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Abstract

Large language models (LLMs) have become a common sight in day-to-day activities and
have found use for a wide range of tasks, many of them of a creative nature. While not
perfect, these models have enabled automation of tasks that were previously difficult to
automate, such as generating fluent narratives or using them as creative evaluators. But
to what extent can pure large language models perform creative tasks? This dissertation
explores and evaluates the use of LLMs without augmentations for creative applications,
specifically in the domain of narrative generation.

The first contribution of this dissertation is an analysis of LLMs and their creative po-
tential, including evaluation using three established CC evaluation frameworks: “Mere
Generation”, The Creative Tripod, and FACE. I argue that it is inappropriate to evaluate
LLMs using these frameworks, primarily because their “process” is simple, yet they can
perform complex tasks. Moreover, these frameworks often require explicitly modelled
features to argue for the creativity of the system. However, for LLMs, their abilities are
implicit in their learned parameters.

Secondly, I shift focus to empirical evaluation to investigate a simple yet common claim in
popular media and academic literature: is temperature the universal creativity parameter
of pure large language models? I have designed a novel experimental method based on
theories from cognitive science, and reframed the temperature zero story as the exemplar
story for a given prompt. This exemplar enables comparison in a human evaluation
experiment to understand the impact of the temperature hyperparameter. The results
indicate that this claim is farmore nuanced andweaker than is often presented. It appears
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higher temperature enable more exploration by increasing the chance of generating more
variety, but it does not allow access to a significantly larger slice of the probability
distribution.

This observation raises questions regarding the output diversity of LLMs, and particularly,
those trained for instruction following. The third contribution of this dissertation is two-
fold. First, I investigate the gap in output diversity between instruction-tuned models
and their corresponding base models. While this phenomenon has been observed before,
I confirm its existence in the domain of narrative generation and demonstrate further
findings on how intermediate fine-tuning steps impact the output diversity. Secondly, I
present a novel decoding strategy, conformative decoding, motivated by the diversity gap
that aims to reintroduce some of the lost output diversity. Conformative decoding works
by mixing the next-token distribution of the base model into the next-token distribution
of the instruction-tuned model. The computational results show a slight increase in
output diversity. In contrast, the human evaluation experiment reveals no preference
for either the baseline or conformative decoding. Assessing the diversity of a set of
texts is a complex task, and the difference in diversity may be too subtle to detect or not
meaningful to humans.

LLMs are powerful tools, and we have only begun understanding their creative potential.
The findings in this dissertation show the limits of pure LLMs performing creative tasks
and our ability to evaluate them using current methods. However, based on the findings,
I believe there is much potential for future work on using multi-agent setups that view
creativity as a social phenomenon.
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Chapter 1

Introduction

This dissertation aims to further our understanding of large language models applied to
creative purposes using theory, methods, and approaches from the fields of computa-
tional creativity, generative artificial intelligence, computational linguistics, philosophy,
and cognitive psychology. I present a study of the creative abilities and utility of large
language models. The dissertation comprises an overview of what large language mod-
els are and a creativity evaluation using three computational creativity frameworks,
followed by empirical studies and a novel method to generate more diverse outputs. The
focus is on evaluating the creativity of large language models by their generated artefacts
along the axes of novelty, typicality, quality, and diversity.

1.1 Topic of the Dissertation

Computer science is about investigating and determining what tasks can be automated;
the goal is not just to build a machine, it is to build and then study it (Brooks, 1996). In
this dissertation, I study such a machine, the large language model, to determine if it is
useful for automating creative tasks, in particular, narrative generation tasks.

1



CHAPTER 1. INTRODUCTION 2

Creativity is a profoundly complex phenomenon that has a variety of definitions de-
pending on the context of the creative artefact and one’s perspective. Although the exact
relationship between creativity and human intelligence is debated, there is clearly a
connection (Sternberg & O’Hara, 1998; Kaufman & Plucker, 2011). The creative mind
has given humanity remarkable tools and has led to many breakthroughs, both scientific
and cultural. Creativity is deeply rooted in social and cultural processes (Amabile, 1982;
Csikszentmihalyi, 1988; Vygotsky, 2004), making it even more elusive and particularly
hard to capture in computational processes. Mechanising creativity and making ma-
chines thatmake art andmusic is not new; it has been on theminds of people for centuries.
For example, around 1800, a Swiss mechanician, Henri Maillardet, built an automaton
that could draw pictures and write short verses produced from its associative memory.1

To this day, artificial creativity is an important challenge and interest in AI research (e.g.,
Novikov et al., 2025).

But what is a creative task? Creativity research in Psychology distinguishes between
everyday creativity (little-c) and eminent creativity (big-C; Kaufman & Beghetto, 2009).2

Little-c is about everyday problem-solving: the small tasks that we all encounter on a
daily basis, such as improvising a meal from whatever is left in the fridge, or finding a
workaround for a broken tool. Big-C creative tasks, by contrast, are about invention and
innovation, like scientific research, developing new technologies, art, poetry, music, and
so on (Kaufman & Beghetto, 2009). While little-c and Big-C tasks can be challenging for
machines, it is the latter that most AI researchers are interested in.

The breakthrough of Large Language Models (LLMs) and the transformer architecture
(Vaswani et al., 2017), and then the release of ChatGPT (GPT-3.5) in 2022, led to a sub-
stantial leap in what AI models could do. The fluency and quality of their outputs are
unparalleled compared to previous techniques and methods (Radford et al., 2018). In
particular, the ability to instruct the LLM is powerful and productive.

1See https://web.archive.org/web/20070821154911/http://www.fi.edu/pieces/knox/automaton/
index.html

2This is part of the four-CModel of Creativity by Kaufman and Beghetto (2009) that also introducesmini-c
and Pro-c for the personal/developmental aspect of creativity and professional creativity, respectively.

https://web.archive.org/web/20070821154911/http://www.fi.edu/pieces/knox/automaton/index.html
https://web.archive.org/web/20070821154911/http://www.fi.edu/pieces/knox/automaton/index.html
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LLMs have found use in many domains traditionally associated with creativity, and the
question that naturally arises is whether these remarkable LLMs and their products
are, in fact, creative. Given this recent surge in generative AI, are we getting closer to
human-level artificial creativity?

This dissertation is centred in the interdisciplinary field of Computational Creativity
(CC), a subfield of artificial intelligence that intersects with other research areas, such as
computational linguistics, cognitive psychology, philosophy, and the arts. CC research,
according to the Association for Computational Creativity (ACC), is concerned with
three challenges (definition by ACC, quoted in Jordanous, 2014):

1. to construct a program or computer capable of human-level creativity;

2. to better understand human creativity and to formulate an algorithmic perspective
on creative behaviour in humans;

3. to design programs that can enhance human creativity without necessarily being
creative themselves.

The first challenge is one of engineering, the second is scientific in nature, using the
machine as an instrument to say something about creativity itself, and the third is one of
design, where CC borders on human-computer interaction.

These challenges are formulated a little awkwardly, as they suggest that CC is purely
focused on generation, and on designing processes that mimic human creativity. How-
ever, a more recent view, which sits outside those challenges, is that machine creativity
and human creativity are different, because their nature is different (Colton et al., 2020).
In this frame, CC is also about exploring non-anthropomorphic perspectives of creativ-
ity (Guckelsberger, Salge & Colton, 2017), about defining formal mappings of creative
processes (Lahikainen, Ady & Guckelsberger, 2024), and about algorithmic perspectives
of creativity (Mondol & Brown, 2021a; Mondol & Brown, 2021b; Brown & Peeperkorn,
2023). Furthermore, over the past decades, it has become clear that evaluation of the
generation process as well as the evaluation of artefacts, if not more (e.g., Colton, 2008;
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Colton, Charnley & Pease, 2011; Jordanous, 2012). Although, as we shall see in Chapter 3
this non-trivial for LLMs.

Colton andWiggins (2012) provide a foundational definition of CC: “The philosophy, science
and engineering of computational systems which, by taking on particular responsibilities, exhibit
behaviours that unbiased observers would deem to be creative.” The notion of responsibilities
is to separate the CC system from creative productivity tools. The domain of Creativity
Support Tools (CSTs; Shneiderman, 2002) is often contrasted with CC because such
tools are not expected to exhibit any creative agency, and as a consequence, have no
responsibility in the creative process. CSTs have their own evaluation traditions, most
prominently theCreativity Support Index (CSI; Cherry&Latulipe, 2014), whichmeasures
how well a tool supports the creativity of its user. This dissertation uses CC evaluation
frameworks rather than instruments of this kind, because the question here is whether
the system itself is creative, while the CSI evaluates the interaction between a user and a
tool, and locates the creative agency with the user.

The creativity of LLMs is by means that assessing LLM creativity by means of tests
from psychology, such as the divergent association task (DAT; Olson et al., 2021), the
alternative uses task (AUT; Guilford, 1967) and the Torrance Tests of Creative Thinking
(TTCT; Torrance, 1966). But that is beyond the scope of this chapter, as these do not
focus on creative artefacts or processes, but rather uses specific human tests as a proxy
to establish potential creative capabilities.

Responsibility, however, is not something a system simply has or lacks, as it can originate
from a broad range of sources, for example, background knowledge, social context,
motivation, and materials (Johnson, 2014). Instead, Johnson (2014) argues that a CC
system should play a role in producing behaviours that an unbiased observer would
deem creative. This opens up possibilities for the system to take on different roles:
it may generate, it may evaluate, it may collaborate, or it may do several of these at
once. The term “unbiased observers” also emphasises evaluation as a key component of
CC research. This aligns with the broad categorisation of CC research along two axes:
generation and evaluation (McGraw & Hofstadter, 1993; Pérez y Pérez & Sharples, 2001;
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Gervás, Pérez & Sosa, 2007).

The emphasis in this dissertation is on the evaluation of creative behaviours in LLMs,
leaving generation with a modest role (Chapter 5 features modifications to the generation
process). The probabilistic nature of LLMs makes evaluation challenging for the kind
of questions this dissertation aims to address. The main difficulty is reproducibility, as
even a newline character in a prompt can dramatically influence the generated output
(Hedderich et al., 2025). This means that in this dissertation, I leave the “creative process”
up to the LLM: keeping the prompt as simple as possible, and setting hyperparameters
that are not the focus of investigation to sensible standard values. As such, the focus is
strictly not on prompt engineering. Moreover, the LLMs examined in this dissertation
are what I consider pure LLMs, defined as follows:

Definition 1 (Pure Large Language Model). An autoregressive transformer-based Large
Language Model and a decoding strategy, without any further augmentation.

A large language model is autoregressive because it predicts the next token based on
the previous tokens in the sequence, meaning it uses the prefix (the input and the
output so far) to generate subsequent tokens until an end-sequence token is generated.
The distinction between a decoding strategy and an augmentation is one of where the
intervention happens. Adecoding strategy acts on the next-token distribution: it reshapes
what the model is about to sample to improve the model’s behaviour in some principled
way. An augmentation acts around the model, introducing procedures that run outside
that pass and that take on part of the work themselves with the goal of guiding the
model to more factually accurate outputs, or to converge on a desired result. Examples
of augmentations are: Retrieval Augmented Generation (Lewis et al., 2020) supplies
knowledge the model does not hold, a multi-agent simulation (Park et al., 2023) supplies
a social process, an evolutionary-algorithm-like setup (Romera-Paredes et al., 2024;
Novikov et al., 2025) supplies selection and iteration, and mixture-of-experts via a router
network to select the best fit for the current query (Shazeer et al., 2017; Jiang et al., 2024).
Truncation (Welleck et al., 2024) is the minimal decoding strategy, and a necessary one:
the softmax function over-approximates the probabilities of the long tail of unlikely
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tokens (the softmax bottleneck; Yang et al., 2018), so sampling from the untruncated
distribution yields degenerate text. Conformative Decoding, presented in Chapter 5,
is a more elaborate case, but it remains within this definition for the same reason: like
contrastive decoding (Li et al., 2023; O’Brien & Lewis, 2023), it consults a second model
to reweight the distribution, and no procedure is added around the generation process.
In the next section, I present the research questions addressed by this dissertation and
its structure.

1.2 Dissertation Design

This section presents the research questions, the contributions, and the structure of the
dissertation.

1.2.1 Research Questions

LLMs require significant (computational) resources to train (Zhuang et al., 2023). There-
fore, I opted to focus on existing open-source and open-weight models and study them
as-is to determine their creative potential and limitations. Thus, the main research
question is as follows:

Main Research Question

To what extent can pure large language models perform creative tasks?

This is a broad question, and to pursue an answer, the main question breaks down
into four research questions that each address an important aspect of assessing and
understanding the creative abilities of a pure large language model.
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Research Question 1 (Chapter 3)

Can we evaluate the creativity of pure large language models using existing CC
frameworks?

LLMs are challenging what we believed could be automated, and creative tasks are no
exception. Therefore, it is essential to start by positioning where we are using existing
frameworks establishing creativity. I employ three CC evaluation frameworks: “Mere
Generation” (Ventura, 2016), the Creative Tripod (Colton, 2008) and FACE (Colton,
Charnley & Pease, 2011; Pease & Colton, 2011a) to address the question if LLMs can be
considered creative. While this is not an exhaustive list of evaluation frameworks, they
are chosen as they each address a relevant and different perspective, namely: knowledge
representation, external perception and creative acts, respectively. Besides understanding
if LLMs are more than “mere” generators, if they can be perceived to be creative, and
what kind of creative acts they can perform, the aim is to understand the applicability of
these frameworks, and to what extent we must rely on empirical evaluation methods
and human evaluation studies.

Contribution While the analysis shows that for all three frameworks a pure LLM
(Definition 1) can generally be seen as creative under these systems, they all fail in some
way. Each framework relies on pointing out a (family of) function(s) that are part of
the system to argue for creative behaviour, which is hard to probe reliably for LLMs as
these functions, if they are performed, are performed implicitly. Furthermore, LLMs
produce output of high quality and so it becomes difficult to detect whether it is really
the result of their creativity. The consequence is methodological, and it shapes the rest
of the dissertation: what is responsible for the creativity of LLMs cannot be argued from
the system, so it must be observed empirically.

Research Question 2 (Chapter 4)

Is temperature the universal creativity parameter of pure large language models?
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Research Question 1 showed that CC evaluation frameworks are insufficient for fully
assessing what is responsible for the creative behaviours of LLMs, and subsequently
guided us towards an empirical methodology for the remainder of this dissertation. In
Chapter 4, I address a key question based on a commonly held assumption that the
creative abilities of LLMs can be controlled by means of the temperature hyperparameter
(Manjavacas et al., 2017; Roemmele&Gordon, 2018; Chen&Ding, 2023). The temperature
parameter controls the amount of uncertainty or randomness in the generation process
of LLMs. This refers back to a long-standing debate in the CC community about whether
a random process is creative or not. There have been arguments against (Veale, 2015;
Ventura, 2016) and in favour (Simonton, 1999) of this idea. Temperature is a simple
parameter whose value influences the output variation of LLMs (see Chapter 4, Section
4.2.2). Hence, a better understanding of its effect on the creative behaviours of LLMs is
an essential step towards the central research question.

Contribution I address the question with a simple, controlled experiment using narrat-
ive generation, with a single model and a single prompt so that temperature is the only
variable that moves. Within this setup, higher temperatures do lead to more exploratory
behaviour in the embedding space, but only for a limited number of samples, and they
do not enable access to a large slice of the overall probability distribution. The human
evaluation shows a weak positive correlation between temperature and novelty, and a
moderately negative correlation with coherence, which is a trade-off rather than a control.
The claim under test is a universal one, that temperature is the creativity parameter of
LLMs, and a single controlled setup is enough to show that it does not hold universally,
but it is not sufficient to establish the effect of temperature in general. The chapter also
contributes a methodology, built on the exemplar object, for probing hyperparameter
effects while limiting the variance introduced by the prompt.

Research Question 3 (Chapter 5)

Does instruction-tuning reduce the output diversity of pure large language models
for a narrative generation task?
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Since temperature influences the output variation a further question is how much variety
can a model produce in the first place. Prior work has shown that instruction tuning
generally reduces the output diversity of LLMs (Hämäläinen, Tavast & Kunnari, 2023;
Chu, Chen & Nakayama, 2024; Kirk et al., 2024; Le Bronnec et al., 2024; Shypula et al.,
2025). Since diversity is a key component of creativity (Jordanous & Keller, 2016), this loss
of diversity is arguably an undesirable effect for creative applications of large language
models. This question, addressed in Chapter 5, tests for the same phenomenon on a
simple narrative generation task using a subset of theWriting Prompts dataset (Fan, Lewis
& Dauphin, 2018). I investigate the diversity gap through a computational analysis using
standard metrics for assessing generative AI models (Kynkäänniemi et al., 2019; Pillutla
et al., 2021) and metrics designed with diversity in mind: the Vendi Score (Friedman
& Dieng, 2023) and Truncated Entropy (Ibarrola, Lawton & Grace, 2024). Instruction
tuning consists of multiple phases, and each may contribute differently to a lower output
diversity. Hence, for models that made the intermediate checkpoints available, I aim to
assess each checkpoint for a loss of diversity.

Contribution The results provide additional evidence for the existence of the gap in
output diversity between the instruct model and its base. Moreover, additional experi-
ments show that Direct Preference Optimisation (Rafailov et al., 2023) has a large impact
on the reduction in output diversity.

Research Question 4 (Chapter 5)

Can a pure large language model produce more diverse output, and maintain quality,
by informing the instruction-tuned model using its associated base model?

Here, we investigate, based on the result of Research Question 3, if we can mitigate
the diversity gap by using a novel decoding method inspired by this phenomon. This
question concerns two pure LLMs: an instruction-tuned model, and the base model it
was fine-tuned from. Fine-tuning changes the weights, not the generation process, so
both remain pure within Definition 1. The instruction-following ability of the LLM after
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fine-tuning for human interaction makes it much more useful and productive than a
base model. These base models need to be prompted on a completion basis, meaning
they must be provided with examples to enable few-shot in-context learning (Brown
et al., 2020). They also rely on pre-existing patterns in the training data. In practice,
however, this is difficult, as one needs to find the right pre-existing patterns and have
a good set of examples available. For creative tasks, we ideally require an instruction-
following but diversity-preserving generator to produce the desired artefacts. In Chapter
5, motivated by the findings on the previous research question, I present a decoding
strategy, Conformative Decoding, that reintroduces information from the base model in the
generation processwith the goal of improving output diversity. I assess its effectiveness in
the same experimental setup as for Research Question 3, followed by a human evaluation
experiment to validate the computational analysis.

Contribution I present a novel decoding strategy that reintroduces output diversity
by having the instruct model conform to its base. The computational results overall
show clear increases in diversity using Conformative Decoding, indicating that from
an algorithmic perspective the method is proving effective. On the other, the human
evaluation for stories generated for OLMo 2 7B 1124, showed no consensus among human
participants on either diversity or quality; the differencemight be too subtle to detect, and
we require clearly defined domain–specific criteria for diversity and quality, as opposed
to an open-ended evaluation providing only pointers for each criteria.

Summary

The Main Research Question asks to what extent pure LLMs can perform creative tasks,
with Research Questions 1–4 responding to different parts of this overarching question.
RQ1 sets the starting point, using CC evaluation frameworks to assess the creativity of
an LLM can be established from the system itself; the answer determines whether the
remaining questions can be approached analytically or must be approached empirically.
RQ2 tests the most commonly assumed answer to the main question, that creativity is
controlled by the temperature parameter, and establishes how far that control actually
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Method RQ1 RQ2 RQ3 RQ4

Framework Analysis •
Computational Analysis • • •
Human Evaluation • •
Statistical Modelling • • •

Chapter 3 4 5 5

Table 1.1: Overview of main methods used for each research question.

reaches. RQ3 asks what is lost when a model is made useful, since instruction tuning
reduces output diversity, a key component of creativity (Jordanous & Keller, 2016), and
RQ4 asks how much of that loss can be recovered from within the decoding process.
Together, they establish what to expect creatively from a pure LLM, and where its limits
come from.

Statement

The summary above sets out how the questions connect, leading to the following state-
ment: the dissertation concludes that a pure LLM is a capable generator, but not, on its
own, a complete creative system. This is not an argument that LLMs are unrelated to
creativity, but one about where their contribution sits: as a component of a larger system
that carries part of the creative responsibility, in the sense of Colton and Wiggins (2012)
and Johnson (2014), rather than as a creative system in its own right. This is the position
I defend in Chapter 6.

1.2.2 Methods

The creativity of computational systems in CC is studied in various ways, combining
analytical, empirical, and computational methods. The CC community has developed
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frameworks to assess creative systems through various criteria fromdifferent perspectives,
such as external perception (Colton, 2008) or how knowledge is represented (Ventura,
2016). CC evaluation frameworks are a means to assess creativity, but it is also common
to evaluate creative systems by asking human participants to judge their artefacts on
selected criteria (e.g., Ritchie, 2007). Since the focus of this dissertation is on LLMs,
I use computational evaluation metrics common in assessing generative AI models
(e.g., Kynkäänniemi et al., 2019; Pillutla et al., 2021; Friedman & Dieng, 2023; Ibarrola,
Lawton & Grace, 2024). These methods usually rely on a ground truth that possesses
the properties (for example, quality) under evaluation. Novel techniques that influence
the behaviour of generative models are also commonly assessed via human evaluation,
often in a direct comparison of two setups, with and without the novel technique (e.g.,
Meister et al., 2023; Finlayson et al., 2024).

In this dissertation, I adopt these methods to address the above research questions. Table
1.1 presents an overview of methods used for each research question and in each chapter.
Below, I elaborate on each method, providing guidance to the reader.

• Framework Analysis refers to the application of CC evaluation frameworks to
analyse the creative behaviours of large language models (RQ1).

• Human Evaluation refers to evaluation experiments involving participants to judge
the creative output of the large language model on various criteria via question-
naires (RQ2, RQ4).

• Computational Analysis refers to using computational methods to assess various
properties of large language models (RQ2, RQ3, RQ4).

• Statistical Modelling refers to the use of linear mixed effects models for hypothesis
testing to address the random effects introduced by participants evaluating different
subsets of creative artefacts (RQ2), hypothesis testing of computational methods
(RQ3, RQ4), and a binomial test for the comparison task between two experimental
setups (RQ4).
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Chapter 3
Modelling
the Model

Chapter 4
Creativity
Parameter

Chapter 5
Diversity Gap &

Conformative Decoding

Aspects of
Creativity

Multiple Novelty
Typicality
Quality

Diversity
Quality

Type of
Contribution

Analysis Empirical Observations Algorithmic

Figure 1.1: The structure of the dissertation constituting three content chapters, indicating
their respective (creative) domains, what aspects of creativity are addressed, and the
kind of contribution they provide.

1.2.3 Structure

Now that the research questions and methods are in place, this section is intended as a
guide to the reader on how this dissertation is organised and its kind of contribution
(the contributes are disscused above in Secion 1.2.1). Figure 1.1 presents the scope
and the kind of contribution of each chapter visually. The dissertation begins with a
general background chapter that provides the core context for all chapters. However, the
dissertation is designed so that each chapter can be read standalone, and each chapter
includes a section that deepens its specific background. While this does introduce
some redundancy, it provides a more focused presentation of work in this dissertation.
Chapter 3 mainly uses CC evaluation frameworks, while Chapter 4 is influenced by
theories from cognitive sciences, and Chapter 5 requires background on evaluation
methods for diversity and quality used in generative AI.
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Chapter 2 – Background

This chapter provides the common background that underpins all chapters. In particular,
this chapter discusses LLMs and creativity, creativity evaluation, transformers and
decoding strategies, and lastly, it gives a brief overview of the narrative generation
domain that Chapters 4 and 5 have in common.

Chapter 3 – LLMs and CC Evaluation Frameworks

This analysis chapter assesses the creative abilities of pure LLMs (Definition 1) by means
of three established CC evaluation frameworks by means of a systematic analysis. This
chapter establishes a baseline understanding that informs the empirical research direc-
tions that are pursued in the remaining chapters.

Chapter 4 – Is Temperature the Universal Creativity Parameter?

This experimental chapter investigates a common understanding that the temperature
hyperparameter of large language models controls their creativity. Drawing on theories
from cognitive science, it presents a methodology to assess the effects of temperature
applied to a narrative generation task.

Chapter 5 – Conformative Decoding: Minding the Diversity Gap

This experimental and algorithmic chapter focuses on diversity in outputs of LLMs and
consists of two parts. First, it explores and verifies the existence of a difference in
output diversity between the instruction-tuned LLM and its base model for a narrative
generation task. Secondly, this chapter presents a decoding strategy, motivated by part
one, to reintroduce some output diversity, which is evaluated using computational
methods and a human evaluation based on direct comparison.
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Chapter 6 – Conclusions

In this chapter, I present my current answers to the research questions. Moreover, I reflect
on the research in this dissertation, providing discussions regarding the limitations,
contributions, and directions for future work.

Appendices

The appendices contain examples of stories generated by the models and techniques
presented in this dissertation, along with the questionnaires and other details regarding
the human evaluation.



Chapter 2

Background

The aim of this chapter is to provide context and the prerequisites for the scope of
the dissertation. I present a view on creativity, creativity evaluation, evaluation of
generative systems, the transformer architecture, decoding strategies and a brief overview
of computational narrative generation systems, and how they relate to Large Language
Models (LLMs). Additionally, each individual chapter has a dedicated background with
the essential relevant details.

2.1 What is Creativity?

Creativity is an essentially contested concept (Gallie, 1955): it undoubtedly exists, but we
cannot agree on the exact conditions when something is creative. One of the first attempts
to address this issue was put forward by Boden (1992) and has been pivotal for artificial
creativity research. This framework was later formalised by (Wiggins, 2006a). Boden’s
framework first distinguishes between two creative behaviours, P- and H-creativity;
psychological (or personal) and historical, respectively. A concept is H-creative if it has
never been created before by any creator; on the other hand, it is only P-creative if the

16
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concept already exists but is new to the creator. Secondly, Boden makes a distinction
between two modes of creativity: exploratory and transformational. Key to these two
notions is the idea of a metaphorical map of the mind, or a conceptual space (Gärdenfors,
2004). The conceptual space is what allows the discovery of new concepts by exploring
uncharted territories, or if a concept is particularly novel and valuable, redrawing the
map: transforming the conceptual space more fundamentally. There is an interesting
parallel between conceptual spaces and the latent spaces learned by neural networks,
which map objects into a high-dimensional vector space. These latent representations
leverage the complex patterns in the training data, mapping semantically similar ele-
ments close together (DeMers & Cottrell, 1992; Kingma & Welling, 2014), making this a
powerful technique to enable traversal and interpolation to potentially find novel objects
(Peeperkorn et al., 2022). Boden also specifies a third mode of creativity, combinational
creativity or conceptual blending, which simply entails combining concepts into new
ones. Combining concepts is easy for machines, but very hard to do well; the challenge
is to find combinations of high value (Boden, 1992).

So far, this only describes how we might find new concepts or transform spaces, and
we have not defined creativity yet. The definition Boden uses is that something is
creative when it is novel, surprising, and valuable. Surprise is more a property of the
observer rather than the creator and derived from novelty (Wiggins, 2006a). Disregarding
surprise, novelty and value is usually seen as the standard definition of creativity; this
frame originates with Stein (1953) and Barron (1955). The two parts of this definition
have many forms: novelty can be described as originality, unusualness, or uniqueness,
and value as effectiveness, usefulness or quality (Runco & Jaeger, 2012).

The standard definition (novelty and value) is a high-level view towards assessing cre-
ativity. It emphasises artefact-based evaluation: judging creativity based on products,
and implicitly judging its creator. However, creativity is a complex, multi-faceted phe-
nomenonwith numerous other perspectives (Walia, 2019), andmany of these perspectives
originate from psychology and are based on uniquely human traits. Nonetheless, psycho-
logical models of creativity, such as those that assess divergent thinking (Torrance, 1972;
Dollinger, Urban & James, 2004), are increasingly relevant for Computational Creativity
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(CC) research given that they can perform human-like tasks relatively fluently. Such
psychological tests, like the divergent association task (DAT), alternative uses task (AUT)
or the Torrance Tests of Creative Thinking (TTCT), are now being applied to evaluate
the creative capabilities of AI models, like LLMs (e.g.; Stevenson et al., 2022; Góes et al.,
2023b; Bellemare-Pepin et al., 2024). However, an open question is whether high per-
formance on these psychological assessments indicates anything meaningful about an
AI model’s ability to generate creative artefacts.

A useful frame for thinking about creative systems and their components is the four
perspectives (4Ps) framework (Rhodes, 1961), which was expanded into CC by Jordanous
(2016). The 4Ps break down into four aspects: the person (or producer), process, product,
and press (the environment in which the creative artefact exists). A common view is
that the creative behaviour of a creative system lies solely with the programmer (Turing,
1950), but this is not the kind of effect we are looking for. However, creative systems are
designed precisely to leave room for unexpected behaviour and output (Colton, 2008).
The machine of interest in this dissertation, the LLM, is no different, and can act beyond
what the programmer intended due to its probabilistic nature (See section 2.2) and the
intricate and complex patterns it learns from the vast amounts of training data. This is
why it is interesting to assess whether the LLM can behave creatively.

The primary focus in this dissertation is on the creative product, using definitions and
experimental setups appropriate for artefact-based evaluation (the product aspect of
the 4Ps framework). The reason for my focus on artefact-based evaluation is that the
process of pure LLMs is quite simple. Moreover, their black box nature makes it infeasible
to assess this process and how it uses the complex interactions of the prompt and its
parameters. While the prompt could be seen as a way to introduce more information
about the press, this introduces much variability, complicating probing and generalisation
from the empirical findings (as I will discuss in more detail in chapter 4).

There is work in explainable AI and the arts (e.g. Bryan-Kinns et al., 2021, 2024) that
attempts to understand the creative process, but the LLMs examined in this dissertation
are not special-purpose, meaning there are many more dimensions to take into account.
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The transformer’s attentionmechanism canpotentially be used to findpatterns in prompts
and the generation process, linking those to characteristics of the creative process, such
as iteration, planning, and reflection. However, the creative process is a highly non-linear
contextual endeavour, as exemplified in the 4Ps framework, which is somewhat at odds
with the autoregressive LLM that is the subject of this dissertation. Hence, the focus on
artefact-based evaluation.

In this dissertation, the LLM is evaluated in different ways using various criteria as
necessary. Chapter 3 analyses LLMs in the broader perspective of creative aspects
according to the three creativity evaluation frameworks: the Creative Tripod (Colton,
2008), FACE (Colton, Charnley & Pease, 2011; Pease & Colton, 2011a), and the Mere
Generation frame (Ventura, 2016). In chapter 4, the creativity evaluation is done using
the novelty, typicality, and quality criteria (these are discussed in more detail in Chapter 3
and Chapter 4). Following the findings of Chapter 4, I shift focus for Chapter 5 towards
diversity, a key component of creativity (Jordanous & Keller, 2016), and keep an emphasis
on quality.

2.2 Large Language Models

A language model is a model for natural language. Historically, there are three kinds
of language models: formal models of language (Chomsky, 1965), statistical models
(Manning & Schütze, 1999), and neural models (Jurafsky &Martin, 2025). Formal models
of language purely use grammar (symbols and production rules) and are concerned with
syntactic regularities. However, these models are less effective than statistical methods
at showing an understanding of language (Church, 2011), which have turned out to be
more successful for tasks such as text generation, machine translation, clustering, and
classification (Manning & Schütze, 1999). However, simple statistical models like those
based on 𝑛-grams struggled to generate fluent and coherent language due to the data
sparsity problem. Words (or characters) combine in a huge number of ways, meaning
that it is nearly impossible to get sufficient data to cover enough of the language space to
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have a well-generalised statistical model.

Early neural approaches alleviated this problem by learning continuous vector repres-
entations, or embeddings (Mikolov et al., 2013). These embeddings capture semantic
relationships, and are key to generating coherent output when processing sequential data.
This led to the widespread adoption of Recurrent Neural Networks (RNNs), particularly
Long Short-Term Memory (LSTM) networks (Hochreiter & Schmidhuber, 1997). These
networks maintain a hidden state that enables human-level sequence generation (Graves,
2013) and form the foundation of sequence-to-sequence modelling (Sutskever, Vinyals &
Le, 2014). However, they can only model relatively short sequences, and their sequential
nature is not easily parallelisable, which severely limits training capacity.

The introduction of the transformer (Vaswani et al., 2017), which allows parallel training,
led to the next significant shift in the capabilities of language models (Radford et al.,
2018). Transformer-based language models, usually consisting of billions of parameters,
can easily produce fluent language, can accommodate very long sequences (e.g., OpenAI,
2023), and can learn rich semantic embedding spaces (Hewitt & Manning, 2019; Tenney,
Das & Pavlick, 2019). Unsurprisingly, these models have become ubiquitous for natural
language tasks, approaching or surpassing human-level performance (Kaplan et al., 2020)
and can learn multiple tasks (Radford et al., 2019). In this dissertation, my focus is on
autoregressive transformer-based language models for open-ended text generation. In
the remainder of this section, Iwill explain theworkings of the autoregressive transformer,
decoding strategies, and instruction-tuning.

2.2.1 Transformers

Themost successful LLMs for text generation have a decoder-only architecture. This kind
of LLM is known as a Generative Pre-trained Transformer (GPT), and was introduced
by OpenAI (Radford et al., 2018). This is the architecture used for the models discussed
throughout this dissertation. The basic transformer architecture was first introduced by
Vaswani et al. (2017), and featured both an encoder and a decoder model. At the heart of
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the transformer’s success is the attention mechanism (Parikh et al., 2016; Kim et al., 2017),
which allows the model to determine the importance of each step in a sequence, mod-
elling token dependencies beyond their positions. This mitigates one of the significant
issues with RNNs, allowing the model to carry information over longer sequences and
enabling parallel processing. The description of the decoder-only transformer below is
simple on purpose, omitting architecture choices such as different attention mechanisms,
transformer block design, or activation functions, etc. Since this dissertation is not about
building or training LLMs, this section describes only the forward pass to generate
sequence continuations. The transformer architecture is not designed to explicitly model
any aspects of creativity: there is no single component or function in that architecture
that is responsible for behaviours specifically targeting creativity. I refer the reader to an
overview of formal algorithms for transformers by Vaswani et al. (2017) and Phuong and
Hutter (2022) for further details on LLM architectures and training algorithms that are
not covered in this dissertation.

