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Abstract

Within the domain of Computational Creativity, Procedural Content Generation
(PCG) in multimodal domains presents challenges in modal alignment, diversity, and
coherence. Although recent generative AI models, including Large Language Models
(LLMs), have demonstrated improved cross-modal capabilities, they frequently
struggle with balancing autonomy and control to produce creative, high-quality
artefacts. This thesis explores how generative AI can be structured to enhance
diversity, coherence, and evaluation in multimodal PCG, with a focus on text and
image generation. This work addresses the fundamental question: how can AI be
guided to generate novel, high-quality, and semantically aligned artefacts across
modalities?

To this end, the research introduces four key approaches: Firstly, evolutionary
quality diversity algorithms are combined with generative models to improve output
diversity in image generation while maintaining semantic relevance.

Secondly, the MAP-Elites algorithm is augmented with Transverse Assessment to
explore multimodal search spaces, discover diverse solutions, and improve coherence
across text and image generation.

The third approach demonstrates CrawLLM, a zero-shot generative pipeline that
uses LLMs to orchestrate the creation of game levels, narrative elements, and visual
assets for a video game, ensuring thematic consistency and content structure.

The last approach builds on CrawLLM by incorporating the LLM-driven pipeline
into an adaptive evaluation loop to dynamically assess and regenerate underper-
forming artefacts, improving overall quality and thematic fit.

These contributions advance methodologies for multimodal PCG by integrating
generative AI with structured evaluation and optimisation techniques. The findings
provide novel insights into search-based creativity, LLM-driven generative orches-
tration, and AI-assisted evaluation frameworks, with applications in computational
creativity, game design, and digital media generation.
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1

Introduction

The interdisciplinary domain of Computational Creativity (CC) has emerged soon after
the earliest advances in Artificial Intelligence (AI), in the 1960s and 1970s, with the
purpose of exploring how machines can emulate, support, or enhance human creativity.
It challenges conventional notions of creativity, expands the boundaries of art and design,
and drives forward innovative applications in technology and industry. Research within
this domain, in particular Procedural Content Generation (PCG), has tried to address the
intricate challenge of creating content across domains like art, music, writing, and design.
This involves balancing technical constraints, aesthetic values, and contextual relevance.

1.1 | Challenges in Machine Creativity
Unlike human creators who adapt fluidly to constraints, such as style, thematic setting,
and culture, machines struggle to integrate these facets into cohesive and meaningful
outputs. This is attributable to the lack of broad understanding of the generative algo-
rithms of the domains they are applied to. The ‘knowledge’ of these models is limited to
the information they are provided with, or in the case of Neural Networks (NNs), the
relations they surmise within their training datasets or processes.

Compounding the problem is the fact that there exists no absolute measure of quality
for the produced artefacts. Dewey [51] argues that art is a personal and interactive expe-
rience, varying widely depending on the viewer’s emotions, context, and interpretation.
Consequently, there is no single universal aesthetic which is a ‘golden standard’ and
evaluation of generated artefacts, whether resulting from PCG or human creation, is
highly subjective.

Employing AI to generate content in a directed manner, or to generate content
across different modalities highlights this problem. Automated systems often excel
in narrow, domain-specific tasks but lack the holistic understanding needed for multi-
modality. For example, creating an artwork involves not just generating visual elements
but also appreciating context, emotion, and purpose. Colton et al. [34] discuss how PCG
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algorithms often fall short in appreciating or imagining beyond predefined parameters,
resulting in outputs that can feel mechanical or unnatural.

Multiple assets generated across multiple modalities normally need not only to be
relevant and have value, but also to be coherent, increasing the complexity of evaluation
for generative algorithms. The domain of games itself is an apt example of the importance
of coherence between modalities. Liapis et al. [124] define the primary facets of games
as being visuals, audio, narrative, levels, rules, and gameplay. Within most games, all these
facets are aligned towards the same objective, carefully designed to be coherent and
support each other to generate a holistic experience for players. However, generative
algorithms often address a single facet and struggle to interpret or align multiple domains
within their operation. Addressing all modalities concurrently is challenging without
extensive knowledge of each domain.

So is PCG doomed to fail in creative tasks? Ritchie [173] argues that generated arte-
facts can be considered creative if they possess novelty, quality, and typicality. Novelty
itself is bounded by typicality; an artifact that is overly typical may result in being
unoriginal, while one that is too atypical risks being irrelevant. Quality is subject to
an evaluation, which determines whether or not the artefact may be deemed valuable,
useful, or aesthetically pleasant, depending on its nature. It is therefore useful to frame
evaluation within these parameters.

1.2 | Contemporary Generative AI
Recent advances in Generative Artificial Intelligence (GenAI), such as ChatGPT [154] and
diffusion models [175], have brought leaps in quality of generated assets, and observable
capabilities in cross-modality. They are progressing the State Of The Art (SOTA) towards
bridging across multiple forms of input such as text, image, or audio, to generate cohesive
cross-modal outputs. One particularly attractive feature for multimodal generation
that these models possess is their understanding of natural language input, which is
used to constrain their outputs without requiring dedicated parametrisation. Semantic
comprehension also endows them with the ability to assess artefacts through the modality
of text. This offers an improved evaluation mechanism, and suggests that they can be
used in feedback loops to improve generation pipelines. Text in generative models
also provides a human-readable intermediary format which is understandable without
any requirement for specialised training about anything other than the problem being
addressed. It can be used as an input (or output) format at different stages to log progress
within a generative pipeline, or, due to its very nature, also as an editable control in a

2



Chapter 1. Introduction 1.3. Towards Generative Controlled Autonomy

Human-In-The-Loop (HITL) system. Such systems adopt a co-creative approach to asset
generation, involving a human designer as the evaluator of the creation process, with the
algorithm merely acting as a muse, proposing options to kindle creativity.

1.3 | Towards Generative Controlled Autonomy
For GenAI to be effectively used for multimodal PCG, there must be a strategic balance
between autonomy, or the system’s ability to independently generate creative output, and
control, or the capacity of human users or systems to guide and constrain the generative
process within the desired bounds of quality, coherence, and relevance. Striking this
balance is critical for adhering to domain constraints while ensuring the generative
outputs meet creative criteria such as diversity and novelty.

In relation to the Frame, Aesthetic, Concept, and Expression (FACE) and Iterative
Development - Execution - Appreciation cycle (IDEA) models of creativity proposed by
Colton et al. [34], the author of this thesis argues that recent generative models exhibit
characteristics which align, at least partially, to the FACE model as they demonstrate:

Frame: The context or framing is provided through natural language input, which
constrains their output and imparts purpose or direction to the generated artefacts.

Aesthetic: Outputs from these models increasingly exhibit qualities that satisfy human
aesthetic expectations, particularly for text fluency and image composition.

Concept: Their semantic understanding allows for the generation of conceptually rele-
vant artefacts that correspond to input prompts in meaningful ways.

Expression: The technical execution of these concepts, possible through sophisticated
model architectures and training methodologies, is optimised and accessible.

Despite these promising attributes, such systems still struggle to integrate these facets
into a cohesive whole when operating in multimodal contexts.

The reciprocity between autonomy and control is imperative for addressing the
persistent challenges of achieving coherence, diversity, and semantic relevance across
modalities, while also navigating the subjective nature of creativity and evaluation.
These challenges reveal a pressing need to explore innovative approaches that combine
the strengths of foundation1 GenAI models with complementary methods to enhance
multimodal content generation.

1Large models trained on extensive corpora, often on specialised hardware and at considerable financial
cost.

3



Chapter 1. Introduction 1.4. Research Questions

This thesis takes a step towards addressing these challenges by investigating how
advanced generative models can be integrated into functional pipelines to produce
cohesive, diverse, and high-quality artefacts across text and image domains.

1.4 | Research Questions
Assessing algorithms in terms of creativity is certainly an ambitious goal in and of
itself; there are several thriving communities of researchers whose endeavours target
specifically this objective. This thesis, therefore, is more distinctly set to explore the ways
in which GenAI models may be used within the domains of text and image generation,
since these are the most mature technologies currently available.

More explicitly, the following questions are addressed:

RQ1 How do evolutionary Quality Diversity (QD) algorithms enhance the semantic
alignment and diversity of outputs generated by foundation models in multimodal
PCG?

RQ2 How does an explicit structuring of multimodal search spaces, or the metrics used
to traverse them influence the effectiveness of exploration strategies in generating
coherent and diverse outputs?

RQ3 To what extent can Large Language Models (LLMs) direct multimodal genera-
tive pipelines to improve coherence, diversity, and overall quality in functional
problems such as games?

RQ4 Which metrics and assessment frameworks are most effective for evaluating and op-
timising coherence, diversity, and quality in the outputs of multimodal generative
systems?

This set of questions is formulated to analyse and assess various aspects of multimodal
text and image generation. They aim to explore GenAI’s potential to redefine PCG in
multimodal creative domains, and to propose structured methodologies for its utilisation.
The questions outlined will not be addressed sequentially within this thesis. Rather,
they establish a framework of objectives that will be explored through a collection of
experiments.

1.4.1 | Key Concepts and Operational Definitions
Throughout the process of interpreting and investigating the research questions, this
text makes reference to a set of evaluative concepts, namely quality, diversity, semantic
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alignment, and structuring. These terms are widely used in CC but their meanings are
neither universal nor uncontested. This section therefore introduces explicit operating
definitions for these concepts as they are used throughout the thesis, clarifies their
scope and limitations, and outlines how they are approximated through computational
measures in the subsequent experimental chapters. Importantly, the definitions provided
here do not claim to capture these concepts in their entirety. Instead, they attempt to
establish a shared interpretative framework within which the experimental results of this
thesis should be understood.

1.4.1.1 | Quality

In creative domains, quality is an inherently subjective, context-dependent, and norma-
tively defined construct. It has been argued that there exists no universal or objective
standard by which creative artefacts can be definitively judged [51, 173]. Within games
research, quality may variously refer to aesthetic appeal, functional adequacy, player
experience, or thematic appropriateness, depending on the framing of the task. In this
thesis, quality is operationalised as the degree to which a generated artefact satisfies
task-specific functional, semantic, or thematic constraints, as approximated by automated
evaluation metrics and, where applicable, human judgement. Across the experiments
presented in the following chapters, quality is assessed using proxies such as semantic
similarity scores, fitness values within optimisation processes, LLM-based evaluations,
and user-study responses. These measures serve as consistent and reproducible indica-
tors of task-aligned adequacy but do not claim to capture holistic aesthetic or experiential
quality. As such, quality in this work should be interpreted as relative and instrumental,
with the purpose of enabling comparative evaluation rather than absolute judgement.

