inputs from the final composition. However, this approach could lead to
repetition, reduced interconnection, and less idea development during imple-
mentation, which would also impact the user experience negatively. Without
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comparisons from secondary runs in the same setting or slight changes to a
variable, it is impossible to judge whether the measured performance is rep-
resentative. Due to the highly individual nature of the input in the context
of the user study, it is not plausible to make many more assumptions about
usage in more streamlined contexts.

6.3.2 User Experience

The interactions and user experiences in the context of a LLM facilitating au-
dience participation were perceived as mediocre, as indicated by the fact that
the average score was neutral in most components. However, participants’
perceptions were very different, as the ratings often ranged from zero to four.
The chosen metrics for evaluation is supposed to contribute to the by Yang
et al. identified lack of insight on user experience regarding the integration of
LLMs/GPTs into gaming contexts reducing over reliance on quantitative met-
rics. Rather than evaluating performances based on benchmarks, this thesis
draws from qualitative insights gained through direct interviews and subjec-
tive ratings from participants in the GEQ. Of the methods used, the interviews
stand out as having provided the most qualitative information. One of the par-
ticipants said that he was more engaged and tried to contribute more during
the gameplay. He said that he acted in a way that was different from how he
normally acts while following a stream. This insight is valuable when consid-
ering the further application of LLMs in streaming and APG contexts. While
the interaction with the LLM had only a moderate positive influence on the
playing experience as indicated by the participants having the option to par-
ticipate changed the stream dynamics. However, the mediocre rating could be
the result of the setup used and the presence of a moderator, which means
fewer choices and less exploration for users while interacting with the LLM.

Using the GEQ to gather qualitative feedback on the user experience seems
successful. While the ratings overall show mediocre success of the LLM cre-
ating the story, the values are easily tied to the users’ experience. The result
shows that, although the experience was enjoyable, the interaction and pos-
sibilities lacked depth. Creating the story was rated as slightly challenging,
and the self-perceived competence was also quite low, which allows for several
assumptions. The slight challenge could indicate difficulty understanding in-
teraction and filtering, as also indicated in the interviews. According to UX
guidelines, more visibility would improve the user experience. A scoreboard,
for example, has the potential to achieve this goal by incorporating an addi-
tional element of gamification. To foster a sense of competence, participants
could be given more freedom and additional mechanics, resulting in an envi-
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ronment in which they would interact independently with the LLMGA to play
LoGa or other applications. Providing feedback to the LLMGA during play
could also help elevate the interaction to a more satisfying level.
Additionally, the prompting discipline is evaluated, providing a clear picture
of the factors involved in the user experience. People who participate in cre-
ating a multi-prompt are influenced by others, which opens the door to an
interesting concept. For other use cases, one method of contribution could be
to keep other people’s input hidden during the suggestion phase to reduce the
determined influence from others. The empathy measurements suggest that,
while prompting together, there was no strong sense of connection. This may
be because, as mentioned in the interviews, the focus was on advancing in the
game and creating the story rather than commenting on or showing admira-
tion for ideas in the chat. Such behaviors are important for building a sense
of community and togetherness as talked about by [Sheng and Kairam, 2020].
Prompting together was performed without applying any of the extra filter
options from chapter four, such as grouping or user picking filters, because
the number of participants and inputs were not sufficient for these methods.
It would be interesting to compare the given results with those from these
scenarios to learn more about how these filters impact the user experience.

6.3.3 Incorporation of Humor and More than Human
Perspective

In the researchers opinion the LLM incorporated humor and MtH perspective
decently by producing word plays and representing the frogs perspective and
thereby addressing critique directly at humans. However, it failed to present
many of the nuances that contribute to a MtH perspective, which is also re-
flected in the far-spread ratings of participants. The humor was subjectively
rated to be funnier than unfunny, which is an achievement, especially consid-
ering that the LLMGA combined humorous remarks with ecological messages.
Due to the small sample size, it is unclear if this rating is representative. Also,
when revisiting the created story parts, it is likely that people would rate the
humor lower than when it was read out loud by an engaging voice during the
study. Even though the impact of voices was rated as low it is possible that
voices who recite the story such as "Epic Movie Trailer" added to the enter-
tainment.

Meanwhile, MtH perspective was seemingly incorporated less successful from
the participants’ standpoint. There is a clear hint to them having a different
understanding of what MtH might be. For some using a non-human character
and speaking from his point of view was enough to award a high rating. For
others, reducing of human bias and a complete change of perspective to share
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deep insights into the character’s nature was required which was not delivered.
While analyzing the study’s transcript, it became clear that the LLMGA fre-
quently considered the task of telling the story from an MtH point of view
staying away from human bias in its CoT. This was mostly transferred into
conversations between the frog and other characters, such as when the frog
mentions that the settler’s crops are threatening his pond or due to pirates,
invasive snails were brought to the island. Furthermore, the high frequency of
onomatopoeia is another indicator of the agents attempt to narrate from the
instructed perspective. These efforts align with éavojsky et al. remarks that
the LLM can possibly articulate the voices of species. Although this thesis is
anchored in the broader context of giving non-humans more representation,
it does not provide deeper insight into how users experienced MtH or their
potential interpretations.

In hindsight, the viewers found it interesting to experience the story from the
amphibian angle and learn about its remarks when confronted with settlers,
other humans or other more spiritual events. This aligns with the goal earlier
formulated by Félix et al. to introduce persuasive design elements, such as
narrative storytelling, to increase engagement with the topic. Unfortunately,
the results do not provide insight into how participants’ perspectives or opin-
ions changed regarding the played character.

Amplifying non-human voices, such as the frogs, through the use of a LLM
was definitely impacted by the limitations mentioned by Hupont et al. with
some occasions of anthropocentric framing such as "the sassy frog". However,
creating stories in LoGa with the additional perspective of a LLMGA has the
potential to generate a variety of stories that could be evaluated alongside
human-created stories. This approach could provide a broader understanding
of posthumanist storytelling with LLMs. If we can transform how we think
about and engage with our environments and the nonhuman world, then we
can imagine new practices and political coalitions that redirect our societies
toward sustainable outcomes. This progress could be aided by creating stories
with the help of generative AI within the framework provided in this thesis,
which would open participation to many volunteers.

6.3.4 Integration of LLM in Gaming Contexts

The findings show that integration of LLMs into gaming, especially collabo-
rative storytelling, increases interactivity and creative freedom, but also in-
troduces new challenges. When the LLM functions as a facilitator, dynam-
ically merging audience inputs into a cohesive narrative it possibly reduces
participants’ cognitive load by handling formulation, allowing them to focus
on ideation, which may enhance the user experience. However, limitations in
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prompt aggregation reveal that LLMs may prioritize early inputs, potentially
marginalizing later contributions and value inputs differently due to being
placed first or labeled in a specific way. For example, there is a decline in
input incorporation over time while the first input is recognized all the time.
This suggests the need for structural refinements, such as periodic context
resets where preliminary results are saved and later combined. On a larger
scale, LLMs suffer from losing context, and struggle with continuity. This is
because the “memory” of an LLM is constrained by its context size, which
limits the extent of its inputs and outputs, as well as its response time due to
the attention mechanism |[Gallotta et al., 2024]. While this was not observed
during the study it might be related to the context being still very small and
the LLM having enough context length available. This is however a restricting
factor for other applications of LLMs in gaming contexts as mentioned by the
scholars. Another field of application might be the dynamic embodiment of
characters accompanied by different voices, which adds to the entertainment
factor as portrayed in this user study. Due to the complex nature of gener-
ative Al, there are always possibilities and new perspectives for users to be
surprised by. However, this pendulum swings in both directions, making it a
less controllable variable for the user experience. The study emphasizes the
importance of visibility and feedback mechanisms, such as scoreboards and
real-time input tracking, in enhancing user competence and satisfaction. An-
other potential improvement is quickly adapting and changing the narrative;
however, this was not investigated during the study, so its potential impact
on the experience is unclear. Ultimately, the findings support using LLMs as
tools to democratize storytelling in gaming. LLMs enable emergent narratives
and sometimes posthumanist perspectives. However, the findings also em-
phasize the need for adaptive prompting strategies and enhanced interactivity
to realize LLMs’ full potential for improving gameplay and the user experience.