Architecture

The transformer architecture (see Figure 2.1) mainly consists of a stack of transformer
blocks. These transformer blocks can vary in design, but for example, GPT-2 (Radford
et al., 2019) uses the following design: multi-head attention layer, followed by a layer
normalisation (Ba, Kiros & Hinton, 2016), followed by a fully-connected layer, then
another layer normalisation. The multi-head attention (Equation 2.5 and Section 2.2.1 for
the detailed description) and the fully-connected layer have residual connections (Deng
et al., 2009) to mitigate the vanishing gradient problem (Hochreiter, 1998) and stabilise
training for these deep networks. In this section, I first discuss how the input is encoded,
followed by the attention mechanism and the multi-head attention layer, and finally the
output layer.

Input Encoding The transformer maps an input sequence, a tokenised piece of text,
x = (𝑥0, … , 𝑥𝑡), to an output sequence x̂ = (𝑥1, … , 𝑥𝑡, 𝑥𝑡+1), where 𝑡 is a time step. The
decoder-only model is trained autoregressively, meaning it predicts the next token 𝑥𝑡+1
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Figure 2.1: The decoder-only transformer architecture used for GPT-2. This is an example
of the architecture used for the models discussed in this dissertation.
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on any given input. Effectively, the objective of the model is to predict the input shifted
right. If the input length is shorter than the maximum input length of the transformer,
the input is usually left-padded with padding tokens or end-of-sequence (eos) tokens.

The input is first encoded using a learned embedding matrix 𝑊𝑒 ∈ ℝ𝑑×𝑣 and a learned
positional embedding matrix1 𝑊𝑝 ∈ ℝ𝑑×𝑙, where 𝑑 is the embedding dimension, 𝑣 is
the vocabulary size, and 𝑙 is the maximum input length. The positional embedding is
necessary since the transformer does not use convolution or recurrence to distinguish
tokens in different positions of the sequence. 𝑊𝑒 and 𝑊𝑝 are used as lookup tables, hence
the embedding e ∈ ℝ𝑙×𝑑 of input sequence x is:

e = 𝑊𝑒[∶, 𝑥[𝑡]] + 𝑊𝑝[∶, 𝑡]. (2.1)

As such, the initial input to the first transformer block is a sequence of 𝑙 embeddings,
one for every step in sequence x.

Scaled Dot Product Attention Attention is the key mechanism that enables trans-
formers to make use of context and learn dependencies over sequences. The (single-
query) attention function (Equation 2.2) works by computing the dot product of the
query q and keys k vectors, scaled by a factor2 of 1/√𝑑, before applying the softmax
function to obtain the attention weights. The scaling is necessary as the magnitude of
the dot product grows large as the dimension 𝑑 increases (Vaswani et al., 2017). Finally,
the attention weights are applied to the values v to get the weighted attention values,
which are passed on to the next layer.

SingleQueryAttention(q,k,v) = softmax⎛⎜
⎝

q⊤k
√𝑑

⎞⎟
⎠
v (2.2)

where the softmax function is a function that normalises a vector z ∈ ℝ𝑛 into a probability
distribution (i.e. each element is in the interval (0, 1) and all elements sum to 1):

1The original transformer by Vaswani et al. (2017) uses positional encoding instead of 𝑊𝑝.
2The scaling factor is the average amount by which the length of a vector increases as 𝑑 increases (see

https://peterbloem.nl/blog/transformers).

https://peterbloem.nl/blog/transformers
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softmax(z)𝑖 =
exp (𝑧𝑖)

∑𝑛
𝑗 exp (𝑧𝑗)

(2.3)

However, in practice, it is more efficient and easier to process multiple queries and
combine them into matrices 𝑄, 𝐾, and 𝑉:

Attention(𝑄, 𝐾, 𝑉) = softmax⎛⎜
⎝

𝑆
√𝑑

⎞⎟
⎠

𝑉, where 𝑆 = 𝑄𝐾⊤ (2.4)

For unidirectional decoder-only transformers, it is important to mask attention weights
to prevent the model from peeking into the “future”. Otherwise, it would “see” the token
it is predicting. Each row in the score matrix 𝑆 represents a step of the input sequence x;
as such, we can mask 𝑆 by setting the values in its upper triangle to −∞.

Multi-Head Attention Analogous to words having different meanings in different con-
texts, multiple attention “heads” allow the transformer to learn different transformations
for the same input. If we were to use only a single attention transformation, the layer
would only learn one perspective.

A multi-head attention layer (Equation 2.5) consists of 𝐻 heads. Each head consists of
three linear layers, which apply a linear transformation to the inputs 𝑋 and 𝑍 using
𝑊𝑄

𝑖 , 𝑊𝐾
𝑖 , 𝑊𝑉

𝑖 ∈ ℝ𝑠×𝑙 for 𝑖 = 1...𝐻, where 𝑠 = 𝑑/𝐻, yielding matrices 𝑄, 𝐾, and 𝑉,
respectively. After concatenating the attention-weighted values for each head, they
are mapped to the output values using a linear layer 𝑊𝑂 ∈ ℝ𝐻𝑑×𝑙. In the case of a
decoder-only transformer 𝑍 = 𝑋, giving rise to self-attention. An encoder-decoder
would keep 𝑍, the encoded representation of the initial input sequence, fixed throughout
the generation process, while 𝑋 is the input of the previous generation step. This is
known as cross-attention.
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MultiHeadAttention(𝑋, 𝑍) = concat(head1, … , head𝐻)𝑊𝑂

where head𝑖 = Attention(𝑋𝑊𝑄
𝑖 , 𝑍𝑊𝐾

𝑖 , 𝑍𝑊𝑉
𝑖 ) (2.5)

Model Output The last transformer block yields the final encoding ℎ of sequence x.
Depending on the task the network is modelling, the last part of the network is specific
to the task at hand. For example, sentiment analysis needs a configuration that classifies
the input as positive, neutral, or negative. For the text generation task, the final layer is a
fully connected layer that maps ℎ into the outputs ̂y, then the softmax function is applied
to yield the next-token probability distributions p̂.

p̂ = softmax(𝑊⊤
𝑢 ℎ) (2.6)

where 𝑊𝑢 ∈ ℝ𝑑×𝑣 is the unembedding matrix3. To generate a continuation from the
original input, the next token is sampled from the last probability distribution p̂𝑙. The
selected token is then concatenated to the input sequence x and fed back into the trans-
former, and so on, until it generates the eos token or reaches some predetermined
maximum number of steps.

There are various strategies for selecting the next token. For example, selecting a token
using random sampling or taking the one with the highest probability. However, it turns
out these simple sampling methods are prone to generating unnatural-seeming language.
In the next section, I will discuss both sampling and search-based decoding strategies
and how they can make the LLM behave more naturally.

2.2.2 Decoding Strategies

Decoding strategies for LLMs generally come in two flavours: sampling- and search-
based. The key difference between search and sampling is that the former considers

3This matrix is sometimes referenced as the softmax matrix, since it is the transformation applied before
the softmax, or simply embedding matrix.
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multiple candidates while the latter considers only one. Both methods are repeated until
the eos token is generated or until it reaches some predefined limit.

Sampling-based Strategies The simplest form of sampling is greedy sampling, where
the process at each time step simply selects the token with the highest probability given
an input from p̂𝑙 (Wiher, Meister & Cotterell, 2022; Welleck et al., 2024). While this yields
deterministic outputs, they are not necessarily of high quality, fluency, or coherence.
Alternatively, we can use ancestral sampling (Wiher, Meister & Cotterell, 2022; Welleck
et al., 2024), picking a token randomly from p̂𝑙 to introduce variety. Temperature is a
common hyperparameter used with ancestral sampling. This modification is sometimes
called temperature sampling (e.g., Renze, 2024). Temperature controls the shape of the
distribution as high values flatten the distribution, while low values sharpen it (see
Chapter 4). Ancestral sampling can still easily produce incoherent output (Welleck et al.,
2024), especially if combined with high temperature values: it increases the chance of
selecting the unlikely tokens in the tail of the distribution.

The reason GPT-2 (Radford et al., 2019) was successful is largely due to top-𝑘 sampling
(Fan, Lewis & Dauphin, 2018). This decoding strategy truncates the next-token probabil-
ity distribution, leaving only the first 𝑘 tokens for sampling, where 𝑘 is a hyperparameter.
It turns out, this kind of truncation is essential for LLMs to produce fluent and coherent
language, and mitigates a problem known as the softmax bottleneck (Yang et al., 2018).
In human language, the vast majority of tokens most of the time have zero probability,
for example, there are only so many continuations for the token sequence “sub, st, an”.
This phenomenon occurs because the rank of the final layer is bounded by the size of the
hidden state, which is much smaller than the vocabulary, the model cannot represent
the high-rank distribution natural language requires; its practical consequence is that
a non-zero probability is assigned to infeasible tokens. However, the softmax function
always assigns some non-zero probability, causing an overestimation of token probab-
ilities in the tail of the distribution. As such, truncation strategies are more accurate
approximations of the true distribution (Hewitt, Manning & Liang, 2022; Finlayson et al.,
2024).
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There are various alternatives to top-𝑘 that all truncate the distribution according to
different criteria. A common alternative is nucleus sampling (Holtzman et al., 2020), also
known as top-𝑝 sampling, which selects the tokens of a sorted probability distribution in
decreasing order until they cover the cumulative probability mass defined by hyperpara-
meter 𝑝 ∈ (0, 1). Two other methods, 𝜖- and its variation 𝜂-sampling (Hewitt, Manning
& Liang, 2022) use a probability threshold. The valid tokens using 𝜖-sampling are all
tokens where 𝑃(𝑥𝑡 ∣ 𝑥<𝑡) > 𝜖. 𝜂-sampling uses an entropy-dependent threshold, such
that 𝑃(𝑥𝑡 ∣ 𝑥<𝑡) > 𝜂, where 𝜂 = min(𝜖, 𝛼 exp(−𝐻(𝑋 ∣ 𝑥<𝑡))) and hyperparameter 𝛼 = √𝜖.

Similarly, locally typical sampling (Meister et al., 2023) limits the valid tokens to those
within a certain absolute range from the conditional entropy (expected information
content) for a model at time step 𝑡; in other words, the token should not be too predictable,
which can lead to dull and repetitive output, or surprising, which can be incoherent
or degenerate. First, 𝑃(𝑋 ∣ 𝑥<𝑡) is sorted in increasing order according to |𝐻(𝑋 ∣ 𝑥<𝑡) −
log𝑃(𝑥𝑡 ∣ 𝑥<𝑡)|. Then, the set of valid tokens is the set of tokens that cumulatively cover
𝜏 probability mass, similar to nucleus sampling. While there are other approaches
to truncation, these are the most common and efficient approaches to truncating the
distribution and mitigating the softmax bottleneck problem.

Not all sampling methods focus on truncation to better approximate the true distribution
of the language. The Mirostat algorithm (Basu et al., 2021) generates a sequence of a
predetermined average surprise (perplexity). It works by adapting the top-𝑘 hyperpara-
meter according to the level of surprise, leaving more room if the perplexity is lower than
the target and vice versa if the perplexity is higher. Methods such as top-𝑘 and nucleus
sampling can degenerate and fall into a “boredom or confusion trap” while Mirostat
avoids these over longer sequences (Basu et al., 2021).

Each of these approaches has its own underlying motivation. For example, 𝜂-sampling
aims to generatemore coherent and fluent text in long sequences; locally typical sampling
is inspired by how humans use language; and nucleus sampling is shown to give a similar
diversity of outputs as text written by humans (Holtzman et al., 2020).
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Search-based Strategies The purpose of search-based methods is to use beam search
to find interesting sequences (usually sequences with high probability) that would have
been missed by sampling methods. Beam search is a classic heuristic that uses a pruned
variant of breadth-first search, but it can be adapted to other search algorithms, such
as A* (Hart, Nilsson & Raphael, 1968) or best-first search (Meister, Vieira & Cotterell,
2020). Beam search tracks a fixed number of candidates and ranks them according to an
objective function. Since search is about finding candidates that are not readily found
using sampling-based strategies, these methods often involve some notion of community
diversity. There are various functions to encode diversity, for example, Self-BLEU (Zhu
et al., 2018) or distinct 𝑛-grams (e.g., Li et al., 2016; Meister et al., 2023). But, in general,
a diverse set of objects is as internally dissimilar as possible. Search increases output
diversity and quality, but has a higher computational cost compared to sampling, since
search algorithms generate multiple candidates and then select the best one according to
some criteria (Welleck et al., 2024).

Naturally, some tasks require a different objective that does not focus on the probabilities
of the output according to the model. For example, Contrastive Decoding (Li et al., 2023)
uses beam searchwhere a largermodel (expert) is penalised by a smaller model (amateur)
to prevent the expert from following bad language patterns learned by the amateur. The
authors show that Contrastive Decoding leads to more diverse outputs from the expert
(as measured by the average distinct 𝑛-grams counts), than other search-based methods,
but is less effective than nucleus sampling.

For generating diverse sequences, an effective search-based method is Diverse Beam
Search (DBS; Vijayakumar et al., 2018). Again, diversity is about the dissimilarity found
in a set of objects; as such, DBS considers a fixed number of groups of beams in the
generation process, each group lagging one time step behind the previous group. The
objective function combines the joint probability of beams and the dissimilarity (using a
variety of similarity functions to model different notions of diversity) between groups
of beams at each step, resulting in more diverse outputs compared to standard beam
search.
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Franceschelli and Musolesi (2024a) introduced Creative Beam Search (CBS), a variant of
DBS that focuses specifically on creative behaviour. They use the LLM as an evaluation
function (LLM-as-a-judge) for response validation. The LLM generates a diverse set of
responses, which are then reranked according to the LLM’s evaluation. The validation
steps ask the LLM to choose, from four candidates, which one it finds most creative
(assuming that it can accurately judge the creativity of the output). CBS scores slightly
higher than DBS when asked which one is more creative in a direct comparison task.
The authors suggest that this can improve DBS, but a key point to keep in mind is that
diversity and creativity are not synonymous. While diversity is a key component of
creativity (Jordanous & Keller, 2016), the participants in the human study were only
asked about creativity: they might have valued a different dimension of creativity.

There has also been some success using Monte Carlo Tree Search (MCTS), which is
commonly used for training RL-based agents and was pivotal in the success of AlphaGo
(Silver et al., 2016). Specifically for machine creativity, MCTS has been applied as a
decoding strategy for recipe generation (Taneja, Segal & Goodwin, 2023) using GPT-2
(Radford et al., 2019). Taneja, Segal and Goodwin (2023) introduced a four-stage reward
function to find interesting recipes; the generated recipes proved indistinguishable from
human-created ones.

The benefit of search as a strategy for candidates is that you can define a preliminary
objective function that filters candidates, which is a clear downside of sampling. Each
method mentioned above has its own conceptual basis, and they each aim to increase
the range of potential outputs with the aim of finding interesting samples to then choose
a single exemplification. This is especially helpful for creative tasks. In this dissertation,
I do not explore search-based methods, but in Chapter 5, I present a sampling decoding
strategy that could be reformulated as a search objective.
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2.2.3 Instruct Models and Preference Optimisation

Fine-tuning has been very effective at making pre-trained LLMs more useful for many
(creative) applications, such as poetry generation in the style of specific authors (Sawicki
et al., 2022, 2023b). However, a key innovation to make LLMs generally applicable is by
tuning them for instruction following, as this allows them to be flexible and perform
many tasks (Ouyang et al., 2022), and simplifies their user interface.

Instruction-tuning was initially done using Reinforcement Learning with Human Feed-
back (RLHF; Christiano et al., 2017). The process starts with supervised fine-tuning of
the base model on a dataset for a downstream task, such as translation, summarisation,
conversation, and so on. The goal of this step is to train the model to deal with data
and prompt formatting as required for instruction following (Figure 2.2). Supervised
fine-tuning is followed by a preference tuning phase that uses an actor-critic algorithm,
such as Proximal Policy Optimisation (Schulman et al., 2017), to further optimise towards
human preference. The general idea is to use a policy model that serves as the reward
function to improve the LLM to align with human preferences. This policy model is
trained on sampled data from the LLM annotated by humans as either positive or negat-
ive. A significant downside of the actor-critic algorithm is stability, and it requires very
high-quality data. RLHF is largely superseded by Direct Preference Optimisation (DPO),
a technique proposed by Rafailov et al. (2023). This technique avoids the RL paradigm
and its downsides while maintaining the same objective by reverting to a classification
scenario. As with RLHF, DPO uses a positive-negative pair of samples from the LLM and
aims to assign high probability to the positive sample and low probability to the negative
sample. DPO has some limitations: it is less effective if the supervised fine-tuning (SFT)
step yielded a poor model (Xu et al., 2024a), and it seems to generalise less effectively
compared to explicit reward modelling (Lin et al., 2024).

Recently, a technique called Reinforcement Learning with Verifiable Rewards (Lambert
et al., 2025) was introduced. It introduces the final RL-step, after SFT and DPO, that uses
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<|system|>

{{system_message}}

<|user|>

{{instruction}}

<|assistant|>

{{response}}<|endoftext|>

<|user|>

{{instruction}}

<|assistant|>\n

Figure 2.2: Instruct LLMs are trained on data that follows a specific templating pattern to
allow conversation. This figure shows the template used for OLMo 2, but other models
use similar formatting.

a scoring function that verifies the output, such as Math-Verify4, another LLM-as-a-judge,
or simply executing code, instead of the human preference policy model. This technique
is used in the OLMo 2 family of models (Team OLMo, 2025). Similarly, Xin et al. (2024)
uses an interactive theorem prover as a reward model. The goal of these methods is not
necessarily to optimise preference, but to put emphasis on requirements for a certain
task. For example, on factuality and accuracy in mathematical reasoning or generating
code.

All these methods push the LLM to a more constrained space of possible outputs, which
has significant implications for creative tasks, as the LLM can repeatedly generate very
similar outputs (see chapter 4). In chapter 5, I investigate this particular issue by looking
at the diversity in LLM outputs as these fine-tuning steps are applied.

4A system for parsing and evaluating mathematical expressions in text. See https://github.com/
huggingface/Math-Verify

https://github.com/huggingface/Math-Verify
https://github.com/huggingface/Math-Verify
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2.3 Narrative Generation: Traditional Approaches and LLMs

This dissertation is not focused on building creative systems that generate narratives,
but instead we use this task to test the research questions about LLM behaviours. As
such, in this section, I do not extensively survey narrative generation, but aim to draw
several analogies and insights between programs designed for narrative generation and
the LLMs useful to this dissertation. For a detailed perspective on narrative generation
and CC, I refer to a survey by Gervás (2009). Narrative generation has been a grand
challenge of machine creativity going as far back as the 1970s when early programs to
generate narratives, such as Novel Writer (Klein et al., 1973) and TALE-SPIN (Meehan,
1977a), were created. Over the past decades, there have been many projects that perform
narrative generation. Hence, it is an interesting creative domain for the research questions
this dissertation aims to tackle.

2.3.1 Traditional Narrative Generation Systems

Programs that generate natural language and narratives have been an active research
area for decades. Early examples of narrative generation programs are Novel Writer
(Klein et al., 1973), TALE-SPIN (Meehan, 1977a), TAILOR (Smith & Witten, 1991b), and
MINSTREL (Turner, 1994). These symbolic programs use predetermined templates that
are filled according to various rules and associations in a knowledge base, which is also
why their abilities are more limited in terms of fluency. The key mechanism for these
systems is their process and how they plan the story, checking if the narrative is logically
correct and consistent. Since then, there have been symbolic systems, such as Fabulist
(Riedl & Young, 2006) and MEXICA (Pérez y Pérez & Sharples, 2001) that attempt to
go beyond the limitations of the older systems by expanding their world model and
introducing self-reflection, respectively.

More recently, Markov chains provide a way to generate narratives that are more akin
to LLMs since they generalise from training data and sample from the resulting model.
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Simple low-order Markov models generally perform poorly and suffer from data sparsity
(as mentioned in section 2.2), but have found some success using constraints and heur-
istics guiding generation (Ammanabrolu et al., 2019a; van Stegeren & Theune, 2019;
Harrison, Purdy & Riedl, 2021). Naturally, LLMs have replaced Markov models and
found their way into many modern narrative generation systems (e.g., Yuan et al., 2022;
Kelly et al., 2023; Méndez & Gervás, 2023; Ye et al., 2023; Góngora et al., 2024).

2.3.2 Narrative Generation using Large Language Models

Unlike traditional systems, pure LLMs do not have the ability to plan a story andmust rely
heavily on sampling methods. Nonetheless, there are some parallels between traditional
systems and LLMs. The example stories generated by TALE-SPIN in Meehan (1977a)
are, besides language fluency, surprisingly similar to what a Llama 2 70B Chat model
generated using simple prompts (See appendix B.2) due to existing patterns and standard
elements like “Once upon a time there was…”. The Grandmother program (Casebourne,
1996) uses an interactive process for the user to provide additional knowledge, not unlike
the idea of in-context learning for LLMs (Brown et al., 2020). In-context learning also
allows one to mimic the process of iteratively improving on the previous output by
providing hints, as demonstrated by Agirrezabal and Gonçalo Oliveira (2025). This is
akin to the engagement-reflection loop (Aguilar & Pérez y Pérez, 2015), a part of MEXICA
(Pérez y Pérez & Sharples, 2001) that allows it to iteratively improve its own outputs.
The interaction of a user with the LLM can be seen as a co-creative game, which yields
similar output compared to human-human collaboration (Vidra et al., 2025).

By contrast, a pure LLM is more limited, since it does not explicitly model creative
processes, such as planning a story, as researchers have done for traditional narrative
generation systems. This does not mean an LLM cannot implicitly plan a story, it just
means we do not know to what extent the LLM applies such planning. The more useful
application of LLMs for narrative generation is using them to increase fluency and flow,
and generate narratives that read less like a list of actions and more like actual stories.
But in this dissertation, the focus is on questions about LLM behaviour, rather than
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questions about the creative process of LLMs performing the narrative generation task.

2.4 Towards an Understanding of LLM Creativity

This chapter presents the broader background supporting this dissertation. Specifically, I
discussed a view on creativity, creativity evaluation, LLMs and the transformer, decoding
strategies for LLMs, and finally, traditional approaches to narrative generation and how
they connect with LLMs. Each of the remaining chapters has a dedicated background
section expanding on the relevant literature. Importantly, in the next chapter, I will
further discuss the application and use of LLMs for creative tasks in the context of
traditional concerns about AI, embodiment and the LLM as a creative evaluator.



Chapter 3

Large Language Models and

Computational Creativity

Evaluation Frameworks

This chapter is based on: Peeperkorn, M., Brown, D. G., & Jordanous, A. (2023). On
characterizations of large language models and creativity evaluation. In A. Pease, J. M.
Cunha, M. Ackerman & D. G. Brown (Eds.), Proceedings of the 14th international conference
on computational creativity (pp. 143–147). Association for Computational Creativity

3.1 Introduction

Popular awareness of Large Language Models (LLMs) rose abruptly with the November
2022 release of ChatGPT and the later 2023 release of GPT-4 (OpenAI, 2023), which
allowed anyone to interact with an LLM. This led to headlines about issues ranging
from high-school essays and the future of news columnists’ jobs to a massive influx of
generated stories submitted to the sci-fi/fantasy magazine Clarkesworld (Acovino, Kelly

35
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& Abdullah, 2023). This raises questions about the creative abilities of LLMs, which
has large societal implications: not just for increasing creative productivity, but, in a
more pessimistic view, for displacing human creative work (Lamb, Brown & Grossman,
2025) or for flooding the world with AI slop, leading towards a cultural collapse (Heuser,
2025). There are legitimate concerns that we are collectively worse off when individually
performing creative tasks using AI assistance (Doshi & Hauser, 2024). Hence, it is
paramount to understand the creative abilities (or limitations) of LLMs and generative
AI more broadly.

The Computational Creativity (CC) community has put decades of effort into develop-
ing methodologies, criteria, and evaluation frameworks for assessing the creativity of
machines. LLMs, and generative AI in general, appear to outperform ‘traditional’ CC
systems that use a systems approach to generating creative artefacts (Morain, Kinghorn &
Ventura, 2023). Yet, the generative process driving transformers is comparatively simple:
repeatedly drawing a next token from a learned probability distribution. This raises the
question: Can we evaluate the creativity of pure large language models using existing
CC frameworks?

To address this, I examine pure LLMs (see Chapter 1) through three established CC
evaluation frameworks: the Creative Tripod (Colton, 2008) which assesses perceived cre-
ativity of a system, FACE (Colton, Charnley & Pease, 2011; Pease & Colton, 2011a) which
characterises the creative acts a system can perform, and the Mere Generation framework
(Ventura, 2016) which tests if a system has moved beyond the “mere generation” threshold.
This chapter presents a domain-general systematic analysis rather than a domain-specific
empirical study; therefore, I do not apply empirical evaluation frameworks such as
Ritchie’s Empirical Criteria (Ritchie, 2007) (see Section 3.2.3) or SPECS (Jordanous, 2012).

The analysis in this chapter is the initial step towards the dissertation’s broader concern:
the creative application of LLMs. How LLMs execute creative tasks depends on what we
can say about their creative behaviour as systems, and the established CC frameworks
examined here provide a first route into that question. As we shall see after the analysis,
existing frameworks are not fit to establish the creativity of LLMs, and we need to resort
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to empirical analysis. The main reason why the evaluated frameworks are not fit for
establishing the creativity of LLMs is that we cannot point to components of the LLM
responsible for a particular aspect of creativity that these frameworks define as necessary
for creative behaviour.

3.2 Background

In this section, I extend the background provided in Chapter 2. First, I give a brief
overview of transformer-based language models, how they are used, and how they are
tuned to perform tasks; then I explore what creative tasks they might perform and how
they are used as creativity evaluators; and finally, I discuss what creativity evaluation is
in the context of CC.

3.2.1 Transformer-based Language Models

LLMs have dramatically changed both CC and natural language processing (NLP).
A transformer-based language model (Vaswani et al., 2017) establishes a probability
distribution over token outputs based on properties of the token distribution in the
training data (see Chapter 2). In particular, at each position, the influence of previous
tokenss in both the prompt and the output of the LLM can vary: the LLM can maintain
the name or gender of a character across a story and multiple outputs and can produce
sentences with high fluency. The degree to which a language model can understand
how much earlier tokens influence later tokens depends on the parameters of the model
and how it processes sequences. Transformers with billions of parameters are better at
maintaining long-distance dependencies, because they allow sequences to be trained in
a parallel fashion, as opposed to the sequential signal propagation of recurrent neural
networks, where the signal can vanish quickly (Hochreiter, 1998). This allows for far
more subtle interactions between the tokens of a paragraph over longer text (Vaswani
et al., 2017).
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Besides model size, the volumes of training data have similarly exploded, enabling
models to work with an astronomical variety of information . As a result, the probability
distributions can be implicitly conditioned by prompt engineering: one can alter the type
of response obtained by changing the rhetorical tone of the prompt, e.g., “I bet you don’t
know the answer to this question:”, or by giving a role or a persona in the prompt, e.g.,
“You are a sceptical scientist: do vampires exist?” (Khatun & Brown, 2023). The ability to
invoke new modes or personas (Kojima et al., 2022) allows style changes of the model
(Sawicki et al., 2023a) in both obvious ways: “You are Walt Whitman; write a poem about
a clam.”, and less obvious ways: “You hate poetry and think it’s a waste of time; please
write a review of this poem:”.

Transformers can be enhanced in a variety of ways. First, it is necessary to make a clear
distinction between instruct models complemented with RLHF (Christiano et al., 2017;
Ouyang et al., 2022) and similar approaches (see Chapter 2, Section 2.2.3), and those
that are not. While instruction-tuned models are much more useful, these tweaks may
come at a cost: models could outright refuse to write violent fiction or even discuss
important political speeches or religious texts (Ganguli et al., 2022; Perez et al., 2022), or
instruction-tuning could reduce output diversity (see Chapter 5). This potentially puts a
substantial dent in their creative potential.

A further development in this line is that current LLMs are trained to perform inter-
mediate token generation, which is sometimes referred to as reasoning or thinking
(Kambhampati et al., 2026). It works by introducing a special token during fine-tuning
that marks the start of an “internal dialogue” or “reasoning trace”, which extends the
prefix the model conditions on before it commits to a response (DeepSeek-AI et al.,
2025a). I will refer to the tokens produced in this phase as the intermediate token trace,
following Kambhampati et al. (2026) in avoiding the labels “reasoning” and “thinking”
for what remains a sequence of generated tokens. While tweaking for human preference
might limit the creative potential, intermediate token generation may allow the model to
explore niche solutions, potentially finding novelty.

An alternative frame for changing the overall distributions of LLMs is to alter their
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probability distributions by fine-tuning on a specific corpus of data as opposed to human
preference data: the model keeps its fluency while generating sentences consistent with
the shape of the training data. In addition to generating poetry in a particular author’s
style (Sawicki et al., 2022), this approach can also yield transformers that do better at
answering basic mathematical problems or making valid logical arguments (Cobbe et al.,
2021).

3.2.2 LLMs and Creative Tasks

LLMs appear to be excellent systems for combinational and exploratory creativity (Boden,
1992), endlessly synthesising new combinations and variations, in the hope of finding
a creative artefact. Prompting a model for variations of an idea can simulate creative
brainstorming. Indeed, one delightful application is to use them in a Mad-Libs style,
to fill in holes in sentences in surprising ways (e.g., Garimella et al., 2020), exploring
low-probability words in the transformer’s conditional distribution.

One astonishing feature of the LLM is its ability to imitate the style of authors, which is a
genuine creative task on its own (Brown & Jordanous, 2022). It can easily, given enough
training data, rewrite a few sentences in another style, including a style not attached to
an individual, such as “the style of a fourth grader”. Such prompts allow the attention
mechanism to “shift” the probability distribution to vocabulary words and sentence
structures used by these simulated personas (Jiang et al., 2023b). LLMs can combine
styles of poets or authors and interpolate between the two, enabling one to explore, mix,
and match between different styles, stories, and other ideas (Sawicki et al., 2022, 2023b).
The personas do not have to be just the style of known authors (Sawicki et al., 2023a); the
LLM can spit out variations of the same content endlessly, using prompts like, “rewrite
this sentence as though it has been written by a fourth-grade student”, or “summarise
this argument in 100 words or fewer”.

In CC, LLMs are useful not only for generating creative artefacts, serving as poem and
story generators or other writing assistance tools, but also for evaluating creative output.
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However, this requires understanding and knowledge, especially if these evaluations are
then put directly into the world. Consider an LLM that is asked to evaluate jokes (Goes
et al., 2022). It is prompted with a joke (the object) and various personality descriptions
(conditions), and asked if it is “funny” or “not funny”. Testing a joke against multiple
personalities then allows exploring how the joke works for different people and back-
grounds, or at least how the LLM predicts it would work. LLM-as-a-Judge has become
common practice to supplement evaluation of tasks that do not have verifiable criteria,
such as many creative tasks (Zheng et al., 2023). and it appears to work reasonably well as
exemplified by Sawicki et al. (2025) showing strong correlations with human judgements.

3.2.3 Creativity Evaluation

Evaluation is an essential part of CC research; we must understand the abilities and
limitations of the creative systems that we build, as already discussed in Chapter 1.
Over the years, there have been multiple proposals towards this goal, often focusing on
different criteria. Generally, evaluation is done by judging the system by its artefacts,
often without the observer even knowing that the artefact was created by a computer
program, in order to avoid the risk of bias (Colton, 2008). However, in practice, this is
difficult; for example, if a work generated by a machine is deemed creative by competing
in an art gallery, it usually requires full disclosure of the origins of the work. Nonetheless,
this idea of artefact-based evaluation is based on the principle that when we celebrate
the excellence of an artefact, we are, in fact, celebrating the process that brought it into
being and not just the creator of the product itself (Ritchie, 2007; Colton & Wiggins,
2012). Like Boden (1992), Ritchie focuses on the out-of-context artefact as a proxy for
the creative process: if an object is of value, its production must have been as well.
Over the past decades of creativity research, a standard definition emerged that relies
on two characteristics: an artefact must be novel, and it must be of value (Stein, 1953;
Barron, 1955; Runco & Jaeger, 2012). Novelty concerns whether the artefact is original
and new, and value if it is useful, of high quality, or otherwise worth something to
someone. Building on the standard characteristics, Ritchie (2007) was the first to present
an artefact-based evaluation framework using empirical criteria, adding a typicality
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characteristic to assess whether an artefact is an example of the artefact type in question,
arguing that otherwise evaluation is nonsensical. However, Ritchie’s empirical criteria
are increasingly difficult to apply to large models like LLMs. The main reason is that
the empirical criteria require an inspiring set against which to evaluate typicality and
novelty. For generative AI models, the inspiring set (the training data) is very large and
unknown1, making Ritchie’s empirical criteria impossible to use. In this chapter, the
focus is not yet on artefact-based evaluation, but instead on three frameworks that I will
introduce in the next section: how algorithms use and represent knowledge (Ventura,
2016), the perception of creativity by external reviewers using three notions of skill,
appreciation, and imagination (Colton, 2008), and how creative a system can be, by
describing what creative acts it can perform (Colton, Charnley & Pease, 2011). These
frameworks approach an evaluation by examining the system itself and the process it
uses to determine whether a system should be deemed creative.