1.4.1.2 | Diversity

Diversity is a central concern in PCG and CC, often associated with notions of novelty,
exploration, and avoidance of mode collapse [114, 123, 150]. However, diversity is not a
singular construct. It is dependent on the representation space, the chosen features, and
the level of abstraction at which variation is considered.

In this thesis, diversity refers to the degree of variation among generated artefacts
within a population or archive, measured with respect to explicitly defined behavioural,
semantic, or perceptual features. Diversity is quantified using feature-space distances
(e.g., colour statistics, perceptual similarity, or text embeddings), archive coverage in
QD algorithms, and counts of distinct assets selected during iterative regeneration.
These measures capture structural or representational diversity rather than experiential or
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interpretive diversity. Consequently, while they are effective for analysing exploration
behaviour and population spread, they do not necessarily account for how diverse
artefacts may be perceived by human players or designers.

1.4.1.3 | Semantic Alignment

Semantic alignment is a critical concept in multimodal generation, particularly when
text and image modalities are expected to cohere around shared meaning or intent
[166]. In practical terms, semantic alignment implies that different representations
express compatible concepts, themes, or narratives. In computational systems, however,
semantic alignment can only be inferred indirectly.

In this thesis, semantic alignment denotes the degree of correspondence between the
intended meaning expressed in textual prompts and the content expressed in generated
artefacts across one or more modalities. Semantic alignment is primarily approximated
using shared embedding spaces of multimodal pre-trained models, supplemented by
human user studies. It is important to note that such measures reflect statistical align-
ment within learned representational spaces rather than semantic understanding in
a human sense. Accordingly, claims about semantic alignment in this thesis are lim-
ited to measured correspondence rather than semantic comprehension or interpretative
meaning.

1.4.1.4 | Structuring

The concept of structuring is central to the contributions of this thesis and warrants explicit
definition. In the context of generative systems, structuring concerns how generative
processes are guided, constrained, and decomposed to balance autonomy with control.

In this thesis, structuring refers to the explicit imposition of intermediate representa-
tions, constraints, evaluation stages, or search-space organisations that guide generative
processes toward coherent, diverse, and task-relevant outputs.

Structuring manifests in different forms across the four experimental studies pre-
sented in this work [34, 122, 231], which are presented in Section 1.5. In all cases,
structuring is not treated as a limitation on creativity, but as a mechanism for enabling
controlled exploration and coherence in complex multimodal domains.

1.4.2 | Construct Validity and Scope
The measures used throughout this thesis should be understood as proxies for the con-
structs defined above, consistent with established methodological discussions of con-
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struct validity in CC and PCG research [34, 173]. Their validity is therefore necessarily
partial: each measure captures certain aspects of a construct while omitting others. Rather
than claiming that these measures are the constructs themselves, this thesis adopts a prag-
matic stance, evaluating whether the measures are sufficiently sensitive, consistent, and
aligned with theoretical expectations to support comparative analysis and optimisation.

Evidence for the effectiveness of these measures is provided through convergent
results across multiple experiments, observed trade-offs between quality and diversity,
comparative baselines, and human validation where applicable. The implications and
limitations of these choices are revisited in Chapter 8, where the findings are discussed
in relation to the research questions and the broader goals of CC research.

1.5 | Contributions
This work focuses on the generation of content within the text and image domains,
using recent GenAI models specifically. With these conditions, the research questions
are explored through four different approaches to the use of foundation models for PCG,
namely:

EXP1 Combining evolution and backpropagation: The first method explored is the
combination of evolutionary algorithms with backpropagation, to diversify the
outputs of a text-aligned image generation model. This technique takes advantage
of the population-based evolutionary algorithm to assess images vis-a-vis each
other in order to diversify a set of images. This is accomplished via a multi-objective
Novelty Search with Local Competition (NSLC) algorithm [115] which optimises
image fitness to the semantic prompt while simultaneously promoting diversity.

EXP2 Multimodal search space illumination: For this approach, an improvement on the
MAP-Elites quality diversity algorithm [150], dubbed MAP-Elites with Transverse
Assessment (MEliTA), is proposed for multimodal outputs, in this case text and
an accompanying image. The search space is segmented in terms of behavioural
characteristics chosen for each modality and a solution space of better fitting
individuals is gradually built. This results in a range of solutions spanning a range
of properties, which may be equally desirable.

EXP3 Zero-shot multimodal pipeline: The next study utilises a LLM to direct and
orchestrate a pipeline that generates various narrative and visual assets for a
video game created for this purpose, CrawLLM. The pipeline is made up of LLM
instances for the output text as well as to generate semantic prompts for Stable
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Combining Evolution
and Backpropagation

Multimodal search
space illumination

Zero-shot 
multimodal pipeline

Iterative
multimodal pipeline

Image (1) Image (1) + Text (1) Images (74) + Text (24)
 "Hidden" Text (78) 

Images (74) + Text (24)
 "Hidden" Text (78) 

Output

Search Evolutionary
Multi-objective

Evolutionary,
MAP-Elites ++

Zero-shot Generate and test

Objectives Text to image fitness,
Image diversity

Text to image fitness,
Text & image diversity

None Theme fitness,
Text & image diversity

EXP1 EXP2 EXP3 EXP4

Figure 1.1: The four studies carried out throughout this work are shown,
illustrating their methodologies.

Diffusion XL (SDXL) image generators [162] to maintain coherence. A user-study
was conducted to assess whether the generated assets retained coherence to the
seed setting prompts.

EXP4 Iterative multimodal pipeline: The final study advances the CrawLLM pipeline
to dynamically assess diversity and fitness throughout the generative process, to
identify the least performing assets and subsequently regenerate them. Depending
on which approach is taken, this results in improved overall quality or diversity
across the range of artefacts.

Through these methodologies, laid out visually in Figure 1.1, the thesis illustrates
a range of use-cases for GenAI models, and the ways that different algorithms may be
applied to promote coherence and diversity across modalities. The principal contribu-
tions to the domain of CC are therefore the proposed algorithms and methodologies
mentioned above, which also highlight several ways in which multimodal generated
content may be assessed and applied to practical applications.

1.5.1 | Publications
Throughout the course of this research, the author has contributed to the field through a
number of papers which have been published in peer-reviewed journals and conferences.
These papers are listed below:

1. Zammit, M., Liapis, A., & Yannakakis, G. N. (2026). CrawLLM: An LLM-Based
Pipeline for Game Asset Generation. IEEE Transactions on Games, Special Issue on
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Large Language Models and Games. [Accepted for Publication]

2. Zammit, M., Liapis, A., & Yannakakis, G. N. (2024). CrawLLM: Theming Games
with Large Language Models. In Proceedings of the IEEE Conference on Games (IEEE
CoG) 2024.

3. Gallotta, R., Todd, G., Zammit, M., Earle, S., Liapis, A., Togelius, J., & Yannakakis,
G. N. (2024). Large Language Models and Games: A Survey and Roadmap. IEEE
Transactions on Games. [Early Access]

4. Zammit, M., Liapis, A., & Yannakakis, G. N. (2024). MAP-Elites with Transverse
Assessment for Multimodal Problems in Creative Domains. In Proceedings of the 6th
International Conference on Computational Intelligence in Music, Sound, Art and Design
(EvoMUSART).

5. Zammit, M., Liapis, A., & Yannakakis, G. N. (2022). Seeding Diversity into AI Art.
In Proceedings of the International Conference on Computational Creativity. [Awarded
Best Student Paper]

Publications 1 and 2 detail the work carried out in EXP3, whereas publication 4 and
5 relate to experiments EXP2 and EXP1 respectively. Other publications by the author
related to other work in the field of games in pedagogy are listed below for reference:

■ Zammit, M., Voulgari, I., Liapis, A., & Yannakakis, G. N. (2022). Learn to Machine
Learn via Games in the Classroom. Frontiers in Education, 7.

■ Zammit, M., Voulgari, I., Liapis, A., & Yannakakis, G. N. (2021). The Road to
AI Literacy Education: From Pedagogical Needs to Tangible Game Design. In
Proceedings of the European Conference on Games Based Learning.

■ Voulgari, I., Zammit, M., Stouraitis, E., Liapis, A., & Yannakakis, G. N. (2021).
Learn to machine learn: Designing a Game Based Approach for Teaching Machine
Learning to Primary and Secondary Education Students. In Proceedings of the ACM
Interaction Design and Children (IDC) conference.

1.6 | Structure of Thesis
This document is structured as follows:

Chapter 2 presents an overview of the algorithms which form the technical basis of the
methodologies used throughout the following chapters.
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Chapter 3 reviews work in the domains related to this thesis, giving an overview of the
SOTA, and describing the most notable contributions therein.

Chapters 4 through 7 respectively detail studies EXP1 to EXP4 listed in Section 1.5 above.
Each Chapter describes the experiments carried out, the methodologies used, and
the results obtained.

Chapter 8 discusses the collective findings of the conducted experiments and how these
may answer the research questions.

Chapter 9 concludes the thesis and proposes avenues for further research in this field.

1.7 | Summary
This chapter outlined the research objectives, which leverage recent GenAI models for
multimodal content creation within text and image domains. It introduced four novel
approaches: a study combining an evolutionary algorithm with backpropagation, an
enhanced MEliTA algorithm for exploring multimodal search spaces, the CrawLLM zero-
shot pipeline for coherent asset generation, and its iterative variant for refining diversity
and thematic alignment. Four key research questions were posed to address diversity,
semantic alignment, multimodal pipeline orchestration, and evaluation methods. These
contributions aim to advance CC and set the stage for exploring the related work and
SOTA in the next Chapter.
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2

Related Technologies

The term PCG is widely accepted to refer to the algorithmic generation of digital game
assets through heuristic, stochastic, or Machine Learning (ML) processes, whereby nu-
merous pieces of content may be produced with minimal direct human authoring [201].
Although, in theory, the domain of PCG is not strictly tied to games, it is generally under-
stood that there is an enduring link to it. GenAI, in contrast, is a broader term referring
to computational systems that learn patterns from immensely large corpora of existing
data in order to create new artefacts that emulate human-crafted outputs [7]. Although
the definition is broad, and technically encapsulates all generative models, its contem-
porary use is often associated with the SOTA foundational models [177] which achieve
near-human level of quality in their output, such as recent chatbots, and text-to-image
models.