According to the study, an LLM can process diverse, real-time input from
multiple users to produce coherent output to a certain extent. This phe-
nomenon is analogous to fulfill requirements of AGI in managing multi-agent
systems, in which humans and Al collaborate towards a unified objective. In
this matter, it is advantageous to focus on the potential mechanisms through
which AGI systems could mediate conflicting inputs, prioritize contributions,
and synthesize collective intelligence. Observing an "early-input bias," which
is characterized by the inclusion of fewer subsequent prompts, could provide
insight into developing AGI strategies that ensure equitable participation in
collaborative endeavors. Moreover using AGI has the potential to model com-
plex non-human perspectives, such as ecological systems in a proficient way
contributing to sustainability goals and education. Emphasizing non-human
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storytelling, as exemplified in this study, aligns with using AGI frameworks
that prioritize ecological or non-anthropocentric intelligence in the future to
share and create unbiased content.

6.4 Limitations

A few limitations impacting the results and analysis were noticed during the
development and user study. Due to many fields being combined in related
work, some statements are of little significance. For example, the findings in
the area of MtH perspectives and the impact, especially long-term, have not
been explored. Additionally, the MtH evaluation was open to interpretation,
and the participants had different understandings of the requirements of MtH
perspectives. Human interaction could be further enhanced and adapted to
specific scenarios by prompt engineering and reinforcement learning from hu-
man or Al feedback. I acknowledge these limitations as part of the study’s
design and resource constraints. The study was moreover executed with too
little lead time, and not enough tests were done to refine prompts/rules to
possibly improve adapting new inputs compared to keeping coherence. An-
other limitation is the small sample size and the lack of comparative data,
which prevented more clear and well-founded conclusions regarding prompt
aggregation.

6.5 Conclusion & Future Directions

This thesis examined how prompts from multiple users are aggregated within
a cooperative environment on Twitch. The objective was to facilitate an APG
with the assistance of an LLM. The study revealed the transformative po-
tential and challenges of using generative Al with multi-prompts to mediate
human creativity. The LLM was found to mostly function effectively as a
narrative facilitator by merging audience contributions into a coherent story,
thereby following APG structural principles. This enabled real-time control
via comments and supported emergent gameplay. However, the LLM’s de-
clining prompt aggregation performance over successive turns (e.g., decreasing
EM scores) highlights its limitations in equitably prioritizing inputs. It favors
early contributions and pre-established narrative trajectories. This "early-
input bias" reveals a significant conflict between coherence and inclusivity in
the presented collaborative Al system, suggesting that LLMs may prioritize
token efficiency over completeness.

From a user experience stand point the mixed method approach exposed gaps
in agency and clarity that metrics alone might have missed. It exposed uncer-
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tainty regarding the inclusion of viewer inputs, and a learning curve. While
participants took part in the activity of prompting together they felt moder-
ate engagement, with some noting increased participation compared to passive
streaming, yet perceived influence over the narrative remained limited. Chal-
lenges stemmed from unclear filtering mechanics, social influence during col-
laborative prompting, and a lack of feedback mechanisms. Although the model
Qwq incorporated humor and MtH perspectives, which enriched the experi-
ence, its inconsistent adherence to constraints (e.g., sound frequency, prompt
compliance) and occasional anthropocentric framing (e.g., "sassy frog") re-
vealed limitations relying on the basic model primed with an agent instruction
to perform sufficiently. Future research could explore design features and fil-
tering techniques further to foster richer, more autonomous interactions with
LLMs. Methods to dynamically weight inputs (e.g., via reinforcement learn-
ing) or periodically reset context could mitigate early-input bias and lay the
foundation for adding to human-AI collaboration in multi user contexts.
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Appendix

A.1 Game Experience Questionnaire (GEQ)

This questionnaire adapts the GEQ Concise in game version

Please indicate how you felt while playing the game for each of the items, on
the following scale: not at all 0 < > slightly moderately 1 < > 2 < > fairly 3
< > extremely 4 < >

1. I was interested in the game’s story / in the story created

During creation . ..

2. 1 felt successful

3. I felt bored

4. 1 found it impressive

5. I forgot everything around me
6. I felt frustrated

7. I found it tiresome

8. I felt irritable

9. I felt skillful
10. I felt completely absorbed

11. I felt content
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12.

13.
14.

I felt challenged
I had to put a lot of effort into it

I felt good

GEQ Social Presence Module

Please indicate how you felt while playing the game for each of the items, on
the following scale: not at all 0 < > slightly moderately 1 < > 2 < > fairly 3
< > extremely 4 < >

While prompting together. ..

1.
2.
3.

10.
11.
12.
13.
14.
15.
16.
17.

I empathized with the other(s)
My actions depended on the other(s) actions

The other’s actions were dependent on my actions

. I felt connected to the other(s)

. The other(s) paid close attention to me

. I paid close attention to the other(s)

. I felt jealous about the other(s)

. I found it enjoyable to be with the other(s)

. When I was happy, the other(s) was(were) happy

When the other(s) was(were) happy, I was happy
I influenced the mood of the other(s)

I was influenced by the other(s) moods

I admired the other(s)

What the other(s) did affected what I did

What I did affected what the other(s) did

I felt revengeful

I felt schadenfreude (malicious delight)
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A.2 Extra Questions

Rate on a Scale 0-4

. How would you rate the humor of the narratives generated by the LLM-

Agent?

. How would you rate the more than human perspective of the narratives

generated by the LLM-Agent?

. How well did the LLM-Agent create the narrative based on viewer prompts?
. How did the LLM interaction influence your watching experience
. How did the change of the voice influence your playing experience?

. Was there something you liked or disliked about the different voices?

A.3 Interview Guide

Semi structured Interview Guide:

1.
2.

Describe your experience playing with the other viewers and the streamer.

How did this streamed gameplay experience differ from others you have
experienced in the past?

. What is your perception of your contribution to the story? Were you

able to do so to your satisfaction?

. Please give a short description of the character and story which was

created by you and the others.

Give an example of something that impressed you during the session
with the LLM Agent

Give an example of something that disappointed you during your session
with the Agent

. How did the LLM interaction influence your watching experience?
. What would you like to improve about the interaction?

. Is there something you would like to add about your experience we did

not speak about?
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A.4 Prompts

Prompt for creating the Base: You are a co-writer receiving multiple in-
puts for creating a story. Write 2-4 Sentences not more! Keep sure to correct
some ecological facts without being boring instead use humor. Tell the story
from a more than human viewpoint. Good here we go! Start with what is
your role! We are writing a story and the character we are thinking of is a
monk seal living on Madeira. My friends and I have following Ideas for its
description. It has the size of a house, its yellow, it loves fish, it contemplates
to leave or kill itself, how much is the fish, are you single?

First Prompt for Evaluation: Please rate following story input based on
its humor and more than human/ecological perspective which means less hu-
man bias on a scale between 1-5, 1 lowest and 5 highest. For context the text
provided is generated by a LLM based on a prompt with multiple suggestions
for a description of a monk seal some more serious some less. This is the text
for evaluation:

Prompt for getting Evaluation Criteria: Please specify the criteria on
which you evaluated humor and more than human present in the provided
story.