3.3 Computational Creativity Evaluation Frameworks

Here, I introduce three established CC evaluation frameworks used for the analysis
presented in this chapter: “MereGeneration” (Ventura, 2016), the Creative Tripod (Colton,
2008), and FACE/IDEA (Colton, Charnley & Pease, 2011; Pease & Colton, 2011a). Each of
these frameworks has its own approach to assessment and its own criteria for creativity,
reflecting its evaluation goals.

3.3.1 Mere Generation

Systems that “merely” generate are viewed negatively by some in the CC community
(Ventura, 2016), and are claimed by some to be unable to exhibit creative behaviours
(Veale, 2015). Some object to this characterisation and argue that this kind of blind
variation is precisely what is driving the creative process in humans (Simonton, 1999,

1Usually described as “a new mix of data from publicly available sources” (Touvron et al., 2023b).



CHAPTER 3. LLMS AND CC EVALUATION FRAMEWORKS 42

2023). To clarify what “mere generation” means, Ventura (2016) originated a thought
experiment, presenting a spectrum of seven main prototypical algorithms2 to determine
whenwe cross the “mere generation” threshold intomore creative systems. The complete
spectrum is available in Appendix A.1.

To evaluate each algorithm, Ventura uses the two standard criteria and introduces a third:
intentionality. First, the two standard criteria, novelty and value, are defined by Ventura
(2016) as follows:

Definition 2 (Novelty). The quality of being new, original or unusual; this is relative to the
population of artifacts in the domain in question and can apply in the personal or historical sense.

Definition 3 (Value). The importance, worth or usefulness of something; this would typically
be ascribed by practitioners of the domain in question.

Intentionality complements the two standard characteristics as a way to determine that
the system must have had some role in creating the artefact, and that it is not simply the
result of a completely random process, which additionally requires the system to have
a way to represent knowledge. To acknowledge this requirement, the third criterion,
intentionality, is defined as follows:

Definition 4 (Intentionality). The fact of being deliberative or purposive; that is, the output of
the system is the result of the system having a goal or objective—the system’s product is correlated
with its process.

Ventura’s spectrum itself (Table 3.1) starts with random sampling and increasingly intro-
duces more knowledge to the system. Initially, this involves plagiarising and memorising
an inspiring set, which would be considered neither novel nor valuable according to the
definitions above. The next algorithm is about generalisation, building a model based
on the inspiring set, finding patterns to extrapolate from in order to produce novel out-
puts. This culminates in algorithms that evaluate their own work using their perceptual
abilities, such as filtering bad outputs, using knowledge bases to inform generation, and
thereby conveying meaning intentionally.

2There are two additional algorithms which are excluded because they are specific to haiku generation.
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Table 3.1: The spectrum of seven prototype generation algorithms. Appendix A.1 repro-
duces the complete algorithms as defined by Ventura (2016).

# Process Description

1 Randomisation Generation using a stochastic process.
2 Plagiarisation Generation by plagiarising an inspiring set 𝐼.
3 Memorisation Generation by memorising an inspiring set 𝐼.
4 Generalisation Generation by generalising an inspiring set 𝐼.
5 Filtration Generation by modelling an inspiring set 𝐼 and filtering candidate

artefacts via a fitness function fitness().
6 Inception Knowledge-based generation by modelling an inspiring set 𝐼, employing a

fitness function fitness() and leveraging a knowledge base 𝐾.
7 Creation Creative generation by modelling an inspiring set 𝐼 and leveraging a

knowledge base 𝐾 followed by evaluating the perception of the generated
artefact.

To determine if a system has moved beyond “mere generation”, Ventura gives the fol-
lowing five candidate thresholds that could be fulfilled, each with increasing demands:

(1) it can be demonstrated to possess any knowledge whatsoever

(2) it can be demonstrated to possess knowledge that it has had some hand in structur-
ing/acquiring

(3) it can be demonstrated that it has some reasonable chance of producing both
novelty and value

(4) it can be demonstrated that it has some reasonable chance of producing both
novelty and value and at least one of these is intentional

(5) it can be demonstrated that it has some reasonable chance of producing both
novelty and value and both of these are intentional

These exact thresholds are still up for debate, but Ventura (2016) argues that CC as a field
has moved beyond “mere generation”: its systems satisfy some or all of the thresholds.
CC systems have indeed become very sophisticated at using and remixing knowledge
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to produce novel and valuable artefacts. However, the current class of state-of-the-art
generative models appears capable, yet their underlying processes are perhaps “merely
generative”, just sampling from a distribution. Yet, they readily produce more complete
artefacts (e.g., Ramesh et al., 2022; Agostinelli et al., 2023; Sawicki et al., 2023a) than
some of the more intricate CC systems not based on huge training datasets (e.g., Pérez y
Pérez & Sharples, 2001; Ventura, 2019; Bodily & Ventura, 2024a). The framework has also
guided system building: Bodily and Ventura (2024a) designed Pop*, a computational
system for music composition that operationalises some of framework’s requirements
for knowledge representation and intentionality.

3.3.2 The Creative Tripod

The Creative Tripod framework (Colton, 2008) is centred around the analysis of external
perception of creativity in CC systems. The framework is heavily inspired by visual creativ-
ity, and painting in particular, but can be applied generally. For example, Colton (2008)
applies it to the HR system (Colton, 2002) and the Painting Fool (Colton, 2012), which
forms mathematical theories and conjectures. The motivation for using the perception of
creative behaviour is to create a level playing field for machine and human creativity, to
eliminate or reduce bias. Colton (2008) argues that each painter, automated or otherwise,
should ultimately develop their own style; thus, arguing that it is necessary to omit
quality from the criteria for analysis of creativity.

The Creative Tripod considers two factors in its evaluation process: it assesses creativity
based on the artefact of the system, and it examines the processes that the system executes
from an external perspective. The framework consists of three legs (hence a “tripod”):
skill, appreciation, and imagination, defined as follows:

Definition 5 (Skill). A system is skilful if the program is highly capable of creating new artefacts.
Every creative system needs some capacity to produce something.

Definition 6 (Appreciation). A system is appreciative if it has some form of measure by which
it can evaluate its own artefacts.
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Definition 7 (Imagination). A system is imaginative if it has the capacity of a program to
come up with novel, potentially surprising outcomes; to do something that goes beyond the
programmer’s initial intention or expectations.

The program needs to fulfil all three main criteria for it to be deemed creative. Each leg
is split up into three parties: the software, the programmer, and the consumer. If the
software satisfies the three criteria, then, regardless of the computer or the programmer,
it must be considered creative. However, the more parties contribute to perceived skill,
appreciation, and imagination, the more creativity we should project onto the system.

Although Colton tries to avoid a notion of quality, the assessment of artefacts inevitably
leads to some form of value, which is linkedwith quality (Runco& Jaeger, 2012). However,
an important distinction with other frameworks is that it is about the system’s ability to
assess itself or its artefacts.

A key issue for this framework, as Colton (2008) mentions, is that the bias against ma-
chine creativity is significant and puts the artificially creative system at a disadvantage.
Generative AI is increasingly integrated into creative workflows (Garcia, 2024) and ap-
pears to influence human creativity favourably (Zhou & Lee, 2024). The experience of
using generative AI can vary for different reasons, such as resources or specific artistic
circumstances (Kaila, Holzapfel & Jääskeläinen, 2024). While these more recent findings
are about collaboration with these models and not about their perceived creativity, an
interesting open question, which would greatly impact the Creative Tripod, is whether
public opinion is shifting; the negative bias against machine creativity or the issues
with authenticity (Colton, Pease & Saunders, 2018) might be less strong, as artificially
generated artefacts are nowmore prevalent in society. However, an issue with perception
might be that, given the quality of artefacts that LLMs produce, external perception
becomes a weak basis for assessing quality, as it might be too easily satisfied.
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Table 3.2: The eight individual creative acts of the FACE model as presented in Pease
and Colton (2011a).

Act Description

𝐹𝑝 a method for generating framing information
𝐹𝑔 an item of framing information for an 𝐴, 𝐶, or 𝐸 act, generative or process
𝐴𝑝 a method for generating aesthetic measures
𝐴𝑔 an aesthetic measure for process or product
𝐶𝑝 a method for generating concepts
𝐶𝑔 a concept
𝐸𝑝 a method for generating expressions of a concept
𝐸𝑔 an expression of a concept

3.3.3 FACE/IDEA

Colton, Charnley and Pease (2011) initiated what they call Computational Creativity
Theory (CCT), which currently consists of the FACE and IDEA descriptive models. In
the spirit of Computational Learning Theory (Angluin, 1992), CCT is a formalism that
aids in studying the design and analysis of creative systems and assessing progress.
The FACE/IDEA models are inspired by ideas from creativity research in psychology
and by the analysis of human creative acts (Pease & Colton, 2011a). While CCT seems
to be competing with another formalism, the Creative Systems Framework (Wiggins,
2006a, 2006b), the purpose is different; the focus here is not on formally describing how
creativity works, but rather on the impact, development, and comparison of creative
systems. For example, Colton et al. (2015) use FACE to assess whether a society can
accept and integrate such creative systems. Another example of a FACE evaluation is by
Cook, Colton and Pease (2012) on the ANGELINA system, an automated game designer.

The purpose of the FACE model is to describe and assess the creative acts a system can
perform to compare it with other creative systems. This set of acts is expressed as a tuple
of creative acts 𝐹, 𝐴, 𝐶, and 𝐸, where 𝐹 is an item of framing information, 𝐴 is an aesthetic
measure, 𝐶 is a concept (an executable program, or something that can be interpreted
as such), and 𝐸 is an expression of a concept (Table 3.2). An aesthetic measure is the
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application of a function that takes as input a pair of creative acts (𝐶𝑔, 𝐸𝑔) (either can
be null if the system is unable to perform that creative act) and returns a positive score.
Thus, a creative act is defined as follows:

Definition 8 (Creative Act). A creative act is a tuple of the individual acts a system performs
in producing an artefact, drawn from framing information 𝐹, aesthetic measure 𝐴, concept 𝐶, and
expression 𝐸, where each element is marked 𝑔 if it yields an artefact of that type and 𝑝 if it yields a
method for producing such artefacts.

The FACE model not only considers creative acts that produce artefacts, but also those
that create new processes. For example, a system might “mix” components of existing
evaluation measures to compose new ones (e.g., Linkola & Hantula, 2018a). The dis-
tinction between these two kinds of creative acts is that one produces artefacts, while
the other produces new functionality for the system. As such, each of the four types
of creative acts has a “generative” and “process” variant denoted by a 𝑔 and 𝑝 super-
script, respectively. Hence, FACE distinguishes a total of eight creative acts (Table 3.2),
with a clear distinction between “make something” and “make something that makes
something”. The tuple description of a creative system is a subset of the eight individual
creative acts. Since FACE allows a system to create new processes, it is important to make
a distinction between a creative act of the system and one performed by a third party, for
example, a human evaluator. This kind of creative act is denoted by a bar, for example,
𝐴𝑔 is a user-performed aesthetic measure of generated artefacts. Lowercase characters
are used to describe a specific element of a creative act, for example, 𝑎𝑔 denotes a specific
aesthetic function of the system.

In addition to describing the creative acts a system can perform, Colton, Charnley and
Pease (2011) argue that the FACE model is useful to quantitatively and qualitatively
compare creative systems. For the quantitative comparison, we can define an ordering
of descriptions to determine which system is more or less creative than another. For
example, if we agree that a system creating aesthetic functions is more creative than a
system that only applies aesthetic functions, we can describe this as follows: ⟨𝐴𝑝⟩ > ⟨𝐴𝑔⟩.
These orderings are useful to describe desiderata for assessing progress of the creative
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abilities of CC systems (Colton et al., 2015). The qualitative comparison evaluates creative
acts based on the outcomes of the aesthetic functions. For example, a user-defined
aesthetic function 𝑎𝑔 can be used to evaluate a set of concept/expression pairs 𝑆 =
{(𝑐𝑔

1, 𝑒𝑔
1), … , (𝑐𝑔

𝑛, 𝑒𝑔
𝑛)} generated by the system, and then calculate an average aesthetic

score: 1/|𝑆| ∑|𝑆|
𝑖=1 𝑎𝑔(𝑐𝑔

𝑖 , 𝑒𝑔
𝑖 ).

By contrast, the IDEA model focuses on the impact of creative acts on the actors (the
programmer, the user, and the audience) who can be involved in the development of
the creative system. The model is named after its Iterative Development-Execution-
Appreciation cycle and identifies six engineering stages of the creative system, each
describing the extent of the impact of the creative acts undertaken by the creative system.
The impact of the stages ranges from what we already know, to something novel, to
performing creative acts that produce artefacts too novel to be judged meaningfully.
The audience plays a key role in the IDEA model, as it provides the ratings, well-being,
and cognitive effort used in the measures defined by Colton, Charnley and Pease (2011)
to assess the development process of a creative system. The analysis presented in this
chapter does not use IDEA, as training and building LLMs is not within the scope of this
dissertation.

A particularly relevant question is how appropriate the FACE framework is for state-of-
the-art generative AI. One complication is that they are machine learning systems, and
Colton, Charnley and Pease (2011) describe these as ⟨𝐶𝑔⟩, and yet LLMs appear to do
more once trained.

3.4 Creativity Analysis

LLMs exhibit substantial new capabilities and behaviours that warrant an evaluation
of their creativity. This raises the question of whether LLMs satisfy the CC frameworks
described above. Specifically, I examine whether LLMs have moved beyond “mere
generation” (Ventura, 2016), whether they can be perceived as creative (Colton, 2008),
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and what creative acts they can perform according to the FACE descriptive framework
(Colton, Charnley & Pease, 2011; Pease & Colton, 2011a).

3.4.1 Scope: The Creative System

The creative system that is the subject of this analysis is the pure LLM as defined in
Chapter 1 (Definition 1), with its architecture described in Chapter 2. That is, the analysis
concerns LLMs without any additional tooling, augmentation, or interaction. The goal is
not to establish whether an LLM is creative, but to determine whether the pure LLM
satisfies the frameworks. If the pure LLM satisfies the frameworks, then any superset
(the pure LLM with any additional tool, augmentation, or interaction) will only enhance
its creative capabilities. The definition of a pure LLM does not exclude training data, and
the key distinction between then and now lies in instruction tuning and, in particular,
in training for intermediate token generation (DeepSeek-AI et al., 2025a). Such changes
to the training data still fall within the definition of the pure LLM and arguably yield
considerably more capable models: hence, I specifically consider instruction-tuned LLMs
in this analysis.

To summarise, the system under consideration is a text-only instruction-tuned transformer-
based language model that takes as input a sequence of tokens, which are translated
into embedding vectors. These vectors are processed by the transformer blocks, which
incorporate the attention mechanism (Section 2.2), and by a final unembedding layer, to
yield a probability distribution that is modified by a decoding strategy (Section 2.2.2) and
from which the next token is drawn. The token is then appended to the input, and the
process repeats to produce the next token, until the model generates an end-of-sequence
token, upon which the output is returned to the user.

3.4.2 Methodology

As discussed above, each framework has its own objective, criteria, and approach. The
steps taken in the analysis for each framework are as follows:
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• Mere Generation (Ventura, 2016) requires the following steps:

1. Triangulate the position of the system on the spectrum (Table 3.1) based on
its architecture and the criteria.

2. Determine which thresholds have been met (Section 3.3.1).

3. If the system is located on the spectrum and has some role in producing the
output, then the thresholds determine how far it has moved beyond mere
generation.

• The Creative Tripod (Colton, 2008) requires the following steps:

1. For each leg (skill, appreciation, and imagination) and each party (the program,
the programmer, and the consumer), determine what each party contributes
to the perception of creativity.

2. If the program meets the criteria for each leg, it is perceived as creative; the
results for the programmer and the consumer may lend further weight to this
conclusion.

• FACE (Colton, Charnley & Pease, 2011) requires the following steps:

1. Describe the system in terms of the creative acts (𝐹, 𝐴, 𝐶, and 𝐸, and their
variants 𝑔 and 𝑝) that it can perform through its architecture.

2. The creativity of the system is determined by (the size of) the tuple resulting
from the analysis.

3.4.3 Analysis

Mere Generation

Are LLMs beyond “Mere Generation”? I now work through the spectrum to determine
where the LLM is situated. LLMs draw their next tokens from a non-uniform distribution
and have thereby moved beyond Algorithm 1. They also readily satisfy Algorithms 2
and 3: they can be fine-tuned to engage in plagiarism or memorise inputs by overfitting
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on a smaller dataset (Sawicki et al., 2022), and there are documented cases in which
they reproduce news articles near-verbatim (Grynbaum & Mac, 2023). However, their
well-documented tendency to hallucinate (e.g., Kalai et al., 2025) and to fabricate outputs
indicates that they do not merely retrieve an artefact from a database, as Algorithms 2
and 3 describe; their behaviour exceeds retrieval. This brings the analysis to Algorithm 4.
From an architectural perspective, this is where the LLM is situated: it is a learned
function that generalises over its training data in order to generate new artefacts. The
subsequent algorithms all introduce a loop that produces artefacts and evaluates them
until a criterion is satisfied. From a purely autoregressive perspective, the LLM is
incapable of performing such a loop in order to iterate on its complete outputs and make
revisions. It does appear to have some capability to reflect internally, as Lindsey et al.
(2025) found that LLMs do plan ahead in some way, for example, when generating a
rhyme. This means that in their parameters and embeddings they have captured some
way of meeting the necessary criterion, e.g., filtering out words that do not rhyme.

The intermediate token trace used by recent models extends this further, as it can be
seen as a proxy for the components required by Algorithms 5 and 6: the fitness function,
and the exploration of the knowledge base within the LLM, which, via the attention
mechanism, contributes to the final output.

While the trace is merely a proxy, and cannot be seen as concrete evidence, it can be
argued that LLMs acquire referential grounding (whether their representations are about
anything in the world at all) through the process of fine-tuning rather than from the
corpus they are trained on (Mollo & Millière, 2023). Next-token prediction over a corpus
does not by itself secure reference; a base model holds a great deal of information and
knowledge but is not yet a competent language user, meaning it is unable to link its
utterances to the phenomena they concern. What fine-tuning for human preferences
adds is a feedback loop in which outputs are selected for their success in use, and it is
this relation to the world, rather than the corpus, that lets the model use its knowledge
base successfully.

Algorithm 7 of the spectrum requires perceptual and sensory capabilities, and since
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this analysis considers a unimodal text-based LLM, it does not satisfy this algorithm.
However, through becoming a competent language user, the LLM can refer to, discuss,
and potentially apply phenomena beyond its own sensory reach (Kouwenhoven, 2025).
This is similar to the finding that sighted and blind people share an understanding of
colour that is enabled by linguistic communication (Kim et al., 2021). This suggests
that LLMs can perform Algorithm 7, at least to some extent, without explicit sensory
machinery.

Nevertheless, LLMs exhibit behaviours suggesting that some aesthetic function, or some
application of a knowledge base, is present internally, in the form of the learned embed-
ding space and theweights of themodel. In prompting an LLM, a degree of responsibility
and intentionality (Definition 4) is evidently deferred to the model. A minimal prompt
instructing the model to write a story yields a wide range of valid and distinct outcomes
(as seen in Chapter 4).

Result The spectrum provided by Ventura is indexed to specific mechanisms. By
mechanism, LLMs are placed at Algorithm 4, and yet, through their intermediate token
generation capability, they exhibit behaviours associated with Algorithm 7, which gives
two verdicts. This renders Ventura’s framework undecidable in the case of LLMs. LLMs
evidently meet threshold 5 (Section 3.3.1) and have a reasonable chance of producing
output that is both novel and valuable, and both may be regarded as intentional, in the
sense that intermediate token generation lets the model elaborate on a problem and
reflect on its approach before committing to an output, thereby arriving at an interesting
result. However, the evaluation criteria provided by Ventura (2016) remain difficult
to apply, given how LLMs represent and use “knowledge”. The intermediate token
trace provides only a proxy; it is not a true fitness function or knowledge base available
for inspection. Consequently, it remains difficult to trust an LLM’s responses when
questioning it for evaluation and, more importantly, to determine what its constraints
are and what intention truly lies behind the response.
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Table 3.3: What each party contributes to the perception of creativity for each leg of the
Creative Tripod. The program is split by whether it is fine-tuned for intermediate token
generation.

Party Skill Appreciation Imagination

Program (no
intermediate
tokens)

using the attention
mechanism and
truncation strategies,
the program yields
fluent, coherent
human-like text

via the attention
mechanism over the
prefix

hallucinations,
search-based decoding
strategies

Program
(intermediate
tokens)

+ the intermediate
token trace might be a
proxy for the
appreciation function

+ the intermediate
token trace

Programmer data curation and training schemas

Consumer the prompt: the task
specification

the prompt: criteria the
output must satisfy

the prompt: themes
and styles for the
artefact

The Creative Tripod

Can LLMs be perceived as creative? The Creative Tripod’s objective is satisfied if the
program is skilful, appreciative, and imaginative, so I start there; Table 3.3 summarises
what each party contributes to each leg. The key mechanisms that give the LLM its
skill are the attention mechanism, which maintains dependencies and consistency over
the sequence, and a decoding strategy that truncates the probability distribution. For
example, top-𝑘 sampling allows a transformer language model to generate coherent and
fluent human-like text (Fan, Lewis & Dauphin, 2018), and nucleus sampling (Holtzman
et al., 2020) has been shown to make generated text as diverse as human-authored text.
Both methods counteract the overestimation of probabilities for tokens in the tail of
the distribution, which stems from the softmax bottleneck (discussed in more detail in
Chapter 2). The autoregressive loop not only allows it to generate something, which is
the basic requirement, but, in combination with the attentionmechanisms and truncating
decoding strategies, allows it generate high quality outputs.

Colton (2008) appeals to the processes within the system to argue for its ability to appre-
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ciate and imagine. Pure LLMs run an autoregressive loop, generating token by token,
which means that the attention mechanism doubles as a form of appreciation, but only
over the current prefix (the initial input and the generated output so far). This is appre-
ciation in a limited sense: without further extensions to the system, the model cannot
judge a full draft and revise it before presenting the final output to the user.

Imagination is usually achieved through a search algorithm (Colton, 2008), so an LLM that
employs a search-based decoding strategy (Section 2.2.2) can be considered to imagine.
An LLM that employs a sampling-only strategy is more limited, but I would argue
that hallucination is still an imaginative behaviour, as it may yield an unexpected yet
felicitous outcome when applied to, for example, poetry. This works primarily because
the consumer is able to internally make interesting connections; where an output is
required to be factually correct, hallucinations are of course undesirable.

Regarding the consumer and the programmer, the former has a modest role in increasing
the perception of appreciation and imagination by supplying such information in the
prompt, for example, criteria the output must satisfy, or themes and styles for narratives,
while the latter plays a key role in enabling the general creative potential of the LLM
through data curation, architecture design, the choice of decoding strategy, and the
training regime (including fine-tuning steps). This is not just limited to skill, but can also
influence appreciation and imagination, for example by choosing training examples in
the style of a specific author, or of a specific tone.

Fine-tuning is hugely influential on an LLM’s performance, in particular, for models that
are trained for intermediate token generation (e.g. DeepSeek-AI et al., 2025a); hence, it
is important to make this distinction in this analysis. For systems that do not produce
intermediate tokens, we are unable to identify an explicit appreciation function, or a
description of such a function, even though the output makes it reasonable to believe
that one exists. For a model that is trained to perform intermediate token generation, the
intermediate token trace might be viewed as a proxy for the appreciation measure the
LLM applied to the output, although there are no guarantees. I would argue that the
intermediate token trace is a direct example of imaginative behaviour, because it allows
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the model to search, by means of the attention mechanism, for relevant sequences that
should form part of the final output. It should be stressed that this is a weaker claim
than the one Kambhampati et al. (2026) reject: I do not take the trace to be reasoning, nor
to be a faithful account of how the output was produced, but only to be an inspectable
record of the search that the frameworks under evaluation here demand we be able to
point at.

Result As a framework, the Creative Tripod does not demandmuch of a system for it to
be considered creative, and the general architecture of the LLM, together with a decoding
strategy, readily satisfies its criteria. However, none of these mechanisms were made part
of the system with creative behaviour in mind, and it remains impossible to inspect the
system and point to a particular appreciation function that would strengthen the case
for creativity, as could be done for traditional creative systems such as HR, whose suite
of interestingness measures (Colton & Muggleton, 2006) supports its creative behaviour.
For the LLM the case is less clear: the intermediate token trace might be a fair proxy, but
it is heavily reliant on the programmer’s data curation and training setup.

FACE

What creative acts can LLMs perform according to the FACE model? Table 3.4 summarises the
analysis that follows. Let us start with the concept 𝐶, which relates to the model itself.
The model requires architecture design choices, data curation, and a training schema, all
decided by the programmer. This yields 𝐶𝑔 under the FACE formalism, with the overline
indicating that this act is provided by the programmer and not by the program itself. At
this moment, the LLM cannot perform 𝐶𝑝, as it would require an end-to-end pipeline
taking over the choices made by the programmer, and thus a significant extension of the
system, which is not within the scope of this analysis. Once we have a trained LLM, it
can be used to generate expressions 𝐸𝑔; different expressions can be generated as each
token is selected through the attention mechanism and the decoding strategy (which are
parts of 𝐶𝑔), and as the process continues it effectively creates a new generation function,
thus allowing the LLM to perform 𝐸𝑝. To evaluate the framing and aesthetic functions
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of the FACE formalism, we again need to distinguish between LLMs with and without
intermediate token generation. Without intermediate tokens, we cannot determine if the
LLM performs 𝐴𝑔, because we cannot point to a concrete function; at best we can argue
that such a function is performed implicitly and opaquely, but this would not match
how the FACE formalism is defined by Colton, Charnley and Pease (2011). Similar to
the argument made for the Creative Tripod, the intermediate token trace is potentially a
reasonable proxy, but not concrete evidence, for a family of aesthetic functions that weigh
in on the final output. Finally, and interestingly, the intermediate token trace can be
inspected, which coulde provide a piece of framing information for the final output that
contributes to the perceived creativity of the system, meaning an LLM is capable of the
𝐹𝑔 creative act when it performs intermediate token generation. The 𝑝 variants of 𝐴 and
𝐹 are not performed in either case, because that would require updating the model itself
to change either how it generates intermediate tokens or the implicit aesthetic function it
applies.

Result If we disallow intermediate token generation, then the LLM is described as
⟨𝐸𝑔, 𝐸𝑝⟩; if we allow it, then ⟨𝐹𝑔, 𝐸𝑔, 𝐸𝑝⟩. If we significantly relax the requirements and
allow implicit aesthetic functions (which would not satisfy the aesthetic function as
defined in the FACE formalism), or view the intermediate token trace as a valid proxy,
then 𝐴𝑔 is also performed.

These are minimal tuples that omit all the related creative acts performed by the pro-
grammer or the user. Obviously, the model itself is the result of the programmer training
it, meaning we could include 𝐶𝑔. Additionally, we could include 𝐶𝑝 as the programmer’s
choices about architecture and decoding strategy, and 𝐹𝑔 or 𝐴𝑔 in the prompt as another
piece of framing information, or aesthetic measure, respectively. However, these are
prerequisites rather than components that are required during the generative process,
and are therefore omitted.
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Table 3.4: The eight creative acts of Table 3.2 for a pure LLM as described in Section 3.4.1.
A dash (–) means the creative act is not represented.

Act Pure LLM Pure LLM with Intermediate Token
Generation

𝐹𝑔 – The intermediate token trace provides a
piece of framing information towards the
final output.

𝐹𝑝 – –

𝐴𝑔 At best implicitly performed, but no
function can be identified to determine
what was performed and how

The intermediate token trace is a proxy for
a family of aesthetic functions

𝐴𝑝 – –

𝐶𝑔 A trained model itself, but it is reliant on architectural decisions and the training data
curated by the programmer, yielding 𝐶𝑔

𝐶𝑝 – –

𝐸𝑔 An output; the artefact the model produces

𝐸𝑝 Attention mechanism and decoding strategy
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3.5 Discussion

From the discourse so far, we can deduce that, although LLMs began as mere next-
token generators, they now also exhibit behaviours that go beyond their computational
mechanisms and are implicit in the parameters. This disparity causes trouble for the CC
evaluation frameworks, as we are unable to use them to show how and why LLMs are
creative; we can only show that they appear to satisfy their respective criteria.

The Mere Generation framework (Ventura, 2016) appears to be in the most precarious
situation. On Ventura’s spectrum of seven prototype algorithms, it has become clearer
that LLMs sit, from a computational perspective, at Algorithm 4: create an object by
building a model using an inspiring set (training data) and then generalising from it.
On the other hand, some outputs of LLMs are easily at the top end of the spectrum as
they appear to handle semantics very well. Although I mentioned that LLMs do have
a reasonable chance of crossing all five lines in the sand provided by Ventura (2016)
and therefore go beyond “mere generation”, the issue is that LLMs find themselves in
two locations at once on the spectrum: LLMs behave intentionally, or not? As such,
I conclude that the “mere generation” framework is no longer useful to evaluate CC
systems if they involve generative AI models with complex knowledge representations.

Similarly, the FACE model (Colton, Charnley & Pease, 2011) wants us to define certain
creative acts the LLM seems able to perform, such as applying an aesthetic function, but
we are unable to point to such a function. This makes it impossible to claim that the
LLM can perform this act, since we do not know how or what it is actually doing, yet
the output gives the appearance that some measure is (somehow) applied. One way
to argue that LLMs can use aesthetic measures could be to include a description of the
measure in the prompt (Sawicki et al., 2025). However, it remains unclear how the LLM
then applies this aesthetic measure, and this kind of steering is overall not very reliable
(Bowman, 2023), assuming this still applies to the current state-of-the-art. The Creative
Tripod (Colton, 2008) faces similar issues regarding appreciation, as we do not know how
these models use and apply it when provided with instructions. While LLMs readily
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satisfy the Creative Tripod, its bar for creativity is quite low, as one could argue that
the system just needs a generator function, a search algorithm, e.g. A* (Hart, Nilsson &
Raphael, 1968), and some evaluation function, e.g. data compression (Cilibrasi, Vitányi
& de Wolf, 2004), to fulfil its criteria.

One framework the analysis leaves standing is the Standardised Procedure for Evaluating
Creative Systems (SPECS) presented by Jordanous (2012). SPECS is a “meta” framework:
it aims to standardise the creativity evaluation methodology and does not take a specific
perspective on creativity or define what creativity means. The procedure itself is deliber-
ately simple: identify a definition of creativity appropriate to the system and its domain,
state the standards that follow from it, then test the system against those standards and
report the results. Each of the three frameworks examined above breaks at the point
where it asks something about the inside of the system: the Creative Tripod needs us
to locate skill, appreciation, and imagination; FACE needs us to point at an aesthetic
function; “mere generation” needs us to locate where knowledge and intention reside.
SPECS asks none of these questions, but instead standardises how the researcher sets the
criteria: it prescribes how to evaluate but not what should count as creativity, so it has to
be filled with criteria drawn from somewhere else. Although SPECS does not dictate
that the evaluation should be empirical, as a “meta” framework it allows for such an
evaluation, whereas the others do not. As such, it has informed the evaluation approach
in this dissertation without being formally applied.

From a broader CC perspective, it appears that “bitter lesson” (Sutton, 2019) applies to
creative systems as well. Sutton observed that general methods, such as neural networks,
are ultimately more effective than those that integrate human knowledge, provided they
can scale computation and utilise the available data. CC has been all about designing
creative processes and building models by defining rules and aesthetic functions, but the
bitter lesson tells us that this is likely not as effective as providing vasta mounts of data
to a general-purpose model to generalise from (Algorithm 4). In this sense, choosing
the pragmatist’s approach (van Dijk et al., 2023) that argues it is too easy to dismiss any
notion of understanding, over the stochastic parrot perspective (Bender et al., 2021), is
perhaps the only stance to move forward. This will have a significant impact on the way
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CC research is conducted, as it needs to rely more on empirical evaluation and requires
methodology standardisation for assessing the desired properties.

A very recent paper3 by Ventura (2026) conducts a similar but more general evaluation
of generative AI, covering both FACE and the Mere Generation framework. While the
conclusions are largely similar, there are some distinct differences. My conclusion is
that LLMs are architecturally at Generalisation (Algorithm 4) and that, by means of
intermediate token generation, they can implicitly perform the remaining algorithms
on the spectrum, while Ventura (2026) argues that it is not clear whether generative
AI systems can go beyond Filtration (Algorithm 5), and specifically argues that they
cannot yet reach Creation (Algorithm 7) due to a lack of grounding. However, I argue
that through referential grounding (Mollo & Millière, 2023), they achieve some of the
necessary behaviours even when operating in a text-only modality.

The key difference between the FACE evaluation in this Chapter and (Ventura, 2026) is
that the latter does not cover an LLM trained to perform intermediate token generation,
which enables additional creative acts as per the evaluation presented in this chapter.
This is an important distinction, as it is the result of choosing the training data, which
Ventura (2026) considers part of the tuple in the form of 𝐶𝑔. These two evaluations thus
highlight differences in perspective on generative AI and, in particular, on whether we
allow implicit or explicit evidence to determine if systems are creative.