This Chapter aims to describe those technologies which have contributed to the
development of contemporary PCG and GenAI. It outlines the algorithms which are at
the core of the methodologies used in the rest of this thesis. This text is by no means
comprehensive of the extensive body of work related to these two domains. The objective
is merely to describe the most influential algorithms that have paved the way for the
ensuing work, and which will be referred to occasionally. The following algorithms are
not presented in exact chronological order, although there is a modicum of historical
progression in the way they are conferred.

2.1 | Evolutionary Algorithms
Among the numerous classes of generative algorithms, Evolutionary Algorithms (EAs)
have constituted a particularly significant category and have seen extensive application
across diverse procedural generation tasks. They constitute a family of population-
based optimisation methods that emulate the adaptive processes observed in biological
evolution. These algorithms, whose origin dates back to the 1960s and 1970s, operate
by iteratively improving a set of candidate solutions through mechanisms analogous
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to genetic inheritance, mutation, and natural selection [91]. They are fundamentally
algorithms which optimise a set of solutions towards one or several objectives.

Fundamentally a number of components comprise an EA. Each candidate solution,
often referred to as an individual or phenotype, is encoded into a concise representation,
a genotype, which can be subjected to genetic operations. Common encodings include
sequences of bits, where each bit (gene) contributes to the phenotype, real-valued vectors,
or alphanumerical string representations. However these may become more convoluted
as the complexity of the modelled system increases. A fitness or utility function f (x)
needs also to be defined as a measure that evaluates the quality of solution x. Higher
fitness indicates superior performance when the goal is maximisation; for minimisation
problems, a suitable transformation (e.g. negation) is applied. At every iteration, a
selection mechanism chooses parent individuals for reproduction, usually on the basis
of their fitness. Many strategies may be employed for this process, such as roulette-
wheel selection, where selection probabilities are assigned proportionally to fitness;
tournament selection, where the fittest individual is chosen from a randomly sampled
subset; and rank-based selection, where selection probabilities are assigned by sorted
fitness rank [91].

Genetic operators are applied to the selected individuals. Crossover (or recombination)
is used to combine genetic material from two or more parents to produce offspring; in
binary-encoded representations, one-point or two-point crossover is commonly applied,
while in real-valued encodings, techniques such as simulated binary crossover are fre-
quently utilised [92]. Mutation is introduced to select individuals to maintain genetic
diversity by randomly altering its genotype. In binary strings, this is typically achieved
by flipping bits with a low probability, whereas in real-valued vectors, small Gaussian
perturbations are often applied.

Replacement, or survivor selection, is then conducted to determine which individuals
proceed to the next generation. Generational replacement involves the complete sub-
stitution of the parent population by offspring. Steady-state replacement allows only
a few offspring to replace less fit individuals, and elitist replacement ensures that the
best-performing individuals are preserved, thereby promoting consistent improvement
in population fitness over successive generations.

Table 2.1 shows the typical workflow of an EA, indicating the operation and applica-
tion of the elements just described.

Genetic Algorithms (GAs) are considered a specialised subset of EAs, characterised
by their specific use of selection, crossover, and mutation operators inspired by biological
evolution. They are distinguished from other evolutionary algorithms by their use of
fixed-length, often binary-encoded representations; a strong emphasis on crossover as
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Step Description
1 Initialization: Generate an initial population {xi}N

i=1 of size N, typically at
random.

2 Evaluation: Compute fitness f (xi) for each individual.
3 Selection: Select parents based on fitness-biased probabilities.
4 Crossover: Exchange genetic material among selected parents to produce

offspring.
5 Mutation: Apply random perturbations to offspring to maintain diversity.
6 Replacement: Form the new population according to the chosen replacement

strategy.
7 Termination Check: If a stopping criterion is met (e.g., maximum generations,

convergence tolerance), terminate; otherwise, return to Step 2.

Table 2.1: General workflow of a prototypical Evolutionary Algorithm

the primary variation operator; fitness-proportionate or tournament-based selection
mechanisms; and a survivor selection process that replaces most or all of the population
each cycle. While EAs encompass a broader class of population-based optimisation
methods, GAs are defined by these specific representation schemes and reproduction
mechanisms [91, 92].

Problems which focus on optimising a single property are referred to as Single-
Objective Optimisation (SOO) problems, and are represented by a scalar function f (x)
that needs to be minimised (or maximised). The aim is to identify a solution x∗ that
satisfies

x∗ = arg min
x∈Ω

f (x),

where Ω denotes the search space. In GA terms, fitness is directly related to f (x),
potentially via a transformation if the algorithm expects maximisation. Single-objective
GAs excel at rugged, multi-modal landscapes where gradient information is unavailable
or unreliable [91, 92].

Many practical problems however, require optimising multiple objectives simul-
taneously, such as f1(x), f2(x), . . ., fM(x), which often conflict with each other. The
Multi-Objective Optimisation (MOO) problem seeks to minimise all objectives at once:

Minimise f(x) =
(

f1(x), f2(x), . . . , fM(x)
)
, x ∈ Ω.

Since no single solution typically optimises all M objectives simultaneously, the
concept of Pareto optimality is employed: A solution x∗ ∈ Ω is considered Pareto-optimal
when no other feasible solution x ∈ Ω exists that performs at least as well in all objectives
while performing strictly better in at least one objective. In mathematical terms, no
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solution x can satisfy
fi(x) ≤ fi(x∗) ∀ i ∈ {1, . . . , M}

while also having
f j(x) < f j(x∗) for some j ∈ {1, . . . , M}.

The complete collection of Pareto-optimal solutions forms the Pareto set in the decision
space, while their corresponding objective values create the Pareto front in the objective
space. For problems with two or more objectives, the Pareto front is commonly visualized
by plotting f1(x) against f2(x), which reveals a curve that represents the fundamental
trade-off between objectives; improvements in one objective necessitate deterioration in
the other [27, 66].

2.1.1 | Non-Dominated Sorting Genetic Algorithm II
The Non-dominated Sorting Genetic Algorithm II (NSGA-II) algorithm, introduced by
Deb et al. [47], is among the most widely adopted multi-objective EAs. Its key strengths
lie in combining elitism, fast non-dominated sorting, and a diversity-preservation mecha-
nism (crowding distance) without requiring user-specified parameters. These mechanisms
ensure that the best non-dominated solutions are always preserved, while crowding
distance maintains a well–distributed approximation of the front [27, 47]. Although it has
since been outperformed by more recent algorithms, particularly in high-dimensional
and computationally intensive problems, it has not been made entirely obsolete. NSGA-II
continues to serve as a reliable benchmark and remains of practical value in a variety of
optimisation contexts, especially in problems with 2 or 3 objectives.

2.1.2 | The (1 + 1) Evolutionary Algorithm
Certain applications often benefit from simpler variations of EAs, which offer reduced
computational overhead at the expense of efficiency.

One such variant is the (1 + 1) EA [57], a simple optimisation algorithm in which a
single solution is iteratively improved through mutation and selection. The process starts
with the generation of an initial candidate solution x. In each iteration, a new offspring
x′ is created by applying a mutation operation to x. The fitness of the offspring is then
evaluated, and selection is applied through elitism, i.e. the offspring replaces the parent
if its fitness is at least as high as that of the parent. This procedure is repeated until a
predefined termination condition is met, such as a maximum number of iterations or the
attainment of a specific fitness value. No recombination or crossover is employed in this
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algorithm as there is only ever 1 individual in the population. Only mutation is used to
explore the search space.

A similar approach, although not technically an EA except in the broadest of terms,
is the generate-and-test paradigm [200]. Generate-and-test methods may be applied to an
individual solution or to a population. Poorly performing individuals are regenerated
randomly across multiple iterations. Each iteration is evaluated, and a candidate is
retained if it satisfies predefined usability criteria. Like the (1 + 1) EA, the process
continues until the desired fitness level or a different termination criterion is attained.

2.2 | Neural Networks and Deep Learning
The most impressive advancements leading directly to contemporary GenAI resulted
from the pursuit of NNs. Although NNs were developed prior to the advent of EAs,
the latter were more widely adopted for tasks involving content generation, particularly
throughout the periods historically referred to as the ‘AI winters’ [206]. During these
intervals, NNs experienced a marked decline in popularity, primarily as a consequence
of their inability to meet the inflated expectations that had accompanied their initial
emergence. It was only after substantial advancements in hardware capabilities had
materialised that NNs began to regain prominence. Subsequently, they were increasingly
employed across a diverse range of applications, including their implementation into
generative frameworks.

Artificial NNs are computational models inspired by biological neural systems, con-
sisting of interconnected nodes (neurons) organized in layers [142]. Each connection is
associated with a weight wij, and neurons apply activation functions to weighted inputs.
The fundamental operation is expressed as:

y = f

(
n

∑
i=1

wixi + b

)
(2.1)

where f represents the activation function and b is the bias term [176].
NNs are trained using labelled datasets D = {(xi, yi)}N

i=1 where xi represents input
features and yi the corresponding target outputs. The training process minimises a loss
function L(θ) that measures the discrepancy between predicted outputs ŷi = f (xi; θ)

and true labels yi, where θ denotes the network parameters [9]. Common loss functions
include mean squared error for regression and cross-entropy for classification tasks.

The backpropagation algorithm evaluates the weights and biases through gradient-
based optimisation [178]. It computes gradients of the loss function with respect to these
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network parameters using the chain rule of calculus. For a network with loss function L,
the weight update rule is:

w(t+1)
ij = w(t)

ij − η
∂L

∂wij
(2.2)

where η is the learning rate. Error signals are propagated backward through the network,
enabling efficient computation of gradients for all parameters simultaneously [220].

The topologies of NNs vary greatly, and certain architectures lend themselves to some
tasks better than others [111]. A relevant selection of noteworthy ones shall be described
in the relevant sections of this chapter. Generally speaking, the capability of the network
scales with the complexity and size of its architecture. Models which contain a large
number of hidden layers are able to learn more complex hierarchical representations and
interrelations of data, and are called deep learning networks or deep NNs [111].