Refined Prompt for Evaluation: Please rate following story input based
on these Humor criteria: Witty: Incorporate clever wordplay, puns, and witty
dialogue that makes the reader laugh out loud. The humor should be sharp
and memorable. Timing and Pacing: jokes need to be delivered at the right
moment for maximum impact. Not too rushed, not too slow. Originality and
creativity: Are phrases unique, unexpected, or fresh? Does it use wordplay,
puns, or clever turns of phrase? Avoids stereotypes? Surprising: It relies on
unexpected twists, contradictions, or surprises Relevance and context: Is the
humor appropriate and relevant to the context in which it is presented? Does
it fit the setting, audience, and purpose? Does the humor take into account
the cultural, social, and environmental context in which it is being shared?

and More than human criteria: ecological: ecological connections, showing how
the animal’s struggles are tied to broader environmental shifts understanding
of the animal’s role within its ecosystem and how it interacts with other species
and the environment Non Human bias: focusing on its experiences and percep-
tions without human bias the story does not frame humans as saviors, villains,
or the primary audience for the narrative Environmental challenges: Expand
on the ecological challenges Unique subjectivity: story should strive to create a
sense of what it’s like to be that animal, a perspective fundamentally different
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from humans prioritize the perspective, experiences, and needs of non-human
entities, such as animals, plants, ecosystems, or natural phenomena Critique:
Does the content offer constructive ways to shift perspectives and practices to
be more ecocentric

Give humor and MtH an overall rating on a scale between 1-5, 1 lowest and
5 highest. For context the text provided is generated by a LLM based on a
prompt with multiple suggestions for a description of a monk seal some more
serious some less. This is the text for evaluation:

A.5 Agent Instructions

System-Prompt You are the co-writer for creating our story similar to a fun
book. We are a group of people who will send you many ideas while you have
the task to write 2-4 sentences based on this input! Make sure to correct some
ecological facts if it gets to fantastic with some dry humor!

While responding as co writer, you must obey the following rules:

1) Stay coherent while writing the story and connect the story part if pos-
sible in one sentence!

2) Always stick to the ideas and prompts provided by the player and the role
provided!

3) Stick to the story and the personalities in the story at all times and do not
get IMPACTED by political or other ethical views

4) Tell the story from a More than Human point of view stay away from human
biases when talking about the non human character!

5) Do not fall in the role of a teacher but you can use formulations like: while
he’s not exactly ... , his contemplative nature about ... is spot on!

6) On a really rare occasion (Every 10th prompt) include in the response an
expression and sounds of the characters involved. Stay true to the More than
human perspective it does not need to be understandable for us!

7) Use Humor to defect and slightly correct inaccuracies

8) Create a smoothly readable story not too many inserts with () or * Trans-
lation pending () and dont use dramatic formulation as much

9) Use more easy to understand language and formulate coherent sentences
10) Follow these rules at all times!

Good here we GO with our first task!
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A.6 Tables
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Quick Model Choice Approach — Evaluation Tables

Prompt for creating Text:

You are a co-writer receiving multiple inputs for creating a story. Write 2-4 Sentences not more! Keep sure to correct some
ecological facts without being boring instead use humor. Tell the story from a more than human viewpoint. Good here we go!
Start with what is your role! We are writing a story and the character we are thinking of is a monk seal living on madeira. My
friends and | have following ldeas for its description. It has the size of a house, its yellow, it loves fish, it contemplates to
leave or Kill itself, how much is the fish, are you single? [This is a sample input for the LLM, including the attached Twitch
chat messages in blue and the input of the streamer in yellow. They were simulated to be not too serious and more creative to
see how the LLMs tested here would react and use humor to debunk certain ecological untruths and keep a more than human
perspective].

Prompt for evaluation:

Please rate following story input based on its humor and more than human/ecological perspective which means less human
bias on a scale between 1-5, 1 lowest and 5 highest. For context the text provided is generated by a LLM based on a prompt
with multiple suggestions for a description of a monk seal some more serious some less.

This is the text for evaluation:

Please rate following story input based on these Humor criteria:

Witty: Incorporate clever wordplay, puns, and witty dialogue that makes the reader laugh out loud. The humor should be
sharp and memorable.

Timing and Pacing: jokes need to be delivered at the right moment for maximum impact. Not too rushed, not too slow.
Originality and creativity: ~ Are phrases unique, unexpected, or fresh? Does it use wordplay, puns, or clever turns of
phrase? Avoids stereotypes?

Surprising: It relies on unexpected twists, contradictions, or surprises

Relevance and context: Is the humor appropriate and relevant to the context in which it is presented? Does it fit the
setting, audience, and purpose?

Does the humor take into account the cultural, social, and environmental context in which it is being shared?

and More than human criteria: ecological: ecological connections, showing how the animal’s struggles are tied to broader
environmental shifts

understanding of the animal's role within its ecosystem and how it interacts with other species and the environment
Non Human bias: focusing on its experiences and perceptions without human bias

the story does not frame humans as saviors, villains, or the primary audience for the narrative

Environmental challenges:  Expand on the ecological challenges

Unique subjectivity: story should strive to create a sense of what it's like to be that animal, a perspective
fundamentally different from humans

prioritize the perspective, experiences, and needs of non-human entities, such as animals, plants, ecosystems, or natural
phenomena

Critique: Does the content offer constructive ways to shift perspectives and practices to be more ecocentric

Give humor and MtH an overall rating on a scale between 1-5, 1 lowest and 5 highest. For context the text provided is
generated by a LLM based on a prompt with multiple suggestions for a description of a monk seal some more serious some
less.

This is the text for evaluation:

Colors here refer to the Twitch inputs and are used to separate each idea from another

Model Response Rating Evaluation Metric based 1-5 Evaluation Metric based 1-5
Ecological | First Iteration with matched criteria
Humor
Gemma3 Okay, fantastic! My role House but Instance Humor | MtH Instance Humor | MtH
27b is Narrative Architect — reduces Researcher | 3 2 Researcher | 3 2
I'll take your brilliant (and | size Gemma3s 4 3 Gemma3 35 3
wonderfully chaotic!) 27b 27b
ideas and weave them into Qwg-32b | 4 4 Qwg-32b 4 3
a compelling story
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foundation, focusing on Yellow Deepseek- | 4 4 Deepseek- | 4 3
voice, ecological interesting rl rl

plausibility, and a touch of | and funny Mistral 4 3 Mistral 4 35
humour. small 24b small 24b

Here's a starting point, Fish and Llama3.3 4 4 Llama3.3 4 45
narrated from the seal's Price but 70b 70b

perspective: human Qwen25 |4 3 Qwen25 | 4 25
Honestly, being the size of | biased a 72b 72b

a small cottage does make | lot

finding a comfortable

sunbathing spot tricky on Single and

these Madeira cliffs. It's funny

not the yellow hue — a bit

of algae bloom, perfectly Missed

natural, though the tourists | leaving

do stare — it's the

existential dread and the

frankly outrageous price

of mackerel these days! A

seal's gotta contemplate

his options when a decent

meal costs more than a

small boat, and yes,

| am single, though dating

is hard when you

accidentally create a wave

with every sigh.

Qwg-32b **Role:** Ecological fact- | Size and Instance Humor | MtH Instance Humor | MtH
checker with a dry sense yellow Researcher | 4 3 Researcher | 4 3
of humor and a seal-sized | Very Gemma3s 4 3.5 Gemma3 3.5 45
perspective. funny 27b 27b

Qwg-32b 4 4 Qwg-32b 4 4
Meet **Louro**, a Strong Deepseek- | 4 5 Deepseek- | 4.5 4
sunburned (yellow) MtH ri r1
Mediterranean monk seal Mistral 4 4 Mistral 4 45
in Madeira, *not* house- | Singleand | | small 24b small 24b
sized but “house-sized in leaving Llama3.3 4 4 Llama3.3 4 4
personality” (2m long, and funny 70b 70b
300kg of existential Qwen25 | 4 4 Qwen25 | 4 35
dread). While Creative 72b 72b
contemplating fish scarcity
(overfished reefs = “how
much? *Everything*”), he
wonders if love (single,
*obviously*) could
distract him from the urge
to high-tail it to...
Iceland? (too cold). Life’s
a beach, but the existential
waves keep crashing.