3.6 Conclusion

Evaluating pure LLMs is hard: they are black boxes and learn complex patterns, and
yet have a simple generation process. On an input–output level they appear to pass
the test, but it is unclear how they produce an artefact, so these frameworks cannot
meaningfully argue that they are creative. In particular, it is difficult to point at the
mechanisms at the system level that are responsible for the processes required by “mere

3Presented at ICCC’26 in June 2026.
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generation”, the Creative Tripod, and FACE/IDEA to consider which machine is creative
and which is not. Unsurprisingly, LLMs can be considered creative systems by the
standards of each framework: the behaviours of the LLM are not merely generative,
despite its relatively simple architecture; there is a mechanism to argue for each leg of the
tripod; and the LLM is able to perform creative acts on its own (not just user-provided
creative acts). However, the frameworks are proving hard to apply due to the simplicity
of the architecture, dependencies in training data, and reliance on implicit functionality.
Crucially, the frameworks do not inform us exactly how the LLM is being creative, since
we cannot explicitly locate responsible functions in the code. In conclusion, we have to
rely on empirical methods to identify such functions, to understand what makes them
creative, how they perform creative tasks, and more broadly, how the consumer can
employ LLMs towards creative purposes.



Chapter 4

Is Temperature the Universal Creativity

Parameter?

This chapter is based on: Peeperkorn, M., Kouwenhoven, T., Brown, D. G., & Jordanous,
A. (2024). Is temperature the creativity parameter of large language models? In K. Grace,
M. T. Llano, P. Martins & M. M. Hedblom (Eds.), Proceedings of the 15th international con-
ference on computational creativity (pp. 226–235). Association for Computational Creativity

4.1 Introduction

Large language models (LLMs), in particular instruction-tuned variants, like ChatGPT
and Claude, have become ubiquitous tools in society. Unsurprisingly, they have also
found use for performing and assisting in creative tasks, such as writing stories (Calder-
wood et al., 2020), poems (Sawicki et al., 2023a), jokes (Veale, 2024), dialogues in video
games (Volum et al., 2022), and more. For such creative tasks, temperature is often de-
scribed as the parameter that enables creative behaviour in a languagemodel (Manjavacas
et al., 2017; Roemmele & Gordon, 2018; Chen & Ding, 2023). Temperature controls the
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uncertainty or randomness in the generation process, leading to more diverse outcomes
by levelling probabilities for candidate words. However, randomness alone does not
capture a complex phenomenon such as creativity (Simonton, 1999, 2023); this would
imply that noise is themost interesting thing one can create (Zenil, Delahaye &Gaucherel,
2012). Creativity is a quality that involves multiple dimensions, such as social interac-
tions and communication, or independence and freedom (Jordanous, 2016), that are
not easily quantifiable. Yet, one probe into LLM creativity has found a limited positive
effect on creativity at higher temperatures on a divergent association task (Chen & Ding,
2023); however, they do not account for the influence of other factors, such as different
prompts. Temperature may have an effect on creativity, simply because without variation,
nothing new can be created, but it is unclear if LLMs have sufficient “knowledge” so
that randomness is all you need, which would be the case if temperature is the creativity
parameter.

Following the analysis in Chapter 3, I present the first empirical investigation of this
dissertation, which investigates how temperature affects the creativity of stories. LLMs
are challenging to reliably probe, and most analyses of their capabilities and behaviours
involve large benchmarks, which are challenging to interpret due to their scale and
aggregation of outcomes. For example, many small LLMs appear to have difficulty
with understanding multiple-choice questions (Khatun & Brown, 2024), yet these tasks
are often included to assess the performance of LLMs in general. Reproducibility and
reliability are further complicated by small differences in prompts that can lead to
vastly different outcomes (Weber, Bruni & Hupkes, 2023). Moreover, the training data
is often unknown, and we have no insight into the model architecture and additional
plugins or processing for commercial LLMs. To improve reliability and reproducibility,
I predetermine a fixed context: model and prompt. While a single model and prompt
may not be sufficient to prove that temperature is the universal creativity parameter for
any LLM, a single experiment can be enough to disprove this assumption. Key to the
evaluation approach is the exemplar object, the greedy sample for that context, which is
the baseline for our experiments. In this chapter, I present an empirical analysis and
a creativity evaluation with human participants of stories generated by Llama 2 Chat
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(Touvron et al., 2023b) on four necessary conditions for creativity: novelty, typicality,
cohesion, and coherence. The results show that the influence of temperature on creativity
is far more nuanced and weak than the “creativity parameter” claim suggests.

4.2 Background

The generative aspect of LLMs and other large generative models naturally sparked an
interest for application towards creative tasks. The jump in output fidelity and ease of
use is radically changing the landscape of creative tasks that a machine can perform.
LLMs certainly seem capable of producing novelty, typicality, and grammatically fluent
output (chapter 3), but it is difficult to determine how exactly to approach such a cre-
ativity evaluation (Baer & McKool, 2009; Lamb, Brown & Clarke, 2018). To investigate
temperature as the creativity parameter, it is necessary to establish what is meant by
creativity; what conditions are required for outputs of the LLM to satisfy?

4.2.1 Conditions for Creativity in Narrative Generation

As discussed in chapter 2, something is usually considered creative if it is novel or original
and useful or effective (Boden, 1992; Runco & Jaeger, 2012). Usefulness is closely related
to quality and value, as things of low quality tend not to be useful or have value. Because
creativity is such a complex phenomenon, further properties have been proposed, such
as surprise (Simonton, 2012; Grace & Maher, 2014) and typicality (Ritchie, 2007). Both
of these properties are often viewed as variants of novelty, and the differences are very
subtle. If something surprises you, theremust be something that you have not seen before,
something unexpected. Indeed, Martindale (1990a) draws a similar observation, noting
that novelty is the disruption of expectedness. Typicality is more interesting because the
difference is that before we ask any questions regarding novelty and quality, we must
consider the prior question: to what extent is something typical? Is the object an example
of its class or genre? Typicality and novelty are, like surprise and novelty, somewhat
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at odds, as high typicality often implies low novelty; however, Ritchie (2007) suggests
that typicality is a prerequisite for evaluating creativity, meaning that for something
to be judged as novel it has to some extent be typical first. This view lends itself well
to this work because we only consider the creativity of LLMs based on the artefacts it
produces and not in a larger scope. While we do not use Ritchie’s empirical criteria
directly, his perspective fits our purpose as we mainly evaluate the artefact of the system
and not the process behind it, over a framework like the Creative Tripod (Colton, 2008),
which specifically focuses on the behaviour of creative systems. Ritchie (2007) formulates
the essential properties as follows: novelty is the extent to which the produced item
is dissimilar to existing samples within its class, typicality is the extent to which the
produced item is an example of the class in question, and quality is the extent to which
the produced item is a high-quality example of its class.

For narrative writing tasks specifically, it is relatively poorly understood what is valued
for creativity. For example, the importance of genre is unclear (D’Souza, 2021). In a
large creative writing literature survey, D’Souza (2021) outlines various baseline criteria
drawn from a large body of work. For example, a narrative needs to have an elaborate
plot, an original voice, interesting characters, a good flow, linguistic originality, amongst
many more. These criteria largely connect with the essential properties above, and are
used to outline four necessary conditions to establish if temperature affects creativity for
the narrative generation task in this study. Hence, for the task in this chapter, I require
novelty, typicality, and quality in terms of cohesion and coherence (Graesser et al., 2004).

Novelty and typicality are relatively straightforward to reformulate in this domain. We
would say that a story is novel if it is dissimilar to other stories, if it has some characteristics
that set it apart. For example, it may be written in a novel setting or narrative style. A
story is considered typical if it is of the same form as other stories in the same category.
For example, based on stories we have read before, we can observe certain patterns,
narrative style, and other characteristics. When we are presented with another story, we
say it is typical if it follows similar rules or patterns and has those same characteristics.

Quality, in general, can mean a wide variety of things and can be defined depending on



CHAPTER 4. IS TEMPERATURE THE UNIVERSAL CREATIVITY PARAMETER? 66

what you value. For example, LLMs can easily and fluently write high-quality texts in
terms of grammar and spelling, but this falls short for our purposes since the generated
stories can be entirely meaningless or nonsensical. A key aspect of a good story is a good
narrative that is cohesive and coherent. The difference between cohesion and coherence
is subtle, as pointed out by Graesser et al. (2004). Cohesion is about the objective features
in a text that hold everything together; in other words, sentences are well-connected,
and characters, events, and actions are used appropriately. Coherence, however, is about
the reader’s interpretation and the meaningfulness of the text. The reader should be
able to easily follow and understand what it means. For our purposes, the quality of a
story is a combination of cohesion and coherence: a story is considered cohesive if words
and sentences are connected and grammatically consistent, and if characters, events and
actions are used appropriately. A story is coherent if it is easy to follow the story and
understand what it is about.

4.2.2 The Temperature Parameter

Temperature is a hyperparameter 𝜏 of stochastic generative models to regulate the
randomness in a sampling process (Ackley, Hinton & Sejnowski, 1985). The softmax
function (Equation 4.1) applies a non-linear transformation to the outputs of the final
layer of the neural network, turning them into a probability distribution over possible
outputs. The temperature parameter regulates the distribution’s shape, redistributing
the output probability mass.

softmax(z)𝑖 =
exp (𝑧𝑖/𝜏)

∑𝑛
𝑗 exp (𝑧𝑗/𝜏)

where z ∈ ℝ𝑛 (4.1)

For 𝜏 > 1.0, high probabilities are decreased, while low probabilities are increased, and
vice versa for 𝜏 < 1.0. Higher temperatures increase entropy and perplexity (Du, Yang
& Welleck, 2025), leading to more randomness and uncertainty in the generative process.
Typically, values for 𝜏 are in the range of [0.0, 2.0], and 𝜏 = 0.0, in practice, means greedy
sampling, where one always takes the token with the highest probability.
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4.2.3 Probing Large Language Models

There are roughly three techniques to “control” the LLM: through training data (either
from scratch or fine-tuning), via in-context learning (Brown et al., 2020), and with dif-
ferent hyperparameter configurations. We focus here on using LLMs that are already
instruction-tuned, meaning they are fine-tuned for conversation following a specific
prompting format. An instruction-tuned LLM can respond to instruction and appear
to “understand” what is asked of it (Brown et al., 2020). This suggests that by changing
the context in the prompt, we shift the learned probability distribution accordingly. In a
co-creative or interactive setting, one might ask to change details and refine previously
generated poems or stories, allowing for more creative outcomes. In essence, by tweak-
ing the prompt, we narrow down the valid range of the sampling distribution closer to
the intended outcome. Adjusting the prompt to get the “right” slice of the probability
distribution, however, is very sensitive to the choice of words and even punctuation
(Weber, Bruni & Hupkes, 2023). It becomes increasingly difficult to separate the effect of
the prompt as you allow more randomness via the temperature hyperparameter in the
generation process.

If temperature is the creativity parameter, then one would expect something similar to
what happens when one changes the prompt; that at higher temperatures, the outputs
may appear novel because the process samples more broadly. However, it is difficult with
this kind of investigation to reliably reproduce outputs and make comparisons across
different models, prompts and hyperparameter settings, to draw any such conclusions.
Even synonymous or highly similar instructions may yield very different outcomes as
we show in Figure 4.1. In the next section, I will explain why the greedy sample is a
suitable point of departure.

4.2.4 Prototypes and Exemplars

The method for evaluation we propose in this chapter is inspired by two theories of
cognitive categorisation, namely prototype theory (Rosch, 1973) and exemplar theory
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Figure 4.1: This figure shows a PCA projection of the Llama 2 Chat embeddings, where
each point is a story written using Llama 2 Chat 70B with 𝜏 = 0 (See section 4.3.2
for more details). The labels represent synonyms used for “Write” in the prompt; for
example, “Write a story”, “Produce a story”, “Print a story” and so on. This indicates
that evaluation is made more complex by the choice of words in the prompt, even though
these verbs are semantically close. Interestingly, “Draft a story” and “Compose a story”
yielded identical outputs.
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(Medin & Schaffer, 1978). These two theories are often contrasted, but have much overlap.
The key difference is that in exemplar theory, categorisation of new stimuli is not com-
pared against a single prototype object, but against multiple exemplars of the category.
A prototype is considered something that is derived from presented stimuli, where an
exemplar is one of the previous stimuli. Prototype theory observes that many ideas and
objects can be put in the same cognitive category based on their name, but as one looks
closer, they may not have that many things in common. This relates strongly to the idea
of family resemblances described by Wittgenstein 1953, where he argues that even though
items may have similar names, there is not necessarily one thing common to all, but a
complex network of similarities and relationships between members of the category. He
uses the category of games to illustrate this observation:

Consider, for example, the proceedings that we call “games”. I mean board-
games, card-games, ball-games, athletic games, and so on. What is common
to them all? — Don’t say: “There must be something common, or they would
not be called ‘games’ ” — but look and see whether there is anything common
to all. — For if you look at them, you will not see something that is common
to all, but similarities, relationships, and a whole series of them at that. To
repeat: don’t think, but look! — Look for example at board-games, with their
multifarious relationships. Now pass to card-games; here you find many
correspondences with the first group, but many common features drop out,
and others appear. When we pass next to ball-games, much that is common is
retained, but much is lost. — Are they all ‘entertaining’? Compare chess with
noughts and crosses. Or is there always winning and losing, or competition
between players? Think of patience. In ball games, there is winning and
losing; but when a child throws his ball at the wall and catches it again, this
feature has disappeared. Look at the parts played by skill and luck; and at
the difference between skill in chess and skill in tennis. Think now of games
like ring-a-ring-a-roses; here is the element of amusement, but how many
other characteristic features have disappeared! And we can go through the
many, many other groups of games in the same way; can see how similarities
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crop up and disappear.

And the upshot of these considerations is: we see a complicated network of
similarities overlapping and criss-crossing: similarities in the large and in the
small.

—Wittgenstein (1953, §66)

In a category, basic objects (prototypes) are the ones that carry the most information, are
most representative of their category, and their information can be used as a compressed
representation of other class members. Rosch et al. (1976) show that basic objects are first
categorisations made for that category of objects in an environment. This is reminiscent
of exemplar theory, and people often use a mixture of prototypes and exemplars as they
categorise objects. When people are primed with just exemplars, they can still accurately
describe the prototype (Medin, Altom & Murphy, 1984).

These theories have further connection with conceptual spaces, geometric mental struc-
tures, where each point represents an object, the dimensions are properties, and concepts
(categories) are convex regions (Gärdenfors, 2014). The central member, the prototype,
or most typical object, has the most in common with most objects in the category, i.e. it
has the shortest average distance to all other objects in the category. This does not mean
that it has overlap with all other objects, but it has some resemblances with each member
of the category. Conceptual spaces also play an important role in Boden’s framework of
creativity (Boden, 1992). She uses a metaphor, a map of the mind, to describe explorat-
ory creativity and argues that novelty and value can be found through venturing into
unknown regions. To be more precise, the typicality of an object relates to how well it fits
with the exemplars or the prototype, while novelty could be viewed as how much the
category changes or expands as a new stimulus is presented. If temperature were indeed
the creativity parameter, then raising it should allow access to different regions of the
output space. Prototype and exemplar theory provide a useful frame that motivates our
approach to evaluation, and a method to evaluate further stimuli relative to a baseline
(the central member or prototype). Next, I further explain what the exemplar is and how
to generate it with LLMs in mind.
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4.3 The Exemplar Story

Rigorously evaluating LLMs is hard. If we consider multiple models, it is difficult to
compare their results because the learned representations and the training data could be
very different. In the case of a single model, but many prompts, it is difficult to establish
a solid baseline, and therefore also impossible to compare results, since lexical changes
can have a cascading effect on the output. Hence, we need to work within a fixed context,
using a specific model and prompt to establish a baseline that enables the comparison of
results against independent variables, such as temperature.

4.3.1 Identifying the Exemplar

In section 4.2, I discuss why prototype/exemplar theory is a useful frame for a compar-
ative evaluation. There are two perspectives on what we consider to be the prototype
or the exemplars. First, since the peak of the LLM’s distribution condition on a prompt
is the most probable or average outcome, using the prototype theory perspective, it is
straightforward to view the greedy sample as the prototype. In that case, a category is
every possible output with positive probability produced by one prompt and one model,
with the greedy sample as its prototype. However, there are many prompts that can
generate similar outcomes. The second perspective departs from this more abstract view.
In that frame, the category is a group of prompts and a model, and the greedy object for
each prompt is an exemplar. For the purposes of this work, I call the greedy output the
exemplar object, but notably, prototype would also be a viable description, since there is
only one prompt under consideration in the human evaluation experiment.

[INST]Write a story .[/ INST]Here it is:\n\n

Prompt 4.3.1: The exact Llama 2 Chat prompt, showing the chat formatting and the suffix
to make sure the model starts writing the story immediately.
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4.3.2 Generating the Exemplar Story

We generate the exemplar and all other stories, using the instruction-tuned Llama 2
Chat 70B model (Touvron et al., 2023b). This instruction-tuned LLM is competitive
with other models1, but more importantly, it is open source,2 meaning that researchers
have full access to the model architecture and weights. This is essential since the aim
is to eliminate or minimise any effects besides the temperature parameter. Closed-
source models, like GPT-3.5 and GPT-4, are for these reasons not viable as they are not
transparent. Llama 2 is trained on an (unspecified) mix of publicly available data, and
the chat variants are fine-tuned using reward modelling on annotated human preference
data (Touvron et al., 2023b). For the instructions, I am using a minimal and neutral
prompt (Prompt 4.3.1) so that it introduces as little additional information as possible.
We applied 6-bit quantisation,3 which reduces the model size with extremely minimal
loss of quality (Zhang et al., 2023), to make it fit on available hardware. Llama 2 Chat
70B adds, unsurprisingly, much conversation to the output, instead of just performing
the task, even when instructed to avoid this in the system prompt. This is unwanted
behaviour, as it has a large effect on subsequent stories. To mitigate this, the LLM’s
supplied response starts with a minimal conversation to make sure that this is consistent
across all generated stories, as in Prompt 4.3.1. Another benefit is that it reduced any
post-processing for the human evaluation study, besides, occasionally, pruning one
sentence at the end of the output that was not part of the story. We set top-𝑘 is set to
50, min-𝑝 is set to .05, the repetition penalty and top-𝑝 are both set to 1, meaning they
have no effect, the seed is set to 4294967295. The truncation strategy (or a combination of
strategies) is a potential confounding factor, as it truncates the probability distribution,
meaning it is an upper limit on the number of tokens. For example, choosing different
𝑘 in top-𝑘, means that temperature redistributes the probability mass over a larger or
smaller set of tokens. Noting that it will not change the order of the tokens. However,

1At the time when this research was conducted in early 2024.
2The Llama 2 licence restricts commercial use, which strictly speaking is not open source as defined by

the Open Source Initiative.
3Quantised using the llama.cpp library with setting Q6_K. See https://github.com/ggerganov/llama.

cpp/pull/1684

https://github.com/ggerganov/llama.cpp/pull/1684
https://github.com/ggerganov/llama.cpp/pull/1684
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choosing a truncation strategy is necessary to avoid degenerate outputs and overcome
the softmax bottleneck (see Section 2.2.2 for more detail).

4.4 Case Study: “Write a story.”

The approach to investigating how temperature affects creativity in LLM-generated
stories is a two-fold empirical analysis. First, I present a computational analysis to
examine the behaviour of LLMs for different temperature values. In particular, I discuss
how the stories are distributed in Llama 2 Chat’s embedding space and how to measure
distance against the exemplar object. Secondly, I present an experimental study in which
humans evaluate the creativity of generated stories to investigate the interaction between
temperature and the four necessary conditions of creativity for a narrative generation
task.

4.4.1 Computational Analysis

The goal of this analysis is to show whether temperature enables the LLM to access
different regions in its embedding much further than those sampled at lower temper-
atures. We do not aim to evaluate stories for their creativity using the four necessary
conditions, but establish any evidence from a computational perspective for the pos-
sibility of any exploratory creative behaviour, which Boden (1992) argues is essential
for creative behaviour. Moreover, an increased diversity of outputs might suggest an
increased likelihood of producing something novel. The computational analysis uses
the setup described above, using Prompt 4.3.1 and its exemplar object. We generate 100
stories over 7 different temperature values 𝜏 ∈ [.001, .334, .667, 1.0, 1.334, 1.667, 2.0], to
investigate the effect of temperature on the diversity of stories.
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Figure 4.2: Perplexity of stories given the LLM per temperature value.

Evaluation Measures

One way to evaluate the quality of LLM-generated text is by using perplexity (e.g.,
Meister et al., 2023): higher perplexity implies more inarticulateness. This could be done
with the same model. For purposes of this study, this does not inform much, as at higher
temperatures the perplexity on average goes up (Figure 4.2), meaning that the quality
goes down. Measuring quality using an independent model is more appropriate, but it
raises the question of what is a suitable model for a narrative generation task. Moreover,
previous work suggests that perplexity is a bad indicator of text quality compared to
human evaluations (Pillutla et al., 2023; Zhang et al., 2023). For these reasons, we focus
on diversity and similarity. An overall higher diversity proportional to temperature
may indicate that different regions of the output space are used to generate the outputs.
Comparisons for diversity and similarity can be done on the lexical level, which uses the
texts directly, or on a semantic level by embedding stories in the LLM’s embedding space.
Instead, the focus is on two commonly used measures that can be used to compare to the
exemplar: on the semantic level, we use the cosine similarity between the embeddings of
the stories and the exemplar, and for the lexical level, we use normalised edit distance
(Levenshtein, 1966) between stories and the exemplar. Again, if temperature is a proxy
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for creativity, then one would expect the outputs to extend into very different regions of
the embedding space. We examine the distribution using principal component analysis
(PCA), preserving global structure, to project embeddings of the generated stories into a
two-dimensional space.

Results

In general, the distribution plots (Figure 4.3) suggest that the LLM, for this specific
prompt and model, does not produce more diversity at higher temperatures. Higher
temperatures increase the odds of generating that diversity, but the measures indicate
that it is not essential. In Figure 4.3b, the normalised edit distance measure shows that
even at lower temperatures (.334 < 𝜏 < 1.0), there is an immediate effect on diversity
relative to the exemplar story. Although this does not tell anything about the meaning of
the stories, it suggests that higher temperatures (𝜏 > 1.0) are not needed to achieve more
diversity. Cosine similarity shows a weak negative trend, but also shows that there is
great overlap in the range of outputs for each temperature value (Figure 4.3a). In other
words, outputs at higher temperatures on the semantic level do not extend much further
away from the exemplar story than outputs at lower temperatures.

In theory, given enough time and space, we should be able to generate outputs from every
region of the embedding that the context of the prompt and model can be generated,
even at lower temperatures. However, when drawing limited samples from the LLM,
as is standard in any real-world scenario, we do observe some exploration at higher
temperatures, as is shown in Figure 4.4. At the very least, it appears that temperature
increases the chance of finding novelty more quickly.

Another interesting observation is that it seems, relative to the exemplar story, that the
generation process moves in a particular direction (Figure 4.4). This suggests some merit
to the link we draw with prototype and exemplar theory and our approach to evaluation,
as it shows how LLM outputs change relative to the exemplar.
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(a) Cosine similarity of stories with the exemplar per tem-
perature value.

(b) Normalised edit distance of stories with the exemplar
per temperature value.

Figure 4.3: Both (a) and (b) suggest that higher temperatures do not imply more diversity
on the semantic or lexical level, or that they further extend the range of possible outputs
in the current context.
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Figure 4.4: Here, we show the PCA projections of 100 stories per temperature generated
using Llama 2 Chat 70B and Prompt 4.3.1. While we visually observe that an increasing
temperature seems to explore a larger region of the embedding spacewith a small number
of samples, it does not imply that we access a broader slice of the model’s output space.
We merely increase the chance of generating more diversity. ★ denotes the exemplar
story.
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4.4.2 Experimental Analysis with Human Evaluation

The computational analysis is limited because it does not inform about the meaning of
the stories. It might be that even though our measures show clear limitations in terms of
diversity and overlap in output distributions, stories generated at higher temperatures
are indeed creative in ways not captured by the computational analysis. To further
investigate this, we designed a small creativity evaluation experiment with non-expert
human participants. In the experiment, participants evaluate stories according to the
four necessary conditions mentioned in the Background section. Specifically, we ask
them to compare each story for novelty and typicality against the exemplar and judge
the story for its individual cohesion and coherence. To generate the stories, we again use
Llama 2 Chat 70B with the same prompt (Prompt 4.3.1), with the same setup described in
the Exemplar Story section. For each of the 7 temperature values 𝜏 ∈ [.001, .334, .667, 1.0,
1.334, 1.667, 2.0], we randomly generate 5 unique stories that are at least 300 tokens long.
At the lowest temperature setting 𝜏 = .001, the model could generate only one other
unique story besides the exemplar story; as such, we have a total of 31 stories for the
creativity evaluation. Figure 4.5 shows the exemplar story, and Figure 4.6 and Figure 4.7
show two of the generated stories, at 𝜏 = 1.0 and 𝜏 = 2.0 respectively.

Experimental Setup

For this study, we recruited 36 participants online and from the Computational Creativity
module at the University of Kent. Due to the ethics review, we did not collect any personal
demographic data, but all participants were 18 years or older, studying in the UK for an
undergraduate or master’s degree in Computer Science. Each participant was asked to
evaluate 5 LLM-generated stories using a questionnaire. They were told upfront that the
stories were generated by an LLM, but they were unaware of the specific model or that
the stories were sampled from different temperature values. The participants were given
the definitions of the four necessary conditions for creativity, followed by the exemplar
story (Figure 4.5), and a two-story practice evaluation. The practice stories are the same
for all participants and given in random order. After practice, they were again presented
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Once upon a time, there was a young girl named Maria. She lived in a small village nestled in the

rolling hills of the countryside. Maria was a curious and adventurous child, always eager to explore

the world around her.

One day, while wandering through the village, Maria stumbled upon a hidden path she had never

seen before. The path was overgrown with weeds and vines, and it looked as though it hadn’t

been used in years.

Without hesitation, Maria decided to follow the path. She pushed aside the branches and vines,

and began to walk down the winding trail. The path led her through the forest, and the trees grew

taller and closer together as she walked.

As she continued on, Maria began to notice strange markings on the trees. They were unlike

anything she had ever seen before - strange symbols and patterns that seemed to glow in the

fading light of day.

Maria’s curiosity grew with each step, and she quickened her pace. She knew that she had to find

out what these markings meant.

After a while, the path opened up into a clearing. In the center of the clearing stood an enormous

tree, its trunk twisted and gnarled with age. The symbols and patterns that Maria had seen on the

other trees were etched into the bark of this tree as well, but they were even more intricate and

complex.

Maria approached the tree, her heart pounding with excitement. As she reached out to touch the

bark, a voice boomed from within the tree.

“Who dares to disturb the resting place of the ancient ones?” it said.

Maria was startled, but she stood her ground. “I’m just a curious child,” she said. “I didn’t mean to

disturb anyone.”

There was a long silence, and then the voice spoke again. “You have been chosen to receive a

great gift,” it said. “Are you willing to accept it?”

Maria nodded eagerly, and the tree began to glow with a soft, golden light. The symbols and

patterns on the bark began to move and shift, and Maria felt a strange energy coursing through

her body.

When the light faded, Maria found that she had been given the power to communicate with

the spirits of the forest. From that day on, she used her gift to help the villagers and the forest

creatures, and she lived a long and happy life filled with wonder and adventure.

The end.

Figure 4.5: Exemplar Story (𝜏 = 0.0)
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The sun was setting, and a group of friends had gathered on the beach to watch it go down. They

sat in comfortable silence, each lost in their own thoughts, as the sky transformed into a canvas of

pink, orange, and purple hues.

Suddenly, a young boy appeared, walking towards them from the water’s edge. He was dripping

wet, and his eyes were wide with excitement.

“What did you find, little man?” one of the friends asked, as the boy approached.

“I found a message in a bottle!” the boy exclaimed, holding up a glass bottle with a piece of paper

inside.

“To whoever finds this,

I hope this message finds you well. My name is Sarah, and I’m a pirate. I’ve been sailing the seas

for years, searching for treasure and adventure. I’ve seen so many amazing things, from dolphins

playing in the waves to fierce storms that threaten to sink my ship.

But the best part of my journey has been the people I’ve met along the way. I’ve made friends

with merchants, fishermen, and even other pirates. We’ve shared stories, laughed together, and

sometimes, we’ve even saved each other’s lives.

I’m writing this message in a bottle, hoping that it will find its way to someone who will appreciate

the adventure and camaraderie that comes with life on the high seas.

If you’re reading this, I hope you’ll take a moment to think about the amazing things you’ve

experienced in your own life. And if you’re feeling adventurous, maybe you’ll even decide to set

sail and see what wonders the world has in store for you.

Fair winds, Sarah the Pirate”

The group of friends sat in silence for a moment, taking in themessage. Then, they all started talking

at once, sharing their own stories of adventure and camaraderie. They laughed and reminisced,

feeling grateful for the chance to share their experiences with each other.

As the sun dipped below the horizon, the group of friends raised their glasses (filled with whatever

drink they had on hand) in a toast to Sarah the Pirate, to adventure, and to the magic of messages

in bottles. And who knows, maybe one day, they’ll even set sail themselves, following in Sarah’s

footsteps and creating their own stories of adventure and friendship.

Figure 4.6: Example Story (𝜏 = 1.0)
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Once upon a time, there was a beautiful young woman named Anastasia. She was smart, kind,

and full of life, with long brown hair, deep blue eyes, and a bright, radiant smile. Ana was a gentle

soul, loved by all who knew her, and she spent her days helping those in need.

One day, while out on a walk, Ana stumbled upon a hidden path she had never seen before.

Curious, she decided to follow it, and it led her to a clearing surrounded by tall trees. In the

center of the clearing was a beautiful, ancient-looking statue of a woman. Ana felt drawn to the

statue and walked closer to examine it. As she reached out to touch it, she suddenly felt a strange

sensation, like a jolt of electricity running through her body.

When the sensation passed, Ana found that she was no longer alone. A handsome young man

stood before her, dressed in clothing unlike anything she had ever seen. He introduced himself as

Mikhail, and Ana was struck by his kind eyes, sharp jawline, and charming smile. Mikhail told Ana

that he was a guardian, sent to watch over the statue and protect it from those who would misuse

its power.

Ana was fascinated, and asked Mikhail to tell her more. He explained that the statue was a symbol

of love and hope, and that it had been placed there by a wise queen centuries ago. The queen

had imbued the statue with magical powers, which would grant the deepest desires of those who

approached it with a pure heart. But, Mikhail warned, the statue also had the power to bring great

destruction if used by those with malicious intent.

Ana was amazed by the story, and felt honored to have been chosen to meet Mikhail and learn

about the statue’s secrets. She knew that she had always had a pure heart, and she longed to help

others, so she asked Mikhail if she could stay and help him protect the statue.

Mikhail agreed, and together they worked to keep the statue safe from those who would misuse

its power. Over time, Ana and Mikhail grew closer, and they realized they had fallen in love.

Years passed, and their love only grew stronger. They were happy, but they knew their time

together was limited, for Mikhail’s duty as guardian was eternal, and Ana could not stay with him

forever.

One day, a wicked sorcerer appeared, seeking to use the statue’s power to gain control over

the kingdom. Mikhail fought bravely, but the sorcerer was too strong. Ana knew she had to do

something, and with a burst of courage, she stepped forward and touched the statue.

The sorcerer was repelled, and as he fled, Ana realized that she had been granted the statue’s

power. She felt a surge of strength, and knew that she could now help Mikhail protect the statue,

and the kingdom, from any harm that might come.

Ana and Mikhail spent their days watching over the statue, using its power for good, and spreading

love and hope throughout the land. They knew they would always be together, bound by their

love for each other, and their duty to protect the magical statue and all it represented.

And so, they lived happily ever after, surrounded by the magic and beauty of the ancient statue,

and the love that they shared.

Figure 4.7: Example Story (𝜏 = 2.0)
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with the exemplar story before starting the actual creativity evaluation. The exemplar
story and definitions were accessible throughout the survey. The study was approved by
the Central Research Ethics Advisory Group of the University of Kent.

Each participant was randomly assigned 5 of the 31 stories. The evaluation consists of 4
five-point scale questions; two about novelty and typicality compared against the exemplar
story, and two about the stories’ text cohesion and coherence. The exact definition for
each conditions is as follows:

• Novelty: A story is novel if it has something new or unusual.

• Typicality: A story is considered typical if it exhibits essential characteristics of a
story.

• Cohesion: A story is cohesive if the use of words and sentences are grammatically
consistent. Characters, events, and actions are used appropriately.

• Coherence: A story is coherent if it is easy to follow and understand its meaning.

The questions about novelty, typicality, and cohesion are on a five-point scale from (1)
not at all , to (5) completely . Notably, coherence is on a five-point scale from
(1) very easy to (5) very difficult to understand and follow. As a result, lower scores
indicate high coherence, and vice versa. The survey distribution procedure was set up
such that each story received at least five evaluations by different participants.

Concluding the survey, we posed 5 post-evaluation questions about their experience
with reading, writing, and reviewing stories, their stance towards Generative AI and its
use for creative tasks, and how they approached the evaluations.

Practical Considerations

There are several practical considerations regarding the experimental design that limited
the study in various ways. The key limitation of this study is its size; we recruited 36
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participants, who could each only evaluate a limited number of stories. We selected
5 unique stories per temperature set generated for the computational, relying on the
distribution of the LLM to provide an appropriate sample. Ideally, you would generate
many stories and then take a representative sample, but we do not know what number is
sufficient for our purpose. Similarly, we only considered one prompt and its exemplar.
Ultimately, we decided on, in our opinion, the most minimal and neutral instruction to
perform the task (Prompt 4.3.1).

In this kind of setup, there is a risk of practice and order effects. To mitigate these
issues, we asked each participant to first do a practice evaluation, making sure that the
participant is fully aware of the task and what is expected of them. As mentioned, we
randomly assigned stories to the participants, and did not observe any ordering effects in
the analysis. We considered using pairwise comparison ranking, and presenting stories
in pairs and evaluating those relative to each other, to further mitigate these effects. While
this method is effective towards that purpose, it does not scale very well; even with just
31 stories, it would require a large number of participants for robust and meaningful
outcomes.