2.2.1 | Recurrent Neural Networks
One limitation of generative NNs becomes apparent in domains involving sequential
or time-dependent data, such as music or text generation. These networks lack mech-
anisms for retaining information about previous inputs, making them ill-suited for
capturing temporal dependencies. In response to this problem, Recurrent Neural Net-
works (RNNs) [196] and Long Short-Term Memory (LSTM) networks [90] introduced
internal memory states that could carry information across time steps, enabling the
modelling of long-range dependencies across time steps. As autoregressive models, they
predict future elements in a sequence based on previously observed values, learning
dependencies over time through internal state transitions. One notable feature of auto-
regression is that such models do not require their inputs to have a fixed size, but can
easily process varying lengths of input tokens. RNNs capture temporal dynamics via
recurrent connections, but suffer from vanishing gradients when modelling long-term
dependencies. LSTMs address this limitation by incorporating gating mechanisms that
regulate the flow of information and preserve gradients over extended sequences [90,
196].

2.2.2 | The Transformer Model
The transformer architecture [211] replaced the implementation of memory structures

with the attention mechanisms. It consists of an encoder-decoder architecture, each of
these containing a multi-head self-attention module, and a position-wise feed-forward
NN. The self-attention mechanism allows each input token in the sequence to attend to
all other tokens.
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In generation tasks, the transformer decoder produces outputs auto-regressively. At
each time step t, the model uses only previously generated tokens:

P(yt|y1, y2, ..., yt−1, X) (2.3)

The masked self-attention mechanism ensures that the prediction at time t only depends
on tokens preceding it. This autoregressive formulation is essential for generative models
and is the basis of most modern LLMs, like the various Generative Pre-Trained Trans-
former (GPT) models [18, 168]. The transformer architecture demonstrates scalability
and flexibility, which has led it to become the dominant architecture in Natural Language
Processing (NLP) and has also facilitated its application to other modalities such as
vision [55] and audio [212]. The attention mechanism can, in theory, scale up to process
any length of sequential input tokens. However since tokens are compared to all other
previous tokens in the input, the computational resources used increase rapidly with
longer sequences, thereby setting an upper limit to the context length a model can attend
to. Given the widespread use of transformers, this limitation has also been addressed by
several researchers and several methods have been proposed to mitigate it [20, 46].

2.2.3 | Large Language Models
LLMs are deep learning models built on the transformer architecture, designed to

model and generate human-like text. Their efficacy depends on various components,
including pre-training objectives, tokenisation, optimisation strategies, scaling laws, and
fine-tuning methods.

NN-based models adopt a common approach to pre-processing text, which is tokeni-
sation. This process breaks down words into groups of characters which enables the
language models to handle a large vocabulary, including rare words efficiently. Although
the process is common, several distinct algorithms are available for this, which split
input text into a string of tokens, each representing a key to a group of characters within
the tokeniser vocabulary.

Different LLMs exhibit different capabilities, e.g. autoregressive causal language
modelling in models such as the GPT family [18, 168], masked language modelling
which predicts randomly masked tokens in models like Bidirectional Encoder Represen-
tations from Transformers (BERT) [50], or permutation language modelling which allows
bidirectional context via permutation of token sequences, as used in XLNet [230].

BERT is considered notable among LLMs due to its significant contributions to
natural language understanding and sentence-level representation. It introduced a
bidirectional transformer encoder architecture, enabling context to be captured from both
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directions and establishing a pre-training and fine-tuning paradigm that achieved state-
of-the-art performance across numerous NLPs benchmarks [50]. Sentence BERT (SBERT)
extended BERT by employing a Siamese network structure to produce fixed-size sentence
embeddings, allowing semantic similarity tasks to be performed efficiently through
vector comparisons [172].

LLMs are typically pre-trained using massive unlabelled text data through self-
supervised objectives [4]. They are subsequently adapted for downstream tasks through
various methodologies, commonly using supervised fine-tuning and reinforcement
learning approaches to make their output more useful, safe, and aligned with human
preference [26, 155, 194]. Various of these models have been applied to a wide variety
of purposes, such as biomedical tasks [6, 112, 158], sentiment analysis on social media
[5, 96], synthetic data generation [127], fake news detection (and generation) [236], and
story generation [63].

OpenAI’s ChatGPT 3.5 and 4 [154] ushered a landmark leap in performance over its
predecessors, and allowed the general public to freely chat online with the model about
any subject, as long as the subject matter was morally sound. ChatGPT is a “black box”
model trained on undisclosed corpora of data drawn from the internet, and the model
itself has never been publicly released. Its impressive performance, arising mainly from
a larger model architecture, and enormous training corpus size, allowed it to adequately
respond to most conversations, without explicitly requiring fine-tuning to a specific
domain. Several other competing models followed soon after, such as Facebook’s Llama
[58, 202, 203] family of models, Mixtral [97], and others. Table 2.2 lists some of the
Unlike ChatGPT, many of these were openly released under various licensing conditions,
allowing hobbyists and researchers to run local instances, and carry out their own
investigations. Some of these LLMs came in different model sizes, allowing the smaller
ones to run on household grade hardware, with the larger and most performant ones
requiring specialised machines to infer within a few seconds of the input submission.

LLM performance improves predictably with model size, data, and compute, as
shown empirically [102]. As model size increases, research seems to indicate that certain
improvements in performance occurs in sudden steps rather than proportionally to model
size [18, 218]. However this claim appears to be contended as other research attributes
these apparent leaps in performance to variations in testing methodologies [181].

There are several nuances and details pertaining to the creation of a LLM, and the
above is but a scratch on the surface of the domain. As interesting as it is, it would
be beyond the scope of this work to enter into such details, as there is already ample
literature on the topic [147].
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Model Parameters (approx.) Training Corpora Tokens (approx.)

BERT [50] 110M 3.3B
GPT-2 [168] 1.5B 8B
GPT-3 [18] 175B 300B
GPT-4 [154] undisclosed undisclosed
OPT-175B [240] 175B 180B
BLOOM [180] 176B 366B
PaLM [25] 540B 780B
Mixtral 8x7B [97] 47B (13B active) undisclosed
DeepSeek-V3 [48] 671B 14.8T
LLaMA-65B [202] 65B 1.4T
LLaMA-2 [203] 7B, 13B, 70B 2T
LLaMA-3 [58] 8B, 70B, 405B >15T
T5-11B [169] 11B 34B

Table 2.2: Approximate parameter counts and training-corpus sizes for
selected LLMs.

2.2.4 | Generative Adversarial Networks
Generative Adversarial Networks (GANs) proved to be a notable advance in image
generation and were among the first deep learning models to successfully generate
realistic images. GANs consist of a pair of NNs trained in parallel, with the ultimate
objective being the generation of artefacts in a chosen modality. One network is the
generator, which is trained to replicate data from the training corpus. The second network
is the discriminator, which is trained to distinguish between original artefacts from the
corpus from those created by the generator. The output of the discriminator is also used
as part of the fitness function of the generator, i.e. the generator output has a higher
fitness if it ‘fools’ the discriminator into classifying it as a ‘real’ artefact, but gets penalised
if the discriminator correctly identifies it as generated. After the training terminates, the
discriminator is discarded, and the generator is then capable of creating artefacts which
are very similar to those in the training data set. This adversarial approach proved to be
very successful and was applied to a wide variety of problems [167, 171, 199].

2.2.5 | Variational Auto-Encoders
Another family of deep generative models which predate GANs is that of Variational
Auto-Encoders (VAEs). These were proposed by Kingma and Welling [109] and also
consist of two NNs. An encoder learns a probabilistic mapping from a dataset to a
lower-dimensional latent space qϕ(z | x), and conversely a decoder learns the inverse
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process, i.e. a mapping between the latent space and new data samples similar to the
training corpus pθ(x | z). Not only does the VAE generate artefacts, but since the
lower-dimensional latent vector space is continuous, trajectories may be found within
to increase or decrease specific features of the output artefacts, e.g. increase the “smile”
component in a face generator by moving along the corresponding latent axis [105].

Vector Quantized Variational Auto-Encoders (VQVAEs) [209] replace the continuous
latent space with a discrete codebook {ek}K

k=1. The codebook (or embedding space)
consists of a finite set of learnable embedding vectors, often called codebook entries
or codewords, which are optimised during the training process. During encoding, the
encoder produces a continuous vector, which is then quantised by finding the nearest
codebook vector k∗ = arg mink ∥ze(x)− ek∥. The index of this nearest vector is the dis-
crete latent representation. The decoder is trained to reconstruct an artefact typical of the
dataset from its corresponding discrete embedding. In practice, a VQVAE trained on an
image corpus can discretise key visual patterns, enabling transformers or autoregressive
models to sequentially predict these tokens and generate highly detailed images [62].

2.2.6 | The Vision Transformer and Vector-Quantised GAN
The Vision Transformer (ViT) [55] divides an image into fixed-size non-overlapping
patches (e.g., 16 × 16 pixels), flattens each patch into a vector, and linearly projects it
into a patch embedding. These embeddings, along with a learnable class token and
positional encodings, form a sequence that is fed into a standard transformer encoder.
Unlike Convolutional Neural Networks (CNNs), which use a convolution window (or
kernel) striding across the processed image instead of processing individual pixels,
the ViT captures global dependencies between image patches through self-attention.
When trained and fine-tuned on large datasets, ViTs can serve as powerful backbone
encoders, extracting high-level representations for downstream tasks such as classifi-
cation or semantic segmentation [227]. In generative settings, they are often paired
with autoregressive decoders to guide the synthesis process. While such models are
effective at reconstructing image content, directly applying them to high-resolution
images is computationally expensive due to the quadratic complexity of self-attention
with respect to input length. To address this, Vector Quantized Generative Adversar-
ial Network (VQGAN) [62] combines vector quantisation with generative adversarial
training to learn a compact discrete latent space for images. It consists of an encoder that
maps an image to a low-dimensional grid of discrete codebook indices, and a decoder
that reconstructs the image from these indices. This discrete representation can then
be modelled efficiently using autoregressive transformers, enabling high-quality image
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generation while retaining semantic alignment and fine detail.

2.3 | Multimodal Algorithms
The announcement of Dall-E [170] by OpenAI showcased its capabilities for text-guided
image generation, and attracted worldwide attention. The authors of this work tried to
circumvent the constraints of the training dataset by using a large and varied corpus of
250 million images with corresponding text descriptions, scraped from the internet. The
model and its weights were not publicly released by OpenAI but they released those of
Contrastive Language-Image Pretraining (CLIP) [166], the classifier at the heart of its text
alignment mechanism. CLIP’s ability to generate embeddings for hitherto unseen text
and images gave Dall-E its signature ability to generate novel images corresponding to
text prompts describing original objects outside of the training corpus.