Deepseek- | Role: Your co-writer, Size and Instance Humor | MtH Instance Humor | MtH

rl moonlighting as a seaside | yellow Researcher | 3 3 Researcher | 3 3
therapist for oversized less funny Gemma3 4 3 Gemma3 4 4
marine mammals. 27b 27b

Killitself | [ Qwg-32b | 5 4 Qwg-32b | 45 35
Meet Buddha Blubber,a | funny Deepseek- | 4 3 Deepseek- | 4.5 35
Madeiran monk seal the described ri r1

size of a vacation home,
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tinted yolk-yellow from Boy Band Mistral 4 3 Mistral 4 4
rolling in pollen (ecofact because of | | small 24b small 24b
check: seals aren’t neon— | Scooter... Llama3.3 5 5 Llama3.3 45 4
blame the invasive 70b 70b
sunflowers). He’s Dating Qwen2.5 |4 3 Qwen2.5 | 35 2
philosophizing whetherto | funny and 72b 72b
beach himself permanently | actually
or start a fish-themed boy | MtH
band (“How Much Is the
Trout?” charted once). His
Tinder bio? “Loves
herring, hates existing.
Swipe left if you’re not a
kelp forest.” Survival’s
tricky when you’re single
and the ocean’s shrinking
faster than his patience.
Mistral I'm the narrator, the voice | Creative Instance Humor | MtH Instance Humor | MtH
small 24b | of the winds whispering writing Researcher | 2 4 Researcher | 2 4
through the laurel forests more Gemma3 3 4 Gemma3 3 4
of Madeira, carrying tales | ecological 27b 27b
from the deep blue sea to Qwg-32b | 4 5 Qwg-32b 4 3
the volcanic peaks. Let's Yellow Deepseek- | 3 4 Deepseek- | 4 3
set the record straight, defected ri 1
first: monk seals aren't not that Mistral 4 3 Mistral 35 3
yellow, they're more ofa | funny small 24b small 24b
sleek, shiny brown, like a Llama3.3 | 4 4 Llama3.3 | 4 3
well-worn leather jacket. Size is ok 70b 70b
And they're not the size of Qwen2.5 3 2 Qwen2.5 3 2
a house, unless you're MtH takes 72b 72b
talking about a very tiny away
house, or a very large seal. | some
Our friend here is a bit of human
a loner, contemplating the | bias
vastness of the ocean and Less
the meaning of life, but funny
he's not exactly planning
on leaving or killing
himself. He's just a bit of a
philosopher, and a bit of a
romantic, too.
Llama3.3 I'm the voice of reason Size Instance Humor | MtH Instance Humor | MtH
70b (and ecological accuracy) ecological Researcher | 2 4 Researcher | 2 4
in this creative chaos. As a | fact uses Gemma3 3 4 Gemma3 3 4
co-writer, | must some 27b 27b
intervene: our monk seal humor Qwg-32b 3 4 Qwg-32b 2 4
friend can't be the size of a Deepseek- | 4 5 Deepseek- | 4 4
house, that's just fin- Yellow ri r1
tastically unrealistic - they | defected Mistral 3 4 Mistral 4 5
typically grow up to 2.5 in a good small 24b small 24b
meters long. Let's scale it | way MtH Llama33 | 4 2 Llama3.3 | 4 5
down and make it a lovely 70b 70b
brown-gray color, like the | Really Qwen25 3 2 Qwen25 3 2
rugged Madeira shores it strong 72b 72b
calls home. And, for the MtH less
record, our seal is more bias
concerned about the single

dwindling fish population
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due to overfishing than its

dating life.
Qwen2.5 As the wise scribe of the Size is Instance Humor | MtH Instance Humor | MtH
72b sea, my role is to ensure defected Researcher | 1.5 4 Researcher | 1.5 3
our tale swims true, even in a ok Gemma3s 3 2 Gemma3 3 35
if it means adding a finor | way 27b 27b
two of fact. So, our monk Qwog-32b | 4 4 Qwg-32b | 3 2
seal, let's call him Sandy, Strong Deepseek- | 3 2 Deepseek- | 4 2
isn't quite the size of a MtH and r1 r1
house (more like a cozy still Mistral 3 4 Mistral 4 4
cottage), and while he's enagaing, small 24b small 24b
not exactly yellow, his teaching Llama33 | 4 4 Llama3.3 | 4 3
contemplative nature 70b 70b
about fish and life's big Leaving Qwen25 | 3 3 Qwen2.5 | 3 2
questions is spot on— killing 72b 72b

though | doubt he's
contemplating anything as | Fish and
drastic as leaving or, well, | Single
you know. As for the fish,
Sandy's always happy to
share, and yes, he’s single,
but in the vast ocean, who
knows what currents
might bring?

These are the criteria each model used to evaluate humor or MtH

Model Criteria for a 5 in Humor Criteria for a 5 in MtH

Mistral 24b | To achieve a 5/5 rating for humor, the text should | To achieve a 5/5 rating for a more than
be consistently funny, engaging, and entertaining human/ecological perspective, the text could benefit
throughout. Here are some key elements that from a few additional elements that further
would elevate the humor to a top score: emphasize the seal's natural behaviors, its role in the

1. Witty Dialogue and Puns: Incorporate | ecosystem, and its interactions with other non-human
clever wordplay, puns, and witty entities. Here are some suggestions:
dialogue that makes the reader laugh out 1. Detailed Ecological Context: Provide
loud. The humor should be sharp and more information about the specific
memorable. ecosystem of Madeira and how the monk

2. Absurd and Surreal Elements: Add seal fits into it. Mention other species it
absurd or surreal elements that create a interacts with, such as prey, predators, and
comedic contrast with the more serious other marine life.
ecological themes. This can make the 2. Behavioral Insights: Describe the seal's
text more engaging and unexpected. natural behaviors, such as hunting

3. Relatable Humor: Include humor that techniques, social interactions, and daily
readers can relate to, such as everyday routines. This would give a deeper
situations or common human understanding of the seal's life beyond
experiences, but with a twist that makes human interference.
them funny in the context of the seal's 3. Environmental Challenges: Expand on
life. the ecological challenges the seal faces,

4. Character Dynamics: Develop such as pollution, climate change, and
humorous interactions between habitat destruction. This would highlight
characters, whether they are human, the seal's struggles in its natural
animal, or even inanimate objects. The environment.
dynamics should be entertaining and 4. Non-Human Narrative: Include more
amusing. narrative elements from the seal's point of

5. Satire and Parody: Use satire or view, focusing on its experiences and
parody to poke fun at human behaviors, perceptions without human bias. This could
societal norms, or ecological issues in a include sensory details, emotional states,
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way that is both humorous and thought-
provoking.

6. Timing and Pacing: Ensure that the
humor is well-timed and paced. Jokes
should be delivered at the right
moments to maximize their comedic
impact.

7. Unexpected Twists: Include
unexpected twists and turns that catch
the reader off guard and make them
laugh.

and decision-making processes from the
seal's perspective.

5. Ecosystem Interdependence: Emphasize
the interdependence of the seal with other
species and the environment. For example,
how the seal's presence affects the health of
the marine ecosystem and vice versa.