Another limitation of this study is that cohesion and coherence are, in fact, important
factors for novelty and typicality (Ritchie, 2007; Ventura, 2016). These LLMs produce
fluent and grammatically correct language; this does not appear to be an issue. The
stories generated by Llama 2 Chat 70B are simple stories featuring only basic elements,
and are not literary masterpieces. We are interested in a relative evaluation to see how
temperature changes creativity as it increases only for a simple task; thus, we opted
to use non-experts who are not preconditioned to higher expectations. For that same
reason, we designed the survey around specific criteria and did not ask participants
directly about the creativity of the stories.

Analysis

We use linear mixed-effects models (Seabold & Perktold, 2010) to control for the random
effect of assigning stories to different participants, and Cronbach’s 𝛼 to test inter-rater
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Table 4.1: Evaluation Ratings and Reliability

Mean Std. Dev. Cronbach’s 𝛼

Novelty 3.12 1.17 .547

Typicality 3.20 .987 .664

Cohesion 3.69 .959 .596

Coherence† 2.13 1.17 .749

Mean — .639

† lower indicates higher coherence; higher indicates incoherence.

reliability. The approach is as follows: First, we determine if there is a significant effect
using Satterthwaite’s method (Satterthwaite, 1941). Secondly, the model’s estimate ̂𝛽
(slope) determines the direction of the effect, i.e. positive or negative, and the rate of
change. Finally, we test how much variance is explained by the model to determine the
magnitude using conditional 𝑅2 (Nakagawa & Schielzeth, 2013), denoted by 𝑅2

𝑐 , which
considers both fixed and random effects. The more variance is captured by the linear
mixed-effects model, the stronger the correlation. Additionally, we report the marginal
𝑅2

𝑚, which is the variance explained by the fixed effects.

Quantitative Results

The primary results of the analysis focus on the effect of temperature on the creativity of
stories. Regarding inter-rater reliability, on average, we find 𝛼 = .639 (Table 4.1), which
is just short of the acceptable level of .7, but still indicates some degree of agreement,
especially so because we are dealing with non-expert judges who, in general, have lower
inter-rater reliability scores (Lamb, Brown & Clarke, 2016). Regarding temperature, we
observe two effects (Table 4.2 and Table 4.3): a weak positive correlation between novelty
and temperature ( ̂𝛽 = .308, SE = .138, 𝑅2

𝑐 = .385), and a moderate positive correlation
between incoherence and temperature ( ̂𝛽 = .240, SE = .122, 𝑅2

𝑐 = .646). This implies a
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trade-off between novelty and coherence. While higher temperatures seem to positively
affect the chance of finding novel stories, they become less coherent. Although coherence
is rated lower, the mean is 2.13 (where 1 is very coherent and 5 is very incoherent),
meaning that the stories, overall, were easy to understand. The negative correlation of
coherence with temperature is as expected (Holtzman et al., 2020). Both effects have
relatively shallow slopes, indicating that the rate at which novelty and coherence change,
as temperatures get higher, is low, indicating only a small effect.

The secondary results relate the creativity evaluation to the computational metrics in the
Computational Analysis section. Note that perplexity is a metric relative to the model,
and cosine similarity and normalised edit distance are both relative to the exemplar
story. Here, we observe three effects for perplexity, cosine similarity and normalised edit
distance in Table 4.2 and Table 4.3. First, we see that perplexity has a weak to moderate
positive correlationwith novelty ( ̂𝛽= .730, SE = .273, 𝑅2

𝑐 = .370). This is interesting because
it suggests that perplexity, although a measure for model quality, could also indicate
novelty, at least to some extent. Yet, it is also unsurprising because, indirectly, higher
perplexity is on average a result of higher temperature. There is likely a similar cause
for the weak to moderate positive effect between normalised edit distance and novelty
( ̂𝛽 = 2.01, SE = .731, 𝑅2

𝑐 = .378). Finally, there is a weak to moderate positive effect between
cosine similarity and cohesion ( ̂𝛽 = 2.09, SE = .716, 𝑅2

𝑐 = .431), which is not unexpected as
higher temperatures produce outputs with greater variety, subsequently, increasing the
likelihood of producing non-cohesive texts. More interestingly, this suggests that stories
closer to the exemplar are more cohesive. In turn, this implies that when the semantic
distance between a story and the exemplar is large, more features related to cohesion are
lost. The slopes of the analysis with the computational metrics are steeper, especially the
latter two, which have a high rate of change, looking at Figure 4.3a and Figure 4.3b. This
could be due to the large difference between the lowest and highest temperatures.
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Table 4.2: Statistical Analysis of the Creativity Evaluation and Computational Metrics I

Temperature Perplexity

̂𝛽 ± SE 𝑅2
𝑐 𝑅2

𝑚 ̂𝛽 ± SE 𝑅2
𝑐 𝑅2

𝑚

Novelty .308±.138* .385 .152 .730±.273** .370 .158

Typicality -.095±.118 .339 .125 -.205±.237 .345 .126

Cohesion -.181±.112 .406 .161 -.183±.226 .392 .151

Coherence† .240±.122* .646 .283 .194±.251 .627 .274

† positive correlation denotes a negative effect, i.e. higher temperatures are less coherent
* 𝑝 < .05 ** 𝑝 < .01

Table 4.3: Statistical Analysis of the Creativity Evaluation and Computational Metrics II

Cosine Similarity Normalised Edit Distance

̂𝛽 ± SE 𝑅2
𝑐 𝑅2

𝑚 ̂𝛽 ± SE 𝑅2
𝑐 𝑅2

𝑚

Novelty -1.08±.913 .338 .129 2.01±.731** .378 .161

Typicality -.987±.771 .336 .128 -.662±.632 .336 .126

Cohesion 2.09±.716** .431 .187 -.663±.608 .384 .152

Coherence† 1.03±.788 .628 .278 .750±.664 .629 .276

† positive correlation denotes a negative effect, i.e. higher temperatures are less coherent
* 𝑝 < .05 ** 𝑝 < .01

Qualitative Results

In the post-evaluation questions, the participants reported on average some familiarity
with generative AI, and were moderately comfortable with AI being used for creative
work. Most participants reported very little to no experience with writing and reviewing
stories. Those who reported having done writing were mostly relying on educational
experience. We specifically asked the participants about their approach for evaluating
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stories to gain further insights into what specifically they focused on. Participants
reported different ways in which they approached the evaluation. Some focused on
structure, others aimed to grab the general idea, and combined and compared the endings.
Occasionally, the participant chose one specific factor, such as that most stories were
adventure-based, and took that as the typical trait. Another example is that when a story
changes genre halfway, for example, to fantasy, it is considered more novel. In line with
this, participants did report that it was quite difficult to separate details in the stories
as they went through the evaluation, and that it was quite difficult to just use the four
conditions as there were different characteristics in the story they had to weigh. One
participant reported a lack of cohesion, and that sometimes it felt that sentences were
skipped, misplaced, or there was something missing. These reports suggest that for each
criterion, different things are expected and valued in LLM-generated stories, and that
overall poor quality may have made the evaluation a challenge.

4.5 Discussion

Overall, we do not find compelling support for the “temperature as the creativity para-
meter” claim across the conditions for creativity in this investigation. While we see some
positive effects for evaluating novelty, the rest of the results do not show any significant
findings, meaning that there is not enough evidence that temperature as the creativity
parameter enables creativity in LLMs.

The key to the evaluation methodology in this chapter is the idea of the exemplar,
inspired by Prototype and Exemplar theory, as a point of departure for evaluation.
As mentioned, we observe that the exemplar sits on the edge of the PCA projection
(Figure 4.4). While this suggests that the exemplar is a reasonable baseline, it is necessary
to further examine the merits of the link we draw between prototype and exemplar as
an evaluation methodology. Further investigation is needed to see if this phenomenon
generalises and emerges when applying this methodology to different domains, prompts,
and models.
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In the qualitative analysis, the participants reported using different internal criteria
to evaluate novelty and typicality and found it difficult to separate details between
stories during the evaluation. While this is nothing new, these reports complicate the
robustness of our findings. Repeating the experiment with experts, better stories, and
creative writing rubrics is important for future work. Moreover, an expert’s depth of
understanding of the domain could identify other, more advanced desiderata. On the
other hand, the stories generated with this simple prompt are very basic, and experts
might judge them all as poorly written. This might complicate evaluation; as such, using
non-experts might still be adequate and more readily achievable. Designing a robust,
large-scale experiment to investigate the effect of temperature on creativity, given the vast
amount of variation that LLMs can produce, is difficult and needs careful consideration.

Another limitation is the visual inspection of the PCA to see if the temperature changes
access to different regions of the output space. In future work, a more robust approach
would be to increase the sample size or apply clustering techniques, providing stronger
justification for concluding that the temperature parameter has a limited effect on the
range of generated artefacts.

4.6 Conclusion

In summary, this chapter presents a two-fold empirical study to investigate how temper-
ature affects the creativity of LLM-generated stories. The novel methodology proposed
in this chapter leverages the idea of the exemplar, inspired by prototype (Rosch, 1973;
Rosch et al., 1976) and exemplar theory (Medin, Altom & Murphy, 1984), as a point of
departure for evaluation, mitigating variance introduced by the prompt. The findings
indicate that:

• When generating a limited number of samples, temperature increases the generated
variety, but overall, it does not enable access to a larger semantic space.

• We only observe a weak positive correlation between novelty and temperature, and
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a moderately negative correlation between coherence and temperature, suggesting
a novelty and coherence trade-off mediated by temperature.

To conclude, the influence of temperature is far more nuanced and weak than “the
creativity parameter” claim suggests. This study shows that it cannot be considered
a universal creativity parameter. The trouble with using temperature as a means to
generate a more diverse set of outcomes and thus control the creativity of the LLM comes
at the cost of coherence, as shown in Table 4.2. An important and useful research direction
is to explore how good LLMs are at generating such a diverse set, and more importantly,
how we can increase diversity while maintaining quality. The next chapter investigates
the loss of diversity due to instruction-tuning, as was first shown by (Hämäläinen, Tavast
& Kunnari, 2023), specifically for a narrative generation task. Currently, we need to rely
too heavily on chance to produce relevant and creative output. These recommendations
should steer us towards more informed and useful creative behaviours of LLMs.



Chapter 5

Conformative Decoding:

Minding the Diversity Gap

This chapter is based on: Peeperkorn, M., Kouwenhoven, T., Brown, D., & Jordanous, A.
(2025). Mind the gap: Conformative decoding to improve output diversity of instruction-
tuned large language models [Preprint, Under review]. https://arxiv.org/abs/2507.
20956

5.1 Introduction

Chapter 4 showed that raising the temperature parameter allows some exploration of
the embedding space. A natural follow-up is to ask how diverse the outputs of large
language models (LLMs) for creative tasks are, and if there is room to improve. This is
especially true for instruction-tuned LLMs, which are known to generally produce less
diverse outputs than their base models (Hämäläinen, Tavast & Kunnari, 2023; Chu, Chen
& Nakayama, 2024; Kirk et al., 2024; Le Bronnec et al., 2024; Shypula et al., 2025). Instruct
models may have a bias towards certain answers or topics: for example, prompting an
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LLM to write about an “evil empire” may disproportionally generate outputs related to
Star Wars. However, following instructions and engaging in conversation is an extremely
useful application of LLM. The base model can only rely on pre-existing token patterns in
the training data to generate an output of the desired artefact class. Few-shot prompting
(Brown et al., 2020) can push the base model to more consistent behaviour but requires
a specific (diverse) set of examples. Such a set of the desired artefact class may not be
available, or the user may not know what they are looking for. Even with examples, it is
not trivial to understand how the LLM uses those examples and, subsequently, steers
the generation process.

Output diversity is a desired characteristic of LLMs and other generative models (Tevet
& Berant, 2021). This is not limited to mundane interactions, such as “Any tips for
things to do in Edinburgh?” but also applies to more complex and creative tasks, such
as narrative generation. It is valuable for an LLM to respond in different ways, not
only to avoid repetitiveness in conversations but also to enable (creative) exploration.
Diversity (as variety, divergence, and experimentation) is a key component of creativity
identified by Jordanous and Keller (2016) in their analysis of relevant academic literature
spanning over sixty years. Having a diverse set of options enables consideration of
multiple perspectives before selecting the most suitable output (Grace & Maher, 2016;
Ibarrola & Grace, 2024). Experiments also suggest that humans collaboratively writing
with LLMs leads to reduced diversity in the produced content (Padmakumar &He, 2024).
The loss of diversity due to instruction-tuning might have implications in applications
such as agent-based simulations (e.g., Park et al., 2023), employing the LLM-as-a-Judge
(Zheng et al., 2023) for evaluation or generating participant responses, or for inducing
personalities (Jiang et al., 2023b), but also for generating synthetic instruction-tuning
datasets for training other LLMs.

In this chapter, I investigate whether instruction-tuning reduces the output diversity of
various open-source and open-weight LLMs when applied to an open-ended narrative
generation task. Specifically, I examine OLMo 0724 7B (Groeneveld et al., 2024) and
OLMo 2 7B 1124 (Team OLMo, 2025) in more detail to determine if the “diversity gap”
can be attributed to different stages of preference tuning. Through narrative generation
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tasks, I demonstrate the existence of a diversity gap due to instruction-tuning in five
LLMs. The results show that Direct Preference Optimisation (DPO; Rafailov et al., 2023) is
primarily responsible for the diversity gap, as it considerably reduces the output diversity
across the generated narratives. Motivated by these findings, I propose conformative
decoding, a strategy designed to reintroduce diversity by attenuating the instruct model
using the distribution of its more diverse base model, thus allowing the usefulness
of instruction-tuned LLMs while enabling more diverse outputs. The results show
significant improvements while maintaining quality, except for Llama 3.1 8B, which is an
interesting deviation from this trend, which I discuss in more detail in section 5.5.

5.2 Background

Diversity in generative AI outputs is receiving more attention, especially in evaluation
(e.g., Pillutla et al., 2023; Le Bronnec et al., 2024). For LLMs, various methods and
decoding strategies exist to make them into more diverse generators (e.g., Vijayakumar
et al., 2018; Holtzman et al., 2020; Li et al., 2023). These recent decoding methods can
produce text that is of high quality or at least as diverse as human text. However, one
question that has not been addressed is whether such methods can overcome the loss of
diversity due to instruction-tuning. In this section, I discuss what diversity is, how to
measure it, and review the efforts to make LLMs more diverse.

5.2.1 What is diversity?

Diversity is a complex and dynamic concept. It has different meanings in different
research areas, shaped by the goals and challenges. Generally, diversity refers to the
presence of differences or variety in some context along some dimension. More strictly,
diversity is a quality observed in a set of objects; a single entity cannot be considered
diverse in itself.

One view of diversity based on entropy is used in ecology to quantify biodiversity
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(Leinster, 2021). A population is diverse because it has a wide range of varieties of
life. Language is typically concerned with two kinds of diversity: lexical diversity and
semantic diversity (Tevet & Berant, 2021; Stasaski & Hearst, 2022; Guo et al., 2024).
The former is about style or form, while the latter is about content. Diversity plays an
important role in creative domains; for example, in music, if a band is known for its
diverse music, it usually means their songs are not confined to a single genre. Moreover,
diversity is well-studied in information retrieval, specifically for recommender systems,
which need diversity to satisfy users. However, users do not always desire the same kind
of diversity; some music consumers may want diversity within genre, and others may
want to explore beyond familiar genres (Robinson, Brown & Schedl, 2020). Moreover,
diversity can be connected to unexpectedness, but in relation to user’s expectations,
rather than the diversity to the set of recommendations itself (Adamopoulos & Tuzhilin,
2014). This implies that diversity within a set does not guarantee finding a surprising
and novel object.

When is a generative AI model diverse? Typically, when a model produces a broad and
diverse set of appropriate outputs, it is more useful in different kinds of situations. A
model that only generates images or texts in the same style or recommends the same
songs repeatedly is not very diverse or useful. Another view is that diversity could be
about representational diversity. This line of research investigates how generative models
depict minority groups (Shihadeh & Ackerman, 2023a; Ackerman & Brown, 2024) or
associate certain human characteristics with a certain demographic (Fraser, Kiritchenko&
Nejadgholi, 2023; Shihadeh & Ackerman, 2023b). While I highly appreciate the valuable
work being done on representation and diversity, this chapter focuses on linguistic
diversity.

5.2.2 Measuring Quality and Diversity

Quality and diversity are two key criteria for assessing the creativity of outputs (Jord-
anous & Keller, 2016; Ibarrola & Grace, 2024). Diversity appears closely related to novelty
(Runco & Jaeger, 2012), but distinct in that a diverse generator can generate novel objects,
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but those do not necessarily contribute to diversity. Object chosen from a conceptual
space (Boden, 1992) that is well explored should have high diversity, and some novel
objects could still be found. Still, a diverse generator does not necessarily know how to
go beyond the scope of its training data.

Reference-based Metrics

Evaluating generative AI models generally focuses on the same two axes: quality and
diversity. There is usually a trade-off between the two (Le Bronnec et al., 2024). The
metrics generally require embedding the generated artefacts in a latent space. A common
way to measure quality is to use the Fréchet distance using the latent space of another
model. For example, the Fréchet Inception Distance (FID) for measuring image quality
uses the latent space of the InceptionV3 model (Heusel et al., 2017). Another method de-
signed for assessing quality and diversity in generative models, respectively, is Precision
and Recall using distributions (Sajjadi et al., 2018). The Improved Precision and Recall
(Kynkäänniemi et al., 2019) metric works by drawing a hypersphere at each data point
with a radius up to its 𝑘-th nearest neighbour to estimate manifolds for the generated
samples Φ𝑔 and human reference Φ𝑟. The following function determines if a point 𝜙
falls within the manifold Φ: it returns 1, or if not it returns 0:

𝑓 (𝜙, Φ) =
⎧{{
⎨{{⎩

1, if ∥𝜙 − 𝜙′∥2 ≤ ∥𝜙′ − 𝑁𝑁𝑘(𝜙′, Φ)∥2 for at least one 𝜙′ ∈ Φ

0, otherwise.
(5.1)

where 𝑁𝑁𝑘 returns the 𝑘-th nearest neighbour 𝜙′ ∈ Φ of 𝜙. This functions counts The
Precision and Recall metric is then defined as follows:

Precision(Φ𝑔, Φ𝑟) = 1
|Φ𝑔|

∑
𝜙𝑔∈Φ𝑔

𝑓 (𝜙𝑔, Φ𝑟) (5.2)

Recall(Φ𝑔, Φ𝑟) = 1
|Φ𝑟|

∑
𝜙𝑟∈Φ𝑟

𝑓 (𝜙𝑟, Φ𝑔) (5.3)
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Precision is the probability that a point in Φ𝑔 falls within the support of Φ𝑟, and vice
versa for Recall.

Another measure specifically designed for text is Mauve (Pillutla et al., 2021), which also
compares a generated and ground truth distribution, but by means of the KL divergence
𝐷KL in a quantised embedding space. Mauve has been found to align with human
judgements, and its measurements are consistent regardless of text length, model size,
and decoding strategy (Pillutla et al., 2023; Pimentel, Meister & Cotterell, 2023). Similar
to Precision and Recall, Mauve distinguishes two kinds of errors: Type I, where the
generated text 𝑄 places mass on text that is unlikely under the human reference 𝑃
(quality), and Type II, where 𝑄 cannot generate text that is plausible under 𝑃 (diversity).
These are quantified as 𝐷KL(𝑄 ∥ 𝑃) and 𝐷KL(𝑃 ∥ 𝑄), respectively. Mauve is the area
under the divergence curve (Equation 5.5) where a large value means that 𝑄 is closer to 𝑃,
and when 𝑃 = 𝑄 the Mauve score is 1.

ℱ (𝑃, 𝑄) = {(𝐷KL (𝑄 ∥ 𝑅𝜆) , 𝐷KL (𝑃 ∥ 𝑅𝜆) ) ∶ 𝜆 ∈ (0, 1)} (5.4)

Mauve (𝑃, 𝑄) = AUC({ (exp(−𝑐𝑥), exp(−𝑐𝑦)) ∶ (𝑥, 𝑦) ∈ ℱ (𝑃, 𝑄) }

∪ {(1, 0), (0, 1)}) (5.5)

where 𝑐 is a scaling constant and 𝑅𝜆 = 𝜆𝑃 + (1 − 𝜆)𝑄 is an approximation or softening,
since in practice, the divergence curve without softening is infinite, unless 𝑃 = 𝑄 (Pillutla
et al., 2021). Essentially, 𝑅𝜆 is a series of distributions interpolating 𝑃 and 𝑄 to compute
the divergence frontier ℱ. Pillutla et al. (2023, Figure 1) provide an illustration of the
divergence frontier and the interpolation using 𝑅𝜆. Hence, Mauve is designed to capture
both quality and diversity since it takes both Type I and Type II errors into account, but
it can be difficult to disentangle the two. A low Mauve score could be due to a high Type
II error caused by a lack of variety (for example, repetitiveness, limited vocabulary), or a
high Type I error caused by poor quality (in other words, badly constructed sentences
with a wide vocabulary). Mauve is recommended when both diversity and quality
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are the objective (Pillutla et al., 2023). A higher Mauve score means that the generated
distribution 𝑄 is closer to the reference distribution 𝑃.

Automated approaches that focus specifically on measuring diversity have received less
emphasis than those that focus on measuring quality. As mentioned, Recall is most
commonly used to assess diversity. However, having a human reference that is itself
considered diverse is essential so that if there is good coverage of the human reference
by the generated samples, the generated set must also be diverse. This approach is taken
by Hämäläinen, Tavast and Kunnari (2023) and Le Bronnec et al. (2024) to conclude that
instruction-tuning lowers output diversity.

Reference-free Metrics

The metrics mentioned in the previous sections have two significant limitations. First,
they all require a large sample size from the model to get reasonable results, and second,
they require a large and diverse ground truth set. In reality, we often want to evaluate
small sets of generated samples, and a diverse ground truth dataset is generally hard to
obtain. Twomeasures specifically designed for diversity that do not have these drawbacks
are the Vendi Score (Friedman & Dieng, 2023) and Truncated Entropy (Ibarrola, Lawton &
Grace, 2024). Both of these metrics adopt an entropic view of diversity, but each takes a
different approach.

The Vendi Score (Equation 5.6) of 𝑁 objects is defined as the exponential entropy of
the eigenvalues 𝜆 of similarity matrix K/𝑁, where K ∈ ℝ𝑁×𝑁 is a positive semidefinite
matrix, meaning all the eigenvalues are non-negative. The positive semidefinite similarity
function 𝑘 ∶ 𝒳×𝒳 → ℝ is required to have 𝑘(𝑥, 𝑥) = 1 for any object 𝑥, and 𝑘(𝑥, 𝑦) = 𝑘(𝑦, 𝑥)
for any two objects 𝑥 and 𝑦.

VS𝑘 (𝒳) ≜ exp⎛⎜⎜
⎝

−
𝑁

∑
𝑖=1

𝜆𝑖 log𝜆𝑖
⎞⎟⎟
⎠

(5.6)

The Vendi Score is bounded between 1 and 𝑁 (Friedman & Dieng, 2023, Section 7.4),
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and requires selection of an appropriate similarity function 𝑘. If the elements in 𝒳 are
all identical, the resulting similarity matrix K is all ones, meaning entropy is 0, and the
Vendi Score returns its minimum score of 1. If all the elements in 𝒳 are completely
different, the similarity matrix is the identity matrix, it returns the maximum score 𝑁.
Hence, the intuition is that higher scores mean high diversity.

Truncated Entropy (TE) was originally introduced as Truncated Inception Entropy, as it
relies on InceptionV3 tomeasure image diversity. Like FID, truncated entropy is based on
the differential entropy of a multivariate normal distribution; hence, like FID, it assumes
the samples in 𝒳 are normally distributed in the latent space. As Ibarrola, Lawton and
Grace (2024) note that the empirical approximation Σ̂ of covariance matrix Σ is singular,
and its determinant zero, when the number of samples 𝑁 is less than the dimensions of
the latent space, making it infeasible to compute the entropy for small sets of artefacts.
They propose a truncated version of differential entropy (Equation 5.7) and consider only
the set of 𝑁 largest eigenvalues of Σ̂ to make computation feasible. Here, the superscript
index 𝑙 denotes the latent space in which the artefacts are embedded. Originally designed
to measure image diversity, its extension to CLIP included an experiment into text
diversity (Ibarrola & Grace, 2024).

TE𝑙 (𝒳) ≜ 𝑁
2 log (2𝜋𝑒) + 1

2

𝑁
∑
𝑖=1

log𝜆(𝑙)
𝑖 (5.7)

The intuition for Truncated Entropy is similar to that for the Vendi Score, but unlike
the Vendi Score, it is unbounded and can be negative when the eigenvalues are small.1

Truncated Entropy does not use an explicit similarity function but relies on the latent
space of an embedding model. However, diversity is measured by the distance between
samples, which operates as an implicit similarity function. In that sense, the similarity
is provided by the embedding model under the assumption of a normal distribution.
This means that if Truncated Entropy is applied to an 𝒳 with all identical elements, the
distribution is highly concentrated and results in a low diversity score. When 𝒳 consists

1This happens when Truncated Entropy is applied to normalised vectors; these should be avoided.
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of all dissimilar elements and is more widely distributed, the diversity score increases.

Arguably, the Vendi Score has some advantage over Truncated Entropy, as it allows
different similarity kernel functions 𝑘 to assess the desired flavour of diversity. Moreover,
because the Vendi Score is bounded between 1 and 𝑁 and does not rely on assumptions
about the data, it is easier and more natural to interpret. However, Truncated Entropy
can achieve comparable flexibility by varying the embedding space 𝑙.

Embedding-free Metrics

These metrics all require some kind of embedding in a latent space. Other metrics that
have been used to measure diversity and quality and which do not require embeddings
are 𝑛-gram diversity (Li et al., 2016), and for the latter, perplexity and Zipf’s Law (Zipf,
1949). However, perplexity is not a good measure for text quality overall (Nadeem et al.,
2020; Pillutla et al., 2021), instead it is better for measuring model quality given training
data. The Zipf coefficient is more a measure of closeness to natural language than quality
per se. While 𝑛-gram diversity is a standard diversity measure, it has some drawbacks.
If the sequences are of different lengths, the diversity of a set can be overestimated if it
contains longer sequences with many unique words and conversely underestimated for
short sequences with many repeating occurrences (Friedman & Dieng, 2023, Section 9.4).

In this section, I have summarised metrics that compute the diversity and quality of the
output of generative AI models. To summarise, the reference-based metrics require a
ground truth to compare against the generated data, and rely on the assumption that
the assessed properties are present in the human reference data. For diversity, there
are two reference-free metrics: one uses a similarity kernel (Vendi Score) and another
(Truncated Entropy) that uses the covariance matrix of the generated data to compute a
diversity score. In the next section, I will discuss several approaches aimed at improving
the output diversity of LLMs.
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5.2.3 Improving the Output Diversity of LLMs

This section presents and expands the background discussed in subsection 2.2.2. Efforts
to improve the output diversity of LLMs typically focus on decoding strategies. Decoding
is the process of sampling a token from the next-token probability distribution given by
the LLM on input. These strategies are generally divided into two flavours: sampling
and search-based methods.

The easiest method to increase output diversity is temperature sampling, where increas-
ing the temperature hyperparameter flattens the sampling distribution, but at the cost
of quality (See chapter 4). Often, increasing temperature needs to be combined with
a truncation strategy such as top-𝑘 (Fan, Lewis & Dauphin, 2018) or nucleus sampling
(Holtzman et al., 2020) to prevent, or at least reduce, the risk of producing degenerate
outputs. The latter strategy, nucleus sampling, is interesting as it produces good quality
text that is on par with diversity in human texts (Holtzman et al., 2020). Other sampling
strategies perform similarly, as measured using 𝑛-gram diversity, with temperature
sampling scoring best (Meister et al., 2023). Sampling decoding strategies generally do
not focus specifically on optimising output diversity.

Search-based methods use beam search (often combined with a sampling strategy) to
track multiple candidates and score them based on probability over multiple steps. The
goal is to find good sequences with a high but “hidden” probability that might be over-
looked when decoding using token-by-token sampling only. An effective search-based
method that yields more diverse sequences is Diverse Beam Search (DBS) (Vijayakumar
et al., 2018). DBS considers a fixed number of groups of beams, each group lagging one
time step behind the previous group. The objective function combines the joint probabil-
ity of beams and the dissimilarity between groups of beams at each step. This results
in more diverse outputs compared to standard beam search. Contrastive Decoding (Li
et al., 2023) is another search-based strategy that uses an objective where a larger model
(the expert) is penalised by a smaller model (the amateur) to prevent the expert from
following bad language patterns that the amateur has learned. Li et al. (2023) show that
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Contrastive Decoding leads to more diverse outputs compared to other search-based
methods, but is less effective than nucleus sampling. Search can increase output diversity
but also has a higher cost compared to sampling.

Another approach is to optimise the diversity of the output, informed bymultiple models
using an ensemble of LLMs (Tekin et al., 2024). Depending on the input, this method
selects a sub-ensemble out of a large ensemble of LLMs that is likely to yield a diverse
output. Subsequently, the probability distributions of the sub-ensemble are combined,
which requires an ensemble learner (another neural network), to yield diverse outputs.
Finally, there are prompt-based approaches to increase diversity in various domains
(Chu, Chen & Nakayama, 2024; Chen et al., 2025). Still, these are model- (and task-)
specific, while the focus in this chapter is on a model-agnostic approach.

5.3 The Diversity Gap

In this section, I investigate the existence of a “diversity gap” for various small LLMs
performing a narrative generation task. In particular, I explore the extent of the diversity
gap using various diversity metrics, the impact of different fine-tuning steps on diversity,
and the impact of conversation templates.

5.3.1 Experimental Setup

Narrative Generation Task and Data

The task used for evaluating LLMs on diversity and quality in this chapter is based on
the concept of a writing prompt, a short statement or question designed to spark and
inspire a writer’s creativity. Such tools to promote creativity have been around for a long
time in various forms, such as Exquisite Corpse or the Oblique Strategies (Eno & Schmidt,
1975). The r/WritingPrompts subreddit is designed as a space to foster creative writing
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and productivity. People post a small premise of a story they would like to see written,
and others supply stories as a response in the comments.

However, since LLMs entered the scene, it has become increasingly challenging to find
sources of data untouched by LLM-generated data. This is potentially problematic since
many quality and diversity metrics rely on a human-made ground truth. Fortunately, the
Writing Prompts dataset (Fan, Lewis & Dauphin, 2018) comprises prompts and stories
from the r/WritingPrompts subreddit2 before the widespread adoption of LLMs. To
assess quality and diversity, there needs to be sufficient human stories for each writing
prompt; hence, I use a subset of the Writing Prompts dataset, selecting all instances from
the training dataset that have at least 50 human responses. We manually filtered out
prompts that were considered inappropriate or offensive, and responses that began with
commentary of some sort (e.g., “This is my first post” or “Feedback welcome”). The
subset consists of the first 50 human responses for each writing prompt, resulting in a
total of 53 prompts and 2650 human responses. Since the Writing Prompts dataset is
considered diverse (Fan, Lewis & Dauphin, 2018), the subset is a suitable ground truth
for the diversity metrics when required.

Prompting and Incipits

Base and instruct models require different prompts to perform a task; therefore, there is
a text completion prompt and a conversation prompt (Prompt 5.3.1). The base models
are always prompted such that their natural response is to complete a story, denoted as
(comp) in the results. In the case of instruct models, I either use the completion prompt or
a prompt using the conversation template, denoted as (chat) in the results, to see if there
is a difference in diversity between a completion and a conversation prompt for instruct
models. The conversation prompt is similar to the completion prompt (Prompt 5.3.1) and
differs only in the instruction, replacing “The story is as follows:” with “Write a story.”
and using a chat template.

In particular, consistent behaviour between the base and instruct models is essential. The
2https://www.reddit.com/r/WritingPrompts/

https://www.reddit.com/r/WritingPrompts/
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Writing prompt: [WP]

The story is as follows: [incipit]

Prompt 5.3.1: The exact prompt for text completion, [WP] and [incipit] are replaced
with the writing prompt and the first 20 tokens of a human response, respectively. For
the conversation prompt, “The story is as follows: ” is replaced with the instruction
“Write a story” and apply the model-specific chat template, leaving the rest, including
the supplied incipit, unchanged.

generated outputs must be of the correct artefact class: stories. Instruct models, using
the conversation prompt, have no problem performing the task. Generating stories using
the completion prompt is much harder, especially for base models, which often output
degenerate, repetitive text or items that are not a story. Example stories for each model
can be found in the appendix C.4.

To alleviate this unwanted behaviour, I use incipits of the human stories in the dataset to
naturally guide the models into their completion task. These incipits introduce a bit of
diversity but ensure the models properly perform the task on both prompts. The incipit
size is 20 tokens. For consistency, the tiktoken library with the o200k_base encoding is
used to truncate the human responses into incipits for all models. Few-shot prompting
(Brown et al., 2020) is beyond the scope of this chapter, as it introduces too much natural
variation, making consistent comparison difficult. The completion and conversation
naturally have some differences, but I aim for the prompts to be as simple and similar as
possible. See Prompt 5.3.2 and Prompt 5.3.3 as examples of writing prompts along with
incipits.

Models

For practical reasons, the experiments focus on smaller open-weights and open-source
models. In particular, I look at Gemma 2 9B (Gemma Team, 2024), Meta Llama 3.1 8B



CHAPTER 5. CONFORMATIVE DECODING 103

<|endoftext|><|user|>

Writing prompt: There are many types of Mages in the world. Fire ,

Ice , Wind , Water , Death , Darkness , to name a few. But in this world ,

every type of mage is treated as equal. Everyone can be a good guy ,

no matter how dark your power. And anyone could be a bad guy , no

matter how beautiful their ability ...