2.3.1 | Contrastive Language-Image Pretraining
Fundamentally, CLIP is a text and image classifier, which maps both of these modalities
onto a common latent space. CLIP jointly trains image and text encoders, denoted fimg(x)
and ftext(t), respectively, using contrastive learning. The model is trained on a large
dataset of image-caption pairs, with the goal of semantically aligning related inputs from
these modalities within a shared embedding space. Specifically, CLIP maximises the
cosine similarity between embeddings of matched image-text pairs while minimising
similarity for mismatched pairs. This alignment enables zero-shot image classification
and cross-modal retrieval, i.e. CLIP can match arbitrary text prompts to images without
requiring fine-tuning on a specific task. This leads to the possibility of computing
a distance metric between any two artefacts from either text or image modalities to
measure alignment using a CLIP Score.

Vector embeddings for any pair of assets in either modality, say an image and a text
asset, may be obtained from the CLIP model. The CLIP Score of the assets is obtained by
computing the cosine similarity of the two vectors and is given by Equation 2.4:

similarity(eimage, etext) =
eimage · etext

|eimage| · |etext|
(2.4)

where eimage is the CLIP vector embeddings of the image,

etext is the CLIP vector embeddings of the text,

and |e| denotes the magnitude of vector e.
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Such metrics can be used as a fitness function in various generative methodologies to
steer the composition of an image towards some predetermined text input [69, 108].

2.3.2 | Foundational Language And Vision Alignment
It is worth noting that despite being one of the most popular multimodal models, CLIP
is not unique, as researchers have replicated and improved on its performance since its
release. The Foundational Language And Vision Alignment (FLAVA) model, introduced
by Singh et al. [191], is a unified vision and language architecture designed to handle
a wide range of tasks involving both modalities. It distinguishes itself from other
multimodal models through its integration of a multimodal transformer with modality-
specific encoders, allowing it to process visual, textual, and combined inputs effectively.
By jointly training on diverse datasets and tasks, FLAVA learns shared representations
that support image classification, text understanding, and cross-modal reasoning. This
approach enables the model to generalize across unimodal and multimodal scenarios
without needing task-specific adjustments.

Unlike models that are designed primarily for cross-modal tasks, such as CLIP,
FLAVA incorporates separate encoders for vision and language along with a shared
multimodal encoder. This design allows it to learn robust representations not only for
joint image-text tasks but also for tasks involving only images or only text, without
requiring modality-specific fine-tuning. FLAVA’s versatility and breadth of training give
it a more general-purpose capability, although this can come at the cost of slightly lower
performance on highly specialised tasks compared to models fine-tuned for those specific
domains.

2.3.3 | VQGAN-CLIP Image Generation
The ability of multimodal models to align domains led to their incorporation as a semantic
prompt alignment mechanism for text-to-image generators. One of the most popular
CLIP-based generative techniques, VQGAN-CLIP, was developed by Crowson et al. [43].
The methodology was initially released through several online repositories1 which were
made openly available before the work was featured in peer-reviewed publications.
This technique uses CLIP to guide the refinement of an image defined as a VQGAN
embedding, and follows an iterative sequence starting from a random fractal noise
array. The image embedding in the CLIP latent space is computed, as well as that for

1https://github.com/lucidrains/big-sleep and https://colab.research.google.com/drive/
1L8oL-vLJXVcRzCFbPwOoMkPKJ8-aYdPN, among others.
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Figure 2.1: The iterative process of text-to-image generation using
VQGAN-CLIP.

an input text prompt and their CLIP score, given by Equation 2.4, is computed. The
encoder of the VQVAE from the VQGAN developed by [62] is then used to obtain a
vector representation of the image. Backpropagation is carried out on the encoded image
representation, using the VQVAE decoded image’s CLIP score with respect to an input
semantic prompt as the fitness function. This process is carried out over a number of
iterations, and is illustrated in Figure 2.1. The CLIP-guided VQGAN technique gained
significant popularity and was widely adopted by both researchers and enthusiasts.

2.3.4 | Diffusion Models
Diffusion models are a class of generative models that gradually transform data into
noise through a fixed forward “noising” process, then learn a parametrised reverse
de-noising process to recover samples from pure noise [88, 192] (see Figure 2.2).

In essence, given a data distribution, a Markov chain is defined, having a predefined
noise distribution variance schedule that slowly increases from a near-zero value up
to nearly 1, resulting in almost pure Gaussian noise after a fixed number of steps. The
generative model learns a reverse Markov chain which is trained to invert the forward
process, iteratively reducing an amount of noise at each time step. The result is a
synthetic sample which approximates the true data distribution. The scheduling of noise
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Gradual increase in random noise

Diffusion Training Process
Figure 2.2: The training process of a diffusion-based image model. Noise
is gradually added to images in the training dataset. The sequence of
images is reversed to train the model to go from pure noise to a complete
image.

application and removal affects the overall composition of the output at each step, and
different schedulers may yield significantly different final outputs [104].

Text-to-image diffusion models are trained to guide the de-noising process by aligning
the image embeddings to text embeddings, typically using CLIP for this comparison. An
alternative approach is to train both a conditional and an unconditional diffusion model,
and comparing their responses during inference, which strives to balance image quality
and coherence to the input prompt. This method removes the dependency on an external
classifier, and is thus termed classifier-free [89].

These models achieve a high image quality and fidelity to the given text prompt, but
carrying out the diffusion operation directly on pixels is increasingly resource-intensive
as images increase. To mitigate this problem, latent diffusion [175] operates the same
process on image embeddings instead of pixels. Latent diffusion image generators
typically use a VAE or VQVAE to obtain a latent vector representation of the input image,
and carry out the noising/de-noising process on it. The VAE encoder and decoder allow
a smooth transition between pixels and embedding for the image at any point. This
process achieves faster inference times and utilises fewer resources as operations on
the latent vector are computationally cheaper, and it has been popularised in the Stable
Diffusion (SD) family of models, which have been openly released by Stability AI.

Beyond conditional and unconditional image generation, diffusion models have
been effectively adapted to a range of tasks. These include image inpainting, where
only the masked regions of an image are synthesized to integrate seamlessly with the
unmasked content [175]; super-resolution, which employs a conditional approach to
transform low-resolution inputs into high-resolution outputs by progressively refining

24



Chapter 2. Related Technologies 2.4. Quality Diversity Algorithms

details through the reverse diffusion process [118]; and audio synthesis and enhancement,
where diffusion is applied in the spectrogram domain to generate or improve speech and
music with high fidelity [133, 183].

2.3.4.1 | Controlling Diffusion Models

While diffusion models perform well in generation tasks, practical applications frequently
require mechanisms for structured control. Recent advances have introduced architec-
tural modifications that enable diffusion models to condition their outputs on specific
forms of external input, thereby increasing both flexibility and precision in generative
tasks.

ControlNet [238] introduces an approach in which trainable auxiliary branches are
added to a pre-trained and fixed U-Net diffusion backbone. These branches process
additional conditioning inputs, such as edge maps, pose annotations, or depth informa-
tion, and guide the generative process without altering the original model parameters.
During training, ControlNet learns to align these external signals with the internal repre-
sentations produced during the diffusion process. As a result, it can generate outputs
that adhere closely to the provided conditioning information. For example, when given
a pose skeleton, the model can produce a human figure that conforms precisely to the
specified pose. The separation of control-specific parameters from the core diffusion
model enables efficient adaptation to various conditioning tasks with minimal impact on
the model’s generalisation capabilities.

IP-Adapter [232] offers a distinct mechanism for control by introducing high-level
visual prompts into text-to-image diffusion pipelines. It employs a lightweight image
encoder to extract semantic features from a reference image, such as a sketch or stylistic
example. These features are then injected into the cross-attention layers of the diffusion
model, alongside tokenized text prompts. This integration allows the model to condition
its outputs on both visual and textual sources simultaneously. For example, a user can
provide a natural language prompt in combination with a reference image to generate
content that reflects the structural or stylistic properties of the image while incorporating
the semantic content of the text. The design of IP-Adapter prioritises compatibility with
existing diffusion architectures and requires minimal modification to the base model.

2.4 | Quality Diversity Algorithms
Irrespective of which modalities PCG is applied to, the quality of the output artefacts
within creative domains is subjective. There exists no painting or book which is liked
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by each and every person in the world. There is no absolute metric that can universally
determine whether one creative artefact is better than another. Some specific metrics
of quality can be attributed during evaluation; for example it is possible to determine
analytically which image is the most colourful within a set of images, by counting the
total number of different colours, and/or measuring the difference in hues in each image.
There are extensive arguments to be made on the subject, and this chapter shall also
shallowly dip into this deep ocean of CC.

But it is important to note that GenAI models, being based on deep NNs and trained
using backpropagation, require a strictly mathematical fitness metric which they optimise,
thereby finding a single, optimal solution. A degree of stochasticity can be applied to most
models to yield different outputs for the same inputs. For example, in autoregressive
language models, to predict the next token can be changed from simply selecting the
next most probable token to a range of strategies which include randomisation [223,
235]. A temperature parameter is often specified, controlling the orientation of the model
output between more aligned to the next probable token, or more varied, increasing its
‘creativity’. In diffusion models, the random initial seed noise distribution significantly
influences the final composition of the generated image. The model identifies and
amplifies latent structural patterns within this noise during the de-noising process,
guiding the generation process. Consequently, altering the starting random seed leads
to visibly different outputs, even when using identical generation parameters [88]. The
problem with using these random controls to generate different outputs is that the process
is unguided, and therefore wasteful of resources.

Traditional EAs are population based, and therefore lend themselves better to offering
a range of potential solutions. Their disadvantage is that they tend to hone in to a
single set of desirable qualities in the proposed solutions, at the expense of others
which are potentially equally valid. A subset of these, QD algorithms [79, 164], aim
to discover a diverse set of high-performing solutions across a range of behaviours or
niches. This focus on both quality and diversity enables the exploration of complex search
spaces where multiple viable strategies may exist, each exhibiting its own Behavioural
Characteristics (BCs) thereby making it suitable to specific contexts or objectives.