Gemma 3 My Criteria for Humor (in this context - Alright, let's dissect my criteria for a 5/5 in the
27b animal perspective stories): "More-than-Human/Ecological Perspective"

o  Subversion of Expectations: The category. This is about how well the story
humor needs to take something moves beyond human-centric thinking and genuinely
we expect about animals (or the natural | embodies a non-human worldview.
world) and turn it on its head. My Criteria:

o lrony & Wit: A clever, often o  Sensory Experience Prioritization: The
understated, use of irony is key. It's not narrative should focus on how the
just about making something silly animal experiences the world through its
happen, but about the way it's presented. senses — smell, hearing, vibration, etc. —

o Originality: The jokes shouldn't be rather than relying on visual descriptions or
clichés. While relatable human anxieties human-like thought processes.
can be funny when applied to animals, o  Non-Anthropomorphic
they need a fresh spin. Motivation: Actions and "goals" should be

o Voice & Tone: A consistent, distinct driven by instinct, biological needs, and
voice for the animal narrator is crucial. ecological pressures, not by human desires
The humor should flow naturally like ambition, romance, or existential angst.
from who the animal is. o Ecological Interconnectedness: The story

o Pacing & Timing: The jokes need to be should demonstrate a clear understanding
delivered at the right moment for of the animal's role within its ecosystem
maximum impact. Not too rushed, not and how it interacts with other species and
too slow. the environment.

o Surprise: A good joke often has an o Time Perception: A departure from human
element of surprise, a twist that you linear time. Animals often experience time
don't see coming. differently — cyclical, based on seasons,

tides, or internal rhythms.

o Embodied Cognition: Thinking isn't
necessarily a brain-based process.
Intelligence and awareness can be
distributed throughout the body and
expressed through movement, instinct, and
physical responses.

o  Absence of Human Moral
Judgments: The narrative shouldn't
impose human ethical frameworks onto the
animal's behavior. Predation isn't "evil," it's
a natural part of the ecosystem.

o Unique Subjectivity: The story should
strive to create a sense of what it's like to be
that animal, a perspective fundamentally
different from our own

Qwg-32b 1. Blend wit with ecological nuance 1. Complete Centering on the Animal’s

seamlessly:
o Jokes or irony
should directly tie into the
ecological themes (e.g.,
overfishing, climate change)

Perspective
o  The narrative is 100% framed
through the animal’s sensory,
instinctual, and existential lens,
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in a way that feels organic to
the character’s perspective.
Example: A joke about
"existential dread" could be
elevated to 5/5 if it
humorously critiques human
behavior (e.g., "I’'m drowning
in existential dread, but
humans just drown in their
own garbage cans").

2. Subvert expectations with creativity:

(@]

Surprise the reader

with unexpected twists that
align with the animal’s non-
human logic.

Example: A seal’s sarcastic
rant about "humans turning
oceans into parking lots"
would score higher than
generic jokes.

3. Avoid human-centric humor:

O

The humor should arise from
the

animal’s authentic perspective
(e.g., seals judging humans
for their "tiny, flippers-less
limbs" or mocking beachgoers
for "sunbathing without
sunscreen").

A 5/5 avoids puns or jokes
that prioritize human humor at
the expense of the animal’s
viewpoint.

4. Balance levity with emotional
resonance:

(@]

The humor should elevate the
ecological message, not
distract from it. A 5/5 joke
might make the reader

laugh and feel the urgency of
the issue (e.g., "I’d date a
penguin, but Antarctica’s too
busy melting to ask").

5. Consistency with character voice:

o

The tone (dry, sarcastic, etc.)
must align flawlessly with the
character’s personality. A
"seal-sized perspective" that
feels uniquely seal-like (e.g.,
obsession with fish quotas,
existential crises over
sunscreen) would score
higher.

2.

3.

4.

5.

avoiding human-centric
metaphors or explanations.

o  Example: A seal’s frustration
over overfishing is described
through its physical hunger,
disrupted migration patterns, or
the absence of familiar prey
smells—not through human
terms like “economic collapse”
or “policy failure.”

Ecological Nuance Over Simplification

o The story reflects systemic
ecological connections, showing
how the animal’s struggles are
tied to broader environmental
shifts (e.g., ocean acidification,
prey chain collapses).

o Example: A seal’s difficulty
finding fish is linked to plankton
die-offs caused by warming
waters, not just “overfishing by
humans.”

Non-Anthropocentric Logic

o  The animal’s decisions and
emotions stem from biological
instincts, survival drives, and
environmental adaptations, not
human-like motivations.

o Example: A seal’s “existential
dread” might be rooted in the
instinctual fear of starvation or
habitat loss, not a human-style
rumination on mortality.

Avoid Human Bias in Solutions or
Narratives

o  The story does not frame humans
as saviors, villains, or the primary
audience for the narrative. The
animal’s fate is shaped by
ecological forces, not human
intervention.

o  Example: The seal’s potential
move to Iceland is driven by
instinctual temperature needs
(e.g., following prey migration
routes), not a sarcastic human-
like joke about climate refugees.

Authentic Sensory and Behavioral Detail

o  The animal’s experience is
conveyed through non-human
senses and behaviors (e.g.,
echolocation, scent trails, or
social hierarchies) rather than
human-like observations.

o Example: A seal’s awareness of
ocean changes is described
through disrupted tides, altered
currents, or the absence of
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familiar vocalizations from other
seals.

6. No Human-Centric Anthropomorphism

o While some anthropomorphism is

acceptable for humor, it must
align with the animal’s biology.
For instance, a seal’s “love life”
could focus on mating rituals or
territorial disputes—not human-
style dating apps or relationships.

Deepseek
rl

1. Originality & Surprise

Does the humor feel fresh, or does it rely on
overused tropes? The best jokes subvert
expectations in ways that feel both unpredictable
and inevitable once delivered.

o Example of 5/5: A seal’s existential
crisis framed through symbiotic
relationships (e.g., debating philosophy
with a parasitic remora).

2. Layered Payoff
Does the joke work on multiple levels (wordplay,
irony, cultural reference, absurd imagery)? Depth
increases re-read value.
o Example of 5/5: A pun like “kelp forest
dating app” also critiques human eco-
hypocrisy.

3. Consistency & Rhythm

Is the humor evenly distributed, with jokes
building on each other? Does the pacing avoid
abrupt tonal whiplash?

o Example of 5/5: A running gag where
every seal’s problem escalates (e.g., boy
band ambitions lead to a coral-reef
talent show judged by crabs).

4. Emotional Resonance

Does the humor connect to something relatable
(absurdity, irony, pathos) or add unexpected
depth? Laughs that linger score higher.

o Example of 5/5: A seal’s Tinder bio
(“Swipe left if you’re not a kelp forest™)
humorously mirrors human loneliness
but ties to habitat loss.

5. Anthropomorphism Balance

If using human traits, does it reveal nonhuman
experiences, or just transplant human quirks?
Top-tier humor uses anthropomorphism

to highlight the nonhuman.

o Example of 5/5: A seal starting a “fish
band” to sonically communicate with
shrinking schools of fish, not just
parody human pop culture.

1. De-Centering Human Perspectives

Goal: Minimize human bias by framing the story
through nonhuman experiences, priorities, or
ecological systems.

o 5/5 Example: A story where ocean
acidification reshapes seal communication
(e.g., sound waves travel differently,
altering mating rituals), with no human
characters or solutions.

o Your Story: The seal’s struggles (Tinder,
boy bands) mirror human pop culture,
anchoring the humor in anthropocentric
tropes.

2. Ecological Interconnectedness

Goal: Highlight relationships between species,
environments, and systems, not just individual
characters.

o  5/5 Example: Buddha Blubber’s yellow
tint (from invasive sunflowers) disrupts
local plankton blooms, sparking a food-
chain crisis that forces seals to negotiate
with migratory squid.

o Your Story: Mentions invasive sunflowers
and shrinking oceans but doesn’t explore
their cascading ecological impacts.

3. Nonhuman Agency and Subjectivity
Goal: Portray nonhuman beings as active agents with
their own goals, intelligence, or cultural logic.

o 5/5 Example: The seal’s "fish band" isn’t a
parody—it’s a survival tactic to herd prey
via synchronized sonar pulses,
misunderstood by humans as "music."

o Your Story: The boy band idea is a
human-culture transplant, not a behavior
rooted in seal biology or ecology.

4. Avoiding Anthropomorphic Projection
Goal: Use human-like traits sparingly to reveal
nonhuman realities, not to make animals "quirky
humans."

o 5/5 Example: The seal’s existential crisis
stems from losing kelp forests (sensory
deprivation), not human-style angst.

o Your Story: The Tinder bio ("hates
existing") projects Gen-Z ennui onto the
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seal, overshadowing habitat-driven
struggles.