Write a story.

<|assistant|>

Most people assumed that I most love night time after all how could a mage

like me not love the

Prompt 5.3.2: An example prompt and its incipit (in bold) using the chat template of
OLMo model family.

(Grattafiori et al., 2024), Mistral 7B v0.3 (Jiang et al., 2023a), OLMo 7B 0724 (Groeneveld
et al., 2024), and OLMo 2 7B 1124 (Team OLMo, 2025). The OLMo families are fully
open-source and provide intermediate checkpoints of each fine-tuning step, giving the
opportunity to see how much diversity is lost in the Supervised Fine-tuning (SFT), Direct
Preference Optimisation (DPO; Rafailov et al., 2023), and Reinforcement Learning with
Verifiable Rewards (RLVR; Lambert et al., 2025) steps. As such, I am running additional
experiments to investigate each fine-tuning step of the OLMo models in further detail.
Every intermediate checkpoint is an instruct model; hence, each is evaluated with both
the completion and the conversation prompt, as in the main experiment, while the base
model is evaluated with the completion prompt only. All experiments use nucleus
sampling (𝑝 = .95) with temperature 𝑡 = 1. For each writing prompt in the Writing
Prompts subset and each configuration: Base (comp), Instruct (comp) and Instruct (chat), I
generate 50 samples using 50 incipits, up to a maximum of 500 tokens per story.
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<|endoftext|><|user|>

Writing prompt: There are many types of Mages in the world. Fire ,

Ice , Wind , Water , Death , Darkness , to name a few. But in this world ,

every type of mage is treated as equal. Everyone can be a good guy ,

no matter how dark your power. And anyone could be a bad guy , no

matter how beautiful their ability ...

Write a story.

<|assistant|>

``This is very, very wrong.''

Erwan dumped the body in the cart. Turning

Prompt 5.3.3: An example prompt and its incipit (in bold) using the chat template of
OLMo model family.

Evaluation Metrics

I evaluate the generated text using a range of quality and diversity metrics (lexical and
semantic). To measure lexical diversity, I use Vendi Score (Equation 5.6) with 𝑛-gram
counts for 𝑛 ∈ {1, 2, 3, 4} as features to compute the similaritymatrix, denoted as VS𝑛-gram.
For semantic diversity, I use the Vendi Score and Truncated Entropy (Equation 5.7)
applied to text embeddings (see details below), denoted as VSjina and TEjina, respectively.
Here, it is important to use raw embeddings for TEjina as normalised features yield
negative entropy, which is unintuitive to interpret. This happens when eigenvalues are
very small, meaning the second term of Truncated Entropy dominates the first term.

I use Improved Precision and Recall (Kynkäänniemi et al., 2019) using 𝑘 = 3 to compute
Precision and Recall as quality and diversity metrics, respectively. High precision sug-
gests realistic and accurate generated texts, while high Recall suggests good coverage of
the ground-truth reference, implying high diversity. Furthermore, I evaluate the stories
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using Mauve with the default settings and follow best practices3. I use the text-matching
embedding model mentioned below to compute the text features instead of the default
GPT2-large. Note that I compute both Mauve and Improved Precision and Recall across
all prompts since these methods require many samples to give an accurate measurement,
as opposed to the Vendi Score and Truncated Entropy, which are applied on a per-prompt
basis.

To obtain the text embedding features, I use the jinaai/jina-embeddings-v3 model
(Sturua et al., 2024). This embedding model is the highest scoring4 model on Semantic
Textual Similarity (STS) task and on average on the Massive Text Embedding Benchmark
(MTEB; Muennighoff et al., 2023) making this a suitable embedding model for our
purpose, which is to compare semantic similarities for measuring diversity.

Finally, I use a one-tailed paired t-test to test statistical significance for the VSjina, VS𝑛-gram,
and TEjina results, with the hypothesis that themean diversity of the basemodel is greater
than that of the instruct model. In the experiment, I compare the Base (comp) with the
Instruct (comp) and Instruct (chat). Finally, to measure the effect of the chat template, an
additional test is done comparing the Instruct (comp) with Instruct (chat). In all cases, the
null hypothesis is that the mean output diversity of the base model is less than the mean
output diversity of the instruct model.

5.3.2 Results

Does the diversity gap exist? Figure 5.1a shows that along the VSjina, VS𝑛-gram, and
TEjina, there is a drop in diversity for outputs generated by instruct models (for all
comparisons 𝑝 < .001 using the one-tailed t-test). The diversity gap is also reflected in
the Recall scores with a clear drop. On the other hand, Precision improves (Figure 5.1b),
suggesting that the generator is better at producing realistic outputs. This shows that
the generated text fits well within the reference manifold. However, the decline in Recall

3See https://github.com/krishnap25/mauve?tab=readme-ov-file#best-practices-for-mauve
4On 13 January 2025. See https://huggingface.co/spaces/mteb/leaderboard

https://github.com/krishnap25/mauve?tab=readme-ov-file#best-practices-for-mauve
https://huggingface.co/spaces/mteb/leaderboard
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(a) Metrics per-prompt

(b) Metrics across-prompts

Figure 5.1: Here, the base and instruct models are compared for both prompts, comp
and chat, on the narrative generation task. Figure 5.1a shows a drop in diversity for all
metrics for each model (𝑝 < .001). The chat template typically further reduces output
diversity. In Figure 5.1b, Mauve and Recall further show that instruction tuning reduces
output diversity. Precision increases, indicating a trade-off between quality and diversity
due to instruction tuning. The error bars indicate the 50th percentile interval.
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shows that fewer reference texts fall within the generated manifold, indicating that
instruction-tuning forces a trade-off between quality and diversity. The Mauve scores
for the base models are high, demonstrating a good balance of high quality and high
output diversity. This may be expected since the Writing Prompts dataset could easily
be part of the training mix for any of these LLMs. However, the other diversity scores for
the instruct models are much lower (Figure 5.1a), especially for the conversation prompt,
suggesting that the drop for Mauve is likely to be due to the generator producing many
similar outputs. Overall, the results in Figure 5.1 clearly confirm that instruction-tuning
reduces the output diversity of LLMs.

What is the impact of each instruction-tuning step? To further strengthen the findings
above, the in-depth experiments for OLMo 0724 7B and OLMo 2 7B 1124 show that both
SFT and DPO impact the output diversity of the model, but that the new fine-tuning step,
RLVR, has little effect, as shown in Figure 5.2. Thismight be due to the task-specific design
of RLVR (Lambert et al., 2025), which does not include narrative generation. For Recall
and Mauve, Figure 5.2 reveals that DPO has a much stronger effect than SFT, showing
that reward modelling according to human preference has a particularly negative effect
on LLM output diversity. Moreover, the Precision and Recall results hint that generated
texts constitute a much smaller manifold than the reference due to DPO; they suggest a
direction for future investigation.

What is the impact of conversation templates? Prompting the instruct models using
the conversation prompt further pushes themodel into a narrow output space, as it yields
lower scores on diversity and quality compared to the completion prompt (𝑝 < .01 for all
comparisons, except VS𝑛-gram for Llama 3.1 8B). This is expected as the chat template is
part of the training setup, and using the completion prompt on instruct models is less
restrictive.
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(a) Metrics per-prompt

(b) Metrics across-prompts

Figure 5.2: This figure presents experiments that investigate how diversity is lost with
each fine-tuning step for OLMo 0724 7B andOLMo 2 7B 1124. In (a), there is an increasing
decline in diversity with each fine-tuning step. In (b), there is a steep drop for the DPO
models as measured by Mauve and Recall, suggesting that reward-based fine-tuning has
a particular negative effect on output diversity. The error bars indicate the 50th percentile
interval.
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5.4 Conformative Decoding

Motivated by my results verifying the existence of the diversity gap, I present a sampling
decoding strategy that aims to reintroduce some diversity in the outputs of instruct
models. The idea is that we can use base models to inform the instruct models and enable
higher diversity while leveraging the usefulness and productivity of the instruction
following models.

5.4.1 Decoding Strategy

Our sampling decoding strategy is a weighted sum to push the instruct model to conform
to its more diverse base model (Equation 5.8). Hence, I call it conformative decoding. This
method is related to contrastive decoding (Li et al., 2023; O’Brien & Lewis, 2023), but
instead of using a small model to penalise bad language patterns, we use the base
model to boost probabilities of tokens to yield more diverse outputs. The key insight
for conformative decoding is that the base model is move diverse that instruction-tuned
model as discussed in Section 5.3.2. Instead, it uses the original base model instead
of ensemble methods, like a mixture-of-experst (Shazeer et al., 2017; Jiang et al., 2024)
which use a (learned) selection procedure and models trained towards different tasks. It
is essential that conformative decoding is used in combination with a truncation strategy,
such as top-𝑘 (Fan, Lewis & Dauphin, 2018), nucleus sampling (Holtzman et al., 2020),
or another truncation method to mitigate the softmax bottleneck (see Section 2.2.2 for
more detail). Conformative decoding is applied to the truncated probability distribution
of the instruct model. Initial explorations showed a greater increase in diversity if used
without truncation, but this often results in degenerate outputs. Applying the mixture
after truncation is conceptually more elegant, as it rebalances the probabilities only when
the instruct model allows it. This prevents the degenerate outputs while reducing the
magnitude of the conforming effect. However, note that truncation should not be too
restrictive if aiming for diversity.
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ConformativeDecoding (𝑥𝑡 ∣ 𝑥<𝑡) = (5.8)

𝛾 log 𝑝𝜃 (𝑥𝑡 ∣ 𝑥<𝑡) + (1 − 𝛾) log 𝑝𝜙 (𝑥𝑡 ∣ 𝑥<𝑡) for 𝑥𝑡 ∈ 𝒱valid

where 𝜃 are the parameters of the instruct model, and 𝜙 the parameters of its base model,
𝛾 is a hyperparameter to control the mix of the two models, and 𝒱valid is the set of
valid tokens according to the chosen truncation strategy. The experiments use nucleus
sampling with 𝑝 = .95 where 𝒱valid is the minimal set that covers at least 95% of the
probability mass. The log probabilities for all 𝑥𝑡 ∉ 𝒱valid are set to −∞, meaning they
are not considered in the sampling process. In practice, the mixture can be applied to the
logits directly for efficiency, but this is equivalent after further softmax normalisation.

5.4.2 Experiment Setup

The method in this section is motivated by the findings regarding the diversity gap in
section 5.3.2. The aim is to compare against a baseline instead of different decoding
strategies. The experiments are conducted using an identical setup as described in
section 5.3.1, except the aim is to see if conformative decoding improves diversity while
maintaining quality. The prompts follow the conversation template and evaluate the
outputs using the same metrics and, again, using the incipit so that the base model’s
tendencies align accurately with the task. This experiment tests two configurations
of the same narrative generation task. Configuration A is the baseline using nucleus
sampling (𝑝 = .95), and configuration B uses nucleus sampling with conformative
decoding (𝑝 = .95, 𝛾 = .5). A lower 𝛾 would increase diversity, and vice versa. To test the
sensitivity of the 𝛾 hyperparameter, we run a sensitivity analysis for the following values
of 𝛾 ∈ {.1, .2, … , .9}. The chosen 𝛾 = .5 is a good and neutral value balancing quality
and diversity (Figure 5.4). Finally, we test for significance using a one-tailed paired t-test
with the hypothesis that the baseline has a lower mean diversity than our method.
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5.4.3 Results

The result in Figure 5.3a shows that for VSjina, VS𝑛-gram, and TEjina we see diversity
increases for all models (𝑝 < .001) except for Llama 3.1 8B. For Llama 3.1 8B, VS𝑛-gram

even measures a significant decline (𝑝 < .001), but interestingly, across-prompts, there is
a recovery of diversity and even a minor increase in Precision (quality).

Looking at the across-prompt metrics, they all increase for each model (Figure 5.3b),
showing that ourmethod not only improves diversity but alsomaintains and even slightly
increases quality, as measured by Precision. Overall, the improvements are significant
but modest. However, this is not unexpected since the sampling distribution is truncated
according to the instruct model. Having a less restrictive truncation strategy would
naturally introduce more diversity; the effect of the mixing weight itself is examined in
section 5.4.3.

What is the effect of the 𝛾 hyperparameter?

It follows from the diversity gap phenomenon (Figure 5.1) that lower values of 𝛾 should
lead to higher diversity scores as more information from the base model is mixed into
the distribution, and vice versa. For metrics VSjina, VS𝑛-gram, and TEjina, 𝛾 smoothly
modulates the diversity gap, steadily reducing diversity as 𝛾 increases (Figure 5.4a). The
relationship between Precision (quality) and Recall (diversity) averaged over models in
Figure 5.4b suggests a reasonable trade-off between quality and diversity occurs for 𝛾
values around .5.

5.4.4 Human Evaluation

The automatic evaluation metrics show that conformative decoding yields more diverse
outputs and even suggests a small increase in quality. To verify this in practice, I conduct a
human evaluation experiment to evaluate diversity and quality using direct comparison5.

5The tasks are modelled after the human evaluation done by Finlayson et al. (2024).
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(a) Metrics per-prompt

(b) Metrics across-prompts

Figure 5.3: This figure shows automatic evaluations for configuration A (nucleus
sampling using 𝑝 = 0.95) and configuration B (nucleus sampling with conformative
decoding using 𝑝 = 0.95 and 𝛾 = 0.5). In (a), it shows that conformative decoding
improves output diversity for all models (𝑝 < .001), except for Meta Llama 3.1 8B. In
(b), Mauve and Recall also show increased diversity, while Precision indicates slightly
improved quality. The error bars indicate the 50th percentile interval.
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(a) Diversity metrics VSjina, VS𝑛-gram, and TEjina with respect to 𝛾. (b) Precision and Recall
trade-off with respect to 𝛾,
averaged over models.

Figure 5.4: The effect of hyperparameter 𝛾 on conformative decoding. Figure 5.4a shows
a smooth modulation of diversity as 𝛾 changes. Figure 5.4b shows a reasonable trade-off
(the peak) between quality and diversity for 𝛾 values around 0.5.

Participants are asked to perform two kinds of tasks: to measure whether two sets of
stories are diverse and to compare two stories to identify which is of higher quality. This
experiment is done on randomly selected sets of four stories, generated by OLMo 2 7B
1124, creating a set for each prompt for both configurations, A and B, ensuring that
both contain stories generated using the same four incipits. Moreover, to keep the task
manageable for participants, each story was truncated to 150 tokens, and the participants
were instructed not to penalise the stories for ending abruptly.

• In the diversity task, the participant is given two sets of four texts and is told
their task is to select the set with higher diversity. This can mean different topics,
narratives, writing styles, the depth of the story, and so on.

• In the quality task, the participant is given two similar texts and is told their task is
to select the text that is of higher quality. This can mean fewer issues with grammar,
coherence, cohesion, fluency, repetition, and if the narrative makes logical sense.

The participants were given pointers for both diversity and quality instead of concrete
definitions or specific questions (see appendix C.1). The experiment is done via an
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anonymous survey6 seeded through our social networks, receiving responses from 41
participants.

Human Evalaution Analysis

In total, each participant completes 4 diversity and 16 quality evaluations of stories
(see examples in appendix C.3), and provides a brief explanation for each judgement.
The experiment was conducted via an anonymous survey seeded through our social
networks, receiving (partial) responses from 41 participants. For 31 prompts, we got the
necessary 3 evaluations, allowing us to obtain a majority vote for analysis; the others
were discarded. The response data are Bernoulli-distributed, so we use a binomial test
to test whether the responses are due to chance.

In total, each participant evaluated four sets of stories (see examples in appendix C.3).
First, they evaluated a set for diversity, followed by each story pair (matching incipits)
to evaluate quality, and so on. The response data is Bernoulli distributed; hence, the
responses are checked for significance if they are not the result of chance, using the
binomial test. To obtain amajority vote for the analysis, each prompt required 3 responses,
which was the case for 31 prompts; the others were discarded.

The results in Table 5.1 are inconclusive since there is no consensus for either diversity or
quality, suggesting that differences indicated by the automatic evaluation metrics are too
subtle for humans to detect easily, or they are not meaningful to humans. This may also
be due to the lack of a precise definition, as discussed further in Section 5.5.2.

Qualitative Analysis

Since the participants provided a short justification for their judgment, I did some
content analysis for all completed tasks. The initial coding was created by employing

6Due to it being an anonymous survey and the ethics review processwe did not request demographic data.
The participants likely did not have familiarity with CC, and should be considered non-expert evaluators.
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Task Prefers A Prefers B Total Trials Ratio

Diversity 17 14 31 .452

Quality 62 62 124 .500

Table 5.1: Human evaluation done on the stories generated by OLMo 2 7B 1124, taking
majority vote per set or text comparison. Configuration A is nucleus sampling only, and
configuration B is nucleus sampling with conformative decoding. The results are not
significant and inconclusive since there is no consensus.

an LLM7, followed by a thorough manual check and correcting issue as necessary. This
yielded eleven distinct codes (Table 5.2) for both the diversity and quality tasks (see
Appendix C.2 for full descriptions). The scheme and coding was checked by an external
expert in qualitative analysis.

To summarise, to judge diversity, participants typically focus on the topic variety, style
variety, and differences in depth and detail as part of their judgments; for quality, the
focus is typically on coherence, structure, and engagement.

5.5 Discussion and Limitations

The result of the diversity gap experiments provides additional evidence to the diversity
gap between base and instruct models previously identified by Hämäläinen, Tavast and
Kunnari (2023), Chu, Chen and Nakayama (2024), Kirk et al. (2024) and Le Bronnec
et al. (2024). Our work explores this issue explicitly in the creative domain of narrative
generation. The automatic evaluation presented shows clearly that the diversity gap
exists for multiple instruct LLMs. Instruction-tuning leads the model to focus on the
conversation task and narrow its output space. Fine-tuning toward human preference,
in other words, how the model responds, is a strong signal that further limits output

7Using Claude Fable
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Diversity (𝑛 = 146) Quality (𝑛 = 579)

Code Explanations Code Explanations

Depth / detail 42 Coherence / sense 296

Topic variety 38 Structure / flow 148

Style variety 31 Engagement 99

Quality / readability 31 Narrative content 52

Mood / tone / emotion 15 Imagery / detail 50

Structure / form 14 No reason / undecided 43

Vocabulary 13 Word choice 38

Perspective / characters 12 Pacing / length 20

Repetition / sameness 11 Grammar / mechanics 20

Similar / uncertain 11 Repetition 19

Uncodable 1 Authenticity (AI) 5

Table 5.2: Code frequencies from the basic content analysis of the participants judgment
justifications for the diversity and quality tasks. Coding is multi-label. Code definitions
are given in Appendix C.2.

diversity.

The method presented in this chapter relies on a truncation strategy to avoid degenerate
outputs (Holtzman et al., 2020). Here, I use nucleus sampling as the baseline; it could be
worthwhile to investigate other truncation strategies (e.g., Fan, Lewis & Dauphin, 2018;
Meister et al., 2023; Finlayson et al., 2024) and how they interact with the choice of 𝛾
(section 5.4.3). Moreover, it might be interesting to adapt conformative decoding into an
objective function for beam search, similar to contrastive decoding proposed by Li et al.
(2023).

This study focuses solely on smaller open-source and open-weights models for practical
reasons. Smaller models are less powerful and more likely to benefit from our decoding
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strategy, but also running the base and instruct models simultaneously increases the
computational overhead. However, Le Bronnec et al. (2024) showed that Llama 2 70B
Chat also suffers a loss in output diversity, and future work should investigate the effects
of our decoding algorithm for larger LLMs and in different domains that value diversity.

Finally, using incipits introduces some diversity, as the samples were not drawn for
identical writing prompts. However, as mentioned in section 5.3.1, this is a necessary
limitation for a fair comparison with the base models to make them perform the narrative
generation task consistently. Omitting the incipit leads to comparing artefacts of different
classes, which is not meaningful. Future work could investigate via an ablation study
what the ideal length of an incipit is without altering the artefact class.

5.5.1 Why does Llama 3.1 8B behave differently?

Llama 3.1 8B is the one model that deviates from the trend in a few ways, and it is
worth discussing why. For the VS𝑛-gram metric, the chat template does not further reduce
diversity (Figure 5.1a). One possibility is that Llama 3.1 8B’s preference tuning stage
reduces diversity less aggressively than those of other models. A second possibility
concerns the training data: the particular mix Llama 3.1 8B was trained on may yield
higher baseline output diversity that preference tuning does not fully collapse. This
is parallel to Zhou et al. (2023a), who show that Llama 1 (Touvron et al., 2023a) can
be improved by fine-tuning on fewer but higher-quality and more diverse examples,
suggesting that the composition of the training data may matter more than its sheer
volume in shaping output diversity. The third possibility concerns training volume:
Llama 3.1 8B was trained on a substantially larger budget of 15 trillion tokens8 than
the other models (the next largest being Gemma 2 9B at 8 trillion9), and this broader
exposure may help it retain the lexical variation VS𝑛-gram is designed to capture, rather
than collapsing onto a narrower set of tokens after preference tuning. These explanations
are mutually confounded with each other and with architecture, so the behaviour cannot

8See https://huggingface.co/meta-llama/Llama-3.1-8B
9See https://huggingface.co/google/gemma-2-9b

https://huggingface.co/meta-llama/Llama-3.1-8B
https://huggingface.co/google/gemma-2-9b
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be attributed to a single factor.

Conformative decoding also proved less effective for Llama 3.1 8B as measured by
VS𝑛-gram, VSjina, and TEjina (Figure 5.3a). This is consistent with the picture above: it
suggests themethod ismost suitable formodels that exhibit low diversity after preference
tuning, and its effectiveness may depend on the size of the diversity gap it has to close. In
the across-prompts results (Figure 5.3b), we still observe increased diversity, suggesting
the per-prompt evaluation is smoothed across prompts. A follow-up study should
investigate the relationship between the degree of the diversity gap and the improvements
due to conformative decoding.

5.5.2 Challenges for Human Evaluations of Diversity

Algorithmic metrics are useful for detecting whether there is a difference, but are unable
to tellwhat that difference is. Human evaluations can help identify what those differences
are, though our evaluation shows this is challenging because those differences may be too
subtle to be easily detected. There is a broader issue of definition: while the evaluation of
creativity has been extensively documented (Lamb, Brown & Clarke, 2015); less attention
has been given to diversity, although recently work has started in this direction (Berns,
2024). Text diversity is task- and domain-dependent; the criteria for diversity in narratives
may differ substantially from the criteria for journalistic artefacts or even poems. Text
diversity might simply be too ill-defined for consistent human evaluation, as evidenced
by the variety of strategies reported by participants. These observations provide ample
direction for future work, but also suggest that more expertise might be required in
evaluations. Current experimental methods are limited in scope and frequently fail to
investigate the specific qualities that make a set of outputs diverse; consequently, it is
unclear how automatic evaluation metrics align with those qualities. It is essential to
develop a systematic approach towards accurately evaluating diversity.

Diversity is a tricky concept to capture for narratives, especially for longer sequences.
Similarly, it is difficult to assess by human participants (Shaib et al., 2025). Assessing the
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diversity of a set of narratives requires extensive reading, causing fatigue among parti-
cipants. This gets further complicated if the setup is a direct comparison task. Narratives
are complex objects that span multiple states and transitions (Gervás, 2009). Hence,
truncating the story to an appropriate narrative length, even further than described in
the experiment above, might heavily impact perceived diversity.

The tasks presented in the human evaluation experiment, without specific definitions
and questions, proved to be difficult. The human evaluation experiment highlights
two challenges: First, the difference in diversity between the configurations is perhaps
too subtle for humans to detect. Generally speaking, richer embeddings imply better
results, and while the chosen model seems appropriate, it might be that each embedding
model learns towards a different kind of diversity or quality that is not easily detected by
humans. Secondly, although the task included pointers for diversity and quality based
on informal feedback, this was often interpreted as a definition. Since the pointers leave
room for interpretation, this potentially biases the results.

Participants were recruited through personal and professional networks via an anonym-
ous survey, which means no demographic information was collected. The participant
pool should be considered non-expert, which may introduce noise into the evaluations;
however, since the stories generated by the LLMs cannot be considered high literature
(see Appendix C.3), using domain experts might skew the results in the opposite direc-
tion, as experts applying higher literary standards to mediocre outputs may evaluate all
stories as similarly poor, reducing sensitivity to diversity differences. Nevertheless, the
inconclusive result of the human evaluation may be attributable to the limited repres-
entativeness of the participant sample; the recruitment channels make it likely that the
participants were predominantly Western European and university-educated, though
this cannot be verified without demographic data.

There is considerable work on evaluating creativity (Lamb, Brown & Clarke, 2015), but
for diversity, not so much. Diversity might still be too ill-defined, and more work is
necessary to standardise criteria and (automated) scalable evaluation methods. For
the narrative generation task specifically, there may be opportunities to transform the
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narrative structure into a list of actions, as generated by CC systems, such as MEXICA
(Pérez y Pérez & Sharples, 2001). The open questions and issues highlighted here
are important across research disciplines since it is unclear how current metrics and
embedding models align with human preferences in practice. Current experimental
methods only get us so far and often do not investigate in what way a set of outputs is
diverse.

5.6 Conclusion

This chapter explores the diversity gap on a narrative generation task for five models
and proposes a decoding strategy motivated by the result to reintroduce some diversity.
In the experiments, diversity is evaluated on a per-prompt basis using the Vendi Score
(both lexical and semantic features) and Truncated Entropy, and across-prompts using
Mauve, Precision and Recall to evaluate quality. The results show that instruction-
tuned LLMs suffer a loss in diversity compared to their base models, which is mostly
due to Direct Preference Optimisation. Based on this finding, I present a decoding
strategy that aims to improve diversity after instruction tuning; the novel approach
introduced in this chapter, conformative decoding, typically reintroduces some diversity
while maintaining precision. Although the method improves output diversity, it is
unable to fully overcome the diversity gap. The human evaluation experiment shows
no consensus among participants for judgments about diversity and quality. This is
perhaps unsurprising, given that discrepancies between automatic metrics and human
judgments are well-documented, the BLEU score being a notable example (Papineni
et al., 2002; Reiter, 2018). The human evaluation experiment mainly suggests larger issues
with diversity being ill-defined, and that further research is needed on how to assess
diversity and how to design experiments.



Chapter 6

Conclusions

The objective of my PhD research is to deepen the understanding of the creative applica-
tion of Large Language Models (LLMs) through analysis using Computational Creativity
(CC) evaluation frameworks and empirical investigations. I also present a decoding
strategy informed by empirical findings to improve the output diversity of LLMs. In
this concluding chapter, I give my answers to the main research question through the
research questions as presented in Chapter 1 section 1.2.1. Moreover, I reflect on the
findings of my research and present some questions that are important for using LLMs
as creativity tools or producers in their own right. Finally, I provide three directions for
future research that I believe are necessary to meaningfully apply LLMs to creative tasks
and overcome current limitations and gaps in empirical evaluation.

121
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6.1 Answers to Research Questions

Research Question 1 (Chapter 3)

Can we evaluate the creativity of pure large language models using existing CC
frameworks?

Chapter 3 of this dissertation presents an analysis of LLMs in general and assesses if
they are able to satisfy three established CC evaluation frameworks: “Mere Generation”
(Ventura, 2016), the Creative Tripod (Colton, 2008), and FACE (Colton, Charnley &
Pease, 2011; Pease & Colton, 2011a). Since LLMs have found uses for a wide range of
tasks, many of them creative, the primary goal of this chapter is to establish if these
frameworks are useful for the creativity evaluation of LLMs. These frameworks have
relied on specific criteria depending on the angle each framework takes to approach the
concept of creativity. To answer this research question: pure LLMs, as defined in the
introduction, can readily satisfy these frameworks, but the frameworks are unable to tell
how an LLM is being creative or what is responsible for its creativity. The analysis in
Chapter 3 clearly shows that these frameworks fall short, primarily due to the inability to
“point out” functionality (that was previously explicitly modelled) and assess how LLMs
apply given inputs. This most prominently arises in the “Mere Generation” framework,
where LLMs appear to use a basic prototype algorithm, and yet, they achieve the abilities
of the most advanced prototype algorithms by simulating their aims. Similarly, FACE is
based on creative acts performed by systems, but this frame can only attribute ⟨𝐶⟩, the
use of concepts, to machine learning algorithms, and the transformer is no exception.
Colton’s Creative Tripod is based on external perception of creativity, but LLMs are so
effective at producing high-quality output that this is easily satisfied. However, Colton
(2008) also relies on the process, and this leads to the same issue as above: we cannot point
to any specific function that drives the creative process. While it appears the LLM can
do more than its mechanisms suggest, there is no reliable way to establish, via analysing
the algorithm, how it performs the necessary conditions for creativity. Satisfying CC
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frameworks is not enough to establish what is responsible for the creativity of LLMs:
empirical observations are necessary to tease out what enables their creative behaviours.

Research Question 2 (Chapter 4)

Is temperature the universal creativity parameter of pure large language models?

Chapter 4 presents the first empirical contribution of this dissertation. Probing LLMs to
evaluate their behaviours is, in many ways, complex and requires careful consideration
of the experimental setup. In this chapter, I present a novel methodology for addressing
Research Question 2 by developing the idea of the exemplar object for LLMs, linking
Prototype Theory (Rosch, 1973; Rosch et al., 1976) and Exemplar Theory (Medin, Altom
& Murphy, 1984) from Cognitive Science to the greedy sample of any given prompt.
The exemplar object serves as a baseline for comparison with other objects generated
for different temperature parameter values. In the human evaluation experiment, parti-
cipants were tasked with assessing the creativity of stories based on the following criteria:
novelty, typicality, cohesion, and coherence. The answer to the research question is that
temperature as a universal creativity parameter of LLMs is far weaker and more nuanced
than suggested. The results show weak correlation with novelty and negative correlation
with coherence, meaning that the results did not fulfil all conditions of creativity for this
specific creative task.

Research Question 3 (Chapter 5)

Does instruction-tuning reduce the output diversity of pure large language models
for a narrative generation task?

The first part of Chapter 5 presents the second empirical contribution of this dissertation.
This question is aimed at establishing if a known phenomenon, a reduction in output
diversity due to instruction-tuning (Hämäläinen, Tavast & Kunnari, 2023; Chu, Chen
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& Nakayama, 2024; Kirk et al., 2024; Le Bronnec et al., 2024; Shypula et al., 2025), also
exists for a simple narrative generation task based on the Writing Prompts dataset (Fan,
Lewis & Dauphin, 2018). While the domain is the main difference with previous studies,
I also evaluate the diversity gap using metrics specifically designed for diversity: Vendi
Score (Friedman & Dieng, 2023) and Truncated Entropy (Ibarrola, Lawton & Grace,
2024). By using these metrics, the work expands our understanding of this phenomenon
beyond other common metrics based on distinct 𝑛-gram counts (e.g., Kirk et al., 2024)
or Precision and Recall (e.g., Hämäläinen, Tavast & Kunnari, 2023; Le Bronnec et al.,
2024). The answer to the research question is that the diversity gap phenomenon also
emerges in the narrative generation domain. Replicating this finding for a creative task
suggests that the effectiveness of the LLM may be negatively impacted when asking the
LLM to perform creative tasks, as diversity is considered a key component of creativity
(Jordanous & Keller, 2016).

Research Question 4 (Chapter 5)

Can a pure large language model produce more diverse output, and maintain quality,
by informing the instruction-tuned model using its associated base model?

The second part of Chapter 5 presents a decoding strategy motivated by the finding
that the diversity gap emerges for my narrative generation task. Since the base models
are more diverse than instruct models, I present a method, Conformative Decoding, that
reintroduces information from the base models into the decoding process with the aim of
making the outputs more diverse. To evaluate Conformative Decoding method, I follow
the diversity gap baseline established as part of Research Question 3 and additionally,
evaluate the outputs of a single model, OLMo 2 1124 7B, by human evaluation using a
direct comparison task, which showed no consensus. Since this concerns only a single
model, the resulting human evaluation does not generalise, and this should be addressed
in future work. The computational analysis shows a modest increase in diversity using
Conformative Decoding while maintaining quality across multiple models. The lack of
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consensus against or in favour of Conformative Decodingmay indicate that the difference
in diversity is too subtle to detect, or could be due to factors impacting judgements specific
to narrative generation. Research Question 4 is partially answered: from a computational
perspective, Conformative Decoding does produce more diverse output, suggesting
this is a promising direction. However, future work needs to address methodological
questions of how to empirically evaluate diversity. In the next section, I will address the
limitations of this work and set out this direction for future work.

6.2 Reflection

Generative AI is a rapidly evolving area of research, and requires substantial resources to
train and test these large neural networks. As such, this state of affairs poses significant
challenges for academic researchers, who aim to understand the capabilities of these
models, to keep up with the state-of-the-art and conduct experiments at the necessary
scale. This work is not without elements that require further reflection; therefore, in this
section, I reflect on limitations, discuss the impact and consequences of the findings, and
sketch ideas for future work.

6.2.1 Limitations

When doing empirical work, it is inevitable to make certain design choices along the
way, and as a result, the work in this dissertation contains elements that warrant further
reflection. In addition to the discussion and limitations in each of the chapters, this section
focuses on the generalisability of the findings and the conclusions. These limitations
provide opportunities for future work and could lead to a more nuanced and informed
understanding of the findings presented in this dissertation.
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Model, Prompt and Domain Choices

During the course of this research, new LLMs were released at a high frequency, each
often outperforming its predecessor. In any research that evaluates the behaviours of
LLMs, there is the question of which models to select. For computational evaluation, it is
relatively straightforward to evaluate many models if computing resources allow, but for
human evaluation, testing many models, prompts and hyperparameter settings rapidly
becomes infeasible.