The core idea of QD is founded on the understanding that real-world problems
often benefit not from a single optimal answer but from a repertoire of solutions that
exhibit functional diversity. This is particularly valuable in domains such as robotics,
game design, creative AI, and automated discovery, where adaptability and exploration
are as critical as raw performance. QD algorithms formalise this approach through
mechanisms that simultaneously promote novelty and optimise performance within
behaviour-defined niches.
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Notable algorithms in this space include Multidimensional Archive of Phenotypic
Elites (MAP-Elites) [150] and NSLC [115], which exemplify different approaches to
maintaining behavioural diversity while encouraging high-performing solutions. These
methods have demonstrated state-of-the-art results in tasks ranging from locomotion
control to PCG, showcasing their ability to discover creative and unexpected solutions
that would be overlooked by traditional optimisation.

2.4.1 | Novelty Search with Local Competition
NSLC [115] is an evolutionary algorithms which is inspired by evolution in nature. Its
core concept is that flora and fauna exhibit a multitude of variations in the implementa-
tion of similar functions. This implies that a novel design may not be universally optimal,
but may be dominant within a local neighbourhood. That trait is thus allowed to be
retained through evolution, either in its original form or as a channel towards more
performant mutations, despite it not being a globally dominant feature. Such a process
enables a wider variety of features to survive across several subdomains within the
evolutionary space.

The algorithmic form is visualised in Figure 2.3, and is formulated as a dual-objective
optimisation problem with the objectives being to maximise both a novelty score and a
local competition score. The novelty score, given by Equation 2.5, is the average distance
between an individual and its k nearest neighbours. Thus, it is also a measure of the
sparsity of the neighbourhood within the solution space. The Local Competition (LC)
score, given by Equation 2.6, represents the proportion of nearest k neighbours that the
individual outperforms in fitness.

n(i) =
1
k

k

∑
j=1

d(i, µj) (2.5)

lc(i) =
1
k

k

∑
j=1

o f (i, µj) (2.6)

where the function d represents the behavioural distance between its arguments, µj is the
j-th nearest neighbour to i, o f (x, y) is 1 if f (x) > f (y) and 0 otherwise, and f is the fitness
function for the problem. This algorithm works on the hypothesis that novelty acts as a
stepping stone towards better performing individuals [114]. Searching for novelty has
been applied with considerable success in domains such as robotics [114, 115], video
game PCG [122, 125, 126] and generative art [116]. Several works of this type apply
novelty search to the evolution of the architecture of NN [193], but it can also be applied
to that of the population, either directly [126] or indirectly [120, 122].
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Solution space
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Metrics: 
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Novelty score (sparsity)

Figure 2.3: The principle of operation of the NSLC algorithm. Every indi-
vidual is compared to its k nearest neighbours, computing its dominance
within the neighbourhood, as well as the sparsity of this region as a mea-
sure of its diversity.

2.4.2 | Multidimensional Archive of Phenotypic Elites
Another influential algorithm within the QD paradigm is the MAP-Elites [150]. It is de-
signed to simultaneously search for high-performing and diverse solutions by explicitly
partitioning the behaviour space, defined by a set of user-specified BCs, into a discrete,
multi-dimensional grid, known as the feature map.

Each axis of the feature map corresponds to a particular behavioural descriptor, or
phenotypic trait, of the solutions, such as gait frequency in robot locomotion or level
linearity in game design. These continuous behavioural dimensions are discretised into a
finite number of intervals (bins), effectively tessellating the search space into a structured
grid. For example, if two behavioural dimensions are each divided into n bins, the
resulting feature map will contain n × n cells, where each cell corresponds to a distinct
region of the behaviour space.

During the evolutionary search process, a parent is randomly selected from the
current set of elites stored in the archive at each iteration. This parent undergoes a
variation operator, commonly mutation, to generate a new offspring. This offspring
is evaluated according to two criteria: its performance with respect to a global fitness
function, and its location in the behaviour space as determined by the chosen BCs. The
algorithm maintains a single elite, i.e. the best solution found so far, in each cell of the
grid. An offspring is considered for inclusion in a cell if its behavioural descriptors
fall within the bounds of that cell. If the cell is unoccupied, or if the new solution has
a higher fitness than the existing elite, it replaces the previous occupant. The process
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Figure 2.4: An iteration of the MAP-Elites algorithm. An elite E is chosen
from the feature map and mutated. Its new placement is found based on
its new BCs. If the new location is unoccupied, or if E’ has a higher fitness
than the elite at that location, it is placed there, replacing any previous
occupant.

is illustrated in Figure 2.4. This mechanism promotes a form of localised competition
wherein individuals compete only with others that exhibit similar behavioural traits,
encouraging the discovery of a diverse set of high-performing solutions throughout
the behaviour space. MAP-Elites is said to illuminate the search space, as the gradual
construction of this diverse archive reveals which kinds of behaviour lead to better
performance. This makes it particularly effective in creative or open-ended domains
such as PCG and design exploration, where MAP-Elites has demonstrated considerable
success [3, 2, 32, 67, 79, 213].

2.4.3 | Monte Carlo Elites
Sfikas et al. [186] propose a variation on the MAP-Elites algorithm called Monte Carlo
Elites. This algorithm addresses the parent selection in each iteration by using a Upper
Confidence Bound (UCB) algorithm [110] and keeping track of how many times each
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elite was selected.
The UCB algorithm is employed as a solution to the multi-armed bandit problem,

where an agent must balance exploration of unknown options with exploitation of cur-
rently promising alternatives. The algorithm is designed to address the fundamental
trade-off between gathering information about uncertain actions and maximising imme-
diate rewards based on current knowledge. In this case, the selection of which parent to
operate on is considered to be a similar problem, as the MAP-Elites algorithm benefits
from both the further optimisation of existing elites which have already been selected,
and also from diversifying its feature map by selecting less utilised elites. The UCB for
each existing elite is obtained through Equation 2.7:

UCBi(t) = f̄i +
√

2

√
ln t

ni(t)
(2.7)

where UCBi(t) is the upper confidence bound for elite i at selection t,

f̄i is the average fitness of offspring produced by elite i,

t is the total number of parent selections so far,

ni(t) is the number of times elite i has been selected.

UCB operates by maintaining confidence intervals around estimated reward values
for each available elite individual. An upper confidence bound is calculated for each
option based on both the empirical mean reward observed thus far and an uncertainty
term that decreases as more observations are collected. The parent with the highest UCB
is selected at each time step, ensuring that both high-reward actions and insufficiently
explored actions receive appropriate consideration [110].

The addition of this equation to the parent selection mechanism exhibits a consis-
tent improvement in feature map coverage than other methods, with a near-negligible
increase in computational overhead [186].

2.5 | Summary
This chapter has provided a comprehensive overview of the foundational technologies
deemed essential for a thorough understanding of the research presented in this thesis.

In the following chapter, prior work relevant to the fields of PCG and GenAI will be
reviewed, offering a contextual basis for the methodologies and contributions discussed
herein.
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Background Work

This chapter examines the existing body of work that constitutes the foundational basis
of the domains investigated over the course of this thesis.

The scope of the current work is deliberately restricted to the domains of image
and text generation, wherein the state-of-the-art in GenAI has demonstrated a notably
high level of sophistication with respect to the quality of generated outputs. These
two modalities have been the focus of considerable academic and industrial research,
resulting in the development and public release of numerous high-performing models
and algorithmic frameworks.

Section 3.1 starts by adopting a CC lens to approach these generative processes from
an interpretational aspect, to establish their defining characteristics.

Section 3.2 provides a general exposition of GenAI, encompassing a concise historical
overview and an outline of its strategies for multimodal content generation. This dis-
cussion paves the way for Section 3.3, which details some important work in PCG and
explores the influence of GenAI within the domain of games.

Finally, Section 3.4 shall investigate a number of relevant evaluative methodologies.

3.1 | A Computational Creativity Lens
CC is a prolific field that explores various aspects of PCG systems for creative content
in domains such as visual arts, music, literature, and game assets. Unlike traditional
AI applications focused on optimisation and efficiency, CC seeks to understand, model,
simulate, or enhance the human creative process itself [12]. The field encompasses a
range of generative techniques, from rule-based systems to deep learning models, some
of which have already been described in Section 3.2. The focus on a broad understanding
of creativity is important in this field; Colton [31] suggests that researchers should build
creative systems without preconceptions or definitions, so that an understanding of
what creativity is can be garnered from studying the creations. A clear-cut definition of
creativity remains elusive. Jordanous [99] acknowledges that “we assume an intuitive
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understanding of the concept of creativity but lack a universally accepted and compre-
hensive definition of the concept.” Human creativity is often linked to attributes such
as originality, aesthetic appeal, and contextual relevance. Such qualities do not lend
themselves well to quantification or precise measurement. When applied to machine-
generated content, these characteristics become even more difficult to define or assess
rigorously and systematically [12, 34, 99]. Yet CC has yielded several interpretations of
what defines a creative system, or rather, what features or aspects such systems should
have [12, 13, 34, 99, 222]. These categorise different types of creativity and provide
alternative approaches to evaluation for creative systems in general.

Colton et al. [34] developed the FACE and IDEA models in CC theory, in order
to break down creative processes into components. The FACE model decomposes
creative acts into subprocesses and resulting items, namely those pertaining to Framing
information given in natural language, Aesthetic measures, Concept generation, and
Expression of concepts. The IDEA model focuses on the process of developing creative
systems, describing an Iterative Development, Execution, and Appreciation cycle. Jordanous
[99] also formulates a system for evaluating creative systems. The method she proposed
is an overall strategy for evaluation, where one should first define an interpretation of
creativity within the active domain that aligns to the generative system’s purpose. This
definition is translated into appropriate measurable standards, which are finally used
to test the system using both qualitative and quantitative metrics. These frameworks,
primarily intend to assess whether the system is creative, and do not explicitly provide
means of evaluating the generated artefacts themselves.

This thesis does not explicitly seek to explore whether the systems in use can be
deemed creative through such formal definitions. Rather, it uses CC as a lens through
which to interpret certain properties of generated assets in relation to their peers, similar
datasets, or other assets of similar or contrasting modalities. Specifically, it is important
to ground certain terms within existing CC frameworks in order to clarify the intentions
and assessment of the experimental work.

In the influential work on the evaluation of creative systems, Ritchie [173] proposed
that creativity could be analysed in terms of three interrelated but distinct properties:
quality, typicality, and novelty. These concepts were introduced to provide an informed
basis for assessing generated outputs that is not a subjective or purely aesthetic judgment.