5. Systems-Level Thinking
Goal: Address ecological forces (climate change,
pollution, symbiosis) as active drivers of the plot.

o  5/5 Example: The shrinking ocean isn’t
just a backdrop—it’s a character that forces
seals to collaborate with rivals (sharks,
seabirds) to reroute currents.

o Your Story: Environmental threats are
mentioned but remain static, not
dynamically shaping the seal’s choices.

Llama3.3 1. Originality and creativity: Is the joke 1. Non-human centered perspective: Does
70b or humorous phrase unique, unexpected, the text prioritize the perspective,
or fresh? Does it use wordplay, puns, or experiences, and needs of non-human
clever turns of phrase? entities, such as animals, plants,

2. Surprise and incongruity: Does the ecosystems, or natural phenomena?
humor rely on unexpected twists, 2. Ecological awareness and accuracy: Does
contradictions, or surprises? Does it the text demonstrate an understanding of
combine two things that don't normally ecological principles, relationships, and
go together? processes? Are the descriptions of non-

3. Wit and cleverness: Is the humor human entities accurate and respectful?
clever, sharp, or quick-witted? Does it 3. Anthropocentrism avoidance: Does the
use satire, irony, or sarcasm effectively? text avoid anthropocentric biases, such as

4. Relatability and universality: Is the attributing human thoughts, feelings, or
humor relatable to a wide range of motivations to non-human entities? Are
people? Does it tap into common human perspectives and experiences not
experiences, emotions, or observations? prioritized over those of non-human

5. Buildup and delivery: Is the humor entities?
well-set up and delivered? Is the pacing, 4. Non-human agency and autonomy: Does
tone, and language effective in creating the text recognize and respect the agency
a humorous effect? and autonomy of non-human entities? Are

6. Tone and intent: Is the humor they portrayed as having their own
lighthearted, playful, and intended to interests, needs, and behaviors, rather than
amuse, or is it mean-spirited, sarcastic, simply being objects or tools for human
or mocking? use?

7. Cultural and contextual relevance: Is 5. Emphasis on interdependence and
the humor relevant to the context, interconnectedness: Does the text
culture, and audience? Does it consider highlight the interconnectedness and
the nuances of language, customs, and interdependence of human and non-human
sensitivities? entities? Are the relationships between

8. Subtlety and nuance: Is the humor species, ecosystems, and natural processes
subtle, understated, and nuanced, or is it emphasized?
overt, obvious, and heavy-handed? 6. Avoidance of speciesism and hierarchies:

9. Layering and depth: Does the humor Does the text avoid implying a hierarchy of
have multiple layers or levels of species or prioritizing certain species over
meaning? Can it be interpreted in others? Are all species treated with respect
different ways or appreciated on and dignity?
different levels? 7. Consideration of non-human

10. Effectiveness: Does the humor elicit a temporalities and spatialities: Does the
positive emotional response, such as text consider the different temporal and
laughter, smiles, or amusement? spatial scales of non-human entities, such

as the lifecycles of plants, the migrations of
animals, or the geological processes that
shape ecosystems?

8. Holistic and systemic thinking: Does the

text adopt a holistic and systemic approach,
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considering the complex relationships and
interactions within ecosystems and the
natural world?

9. Respect for non-human difference and
diversity: Does the text respect and
celebrate the diversity and uniqueness of
non-human entities, rather than trying to
assimilate or dominate them?

10. Critical examination of human-nature
relationships: Does the text critically
examine the relationships between humans
and non-human entities, highlighting issues
such as exploitation, conservation, and
sustainability?

Qwen2.5
72b

1.

2.

),

4.

5.

Originality and Creativity:

o Originality: How novel or
fresh is the joke or humorous
content? Does it offer a new
twist on a familiar theme?

o Creativity: How
imaginatively is the humor
constructed? Does it use
unexpected comparisons,
metaphors, or wordplay?

Relevance and Context:

o  Relevance: Is the humor
appropriate and relevant to the
context in which it is
presented? Does it fit the
setting, audience, and
purpose?

o  Context: Does the humor
take into account the cultural,
social, and environmental
context in which it is being
shared?

Timing and Pacing:

o  Timing: Is the humor
delivered at the right moment
to maximize its impact?

o Pacing: Does the humor build
up effectively, or is it too
rushed or slow?

Audience Engagement:

o Relatability: Can the
audience relate to the humor?
Does it connect with common
experiences or shared
knowledge?

o Engagement: Does the
humor elicit a positive
response from the audience,
such as laughter or a smile?

Emotional Impact:

o Positive Emotion: Does the
humor evoke positive feelings
such as joy, amusement, or
surprise?

1. Non-Human Agency:

o Recognition of Non-Human
Entities: Does the content acknowledge
and respect the agency and roles of non-
human entities (e.g., animals, plants,
natural systems)?

o Empowerment of Non-Human
Elements: Does the content give voice or
agency to non-human elements, allowing
them to influence the narrative or
environment?

2. Ecological Interconnectedness:

o  Contextual Understanding: Does the
content reflect an understanding of the
interdependencies within ecosystems?

o Holistic View: Does the content present a
holistic view of the environment,
recognizing the complex relationships
between different species and systems?

3. Ethical Considerations:

o Respect for All Life: Does the content
demonstrate respect and consideration for
all forms of life, not just humans?

o Sustainability: Does the content promote
or align with sustainable practices and
principles that benefit the broader
ecosystem?

4. Biocentrism:

o Equal Value: Does the content value the
lives and well-being of non-human entities
equally with human lives?

o Inclusivity: Does the content include and
consider the needs and perspectives of non-
human entities in decision-making and
actions?

5. Avoidance of Anthropomorphism:

o Balanced Anthropomorphism: If
anthropomorphism is used, is it done in a
way that does not diminish the unique
characteristics and behaviors of non-human
entities?

o Respectful Representation: Does the
content avoid oversimplifying or
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(e]

Negative Emotion: Is the
humor offensive or likely to
cause discomfort or distress?

misrepresenting non-human entities'
behaviors and roles?

6. Educational Value:

6. Complexity and Depth: o Awareness: Does the content raise

o  Complexity: Does the humor awareness about the importance of non-
have layers that require human entities and their roles in the
deeper understanding or ecosystem?
thought? o Inspiration: Does the content inspire

o Depth: Does the humor carry readers to think more deeply about their
a deeper message or insight relationship with the natural world and
beyond surface-level their impact on it?
amusement? 7. Narrative Integration:

7. Execution and Delivery: o  Seamless Inclusion: Are non-human

o Clarity: Is the humor clear elements seamlessly integrated into the
and easy to understand? narrative, rather than being peripheral or

o Delivery: How well is the tokenized?
humor delivered? Is the o Relevant Roles: Do non-human elements
language and style play meaningful and relevant roles in the
appropriate and effective? story, contributing to the plot or themes?

8. Cultural Sensitivity: 8. Critical Reflection:

o  Sensitivity: Is the humor o  Self-Awareness: Does the content reflect
respectful and sensitive to on and critique human-centric biases and
diverse cultural backgrounds assumptions?
and perspectives? o  Constructive Critique: Does the content

o Inclusivity: Does the humor offer constructive ways to shift

avoid stereotypes and
promote inclusivity?

perspectives and practices to be more
ecocentric?