LLMs require significant amounts of computational resources. In Chapter 4, I chose to
use Llama 2 70B Chat as it was state-of-the-art at the time, but required quantisation to
run the available hardware. Quantisation can have a significant effect on quality; even a
minimal reduction in floating point precision1 has an accuracy cost that can potentially
impact empirical observation. These kinds of models and hyperparameter choices all
impact the reproducibility and generalisability. In Chapter 5, I took a practical approach
focusing on smaller models that could fit on the hardware available, and I emphasised
open-source models (which also benefits research communities). Particularly, this latter
choice is more valuable for the research communities, as opposed to using closed-sourced
models like Anthropic’s Claude or OpenAI’s ChatGPT. Moreover, this means that my
results only apply to smaller models, although the diversity gap has been found to exist
for Llama 2 70B (Le Bronnec et al., 2024), making it likely that I would have found similar
results.

The research questions of this dissertation ask about general LLM behaviours regardless
of the creative domain. However, to investigate these questions, it has to be tested in
some domain. Since LLMs are language models, an obvious choice seems to be narrative
generation, as a domain that has a long history in CC (Gervás, 2009) and is sometimes
seen as the grand challenge of creative output. Language and narratives are, after all,
crucial for human cultural evolution (Tomasello, 1999). However, focusing on one domain
limits the breadth of the conclusion. In other domains, the evaluated models might show

1For more information on the quantisation effects for Llama 2 70B Chat, see https://huggingface.co/
TheBloke/Llama-2-70B-Chat-GGUF

https://huggingface.co/TheBloke/Llama-2-70B-Chat-GGUF
https://huggingface.co/TheBloke/Llama-2-70B-Chat-GGUF
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different results on jokes or poems, which could be better or worse, depending on the
training data. Similarly, the prompt could include additional information to provoke
different behaviours. Throughout the dissertation, the goal was always to minimise these
effects, but some variation will always be present. Future work needs to explore other
domains and models to further improve upon our current understanding of the findings.

Experimental Design and Criteria for Creativity

Human evaluation is expensive and complex for the kind of work presented here. In gen-
eral, evaluating creativity is not an easy task, as exemplified by the many CC evaluation
frameworks in existence. For human studies, the relevant questions are which criteria
to choose, and how to formulate the questions posed to participants. It is important to
make a case for what criteria to use (Jordanous, 2012), but it is not straightforward what
questions to ask and how to present those criteria to the participants (Lamb, Brown &
Clarke, 2018). This became especially apparent through the human evaluation in Chapter
5. It may initially appear preferable to let the participant decide what diversity means,
providing only pointers, but this task proved to be complex. Especially with narratives,
there are many possible dimensions along which one could consider diversity. However,
this kind of limitation opens up an interesting avenue for future work, as I will discuss
below, since it shows that in the CC community, we have clear ideas about what we
expect from a creative system, but how we ask to test certain properties is much less
defined. For generative AI in particular, this seems important, as the conclusion from
Chapter 3 tells us that we cannot rely on the model’s process for assessing the creativity
of these models.

Another important factor is the sample sizes available for these empirical experiments,
as they are by no means large, and participants are primarily from a Western European
demographic, most of them pursuing or in possession of university degrees. As such, it
is clear that the findings in this dissertation could require a more heterogeneous sample
to improve generalisability. In Chapter 4, I opted to evaluate just one model for this
reason, as we were only able to recruit participants from the Computational Creativity
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module at the University of Kent. For the human evaluation experiment in Chapter 5,
focusing on evaluating the decoding strategy on a single model, the participants were
sourced through my and my collaborators’ social networks. The participants, while
some were students on the Computational Creativity module, are not domain experts.
Although evaluation using domain experts is generally essential (Lamb, Brown & Clarke,
2018), this is also costly and difficult to do at a scale. However, as is clear from the texts
in appendices B.2, C.3, and C.4, these models do not generate anything too sophisticated,
meaning evaluation using non-experts is still informative.

With limited access to participants, it is difficult to get sufficient sample sizes to test each
experiment for multiple models. Computational methods can be effective in mitigating
some of these limitations, providing a general qualitative impression. Especially, the
effectiveness of computational methods which are specifically designed for assessing
diversity (Vendi Score and Truncated Entropy), generally strengthens the analysis and
conclusions, as these methods have been assessed for their effectiveness (Friedman &
Dieng, 2023; Ibarrola, Lawton & Grace, 2024). Nevertheless, it is important to keep in
mind that these methodologies differ. Computational methods allow computer scientists
to detect differences, while human evaluation detects whether that difference matters in
practice. Both are valuable, and should be used when needed.

6.2.2 Discussion

The technical discussion for each contribution are part the respective chapters. In this
section, Iwill discuss a broader view regarding the creative application of Large Language
Models and how it relates to CC.

Is evaluating pure LLMs useful or interesting?

When I started this doctoral project in January 2022, LLMs had not yet attracted wide-
spread attention. GPT-2 (Radford et al., 2018) existed, and it was excellent for fine-tuning
towards specific (creative) tasks (e.g., Sawicki et al., 2022). While more effective com-
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pared to other deep learning methods, it was not yet the breakthrough that ChatGPTwas.
LLM-based systems today are no longer just transformers; they are augmented in various
ways that enhance their capabilities beyond the discussion in Chapter 3. The research
findings of this dissertation focus specifically on the evaluation of pure LLMs, but the
results do not indicate any significant creative behaviours. The artefacts created by the
investigated LLMs are mediocre and are mostly interesting from a research perspective.
While the work here sheds light on the capabilities of pure LLMs, it appears that a more
fruitful direction is to view the LLM as a component that can address complex tasks
through natural language as part of a larger system.

The breakthrough of language models and multimodality has enabled the design of
intricate systems that can prompt computers to generate novel approaches. The primary
example is AlphaEvolve (Novikov et al., 2025), which uses an evolutionary algorithm
to evolve a population of LLM-generated ideas, with their fitness judged by a larger
LLM, ultimately generating novel ideas. This approach has already made progress in
identifying more efficient ways to multiply matrices of specific dimensions, which is not
insignificant since this is the fundamental operation for training neural networks. This
method is in large part successful because it generates code, which is executable and
testable. Creative domains might be more difficult to automate this way. AlphaEvolve,
Generative Agents (Park et al., 2023), and augmentations like FunSearch (Romera-Paredes
et al., 2024) are clearly techniques which augment LLMs and can potentially lead to more
interesting creative behaviours than sampling alone would.

Why did the “temperature paper” strike a chord?

The paper that is the basis for chapter 4 was positively received. The work itself is
a small and focused contribution, and is an attempt at addressing a simple question.
Researchers across many disciplines have shown interest in LLMs, considering their
potential applications and the role of the temperature parameter. Consequently, the
success of this paper is largely attributed to its timely nature. A common narrative was
that allowing more randomness in the generation process must enable creativity (Boden,
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1992; Grace & Maher, 2014). While some argue that randomness is sufficient for creative
behaviour (Simonton, 1999, 2023), others contend that it requires more (Ventura, 2016),
and Chapter 4 showed that for an unaugmented LLM, randomness may not be sufficient.
Randomness is necessary, but the greedy, or high-probability, outputs are often repetitive
and lack variation (Meister et al., 2023), and in general, are uninteresting (Mondol &
Brown, 2021b); this is not enough for creativity. This paper is one that addresses this
simple yet common line of thinking. Another reason for the success might be that this
paper seems to strike a balance between a feasible experiment and generalisability. There
was no methodology to test empirically how to approach this experiment, which further
complicates the issues with probing LLMs and the limitations mentioned above and in
Chapter 4. It is exemplary in showing that small-scale experiments can be meaningful.
It will be valuable to determine more precisely what creativity for LLMs entails, as they
are generally used as tools for supporting humans to work more productively.

What might generative AI mean for Computational Creativity?

Recent models are improving at a steady pace, leading to predictions and evidence that
entry-level white-collar jobs are being eliminated (Roose, 2025; VandeHei & Allen, 2025).
This dissertation began with an examination of what CC is and what its challenges are.
Given the substantial progress in the range of tasks that can be automated, I argue that, as
a field, it is necessary to reassess these challenges. The field has inadvertently expanded
into the area of Creative AI, which is gaining traction at major AI conferences2.

A key difference between the traditional CC system and generative AI is that the former
were typically employed as an extension of their creators. Perhaps LLMs and diffusion
models are no different, but they are, in fact, products that are used by consumers.
For example, AARON was continuously iterated upon as its creator, Harold Cohen,
added more rules (Boden, 1992). Similarly, Tony Veale has continuously improved upon
the abilities of Excalibur, eventually using an LLM as part of its generation process

2IJCAI has theAI, Arts andCreativity Track (IJCAI, 2024) and since 2023NeurIPS promoted itsworkshops
and showcases into a full Creative AI track (NeurIPS, 2023).
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(Veale, 2024). While these two systems can autonomously produce drawings and comics,
respectively, it is clear they are improved as their developers see fit; it is an extension
of their personal creative output. While Computational Creativity as a field is focused
on developing systems that are creative as judged by an unbiased observer (Colton &
Wiggins, 2012), I believe it is reasonable to question what these systems ultimately are.
The papers about those systems are blueprints for others to develop similar systems
with a specific purpose, but I am no longer certain that their authors intend them to
exist on their own. This is more evident because CC systems are usually closed-source
developed by academics (e.g., MEXICA Pérez y Pérez and Sharples, 2001 or Excelsior
Veale, 2022). LLMs are, in some sense, reshaping the kind of creativity to which we
aspire. Generative, or Creative AI, as a field, is expanding rapidly, with venture capital
driving research now that funders perceive AGI as within reach (Bubeck et al., 2023).
Some argue that we now have everything in place to achieve open-endedness to go even
further and achieve Artificial Superhuman Intelligence (Hughes et al., 2024). Although
there is much debate on the exact definition of AGI (Morris et al., 2024) and whether it
can be reached through scaling (Marcus, 2025), the fact that entry-level white-collar jobs
are being displaced suggests that jobs involving creativity may be next, as exemplified
by AlphaEvolve (Novikov et al., 2025). The more compelling creative use-cases of LLMs
and generative AI appear to lie in generating ideas, or snippets that inspire (McCormack
et al., 2024, e.g.), rather than full, complete artistic and musical artefacts. There is much
potential for LLMs when integrated in conversational interfaces to aid in ideation and
creative exploration (Sood, Llano & McCormack, 2025).

The world is being flooded with AI-generated imagery and text, which is then inde-
pendently published and sold on Amazon, printed via online webshops or promoted in
playlists on music streaming platforms. These works appear largely without value. Hu-
mans need to spend time creating, but also appreciating ideas, art, and music; however,
where to direct that time is an increasingly challenging choice. Simply prompting gener-
ative models alone does not seem the way to create significant works of art (McCormack
et al., 2023). In the next section, I call for a return to investigate the social processes and
interaction involved in creativity. I argue that a single LLM (or generative AI model in
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general) without augmentations is unlikely to produce anything novel and valuable on
its own. The stories generated for the experiments in this dissertation are by no means
impressive (see Appendices B.2 and C.4). Some artworks, due to their concepts, can only
be created once or by a specific artist; when others repeat the methodology, it amounts to
mere imitation. For example, only Jackson Pollock can create Jackson Pollock paintings,
and anyone who attempts to place a urinal in a gallery is simply copying Duchamp.
Similarly, only once can an AI-generated artwork enter and win a fine-art competition,
and make a global impact3. That said, generative AI is here to stay, and as exemplified
by AlphaEvolve, there is still considerable creative potential yet to be explored.

6.3 Have Large Language Models changed?

The development of and research on LLMs have made incredible leaps forward since the
release ofGPT-2 (Radford et al., 2019). Since conducting the research for the original paper
on which this chapter is based, much has changed. Many things that LLMs could do
that were surprising at the time are now normal. Much research is done that investigates
“Can LLMs do X?”, but there is also an increasing body of empirical work that shows
some parallels with human language learning (Millière, 2024), alignment with human
judgements (Dillion et al., 2023), and even correlations between LLM text embeddings
and brain activity upon observing the same text (Ren et al., 2025). However, LLMs,
fundamentally, have not changedmuch; they are still transformer-basedmodels based on
the original work byVaswani et al. (2017), except for activation functions and other tweaks
in hyperparameters andmodifications for training stability and downstreamperformance
(Team OLMo, 2025). Due to scaling of both architecture and data, better fine-tuning
approaches, multi-modality, API integration, Retrieval Augmented Generation (Lewis
et al., 2020), and so on, these models have become more advanced and productive. This
chapter is a reflection and response to statements and claims made in the time around
the release of ChatGPT (GPT-3.5) and GPT-4, so at the end of this chapter, I conclude with

3Théâtre D’Opéra Spatial by Jason M. Allen, 2022. See https://www.jasonmallen.com/
space-opera-theater

https://www.jasonmallen.com/space-opera-theater
https://www.jasonmallen.com/space-opera-theater
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a commentary discussing how LLMs have progressed since, and the implications of this
progress on the questions of this chapter. Additionally, in the commentary, I will further
reflect on the implications for LLMs applied toward creative tasks and the consequences
for CC evaluation frameworks.

6.3.1 Future Work

Aligning Criteria for Creativity with Human Evaluation Methodologies

The analysis in Chapter 3, and particularly, the human evaluation experiment in chapter 5,
suggests that the current frameworks and criteria do not necessarily allow accurate
evaluation of LLMs. A key issue might be that the computational methods do not align
well with human evaluation methods despite being designed to do so. For example, the
human evaluation experiment in Chapter 5 suggests the question of whether a human
evaluation measures the same kind of diversity as the metrics, or even if humans can
detect the required subtle differences in text. Computational evaluation of generative AI
outputs, as discussed in chapter 5, typically involves comparing model outputs using
distributional metrics such as relative entropy (Pillutla et al., 2021) and Precision & Recall
(Sajjadi et al., 2018). However, since these require reference data that exhibits the desired
criteria, it is crucial to validate that the intended property (e.g. diversity) is captured in
that data. Alternatively, there exist entropy-based metrics that measure diversity and
do not require reference data (e.g. Friedman & Dieng, 2023; Ibarrola & Grace, 2024).
Computational metrics are the first step in evaluating LLMs at scale, allowing detection
of initial differences in diversity. However, as discussed, it is difficult to establish that
a difference in diversity matters in practice through human evaluation, especially for
longer texts (Shaib et al., 2025). Human evaluation is costly, and it remains necessary
to validate computational results and ensure the ground truth aligns with the desired
criteria. It is essential for creativity evaluation in CC to reassess the criteria for creativity,
their meaning, and how we empirically evaluate in the context of generative AI and CC
models. One direction might be to investigate specific patterns in narratives more deeply
through human evaluation, and analyse how these patterns affect the computational
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metrics, following an approach similar to the work by Gooding and Grefenstette (2025),
but applied to conversation traces.

Verifying Creative Behaviours

The previous section calls for making creativity evaluation methodologies more effective
and practical; alternatively, there is room to explore interaction within the generation
process. This research direction is primarily inspired by conditional design4, a collab-
oration where humans follow rules and conditions to produce novel and interesting
artefacts.

Formal verification methods could be interesting to explore, as a way to guide creative
behaviours the agent by imposing constraints. For instance, Finlayson et al. (2024)
proposed the Basis Aware Threshold (BAT) decoding strategy, which verifies token
choices against the true distribution (i.e. when the LLM is perfectly optimised) using
linear programming (LP; Fletcher, 2000), which optimises an objective function given a set
of linear constraints. This method is for general language use, but its approach is novel,
using the softmax matrix of the LLM in the constraints. The key insight is that it can
potentially applied to multi-agent systems. Consider a main generator, a state-of-the-art
LLM, and several (LLM) agents that each are tuned to attend to some specific criteria. As
the main generator produces the next-token probability distributions, the goal is to verify
token choices using BAT sampling with respect to the other neural agents. Each agent
could be another generative neural network with a special purpose that models some
neural appreciation function (Ventura, 2019), a specific style (Sawicki et al., 2023b), or
certain types of documents. Investigating whether these kinds of methods can influence
and guide the behaviours of LLMs applied to open-ended text generation in the domain
of narrative generation can be a powerful research direction. It could potentially mitigate
some of the issues that currently exist for pure transformers, such as generating artefacts
of the wrong artefact class or about undesired topics.

4See https://conditionaldesign.org/

https://conditionaldesign.org/
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Beyond Pure Transformers: Social Creativity

From the discussion above, it is clear that moving beyond pure transformer is potentially
more fruitful to perform creative tasks meaningfully; indeed, this migration has already
happened. This involves iteratively generating and improving LLM outputs or letting
LLM-powered agents interact with each other, implying a social process amongst AI
agents. CC, as a field, should refresh the traditional approach of modelling cognitive
functions, for example, text interpretation, reflection and text production (Hayes, 1996)
for narrative generation, to induce creative behaviour in machines, and focus more
on the social aspects of creativity. The community already has solid foundations on
computational social creativity (CSC; Saunders & Bown, 2015) building upon work
by Csikszentmihalyi (1988) and Bown (2009, 2012). In the broader creativity research
community, a common narrative today is to view the nature of creativity as an assemblage
that depends on different elements from an environment and not just the creativity of
a human, such as the materials used in the creative process (Manta, 2018). Generative
AI could be one of those elements that integrate into our creative processes. While this
work predates LLMs and Generative AI, there is much to explore in adopting these
ideas with the current state-of-the-art. The systems view of creativity (Csikszentmihalyi,
1988) is relevant again as a blueprint for building these multi-agent LLM systems. While
systems such as FunSearch (Romera-Paredes et al., 2024) and AlphaEvolve (Novikov
et al., 2025) might already map onto this framework, there is still room to further explore
and understand how to design these interactions for the purpose of creative behaviour;
for example, when is iteration on current ideas important? When to pass an artefact on for
judgement? What is useful to share with other LLMs? Both FunSearch and AlphaEvolve
generate code which is easy to evaluate, as mentioned, but CSC and its background
can inform how we might make this work for more creative tasks. For example, taking
inspiration from a conceptual model of reviewing and critique (Brown & Peeperkorn,
2023) might be helpful to reason about such interaction and for developing LLMs tuned
to the domain of art critics or reviewers more generally. This call for renewing interest in
“social interactions” between LLM-powered CC systems aligns with the initial vision to
study Computational Social Creativity for this doctoral project (Peeperkorn, 2022); in



CHAPTER 6. CONCLUSIONS 136

that sense, this dissertation has come full circle.
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Appendix A

Supplementary Materials

for Chapter 3

A.1 TheSpectrumof theMereGenerationPrototypicalAlgorithms

Algorithm 1 Generation using a stochastic process.
1: create(𝐼)
2: 𝑎 ← {}
3: while not done do
4: 𝑎 ← 𝑎 + random_atom()

5: return 𝑎

Algorithm 2 Generation by plagiarising an inspiring set 𝐼.
1: create(𝐼)
2: 𝑎 ← random_select(𝐼)
3: return 𝑎
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Algorithm 3 Generation by memorising an inspiring set 𝐼.
1: create(𝐼)
2: model ← build_model(𝐼)
3: 𝑎 ← random_from_memory(model)
4: return 𝑎

Algorithm 4 Generation by generalising an inspiring set 𝐼.
1: create(𝐼)
2: model ← build_model(𝐼)
3: 𝑎 ← generalize_from_model(model)
4: return 𝑎

Algorithm 5 Generation by modelling an inspiring set 𝐼 and filtering candidate artefacts
via a fitness function fitness().
1: create(𝐼, fitness())
2: model ← build_model(𝐼)
3: while score < 𝜃 do
4: 𝑎 = generate(model)
5: score = fitness(𝑎)
6: return 𝑎

Algorithm 6 Knowledge-based generation by modelling an inspiring set 𝐼, employing a
fitness function fitness() and leveraging a knowledge base 𝐾.
1: create(𝐼, fitness(), 𝐾)
2: model ← build_model(𝐼)
3: while score < 𝜃 do
4: 𝑎 = generate(model, 𝐾)
5: score = fitness(𝑎)
6: return 𝑎



APPENDIX A. SUPPLEMENTARY MATERIALS FOR CHAPTER 3 191

Algorithm 7 Creative generation by modelling an inspiring set 𝐼 and leveraging a know-
ledge base 𝐾 followed by evaluating the perception of the generated artefact.
1: create(𝐼, 𝐾)
2: model ← build_model(𝐼)
3: while score < 𝜃 do
4: 𝑎 = generate(model, 𝐾)
5: score = evaluate(perceive(𝑎))
6: return 𝑎



Appendix B

Supplementary Materials

for Chapter 4

B.1 Questionnaire

The questionnaire consists of three parts. The first part contains the questions for the
creativity evaluation, followed by questions regarding the participants’ creative interests
and their stance towards generative AI. Questions are presented on a five-point scale
unless stated otherwise. Note that in the survey, we use ‘exemplar story’ to denote the
exemplar story. However, the principle of the evaluation task remains identical.

Evaluation Questions

• To what extent is the above story novel compared to the prototype story?

• To what extent is the above story typical compared to the prototype story?

• To what extent is the above story consistent (e.g. sentences are connected and
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characters, events and actions are used appropriately)?

• To what extent is it easy or difficult to follow and understand the above story?

Post-Evaluation Questions

• [open question] Can you describe your experience with writing (short) stories, if
any?

• [open question] Can you describe your experience with reviewing things you have
read, if any?

• How familiar are you with generative AI?

• How comfortable are you with generative AI being used in creative works, such as
art, music, and writing?

• [open question] Do you have any comments on how you approached evaluating
the stories in this study?

Definitions

• Novelty: A story is novel if it has something new or unusual.

• Typicality: A story is considered typical if it exhibits essential characteristics of a
story.

• Cohesion: A story is cohesive if the use of words and sentences are grammatically
consistent. Characters, events, and actions are used appropriately.

• Coherence: A story is coherent if it is easy to follow and understand its meaning.
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B.2 The Exemplar and Example Stories

The Exemplar Story (𝑡 = 0.0)

Once upon a time, there was a young girl named Maria. She lived in a small village nestled in the rolling hills of the

countryside. Maria was a curious and adventurous child, always eager to explore the world around her.

One day, while wandering through the village, Maria stumbled upon a hidden path she had never seen before. The path

was overgrown with weeds and vines, and it looked as though it hadn’t been used in years.

Without hesitation, Maria decided to follow the path. She pushed aside the branches and vines, and began to walk down

the winding trail. The path led her through the forest, and the trees grew taller and closer together as she walked.

As she continued on, Maria began to notice strange markings on the trees. They were unlike anything she had ever seen

before - strange symbols and patterns that seemed to glow in the fading light of day.

Maria’s curiosity grewwith each step, and she quickened her pace. She knew that she had to find out what these markings

meant.

After a while, the path opened up into a clearing. In the center of the clearing stood an enormous tree, its trunk twisted

and gnarled with age. The symbols and patterns that Maria had seen on the other trees were etched into the bark of this

tree as well, but they were even more intricate and complex.

Maria approached the tree, her heart pounding with excitement. As she reached out to touch the bark, a voice boomed

from within the tree.

“Who dares to disturb the resting place of the ancient ones?” it said.

Maria was startled, but she stood her ground. “I’m just a curious child,” she said. “I didn’t mean to disturb anyone.”

There was a long silence, and then the voice spoke again. “You have been chosen to receive a great gift,” it said. “Are you

willing to accept it?”

Maria nodded eagerly, and the tree began to glow with a soft, golden light. The symbols and patterns on the bark began to

move and shift, and Maria felt a strange energy coursing through her body.

When the light faded, Maria found that she had been given the power to communicate with the spirits of the forest. From

that day on, she used her gift to help the villagers and the forest creatures, and she lived a long and happy life filled with

wonder and adventure.

The end.
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Example Story (𝑡 = 1.0)

The sun was setting, and a group of friends had gathered on the beach to watch it go down. They sat in comfortable

silence, each lost in their own thoughts, as the sky transformed into a canvas of pink, orange, and purple hues.

Suddenly, a young boy appeared, walking towards them from the water’s edge. He was dripping wet, and his eyes were

wide with excitement.

“What did you find, little man?” one of the friends asked, as the boy approached.

“I found a message in a bottle!” the boy exclaimed, holding up a glass bottle with a piece of paper inside.

“To whoever finds this,

I hope this message finds you well. My name is Sarah, and I’m a pirate. I’ve been sailing the seas for years, searching

for treasure and adventure. I’ve seen so many amazing things, from dolphins playing in the waves to fierce storms that

threaten to sink my ship.

But the best part of my journey has been the people I’ve met along the way. I’ve made friends with merchants, fishermen,

and even other pirates. We’ve shared stories, laughed together, and sometimes, we’ve even saved each other’s lives.

I’m writing this message in a bottle, hoping that it will find its way to someone who will appreciate the adventure and

camaraderie that comes with life on the high seas.

If you’re reading this, I hope you’ll take a moment to think about the amazing things you’ve experienced in your own life.

And if you’re feeling adventurous, maybe you’ll even decide to set sail and see what wonders the world has in store for you.

Fair winds, Sarah the Pirate”

The group of friends sat in silence for a moment, taking in the message. Then, they all started talking at once, sharing their

own stories of adventure and camaraderie. They laughed and reminisced, feeling grateful for the chance to share their

experiences with each other.

As the sun dipped below the horizon, the group of friends raised their glasses (filled with whatever drink they had on hand)

in a toast to Sarah the Pirate, to adventure, and to the magic of messages in bottles. And who knows, maybe one day,

they’ll even set sail themselves, following in Sarah’s footsteps and creating their own stories of adventure and friendship.

Example Story (𝑡 = 2.0)

Once upon a time, there was a beautiful young woman named Anastasia. She was smart, kind, and full of life, with long

brown hair, deep blue eyes, and a bright, radiant smile. Ana was a gentle soul, loved by all who knew her, and she spent her

days helping those in need.
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One day, while out on a walk, Ana stumbled upon a hidden path she had never seen before. Curious, she decided to follow

it, and it led her to a clearing surrounded by tall trees. In the center of the clearing was a beautiful, ancient-looking statue

of a woman. Ana felt drawn to the statue and walked closer to examine it. As she reached out to touch it, she suddenly felt

a strange sensation, like a jolt of electricity running through her body.

When the sensation passed, Ana found that she was no longer alone. A handsome young man stood before her, dressed in

clothing unlike anything she had ever seen. He introduced himself as Mikhail, and Ana was struck by his kind eyes, sharp

jawline, and charming smile. Mikhail told Ana that he was a guardian, sent to watch over the statue and protect it from

those who would misuse its power.

Ana was fascinated, and asked Mikhail to tell her more. He explained that the statue was a symbol of love and hope, and

that it had been placed there by a wise queen centuries ago. The queen had imbued the statue with magical powers, which

would grant the deepest desires of those who approached it with a pure heart. But, Mikhail warned, the statue also had

the power to bring great destruction if used by those with malicious intent.

Ana was amazed by the story, and felt honored to have been chosen to meet Mikhail and learn about the statue’s secrets.

She knew that she had always had a pure heart, and she longed to help others, so she asked Mikhail if she could stay and

help him protect the statue.

Mikhail agreed, and together they worked to keep the statue safe from those who would misuse its power. Over time, Ana

and Mikhail grew closer, and they realized they had fallen in love.

Years passed, and their love only grew stronger. They were happy, but they knew their time together was limited, for

Mikhail’s duty as guardian was eternal, and Ana could not stay with him forever.

One day, a wicked sorcerer appeared, seeking to use the statue’s power to gain control over the kingdom. Mikhail fought

bravely, but the sorcerer was too strong. Ana knew she had to do something, and with a burst of courage, she stepped

forward and touched the statue.

The sorcerer was repelled, and as he fled, Ana realized that she had been granted the statue’s power. She felt a surge of

strength, and knew that she could now help Mikhail protect the statue, and the kingdom, from any harm that might come.

Ana andMikhail spent their dayswatching over the statue, using its power for good, and spreading love and hope throughout

the land. They knew they would always be together, bound by their love for each other, and their duty to protect the

magical statue and all it represented.

And so, they lived happily ever after, surrounded by the magic and beauty of the ancient statue, and the love that they

shared.
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Supplementary Materials

for Chapter 5

C.1 Questionnaire

The survey consists of two tasks: a diversity comparison task and a quality comparison
task. The participants are first presented with a diversity task consisting of 2 sets of 4
stories, then are asked to judge those same stories for quality. In total, the participants
evaluated 4 diversity tasks and the corresponding quality tasks.

Diversity Task

• [2 options] Which set is more diverse?

– Set A is more diverse.

– Set B is more diverse.

• [open question] Explain your choice in a few words.
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Quality Task

• [3 options] Which text is of higher quality?

– Text A is of higher quality.

– They are of equal quality.

– Text B is of higher quality.

• [open question] Explain your choice in a few words.

Pointers for the Diversity and Quality task.

• In the diversity task, the participant is given two sets of four texts and is told
their task is to select the set with higher diversity. This can mean different topics,
narratives, writing styles, the depth of the story, and so on.

• In the quality task, the participant is given two similar texts and is told their task is
to select the text that is of higher quality. This can mean fewer issues with grammar,
coherence, cohesion, fluency, repetition, and whether the narrative makes logical
sense.

C.2 Content Analysis Coding Scheme

This section gives the full coding scheme used for the content analysis of the participants’
written justifications, for the diversity task (Table C.1) and the quality task (Table C.2).
Coding is multi-label: a single explanation can receive several codes, so the counts in
Table 5.2 sum to more than the number of explanations.
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Table C.1: Coding scheme for the diversity task justifications.

Code Definition and example responses

Topic / theme /
narrative variety

Refers to the range or number of topics, themes, subjects, stories or
narratives covered; one set covering more or more distinct content.
e.g. “more topics”; “different narratives”; “The stories in set A seemed
to be more different”

Writing-style variety Refers to differences or variation in writing style, register, phrasing
patterns, or literary devices across the texts.
e.g. “different styles”; “more variety of styles – one used similes/meta-
phors while another was descriptive”

Structure / form /
formatting

Refers to structural or formal features: paragraph or sentence length,
rigid vs. changing structure, bullet points, white space, dialogue vs.
description mix.
e.g. “Shorter paragraphs”; “Using bullet points is very different”;
“more variety of length of sentences”

Vocabulary / word
choice

Refers to the words used: varied, different, difficult, interesting, or
descriptive word choice; word-level repetition avoided.
e.g. “higher usage of different words”; “Diverse set of words”; “More
difficult words”

Depth / detail /
descriptiveness

Refers to richness, depth of story, level of detail, or descriptiveness
(of surroundings, events, characters). Includes concrete, specific in-
formation (names, roles, particulars) as opposed to generic content.
e.g. “depth of the story”; “richer descriptions”; “Set B has more spe-
cific information (Marventhia, blogger for a wellness retreat center)”

Perspective / characters Refers to narrative perspective, grammatical person, points of view,
or the number/variety of characters.
e.g. “variety of grammatical persons”; “Different points of view”;
“more characters in set B with distinctive roles”
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Code Definition and example responses

Mood / tone / emotion Refers to variety in moods, tones, feelings, or emotional expressive-
ness of the texts.
e.g. “more variety in moods”; “more variety of tone”; “explains feel-
ings associated with the different incidents”

Repetition / sameness
within a set

Points to a repeated element or overall sameness within one set as
evidence it is LESS diverse (verbatim repeats, same scene, same motif
in all texts).
e.g. “set b has [the same line] twice so A is more diverse”; “Set B all
seemed to involve the Devil”; “The repeated use of 18 years makes
set B feel less diverse”

Quality / readability
judgment

A general quality or readability judgment rather than a diversity
feature per se: better written, easier to follow, more coherent, more
logical, more human, preferred.
e.g. “better writing style”; “Easier to understand”; “Coherence”;
“makes more sense”

Sets similar / uncertain
judgment

States that the sets are very similar, the difference is minimal, or the
decision was hard/gut-based/forced.
e.g. “They are very similar. This is a gut decision.”; “hard to say,
forced”; “Not much in it”

Uncodable Explanation too fragmentary or unclear to assign any substantive
code.
e.g. “Differe”

Table C.2: Coding scheme for the quality task justifications.

Code Definition and example responses

Logical / narrative
coherence & clarity

Text makes sense (or not): logical consistency, clarity, ease of follow-
ing, contradictions, confusing shifts
e.g. “makes more sense”, “contradicts itself”, “hard to follow”



APPENDIX C. SUPPLEMENTARY MATERIALS FOR CHAPTER 5 201

Code Definition and example responses

Word choice / phrasing Quality of vocabulary and phrasing; praise or criticism of specific
words or expressions
e.g. “better choice of words”, “pretentious”, “awkward phrasing”

Engagement / interest How interesting, exciting, captivating, or emotionally impactful the
text is (or boring/predictable)
e.g. “more captivating”, “boring”, “hits harder”

Pacing / length /
concision

Text is concise and well-paced vs. too long, over-explaining, dragging
e.g. “concise”, “takes very long to describe”, “overexplains”

Structure / flow /
readability

Sentence structure, fluency, readability, punctuation, formatting, over-
all writing craft
e.g. “more fluent”, “readability”, “better use of punctuation”

Grammar / spelling Grammatical or spelling errors and mechanical mistakes
e.g. “grammar mistakes”, “switching tense”

Repetition Repetitive words, phrases or constructions
e.g. “repetitive words”, “uses ‘you’ a lot”

Imagery / description /
detail

Vividness, descriptive detail, figurative language, ability to picture
the scene
e.g. “easier to imagine”, “more descriptive”, “more adjectives, meta-
phors”

Narrative content / story Quality of the story itself: plot, world-building, context/information
given, dialogue, realism
e.g. “better story”, “more context”, “hint of a plot”

Perceived authenticity
(AI vs human)

Text reads as human-written and authentic vs. AI-generated
e.g. “looks more like human-written”, “written by AI”

No substantive reason /
undecided

Pure preference, tie-breaker, or explicit indecision without a quality
argument
e.g. “just a pick”, “hard time deciding”, “gut feeling”
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C.3 Sample of Stories for Human Evaluation

In this section, I present sets of stories generated using OLMo 2 7B 1124 (Team OLMo,
2025) for specific prompts. The incipits are shown in italics and are appended to the
prompt. Response A and B refer to the baseline, nucleus sampling (𝜂 = .95) and nucleus
sampling with conformative decoding (𝜂 = .95, 𝛾 = 0.5), respectively. Note that the
stories are truncated to ease human evaluation and may end abruptly.
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C.3.1 Prompt 9AL5oSnr

Prompt

<|endoftext|><|user|>

Writing prompt: On the day you turn 18 everyone is given the first words that their soulmate will speak to them. When

you receive yours it says simply ”Welcome to Starbucks. Can I take your order?”