Quality was defined as a measure of the positive value or merit of an artefact, typically
assessed in terms of its effectiveness, usefulness, or appeal within a particular domain. It
was emphasised that this evaluation must be grounded in domain-specific criteria, such
that an artefact’s quality is determined in relation to the standards and expectations of
the relevant field of practice.
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Typicality was conceptualised as the degree to which an artefact conforms to the
norms or patterns associated with a given class of artefacts within the domain. It was
acknowledged that while highly typical artefacts may lack surprise or originality, they
often possess recognisability and coherence, which can contribute positively to their
perceived value. In this formulation, typicality serves as a baseline against which novelty
can be assessed.

Novelty was defined as the extent to which an artefact deviates from existing examples
within the domain. It was characterised as a necessary but insufficient condition for
creativity, as novelty alone does not guarantee quality or appropriateness. Instead,
novelty must be balanced with typicality and quality to ensure that creative artefacts are
both innovative and meaningful within their context.

In addition to these definitions, it is also useful to distinguish between terms which
may bear resemblance to them and their use in CC parlance.

Value refers to the perceived worth or impact of the artefact, often in a social or
contextual sense. Both quality and value aim to assess the merit of a creative artefact,
often after it has been generated. They both imply a positive assessment, however, the
source and scope of the judgment differ [79, 101].

Diversity is the degree of variation within a set of artefacts generated by the same sys-
tem. Although this term may resemble and reflect novelty, and they are often positively
correlated, one does not necessarily imply the other. Jordanous and Keller [101] identify
both novelty and diversity (referred to as variety/divergence) as separate components in
their 14-factor model of creativity.

Finally, this thesis borrows the term appreciation from Colton [31], which defines a
tripod framework of skill, imagination, and appreciation as three key pillars of creativity.
Appreciation here is understood as the system’s capacity to evaluate its own outputs,
compare with past work, and understand contextual relevance.

This thesis shall make use of the above definitions to interpret the outputs of the
generative models used.

3.2 | AI for Text and Image Generation
GenAI systems have greatly advanced across a wide variety of modalities, including
natural language, visuals, audio and more. Their goal goes beyond classification or
analysis, instead they produce artefacts that exhibit the structural, semantic, or aesthetic
character of their training data. Fundamentally, GenAI models construct an implicit
representation of the data distribution and sample from it, so as to generate outputs that
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a human observer may find plausible or even indistinguishable from real examples.

3.2.1 | Text generation
The earliest attempts at AI-driven text generation were based on explicitly defined rule-
based systems. Whilst capable of generating coherent sentences, these lacked contextual
awareness and flexibility. One of the most noteworthy developments in this era was
the introduction of Generative Grammar by Chomsky [24], which defines how smaller
linguistic units combine into larger structures, using formal rules that reflect the syntax
of a language. This linguistic theory laid a structured foundation for early computational
approaches to language generation leading to the development of models capable of
rudimentary dialogue or narrations. From the early 1960s, Weizenbaum [219] notably
introduced ELIZA, one of the earliest chatbots, which used pattern-matching templates
to generate responses to mimic a Rogerian psychotherapist [174]. While it lacked true
understanding of the conversations it was engaged in, it demonstrated how simple rule-
based systems could emulate human-like interactions. Similarly SHRDLU, developed by
Winograd [225], used augmented transition networks [226] to generate text responses in
a controlled environment, allowing it to engage in basic conversations about a virtual
world of geometric shapes. Despite the fact that these models were unable to adapt to
topics other than those predefined for them, they were considered influential milestones
for later developments in chatbots.

Statistical methods such as Markov chain text generators proposed by Shannon
[189], and n-gram language models [17] next emerged, in which token sequences were
sampled according to learned transition probabilities. Such models produce random-
walk sequences that can mimic surface word patterns but lack coherence. Despite this,
they could be applied to predictive applications such as autocomplete assistance, or
predictive text suggetion.

Surface realisation frameworks including FUF/SURGE [98] then allowed semantic
representations to be rendered as grammatical English sentences. These models began
to approach the composition of coherent sentences, and could be applied to practical
use. IBM’s Statistical Machine Translation models [16] which emerged during the 1990s
demonstrated their practicality. These used vast amounts of bilingual text to generate
translations based on statistical correlations.

While statistical models improved fluency and coherence in AI-generated text, they
still struggled with long-range dependencies of words or topics, and often resulted in
disjointed or repetitive outputs. Although they fared well in topics such as translation,
long-term coherence was crucial for automated narrative generation. Narrative planners
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were developed to generate goal-driven stories by simulating character motivations,
conflicts, and resolutions. One of the earliest AI storytelling systems, TALE-SPIN [144],
modelled characters as autonomous agents with desires and goals, generating narratives
based on their decision-making processes. Later, MINSTREL [205] applied case-based
reasoning to generate short stories based on characters from the court of King Arthur.
It reused past story structures to create new parts of the narrative, thereby maintaining
continuity.

In the early 2000s, MEXICA [159] was designed to write short stories about the Mexi-
cas (or Aztecs). It introduced emotional tension modelling, using dramatic arcs to make
the generated stories more compelling. Around the same time, Façade [141] introduced
real-time interactive storytelling to video games, creating a procedural narrative system
where AI-driven characters reacted dynamically to the player’s free textual input. Such
works created a library of generative processes, each having a specific focus. Montfort
et al. [149] combine several existing subsystems using a blackboard architecture [151]
to coordinate the final narrative generation and exchange data between the various
components throughout the process.

EAs have also been used to generate poetry [139] and stories [76, 143, 153] through
genetic operators acting on various formats of text representations, however the inherent
difficulty in interpreting and assessing the sequence of narrative events invariably lead
to the generative process focusing more on the plot rather than the text itself.

Neural network architectures rapidly accelerated the development of more capable
sequential models. Mikolov et al. [146] proposed RNN language model which pioneered
the prediction of successive tokens via learned embeddings and recurrent dynamics. It
was one of the earliest iterative models able to generate coherent sentences. Subsequently
Seq2Seq [197] used an encoder-decoder model consisting of two stacked LSTMs that
maps an input sequence to a fixed vector and then decodes it to an output sequence. This
model was capable of conditional text generation, and successfully applied to translation
tasks.

With the introduction of the transformer [211], the attention mechanisms supplanted
recurrence, yielding state-of-the-art performance in machine translation and broader
text generation. BERT’s [50] bidirectional pre-training further enhanced masked token
prediction. Despite not being intended primarily for sentence generation, it could fill in
missing text sequences, or answer questions about a given context.

Autoregressive language models then scaled dramatically. The GPT family [18, 168]
employed unsupervised pre-training to generate coherent continuations of text. GPT 2
and 3 expanded this paradigm, demonstrating few-shot generalisation across creative
and factual domains. They could be fine-tuned to virtually any domain for text generation
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or continuation.
These models led to a rapid advance in conversational systems, such as DialoGPT

[242], which featured a GPT-2 model fine-tuned on Reddit dialogues for conversational
response generation.

Several models emerged demonstrating excellent performance when fine-tuned for
generative tasks such as dialogue, summarisation, and translation. Notable examples
include BART [117], T5 [169], and BLOOM [180] among many others. These paved the
way for the latest LLMs listed in Section 2.2.3 of Chapter 2.

3.2.2 | Image generation
Procedural image generation has been investigated since the earliest days of comput-
ing. Rather than recounting its progress chronologically, however, in this section, the
works are investigated by their generative purpose, as this will offer a more meaningful
taxonomy than a simple historical sequence. Four different categories of models are
considered, namely Simulation, Expression, Exploration, and Transformation. This taxonomy
is not without overlap, as some algorithms may easily be classified into more than one
group.

3.2.2.1 | Simulation

Within this category works aim to emulate or replicate an existing category of artefacts.
Early generative approaches relied on explicit rules and procedures to create visual
patterns. Generative grammars [56] and fractal algorithms [138] have long been used to
model natural forms. Lindenmayer systems [129], or L-systems as they are commonly
referred to, use rewriting rules to emulate the algorithmic structure of plant growth.
Fractal constructs produce complex self-similar imagery by iterating simple functions.
These systems aim to emulate existing categories of visual objects (e.g. photographic
textures or plant forms) using hand-crafted or statistical rules. Some of these works,
such as the development of Perlin noise [160], have become mainstay tools for visual
generation to date [137, 188].

Deep learning algorithms have also been extensively used for image generation,
primarily due to the fact that they lend themselves well to problems for which large
corpora of data exist. Several image datasets are readily available, such as ImageNet [49]
which contains photographs of real objects classified in various categories, WikiArt [179]
which is composed of images of artworks in various styles with some basic descriptive
qualities, and CelebA [131] comprising of photographs of the faces of international celebri-
ties annotated with distinguishing facial features. Various NN architectures have been
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trained and tested on such datasets, and they have been successful in reproducing the
typicality of the learned corpora [62, 105, 199].

Autoregressive and latent-variable models have played a major role in simulation-
style image generation. PixelCNN [208] and PixelRNN [207] models treat an image
as a sequence of pixels and predict each pixel in order using masked convolutional or
deep recurrent networks respectively. Such models can generate high-quality images
by ensuring local coherence. van den Oord, Kalchbrenner, and Kavukcuoglu [207]
reports about PixelRNN that “samples generated from the model appear crisp, varied
and globally coherent.” These models are trained to capture the full distribution of image
pixels, enabling them to sample entirely new images that exhibit the typicality of their
training data.

In VAEs [109] an input image is mapped by the encoder to a latent vector distribution,
and the decoder maps a sample from that vector back into image space. This allows the
model to generate plausible images by sampling the latent space. It excels at capturing
global structure but often produces images which are more blurred in comparison to
those generated by adversarial networks.

In a GAN, a generator network is trained to produce images that a discriminator
network cannot distinguish from real examples. Goodfellow et al. [78] demonstrated that,
the adversarial context leads the generator to reproduce the true data distribution if both
networks have sufficient capacity. In practice, GANs exhibited an unprecedented ability
to generate sharp, realistic images. Subsequent variations of the model improved stability
and quality, yielding state-of-art photorealistic samples. DCGAN, byRadford et al. [167],
uses a stack of strided and transposed convolutions in the generator and discriminator
respectively, to map random noise z ∼ N (0, I) into images. A common usage for this
model is to interpolate within the latent space to smoothly morph one face into another.
Progressive GANs [103] grow both generator and discriminator progressively, starting
from low resolution (e.g. 4 × 4 pixels) and adding layers to reach high resolution (e.g.
1024 × 1024 pixels). This yields very high-fidelity portraits and landscapes.