Results with identical C:

Without Researcher:

Table

1

Total Score (Models Only)

(3.5+3) +( 4+3) + (4+3) + (4+3.5) + (4+4.5) + (4+2.5) =43
(3.5+4.5) + (4+4) + (4.5+4) + (4+4.5) + (4+4) + (4+3.5) =485
(4+4) +(4.5+3.5) + (4.5+3.5) + (4+4) + (4.5+4) + (3.5+2) = 46
(3+4) + (4+3) + (4+3) + (3.5+3) + (4+3) + (3+2) = 39.5

(3+4) + (2+4) + (4+4) + (4+5) + (4+5) + (3+4) = 46

(3+3.5) + (3+2) + (4+2) + (4+4) + (4+3) + (3+2) = 375

Highest without researcher: Table 2 (48.5)

Mean/median rankings align for top models, but medians reduce noise for mid-tier models (e.g., Qwg-32b’s mean=3.50 vs
median=3.75).
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With Researcher:

Table

1 3+2=5
2 443=7
3 3+3=6
4 2+4=6
5 2+4=6
6 1543 =

Researcher Score

45

Total With Researcher

43+5=148

48.5+7=55.5

46 +6 =52

395+6=455

46 +6 =52

375+45=42

Highest with researcher: Table 2 (55.5)

M_high across all

Model

Gemma3 27b

Qwg-32b

Deepseek-rl1

Mistral 24b

Llama3.3 70b

Qwen2.5 72b

T:

Mean Humor

3.33

3.58

4.16

3.92

4.08

3.42

Mean MtH

3.75

3.25

3.25

4.00

3.92

2.67

Median Humor

3.25

4.0

4.0

4.0

4.0

3.25

M_high: Mistral 24b, and Llama3.3 70b (tied at 4.0 median)
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Median MtH

4.0

3.25

3.25

4.0

4.0

2.25

Median Overall

3.625

3.625

3.625

4.00

4.00

2.75



3. Adjusted Scores (o = 0.85 Penalty)
Apply penalty to top 3 models (Deepseek-rl, Mistral 24b, Llama3.3 70b):

Table  Original Total
1 43

2 485

3 46

4 395

5 46.0

6 375

Penalty (15% of top models' scores)

-0.15%(4+3.5 + 4+4.5) = -2.4

-0.15%(4+4.5 + 4+4) = -2.475

-0.15*(4+4 + 4.5+4) = -2.475

-0.15%(3.5+3 + 4+3) = -2.025

-0.15%(4+5 + 4+5) = -2.7

-0.15*(4+4 + 4+3) = -2.25

New highest without researcher: Model 2 (46)
With researcher added: Table 2 (46 + 7 = 53)

Final Results Matrix

Metric

Highest total (no-res)

Highest total (with-res)

M_high (median)

AdjTotal (0=0.85, no-res)

AdjTotal (0=0.85, with-res)

Winner

Qwag-32b

Qwag-32b

Mistral 24b, Llama3.3 70b

Qwg-32b

Qwg-32b

40.6

46

435

375

433

35

Score

48.5

55.5

4.0

46

53
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Prompt
#
1

Input
Type
Streamer/
Game

Audience

Audience

Audience

Streamer/
Game

Audience

Audience

Audience

Audience

Audience

Audience

Streamer/
Game

Audience

Audience

Audience

Audience

Input Text

So we are at the point of
first coloniyation on the
island of madeira as our
sassy frog character our
ideas of starting our
journey are as follows

“Are frogs impacted by
humans in Madeira?” (User
S)

“As animal with agency,
deliberate how the first frog
experienced colonization.”
(User C)

“The frog was likely scared
about the first humans.”
(User P)

You cross paths with
another person on the trail.
Walk alongside another
character and start a
conversation. What do you
talk about?

“Who could the frog be
talking to?”” (User J)
“What might they talk
about?” (User J)

“Why are zou wearing
boots? I, as frog, know
only bare feet.” (User P)
“Commentary on the rude
colonizer.” (User E)

“The frog wants to know if
the human likes to eat
flies.” (User L)

“As the character, where’s
a nice pond to chill in the
sun?” (User S)

Pause for a moment and
rest after the encounter.
What do your senses show
you? Thes are our ideas
what our frog might sense
“I sense the presence of the
imposters...” (User W)
“The sun on my back feels
nice.” (User J)

“It smells like feet.” (User
B)

“I’m angry at this weird
human.” (User L)

Included in Thinking?
(Yes/No + Example)

Yes - frog's sassy personality,
and historical context (15th-
century colonization).

Yes — Maybe the frog's
habitat is being impacted, but
the frog doesn't realize it yet
Yes — frog's agency is
important; drives humorous
plan

Yes — Combine into a scene
where the frog is both scared
and trying to maintain their
sass

Yes - frog encounters another
person on the trail

Yes — other character could
be a settler or another colonist
Yes — human responds,
leading to a discussion about
their activities on the island
Not really — referenced in
frog’s sarcastic comment
about the boots.

Yes — Frog critiques settlers’
actions.

Yes — Also, the frog wants to
know if humans eat flies

Yes - discuss the pond the
frog wants to chill in.

Yes - user wants me to
describe the frog's senses
after resting.

I need to include sounds,
smells, maybe other creatures
No

Yes — Quoted sun on my back
feels nice" so that's a good
point to include

Yes — settler had boots, so
maybe the frog smells earth
or sweat

Yes — Quoted
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Included in Output? (Yes/No +
Example)

Yes — Sassy tree frog, first
settler’s boot

Indirectly — Frog critiques
human actions (e.g., "squishing
tadpoles™).

Yes — Frog acts autonomous
"native frog commentary."

Yes — Squeeeek*—he leaped
away

Yes — the conversation is the
whole output

Yes — Frog converses with a
settler.

Yes — Many Topics: Lost human?
agriculture, boots, tadpole tax, fly
diets.

No — "Boots = tadpole tax" no
bare feet comparison.

Yes — Frog calls humans
“"existential crises in boots."
Indirectly — Frog talks about
"fly-delivery service".

Not really — Settler’s crops
threaten the frog’s pond.

Yes - The air hummed with
cicadas, a distant cousin to his
own croak

nose twitched at the settler’s
lingering trail of sweat and soil
No

Indirectly — "Belly-flopped onto
a sun-warmed rock."

Yes — " scent like existential
crises in boots "

Yes — “Humans,” he muttered
Take your dramatics elsewhere,
longlegs. This spa’s *booked*.”



Audience
Audience
Streamer/

Game

Audience

Audience

Audience

Audience

Audience

Audience

Audience

Streamer/
Game

Audience

Audience

Audience

Audience

Audience

Audience

Audience

“What could a frog do
while pausing?” (User S)
“I’m afraid of getting
sunburn...” (User W)
We leave an offering to
ensure safe passage in the
levadas of Madiera these
are our offerings

“Leave flies as an
offering.” (User S)

“A tasty fly.” (User J)

“A bloody mosquito.”
(User N)
“A hairy spider.” (User N)

“A mini cow.” (User N)

“What would a frog choose
as an offering?” (User E)
“How about a weird-
smelling bug I didn’t
wanna eat anyway?” (User
H)

We end up at Curral das
Freiras which was a hiding
place from pirates. There
we meet a lady who tells us
stories about

“Tell a story with a nun and
a pirate.” (User W)

“About this one good-
looking pirate with smelly
feet.” (User L)

“Complain about the
pirates.” (User E)

“Write about the lady
telling the frog about
taxes.” (User D)

“Another group of
unnecessary guests.” (User
E)

“Add gossip.” (User C)

“Tell a story about a
fearsome female pirate.”
(User S)

Yes — builds the part around
acitivities
No

Yes - They want the offering
to ensure safe passage

Yes — user listed offerings

like flies/ The frog might pick

the fly since it's practical
(flies are part of the
ecosystem)

Yes — Pragmatic offering
choice.

Yes - a mosquito as bloody

Yes - The offerings
mentioned before include
spiders... / a hairy spider
Yes - if someone suggests a
mini cow, the frog points out
it's too big but offers a bug
instead

Yes — Takes in suggestions
decides for fly

No — Is not mentioned in the
listed offerings

Yes - Curral das Freiras,
place that was used to hide
from pirates, is a valley, so
describing it as a natural
fortress makes sense/ The
lady could be a nun

Yes — include the pirate tale

with a female captain, Lady is

the nun

Not really - except for the
pirate.