Write a story.

<|assistant|>

Response A Response B

Eviemightn’t have spoken themagicwords that had appeared

on my bedside table a few months ago, but she’d given me

everything else – laughter, warmth, shared secrets, and

an unwavering trust that I’d found in no one else. Yet

today, the world chose to whisper her first words to me

as I crossed the threshold of a Starbucks, a place I never

would have thought had any significance in my life.

At 18, like everyone else, I woke up to a neat line of text

glowing softly on my bedroom wall, words that promised

a singular moment with my soulmate. I’d thought about

what they might say a million times, imagining something

profound or poetic, something that would resonate with

the connection I felt for Evie.

“Welcome to

Eviemightn’t have spoken themagicwords that had appeared

on my bedside table a few months ago on my eighteenth

birthday, but it seemed the universe had conspired to have

them delivered in another way. The letter arrived in the

mail, marked “Private & Urgent,” so I tore it open during

breakfast only to find an invitation to a local coffee shop.

“Starbucks?” Mom questioned when I showed her the

invite. “Isn’t that just a franchise?”

“Yeah, but this one’s probably the most famous one,” I

reasoned. I shrugged and decided to take a walk, looking

for the place. When I arrived, I noticed it was actually the

legendary Starbucks that opened in Seattle over 50 years

ago, with a sign that
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Response A Response B

I drove to the nearest Starbucks and checked out its workers

from outside. Neither attracted me in this location. Should I

order for delivery? It was unusually peculiar receiving the

first words of my soulmate through a drive-thru speaker.

As I walked in, my breath caught. Sitting at a small table

by the window, with a hot cup of coffee in front of her,

was a woman who looked as though she belonged in a

book about 18th-century France. Dressed in an off-white

blouse with lace frills at the collar and cuffs, a black pencil

skirt that hugged her curves just right, and her hair was

piled atop her head in a neat bun, held together by a single,

elegant pin. Her deep blue eyes, framed by

I drove to the nearest Starbucks and checked out its workers

from outside. Neither attracted me in this location. I went

in anyway, orders already decided in my mind. I handed

the cashier my phone. She scanned it and a dot of purple

appeared beneath my name. “Jordan,” she said.

“Hello Jordan,” I replied in a friendly tone. I smiled weakly

as she moved away to prepare my order. I took a seat at

the outdoor table and waited.

Five minutes later, the barista approached mewith awarm

smile. Her eyes sparkled a deep shade of blue, like the

Caribbean sea at sunset. Her hair was dark and curly, the

kind of hair that seemed to attract sunlight. As she placed

the coffee in front of

I remember when my obsession was at its worst. It was the

fall of 2033. Iwas an incessant coffee drinker, constantly

jonesing for my next caffeine fix. Yet nothing could have

prepared me for the day I turned eighteen.

You see, in that futuristic world, a peculiar tradition had

been established: on the day one became an adult, one

was gifted with the first words their soulmate would ever

speak to them. This had been sold to us as a magical

moment, a confirmation of an essential other half placed

into this universe to complete our lives.

Fast forward to my eighteenth birthday. The air was dense

with anticipation; my friends and family stared at me with

curious expressions as I reached out to receive the text

message that

I remember when my obsession was at its worst. It was the

fall of 2033. I was 18 years old, had just turned 18, and

the very first words my soulmate was meant to say to me

were “Welcome to Starbucks. Can I take your order?”

My friends thought it was the weirdest thing ever, but

something about it struck me. It wasn’t just because of

the caffeine addiction I’d developed, or the countless times

I’d been in Starbucks, sipping on a caramel macchiato

while browsing Instagram or texting. Therewas something

strangely comforting in those words, something familiar

and predictable, and yet they held an elusive promise of

uniqueness. Every time I thought about my soulmate ut-

tering those words, I felt a tingling sensation
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Response A Response B

It was odd, really, the idea that you could determine whether

a person would be worth everything to you with just a few

words. Emma had laughed it off when her best friend

told her about the unique tradition in their small, quaint

town: on your 18th birthday, you’d receive the first words

spoken by your soulmate.

“Crazy superstition,” Emma thought. Nevertheless, she

kept an open mind. It was quaint, after all.

Today was the day. Emma sat nervously across from her

best friend Lily at their favorite outdoor café. Friends and

familywere scattered around, each carrying hopeful smiles

and curious eyes. Emma pulled nervously at her sleeves,

trying to conceal her jitteriness.

The moment approached, and as Emma blew out her

It was odd, really, the idea that you could determine whether

a person would be worth everything to you based on the

first words out of their mouth. It was almost absurd, and

yet that was the world we lived in—where destiny was

decided in the most mundane moments.

Today, my eighteenth birthday, I had been anticipating this

exact moment for months. In a few hours, I would be an

adult, and I fully expected my soulmate to greet me with

something profound, something romantic, something that

would define the essence of my existence. I had imagined

deep declarations of love, or at least some poetic greeting

that would make my knees weak.

What I got instead was “Welcome to Starbucks. Can I take

your order?” My eyes flew up
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C.3.2 Prompt QLj3GUh7

Prompt

<|endoftext|><|user|> Writing prompt: A peaceful alien race is besieged by another race in the same galaxy. As their

last planets fall and their home-world comes under threat they do the unthinkable. They ask for aid from the only

known creatures more brutal than their foes in exchange for FTL technology. Humans accept the deal.

Write a story. <|assistant|>

Response A Response B

“They’ve taken Marin, sir .”

The Quelic minister sighed, his head in his claw. The mural in

his office painted a much different future– one of vibrant

blues and greens, rather than blood-red streaks. “The

entire Alpha Quadrant is ablaze. We’ve fallen back to

Talara... and they’ve laid siege to her.”

“They?” General Abethek’s voice was cold, unforgiving–

much like the rifle in his talons that had claimed so many

foes.

“The Eregls, my General. The ones you thought could be

held at bay with mere threats.”

Abethek’s eyes narrowed, a low rumble vibrating through

his scaled throat. “We underestimated them. They’ve not

only matched our

“They’ve taken Marin, sir .”

The Quelic minister sighed, his head in his claw. They had

expected resistance, butMarin had been a bulwark of their

efforts, a shining example of how Quelic tenacity could

lead to peace. Minister Zoril turned from the monitor and

looked out over the city below, bathed in the emerald glow

of the forest canopy. The lights flickered intermittently, a

dim reflection of their dwindling hope. “We cannot hold.”

“Sir, we’ve lost contact with Skaliv. Svaris has reached the

planet’s surface. They are-”

“They are what they’ve always been; conquerors. We

cannot hold.”

Minister Zoril knew that all too well. His ancestors
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Response A Response B

“We left them there to study!” Proclaimed the executor.

Clearly outraged by the suggestion. Slamming his fist onto

the galactic atlas.

“They may be... Brutal.” Muttered the president, her voice

wavering. She glanced at her military advisor, seeking

solace in her most trusted counsel.

The advisor met her gaze firmly. “Your Majesty, we must

consider our options. These Zentari have refused all previ-

ous offers for peace. Our scientists have barely scratched

the surface of their technology, and they continue to ad-

vance at an alarming rate. They will not stop at Zentar,

nor will they allow us the study of FTL propulsion we so

desperately need to maintain our own dominance in the

galaxy.”

The room fell silent, all eyes on

“We left them there to study!” Proclaimed the executor.

Clearly outraged by the suggestion. Slamming his fist on

the desk. “How could you even consider it!? We’ve spent

lifetimes trying to correct the mistakes of the past!” He

spluttered. His face red with anger.

The admiral remained calm, “This isn’t about the past. This

is about the future. The Legions of Nebez are on the verge

of crushing the Iketus’ home-world. If they win, there will

be no humanity left in the galaxy. They may even attempt

to expand beyond our known space, inflicting their war

machine on the entire galaxy. We cannot let that happen.”

He said, his voice was calm and measured.

The executor

4288 AD –When the Rykis attacked, we were unprepared.

Our race believes in diplomacyand the inherent goodness of

all species. But the Rykis, with their relentless aggression,

tore through our borders like a swarm of locusts. Each

battle left our forces more depleted, and our once-famed

Starfall Fleet dwindled under the Ryki onslaught.

As their fleets closed in on our final planets, desperation

clutched our hearts. With our homeworld of Zenthara

hanging by a thread, our leaders convened in the Great

Hall. It was there we faced the unthinkable – to seek

out the only known creatures more feared than the Rykis:

Humans.

The very word brought visions of ruthless

4288 AD –When the Rykis attacked, we were unprepared.

Our race believes in peace above all. It is a pillar of our

civilization. Yet, our belief proved to be a fatal weakness

when the Rykis descended upon us. At first, we thought

it was a simple misunderstanding, a mistake that would

soon be corrected. But as planet after planet fell under

their inexorable onslaught, it became clear that this was

no mere misunderstanding.

Our scientists were astonished to discover that the Rykis

were far more advanced in their knowledge of warfare

than any beings we’d ever encountered. With the seem-

ingly limitless ferocity of the Krkaxian warriors, the Rykis

conquered planet after planet in the Orathian galaxy,
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Response A Response B

The towers were under siege. The walls were falling. The

Philka were pouring through the outer gates, their dull gray

skin glinting with the spoils of a thousand conquered

worlds. They wielded their war-hammers with mechan-

ical precision, chipping away at the Philian defenses like

immovable statues.

For countless eons, the Philanthians had lived in harmony

with their home-world, a planet lush and vibrant. Their so-

ciety had advanced along peaceful lines, dedicating them-

selves to the arts and sciences, fostering a culture of en-

lightenment rather than warfare. But now, they faced an

existential threat, one that had obliterated entire star sys-

tems, and their peaceful ways were proving ineffective

against the relentless onslaught.

In the heart of the Capital

The towers were under siege. The walls were falling. The

Philka were pouring through the outer gates, their armor

black as the void between stars, their flesh a deep blue

that hinted at the oceans their planet was known for. With

each step, the Philka let out a haunting cry that sang of

the coming doom, of a people crushed beneath the might

of those who would erase the galaxy of their name.

The alien race called the Inikawere known for their pursuit

of peace and harmonious coexistence across the stars.

Their biology was a constellation of delicate iridescent

membranes and delicate tendrils, and their eyes shone

with the vibrant colors of an autumn leaf. However, even

the most peaceful races have a breaking point, and for
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C.3.3 Prompt O_dYD-a_

Prompt

<|endoftext|><|user|> Writing prompt: Write a story based on your favourite song. Other people have to guess which

song it is.

Write a story. <|assistant|>

Response A Response B

Ah yes, he tought, it finally ends, this bloody battle...

And end it did, as silence engulfed the battlefield after the

final clash of steel. Sir Roland, the once-feared knight

now broken and weary, collapsed onto the ground, the

weight of his armor and the weight of his countless battles

pressing down on him. His vision blurred, and he felt his

consciousness slipping away like sand through his fingers.

Yet, in that fleeting moment before the darkness claimed

him, a soft melody drifted through the air. It was a strange

tune, not quite fitting the somber mood of defeat, yet un-

deniably beautiful. Sir Roland’s ears perked up, his fading

mind grasping onto the tune as if it were a lifeline.

Ah yes, he tought, it finally ends, this bloody battle...

And end it did, a mighty clash against a foe with an undying

spirit of revenge.

Loud explosions and cries of pain echoed through the air,

but the ominous figure remained motionless, in a trance-

like state. His armor was torn and marked with countless

scars, barely holding together, and his once proud face

now appeared weary and worn.

A ray of sunlight pierced the clouds above, revealing the

name of the weary warrior: Viktor, the feared Lord of the

North.

He opened his eyes and saw his enemies lying lifeless all

around him. As he stood up, his entire body ached with

pain and exhaustion. His long gray hair was filled with
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Response A Response B

I live a life of wealth so obscene it’s impossible for me to

write the lyrics that relate to common dreams. Instead, I

ride through city lights at night with windows down and

laughter, the hum of my car engine drowning out sounds

of struggle, while others have it hard. Sometimes, it’s

hard for me to remember the touch of cold concrete, the

desperation in the air, and how the beat of a different song

once told a story of that life so raw.

There was a time when all I knew were the pulsating

rhythms of electronic beats and the high notes that

shattered glass—a symphony crafted for the privileged

few. But during one particularly clear autumn evening,

with a cool breeze brushing against my skin and the sky

painted with hues of orange and

I live a life of wealth so obscene it’s impossible for me to

write the lyrics that relate to an average man. I tried once

or twice, but my words fell flat. They lack the touch of

someone with less money, with less fame, with a simpler

life, one that feels real to those reading it. I gave the job

to a ghostwriter. They did an okay job. The lyrics weren’t

bad, but they were forgettable. They were generic and

couldn’t ignite the spark in the hearts of my fans like I once

did. So, I had a better idea.

I would abandon the style I had become known for; the

style that made me famous. I would reimagine myself,

crafting a new image that didn’t rely on my

I sat alone and in the dark, and drank. I tried to recall anything

that gave my life a semblance of purpose, but my memory

was hazy and clouded in drunken mist. My phone screen

lit up my face in the dim, casting long shadows in the room

strewn with empty bottles. The familiar sound of a text

message ping echoed hollowly in the silence.

Without glancing, I swiped to open it. A simple message,

but it felt like a lifeline: “Thinking of you.”

The song lingered in my mind, its lyrics weaving a bitter-

sweet tale of waning days and impossible love. It played

in an endless loop, a haunting melody that wouldn’t let

me drift into the blackness of alcohol-induced

I sat alone and in the dark, and drank. I tried to recall anything

that gave my life a sense of purpose, and nothing came to

mind. My heart was heavy and my vision blurred; the days

blended into one long, seemingly endless night. Every sip I

took brought me further from myself, but I welcomed the

numbness, because that meant one thing: I didn’t have to

feel the pain anymore.

I missed her.

Her voice, once sweet and melodious, now seemed to

whisper cruelly in my ear, “You let me go, and look where

it’s gotten you.” I shook my head. I couldn’t recall any

moment of a conversation that went like that; it was my

own mind, playing tricks on me. It wasn’t
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Response A Response B

I watched him bite his lip again and check his phone. Come

on, lady, pull yourself together. It’s just a date. Alex had

convinced me to meet up at our favorite local diner, Little

Jenny’s. The place smelled of fresh pies and old records,

a nostalgic mingling that transported me back to simpler

times. The air was filled with the static buzz of vinyl, and

the jukebox, an old friend, sporadically sang outwith tunes

from the 50s and 60s, sprinkling the conversation with

familiar melodies. Alex ordered a chocolate malt, thick

and comforting, and I opted for a strawberry milkshake,

cold and sweet, just what I needed.

Our servers, Jamie and Sam, knew us both by name

I watched him bite his lip again and check his phone. Come

on, lady, pull yourself together, he’s just a boy. As the band

kicked into another electric guitar riff, I took a deep breath

and met his gaze. Why was this so hard?

His eyes were a stormy grey, like the ocean after a storm.

They crinkled at the corners when he smiled, and I knew

that smile meant I was the center of his world for this

moment. I couldn’t resist.

I took a step closer, close enough that I could feel the

vibration of the bass drum thumping against my chest. He

met me halfway, closing the gap between us like it was

meant to be.

Suddenly, he reached out and took my hand
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C.3.4 Prompt 9yGMKlz-

Prompt 9yGMKlz-

<|endoftext|><|user|> Writing prompt: There are many types of Mages in the world. Fire, Ice, Wind, Water, Death,

Darkness, to name a few. But in this world, every type of mage is treated as equal. Everyone can be a good guy, no

matter how dark your power. And anyone could be a bad guy, no matter how beautiful their ability ...

Write a story. <|assistant|>

Response A Response B

“Thank you for coming,” Bette said, wiping the tears from her

eyes. “I know... it’s a lot to take in.”

Nolan nodded solemnly, his gloved hands clasping to-

gether. He took a deep breath, trying to convey all the

support he could muster through his steady gaze. Bette

had always been the strongest of them all, but today, the

weight of the darkness that lay within her heart seemed

to double.

They were in Bette’s modest, yet warmly lit apartment.

The walls were adorned with the various Runes of Magic,

each glowing softly, casting an otherworldly light across

the room. Bette had long been a prodigious master of the

Dark Arts, a mage whose mastery over shadows and

“Thank you for coming,” Bette said, wiping the tears from her

eyes. “I know this is a lot to ask, but—”

“We’re your friends, Bette,” said Elric, the reigning master

of Fire Mages. “We’ll do what we can to help you.” His

eyes glowed a deeper red than usual, his flames dancing

gently around him.

Bette swallowed hard, looking around at the gathered

Mages. Her small farmhouse was filled with people she

had grown to love and respect over the years. There were

two Earth Mages, aWindMistress, and even a healer from

the Order of Light, who had come to offer their skills in

support. No matter what powers they held, they were

here,
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Response A Response B

“Why? Why are you doing this?”

“So that all may benefit .”

“Please, stop. This madness must end.”

A single tear traced the dirt-streaked cheek of the young

water mage named Elara. She had spent years mastering

her craft, not for dominion over the living waters, but to

heal and to help. Now, the very essence of her power

was warped into a weapon of mass desolation, channeling

water not to nourish but to drown.

Her opponent, a figure swathed in cloak so deep and void

it seemed to devour the ambient light, let out a chilling

laugh, sending a shiver through the air thicker with dread

than with cold.

“The stronger survive, Elara. The

“Why? Why are you doing this?”

“So that all may benefit .”

“Please, stop!”

Silence. An eerie calm, as if the world had suddenly held

its breath. Jorin, a young mage of the arcane, once revered

in his village for his mastery over the elements, now stood

in the heart of the ruined temple. His hands, raised high,

had unleashed torrents of death and decay, transforming

life into ash in mere moments. Before him, lay the lifeless

forms of the village’s elders, those who had sought to

understand the ancient magic he had awakened. A ghastly

scene, but one borne of necessity, or so Jorin believed.

“You cannot be serious. We sought to

Distant rain signaled to Tuvo that the attack had begun. The

smell of burning leather passed his nose as the door to his

humble dwelling splintered beneath a relentless barrage.

He stood resolute, not out of malice but with the calm

focus of a seasoned mage, his hands open and serene.

In this world, mages were as varied as the stars, each

wielding forces both awe-inspiring and terrifying. Fire

mages would dance among the flames, conjuring heat that

could melt the strongest of armors. Ice mages formed

bridges of ice that spanned the widest chasms or blade-

edged walls to defend their allies. Wind mages wove gales

into intricate patterns of slicing death, while water m

Distant rain signaled to Tuvo that the attack had begun. The

smell of burning leather passed his nose, and he could taste

the sharp tang of ozone and magic in the air. His eyes

darted to the north, where dark clouds billowed even

before the dark mages descended from the sky.

As a bearer of the Marks of the Wind, he was a fairly

rare commodity, but not so rare as to be exceptionally

valuable. Mages with elements as delicate and precise

as wind often were over-looked for more flashy displays

of power, but Tuvo found his capabilities indispensable

to his people. He stood as a silent sentinel, the breeze

around him constantly shifting as he willed it, diverting

the incoming spells just enough to turn

Response A Response B

Most people assumed that I most love night time after all how

could amage likeme not love the cover of darkness provided

by the night sky? But the truth is, I feel most alive when

the world awakens. The glowing hues of the dawn, the

warm touch of the sun, the rustle of the wind through the

leaves, and the gentle chirping of birds heralding a new

day - these were my signals to feel empowered. Because

when the sun rose, so did I, and my abilities thrived in the

day.

My name is Elara, and I’m what some might call a “Light

Mage.” Others might label me “Day Mage,” or “Sunlight

Mage,” for I command the light that bathes the world in

Most people assumed that I most love night time after all how

could a mage like me not love the dark? They didn’t know.

They couldn’t understand. I am a Night Mage. Not by

choice. I don’t have wings or antlers; I have nothing that

youwould consider impressive aboutmyappearance. I live

in shadows, afraid that if I step into light, I’ll be exposed.

The others call me a “Shade”, the people fromother schools

call us lesser. They call us weak, unable to wield the mag-

nificent power of Fire, Ice, or even the Healing Magic that

makes the High Mages into celebrities. Death Mages are

whispered about in hushed tones, Death Wielders some-

how better than the rest, because
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C.4 Sample of Stories from Conformative Decoding Experiment

This section contains an example of stories generated in the conformative decoding
experiments for each model. The incipit is formatted in italics and was part of the
prompt. The stories are generated up to a token limit and may end abruptly. Three dots
indicate that the story was truncated to fit the page for presentation purposes.
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C.4.1 gemma-2-9b-it

Prompt 9yGMKlz-

<bos><start_of_turn>user

Writing prompt: There are many types of Mages in the world. Fire, Ice, Wind, Water, Death, Darkness, to name a few.

But in this world, every type of mage is treated as equal. Everyone can be a good guy, no matter how dark your power.

And anyone could be a bad guy, no matter how beautiful their ability ...

Write a story.<end_of_turn>

<start_of_turn>model

Response A Response B

“Tracey, don’t do this. You have the power in your hand,

but...,” Kaia trailed off, her voice a mix ofworry and despair.

Tracey ignored her, eyes fixed on the flickering candle

flame in front of her. It danced with the hint of a smile,

her Light magic curling around it, making it blaze brighter.

“Don’t tell me what to do, Kaia,” Tracey said, her

voice tight. “This time, they won’t stop me.”

The room was small, crammed with dusty books

and arcane artifacts. A single rain-streaked window

framed a view of the city, its usually bustling streets

eerily quiet tonight. This was the refuge they had built

together, a sanctuary for mages shunned by the world for

their unusual abilities. Kaia, a skilled Earth mage, could

manipulate the very ground beneath their feet, while

Tracey, a Light mage, could bring forth beams of radiant

power.

But tonight, Tracey’s power felt different. It hummed

with an unfamiliar intensity, tinged with a cold, almost

manic edge. She craved the flame, the burn, the ability to

vanquish the darkness that had ensnared their city.

“They can be reasoned with, Tracey,” Kaia pleaded,

her own magic flaring, a tremor running through the

floorboards. …

“Tracey, don’t do this. You have the power in your hand, but...

but it’s not your right to take it.”

The girl with obsidian hair, pale skin, and eyes that

glowed with a dark purple light clenched her fist. A small,

flickering ball of pure darkness rolled in her palm, growing

and expanding with each tremble.

“I’m doing it for them, father. I’m freeing them.”

Her father, a tall, imposing figure with a thick beard,

stepped closer. His own eyes were a fiery orange, the

flames dancing within them. A single hand rested on his

hip, the other clutched around a staff of polished wood,

runes carved into its surface, glowing with a soft, white

light.

“No, Tracey. You are not freeing them. You are tak-

ing their souls, their memories, their very essence. You’re

turning them into empty shells!”

His voice cracked, the anger beneath the surface

threatening to burst. The light in his eyes grew brighter,

casting the entire room in a warm glow. Tracey’s face

hardened, her gaze unwavering.

“There’s nothing left of them, Father. They are already

dead. Can you feel it?” …
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C.4.2 OLMo-7B-0724-Instruct-hf

Prompt 9yGMKlz-

<|endoftext|><|user|>

Writing prompt: There are many types of Mages in the world. Fire, Ice, Wind, Water, Death, Darkness, to name a few.

But in this world, every type of mage is treated as equal. Everyone can be a good guy, no matter how dark your power.

And anyone could be a bad guy, no matter how beautiful their ability ...

Write a story. <|assistant|>

Response A Response B

“This is very, very wrong.”

Erwan dumped the body in the cart. Turning to his

companion, he said, “Let’s go.”

The two of them, Eliana and Erwan, were known

as Wind and Water mages, respectively. They had the

ability to manipulate the elements, but unlike many of the

other mages, they had chosen to use their powers for

good. They traveled the land, performing small tasks and

tasks of great importance, never asking for anything in

return. Eliana’s ability to manipulate the air allowed her to

heal the sick, while Erwan’s control over water facilitated

construction and transportation. They were the protect-

ors of theweak, walking the line between right andwrong.

But in this world, every type of mage was treated

as equal. Every good man could be a mage, and every evil

one could be as well. And that’s how Erwan and Eliana

found themselves in the cart, along with other mages

they knew to be good.

They had learned of a dark group of mages, known

as the Darkest Ones, who had secretly been working to

take over the world. The group consisted of those who

wielded the darker elements, such as Death, Darkness,

and Fire, as well as those who wielded nature’s most

destructive forces.…

“This is very, very wrong.”

Erwan dumped the body in the cart. Turning to the

next victim, he pushed the ramshackle carriage down

the cobblestone street. The ever-burning sunset on this

side of the world marked the beginning of another night.

Another night for the Mages.

Erwan was a Death Mage. He moved through the

streets of the once-proud human city like the silent hunter

that he was. He would destroy the lives of those poor

souls, unleashing the everlasting flames of his demons

upon their imperfections. He would lay waste to them

and their loved ones until their very essence was wiped

from the Earth. Just as his father had taught him. For

every death, there would be another one. He was here to

bring balance to the world. And nothing would stand in

his way.

As his dark cart bounced down the road, he saw

the destruction he wrought and occasionally leered

over the bodies of his victims as he passed by. He was

never satisfied, only deadly. The bodies were simply

the stepping stones on his march to becoming the most

powerful Death Mage in the land. Erwan would not rest

until there was not a single living soul left, save only his

dark master.

Erwan stopped in a dark, abandoned alley, pushed

a member of his unwanted pack out of the cart, and

turned the man to face him.…
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C.4.3 OLMo-2-1124-7B-Instruct

Prompt 9yGMKlz-

<|endoftext|><|user|>

Writing prompt: There are many types of Mages in the world. Fire, Ice, Wind, Water, Death, Darkness, to name a few.

But in this world, every type of mage is treated as equal. Everyone can be a good guy, no matter how dark your power.

And anyone could be a bad guy, no matter how beautiful their ability ...

Write a story.

<|assistant|>

Response A Response B

Most people assumed that I most love night time after all

how could a mage like me not love the cover of darkness

provided by the night sky? But the truth is, I feel most

alive when the world awakens. The glowing hues of

the dawn, the warm touch of the sun, the rustle of the

wind through the leaves, and the gentle chirping of birds

heralding a new day - these were my signals to feel

empowered. Because when the sun rose, so did I, and my

abilities thrived in the day.

My name is Elara, and I’m what some might call a

“Light Mage.” Others might label me “Day Mage,” or

“Sunlight Mage,” for I command the light that bathes the

world in benevolent radiance. Our lore suggests that my

kin and I should be aligned with goodness and purity, for

it is from the sun that our powers are fed. Our light can

heal, brighten, and banish the shadows of despair with

but a gesture or a word.

But let’s dispel a common misconception right from the

start: the association between a mage’s element and

their moral compass is nothing more than a tired stereo-

type, a relic from a timewhen fear dictated understanding.

In our society, an Enlightened Era had dawned, centuries

ago, where it was understood that the nature of one’s

magical affinity did not define their heart.…

Most people assumed that I most love night time after all

how could a mage like me not love the dark? They didn’t

know. They couldn’t understand. I am a Night Mage. Not

by choice. I don’t have wings or antlers; I have nothing

that you would consider impressive about my appearance.

I live in shadows, afraid that if I step into light, I’ll be

exposed.

The others call me a “Shade”, the people from other

schools call us lesser. They call us weak, unable to wield

the magnificent power of Fire, Ice, or even the Healing

Magic that makes the High Mages into celebrities. Death

Mages are whispered about in hushed tones, Death

Wielders somehow better than the rest, because they

bring about an end and take the dead to their afterlife.

But it’s not like they have a choice.

Even the Wind Mages, seen as almost supernat-

ural beings, dance with the breeze. Then you have the

Water Mages, who can control the flow of water to an

almost godly extent, and they often have luxurious houses

by rivers and lakes. I’ve never even been near a lake, let

alone lived by one.

As for Darkness Mages, they’re often shrouded in

mystery. No one knows if their powers are truly dark or if

they just prefer to keep to themselves.…
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C.4.4 Mistral-7B-Instruct-v0.3

Prompt 9yGMKlz-

<s>[INST] Writing prompt: There are many types of Mages in the world. Fire, Ice, Wind, Water, Death, Darkness, to

name a few. But in this world, every type of mage is treated as equal. Everyone can be a good guy, no matter how dark

your power. And anyone could be a bad guy, no matter how beautiful their ability ...

Write a story.[/INST]

Response A Response B

OfWizards, it is known that they are highly dangerous beings

of terrific power.Their arts are as varied as the elements

themselves, from the fiery pyromancer who scorches the

earth with his flame, to the ethereal ice mage, weaving

chilling tundra at her fingertips. Wind mages call forth

tempests, whipping leaves into a frenzy, and water mages

summon aquatic monstrosities from the deepest oceans.

Even the darkest arts of death and darkness have their

practitioners, crafting deathly plagues and pitch-black

shadows. Yet, in this world, they are treated as equals,

for it is not their power that defines them, but their actions.

Deep in the heart of the bustling city of Vellara,

the Academy of Arcane Studies served as a beacon

of hope, a place where young mages were taught to

harness and control their abilities for the betterment

of all. Mages of every type were welcomed, from the

innocent, wide-eyed apprentices who could barely control

a spark of fire to the seasoned warriors with experience

in ancient wars. Even those practicing the darkest arts

were allowed to study, provided they vowed to use their

powers only for the good of others.

Among the students was a mage unlike any other.

His name was Malakai, and he possessed a power that

few had ever seen. Malakai was a Necromancer, a master

of death, able to manipulate the spirits of the departed

and bend them to his will.…

OfWizards, it is known that they are highly dangerous beings

of terrific power.Their presence on the mortal realm has

been a subject of fascination and fear for centuries. The

great magical rifts of the world, divine conduits that

unleash the raw energies of the cosmos, provide the

necessary fuel for these beings, and it is said that they

draw their power from the very essence of theworld itself.

The Wizards themselves have been classified into

several categories, based on their magical affinity. There

are the Pyrokinetic Wizards, whose power is based in fire;

the Cryokinetic Wizards, who wield the power of ice; the

Aerokinetic Wizards, who manipulate the elements of

wind; and the Hydromancers, who are able to control the

vast depths of water.

And then there are the Wizards of the arcane, the

mysterious Darkness and Death Wizards, who harness

the raw power of the void itself. These wizards are said

to have the greatest power of all, but also the most

destructive, and it is no wonder that they are feared and

shunned by most mortal beings.

It is a common belief that the power of a Wizard is

determined by the nature of their magic, and this has led

to an unequal society. The Darkness and Death Wizards

are often seen as threats to the safety of the realm, and it

is believed that their power is innately evil, no matter how

they use it.…
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C.4.5 Meta-Llama-3.1-8B-Instruct

Prompt 9yGMKlz-

<|begin_of_text|><|start_header_id|>user<|end_header_id|>

Writing prompt: There are many types of Mages in the world. Fire, Ice, Wind, Water, Death, Darkness, to name a few.

But in this world, every type of mage is treated as equal. Everyone can be a good guy, no matter how dark your power.

And anyone could be a bad guy, no matter how beautiful their ability ...

Write a story.<|eot_id|><|start_header_id|>assistant<|end_header_id|>

Response A Response B

The master stood in a black robe, dark winds blowing through

the street. Dark mana was giving off a dark energy aura.

No one would ever judge him for what he was. In

this world, Mages came in all forms - some dark and some

light, but all held the same value and respect.

He stepped out of the alleyway into a bustling square in

the heart of a bustling city. Around him, he could see

the effects of Fire Mages walking through the streets,

weaving subtle warmth and light through the colors and

thermal expanses within city lights. The bright colors

depicted the magic emanating from within their bodies.

As they interacted with one another, Dark Mage

smiled softly. He would’ve been hunted in many other

worlds.

His own abilities were innate, connected directly

to the ’inner void’ that came from connecting to the

underworld of his aura. Some things were easier to put

into practice, his emotions less likely to raise worry about

the blackness within.

Across the way, a white dragon casting shimmer-

ing figures on the wall illuminated with the essence of

water swirling around his being, approached him.…

The master stood in a black robe, dark winds blowing

through the street. Dark mana was giving off a horrid

stench of death. What kind of mage could master such a

morbid power? Some people whispered his name was

Shadowheart, the world’s greatest dark mage.

In an alley a few streets away, a hooded figure sat,

peering out. This mage was kind of a shut-in, only coming

out to observe the people below. The darkness gathering

around him was so dark it seemed to consume the light.

Many people called him Nightshade, the great darkness

mage.

The people who feared Nightshade was the most

were those who were mortally afraid of the night. Those

living in their tiny huts of homes made of wood, the

thought of darkness engulfing them was unbearable. But

the others who walked the streets by night, the urchins

and street children who were only scared when there

was no streetlight, often taunted Nightshade. They were

insolent brats.

Shadowheart watched these children taunting Night-

shade, at least, that was what everyone called him. To the

untrained eye, he was nothing but an evil man in black,

but the people in the streets seemed to see something

more. Shadowheart was a god in their eyes. They didn’t

fear him, yet they didn’t truly believe they could defeat

him either.…
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