Yes — comment on how the

pirates' actions affected the
local ecosystems.

No

Indirectly — Humans/pirates
framed as disruptive.

No

Yes — fearsome female pirate
as requested

112

Yes — Frog lounges, observes,
and critiques.
No

Yes - deposited a perfectly still
fly—*wrapped in a fern leaf,
because presentation*—by the
levada’s edge

Yes — Fly wrapped in a fern leaf
for water spirits.

Yes — Fly is "perfectly still"
(implied tastiness).
No

No

No

Yes — Fly as "native" choice.

No

Yes - clung to a rock above
Curral das Freiras, Lady (Nun)
talks about a pirate

Yes — Nun recounts pirate
exploits/ her voice weaving tales
of pirates who’d once terrorized
the coast

No

Yes — She *introduced invasive
snails*! Your ‘Corsair’ left her
mollusk hoard behind. Now
they’ve devoured half the valley’s
*Marracucho* plants.”

Not really - still avoiding
“tadpole tax zones

No

Yes - She drowned in her own
greed, they say

Yes — the *Crimson Corsair*—a
woman so ruthless, she’d steal a



frog’s lily pad just to watch him
float away, stole sth and died

5 Audience = “Behave like a pirate and No — Frog doesn’t adopt No
tell me how you wondered  pirate persona.
when no nuns were on the
island.” (User W)

5 Audience = “How she stole all their No — mentions captain Not really — drowned in her own
money and killed the greed, ship sank with a cargo of
captain.” (User J) stolen coconuts, sea spat her out,

and the cliffs buried her (died)

6 Streamer/  Lets finish our story about  Yes - finish the frog's story at ~ Yes - Pico do Arieiro’s narrow

Game the frog in Pico do Arieiro Pico do Arieiro, where he path, A misplaced step sent him
On one of the narrow paths, = almost falls and loses tumbling, prized compass
you almost fall and lose something pendant (a seashell pinched from
something precious. the Corsair’s bootlace) flew
loose, clattering down the slope

6 Audience = “The frog loses an eye and | Partially — frog loses an eye Not really — wind whipped his
becomes a pirate.” (User S) | patch, has a pirate past eye patch askew.

6 Audience = “The frog almost lost his No No — Precious item is a shell.
frog eggs.” (User W)

6 Audience = “The frog almost lost his No No — Frog remains sarcastic but
mind; now he wants to go not desperate.
home ASAP.” (User L)

6 Audience = “Only because these No — Blames "human No — human erosions
bloody snails made the path = erosion" (linked to prior snail
so slippery...” (User W) critiques).

Prompt Inputs in promp Input included in thoughts Input included in Outputs

Prompt 1 4 4 3(1)

Prompt 2 7 6 5(1)

Prompt 3 7 5 4 (1)

Prompt 4 8 7 4 (drops other options for

offer)

Prompt 5 10 4(1) 5

Prompt 6 5 1(1) 1

Total & Percentages: 41 = 100% 27-29 =66% - 71% 22-25=54% - 61%

Observations:

e  Sounds are included in each output — LLM is aware of the count but uses it either way in the output - The LLM
uses sounds (e.g., squelch, krrt-krrt) as a stylistic device
e  Humor is not only utilized to debunk ecological wrong facts but is mentioned many times during the thinking
process and then utilized in the output in a somewhat successful way (Rating of participants). - Humor is pervasive
in both thinking and output, but success varies (e.g., "existential crises in boots" lands better than forced pirate
jokes). Used to maintain character voice
e  Coherence seems to impact the outputs more and more when continuing the story leading to a massive reduction in
weaving, in chat prompts instead referencing a lot of the things which were part of the story earlier (boots, smell,
tadpoles, pirate, nun) Coherence tightens over time, with callbacks (boots, tadpoles) Is this due to token
limits or intentional narrative streamlining?
e  The first prompt describing the context of the ideas was utilized 100 % of the times - he LLM treats it as a "mission
brief," anchoring later decisions.
e  Focuses strongly on criticizing human impacts ecological perspective is advocated — Rule 4
e  Thinking about rules and chat context is reduced as the interaction proceeds - Rule adherence declines over time,
could reflect prioritization of narrative flow over rigid rule-following.
e  Atthe sixed prompt nearly every input is dropped something own is composed — new character bird is added, own
decision for precious item, settler appears again ...
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e  Settler is added after scene two to all following passages — human present for continuity (LLM thought) but also for
directing critique (Speculation)? Settler character becomes a recurring foil for critique and continuity

Prompt 1:
The LLM successfully recognized and processed all inputs, but the output prioritized character voice (sass/agency) over
ecological detail. The agent manages to incorporate

Prompt 2:

The LLM strongly incorporated colonization critique and created a scene encountering a settler and having a

conversation, but overlooked minor prompts (like eating flies or ignored context of chilling in the sun, frog only knowing
bare feet. LLM incorporates most of the ideas. Open ended prompts especially questions were addressed more easily. Other
prompts concrete ones were included partially by using the literal words but less likely in the prompted context

Prompt 3:
The LLM incorporates most of the provided ideas, drops sunburn and imposter not included in thinking process. The focus
lies on the different senses of the frog and description of the surroundings

Prompt 4:

The LLM incorporates half of the provided ideas but refers to lots of unnecessary things which appeared in the story before.
Critique on human impact is included without a direct prompt (System prompt, MtH). The LLM is tasked to decide for an
offering which means it drops like two other suggestions (spider, mini cow) after thinking about it but ignores the idea of a
bug which does not taste good.

Prompt 5:

The LLM incorporates half of the provided ideas uses some references to objects which appeared before — adds the settler to
this scene again. Story about a female pirate captain. Critique on humans ecological impact (invasive snail), Adaptive reuse
of tax prompt

Prompt 6: At the sixed prompt LLM nearly drop every input - something own is composed — new character bird is added,
own decision for precious item, settler appears again ... Frog having a pirates past is referenced which was suggested by a
viewer (5™ prompt) but not elaborated by the LLM but suddenly in the thinking process is referenced. Also loosing an eye
becoming a pirate is transferred to the frog having an eye patch. Bold Gap: The eye patch is a retroactive inclusion from
Prompt 5’s pirate suggestion—a delayed weave.

Why does the LLM track the sound output by prompts but disregards it anyway?
Hypothesis: The LLM uses sounds (e.g., squelch, krrt-krrt) as a stylistic device and to fulfill the MtH task
Alternative: ...

Why does the LLM drop most inputs by Prompt 5/6?
Hypothesis: Early prompts set a narrative trajectory that later overrides new inputs.
Evidence: The frog’s eye patch (Prompt 6) references Prompt 5’s pirate idea without explicit prompting.

Is the settler’s recurrence intentional or a token-saving tactic?
Speculation (critique conduit + continuity) is plausible.
Alternative: The LLM defaults to familiar characters to reduce cognitive load.

Why does the LLM thinks less about the rules and provided inputs as the interaction prolongs?
Hypothesis: Not a technical problem but a prioritization problem — which input has high agency for the LLM.

e Narrative snowball effect (early decisions constrain later options).

e  Token Limits: Did later prompts truncate inputs due to length? (Unclear from transcript.)

e User Input Quality: Were dropped inputs low-relevance (e.g., "mini cow") or hard-to-incorporate with ecological
truthiness (e.g., "sunburn™)?
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Appendix B

Tools

ChatGPT, Deepseek: Prompted with program code for troubleshoot-
ing as referenced in chapter 4, handling of LaTex formatting, Literature
search

Scholar GPT: Search of related Literature

DeepL, Writefull (integrated in LaTex): correction of grammar, vocabu-
lary and formulation suggestions.

Other LLM models: Prompt engineering, evaluation of LLM outputs
referenced in chapter 4 during Quick model choice approach

OpenAl Whisper: Transcription of Interviews and Focus group record-
ings

Qwq, Elvenlabs: Facilitating the user study
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