StyleGAN [105] introduced a style-based generator that controls images at different
spatial scales. It automatically separates high-level attributes, such as object pose and
identity, from stochastic detail, like texture and colour patterns. StyleGAN is known for
generating highly realistic high-resolution human faces and other objects by blending
these separated “styles” at each layer of the network. Modern GANs like StyleGAN
are widely used to simulate domains across multiple datasets, producing photorealistic
images by learning directly from large image collections [42]. GAN-based models are far
too numerous to comprehensively list, and they have been put to several uses, including
both guided and unguided generation. Aside form the simulation category, such models
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have been applied to transformative applications, such as pix2pix [95] which will be
described in Section 3.2.2.4.

Recently, diffusion-based models have emerged as a powerful simulation algorithm
[88]. These probabilistic models define a forward process that gradually adds noise to
data and a learned reverse process that reconstructs images from noise. Diffusion models
can match or exceed GANs in sample quality. Ho et al. [88] showed how their model
achieved state-of-art scores on standard benchmarks and generated images comparable
in quality to GANs. Diffusion methods are particularly versatile. They are likelihood-
based and avoid issues like mode collapse, and they can naturally incorporate classifier
guidance to align the generated artefacts to a predetermined input, such as text. A
later development, Latent Diffusion [175], applies diffusion in the latent space of an
autoencoder to reduce computational cost and enable efficient conditioning on text.
Latent diffusion models such as Stable Diffusion XL [162] have achieved new state-of-art
performance on tasks like text-to-image generation and image in-painting, producing
high-resolution images efficiently with relatively low computational demand.

3.2.2.2 | Expression

Works of this type seek an artistic or aesthetic goal beyond mere replication of real-
world imagery. Pre-dating neural networks, systems like AARON, proposed by Cohen
[29], exhibit this expressive intent. The project started in the 1970s and continued
through the early 2000s. AARON was a rule-based painter that used a formal set of
extensively detailed drawing rules and heuristics to mimic humans’ expressiveness in
the visual arts. Cohen defined a vocabulary of shapes and composition rules, and the
program autonomously generated novel drawings with an artistic “feel” despite being
deterministic. Despite being well received by the CC community and AI researchers,
Cohen [29] states that his work did not manage to make the impact he desired within the
artistic community, despite his efforts towards that end. However, the works of AARON
have since been exhibited in museums [157], so Cohen’s work has eventually been
acknowledged as Art, posthumously fulfilling his expressed desire. AARON as a system
went through several stages, first of which involved the generation of abstract shapes
and lines in various colours. Further on, its output transitioned to an impressionistic
rendition of rocks and vegetation, before its images became more figurative, depicting
human figures, and potted plants. This complexity, and the autonomy of the system are
quite remarkable, being the result of symbolic AI.

EAs have been used to generate images in this category without requiring to define
an instruction set. Colton and Browne [33] generate images by evolving the placement,
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scale, rotation, and colour of geometric shapes. These are then combined with evolved
sequences of interactive elements chosen from these shapes to generate simple ‘puzzle’
games where users have to discover the correct sequence. Machado and Cardoso [134]
propose the NEvAR system, which evolves images through a set of asynchronous GA
experiments, with different populations, allowing the interchange of individuals between
distinct processes. The genotypical representation of each image is a tree structure,
which is subjected through recombination and mutation operators to evolve the image
population in each experiment.

The Painting Fool, an extended experiment driven by Colton [31] is another notable
system which followed in the footsteps of AARON. It was made of a mixture of rule-
based and evolutionary algorithms, and its objective was to create a digital artist, rather
than a tool to assist human artists. To that end, it was not intended to be driven by human
stimuli, but rather to generate visual compositions independently. In one of its iterations,
for example, it was designed to assess the mood from a video of a person, and create a
non-photorealistic image that aligns with that emotion, through the chosen colours and
painting techniques [35].

These early efforts treated creative style and composition as explicit algorithmic
processes, but in the deep learning era, style and aesthetic value became entwined with
model design. Google’s DeepDream [1] turned neural networks into “dreamers” by ampli-
fying patterns in images, creating psychedelic, abstract renditions that emphasise visual
motifs learned by the network. These models are geared toward subjective aesthetic ef-
fects rather than accurate simulation. Researchers have also explicitly aimed for creativity
and novelty. Elgammal et al. [61] introduced the Creative Adversarial Network (CAN),
a variation on the GAN that is trained on artworks but modified to encourage stylistic
innovation. In CAN, the generator not only tries to fool a discriminator but also max-
imises deviation from known art styles, thereby intentionally producing images that are
unusual yet still recognizable as art. Human evaluators rated its outputs as creative or
comparable to contemporary human-made art [61].

3.2.2.3 | Exploration

This category focuses on works which are intended as creative tools that explore or
suggest ideas rather than as creators themselves. These systems generate a range of
options or variations to inspire human artists. one of the most representative examples
of this taxonomy is Picbreeder [185], a collaborative and interactive evolutionary platform.
Picbreeder allowed users to evolve images by selecting individuals they found appealing,
thereby branch off from any published image. The engine behind this interface used
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NeuroEvolution of Augmenting Topologies (NEAT) [193] to mutate and combine image
parameters. As a result, a rich phylogeny of images emerged. Users could browse and
select novel and surprising forms, effectively exploring the space of images without spec-
ifying an explicit aesthetic objective. This illustrates exploratory creativity; the system
generates artifacts that spark new ideas, but final creative judgment and refinement are
left to humans.

Tools such as GANSpace [84] provide systematic ways to navigate the latent space
of trained generative models. GANSpace applies principal component analysis [136] to
the latent features of a GAN and finds directions corresponding to interpretable image
alterations, such as changing an object’s orientation, lighting, or even the inclusion of
novel objects. By moving along these directions, a user can quickly generate coherent
variations of an image. For example, one principal direction might correspond to “aging”
a face or shifting day to night in a scene. These interfaces do not aim to produce a
single finished artwork but rather to present many semantically meaningful options.
Artists and designers are then able to select and refine from these suggestions. Similarly,
platforms like Artbreeder1, an online tool built on GAN models, let users combine and
tweak latent vectors collaboratively to spawn hundreds of image variants. All of these
tools showcase the role of muse these models assume. They illuminate and explore
regions of the creative space and seed inspiration, rather than seeking a singular output.

3.2.2.4 | Transformation

This section gives a brief survey of algorithms which transform one or more images into
another. They are not intended to generate an image completely from the ground up.
Typically, these algorithms preserve some structure form the input image, while altering
its other aspects.

A number of statistical models applied to texture generation embody this category.
Portilla and Simoncelli [163] proposed a statistical texture model using joint wavelet
statistics, synthesising images by matching parametrised image constraints. Example-
based methods such as image quilting as proposed by Efros and Freeman [60] stitched
together patches from source images to generate novel textures or transfer style between
images.

A key transformative class of algorithms encompasses style transfer. Neural style
transfer [73] is a practical example. It repurposes deep convolutional features to separate
content from style in an image, allowing to freely interchange stylistic components
between the content of images. Thus, given a photograph and a painting, the algorithm

1https://www.artbreeder.com/
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generates a new image that maintains the scene of the photo while adopting the brush
strokes or textures of the painting. This method generates images primarily valued for
their artistic texture and composition rather than fidelity to a real object. Style transfer
was also accomplished through StyleGAN [105], which was described in Section 3.2.2.1.

More generally, image-to-image models convert one representation of an image
into another. The pix2pix framework [95] demonstrated that a single conditional GAN
architecture can learn many such transformations. Pix2pix was trained on paired datasets
and applied to tasks like turning building labels into photorealistic facades, turning
sketches or segmentation maps into images, and colourising greyscale photographs. The
same architecture learned these mappings without requiring a distinct fitness function
for each task. This gave pix2pix a high versatility and it rapidly became a popular tool
within the community as it could be repurposed for creative editing without expert
tuning.

CycleGAN [243] extended this idea to unpaired settings by enforcing cycle-consistency.
In practice, this means that one network learns to map images from domain X to Y, whilst
the other learns an inverse mapping, with the constraint that mapping back yields the
original image. CycleGAN can therefore perform style swaps between domains without
exact pairs, for example converting daytime to nighttime scenes, or horses to zebras.

Diffusion models [175] may also be used as image-to-image models, by adding
noise to the input image, and starting the generative diffusion process from that point.
ControlNET [238] models can also be expressly trained for a specific image generation
constraint, e.g. application of a specific pose for humanoid figures, or following the
contours of a given outline. When such a model is added to a diffusion model, the
generation is constrained by an input image. Similarly, an Image Prompt Adapter
(IP-Adapter) [232] will extract predominant characteristics from an image and constrain
a diffusion model’s pipeline to include them in the generated images. Thus the resulting
image will contain similar features to the reference image supplied to the IP-Adapter.
This can be used to transfer artistic style, or to preserve the the facial features of a
character across different generative processes.

These transformation techniques are widely used in creative contexts. Style transfer
or CycleGANs are used to apply artistic filters to images, colourise old monochromatic
photographs, or even complete missing regions (in-painting) in an image.

3.2.3 | Multimodality
Generally speaking, multimodal generation refers to the concurrent creation of artefacts
each of which pertains to different domains, such as text and images. However, this
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term can arguably be also applied to processes that use input from one modality to
generate a corresponding and related asset that pertains to a different modality. Within
that definition, text-to-image GenAI models are multimodal models, and incorporate
metrics that relate both input and output modalities. This is an important consideration
for this work as it relates to the first exploration undertaken in Chapter 4.

Guided image generation using natural language has been a long-standing goal and
has been studied before the advent of foundation GenAI models. Reed et al. [171] used
GANs to generate images from a semantic description. The study was trained to generate
images of either birds inferred from the Caltech-UCSD Birds dataset [215], flowers from
the Oxford-102 Flowers dataset [152], or a wider range of objects from the Microsoft
COCO: Common Objects in Context dataset [128]. The work demonstrated images that
interpreted the textual input fairly well on the birds and flowers domains, but struggled
on the generic images of the COCO dataset. Despite achieving successful guidance, the
models still suffered from being limited to the domains of their training corpora.

CLIP marked a major milestone for multimodal generation. Its ability to generate
embeddings for hitherto unseen text and images gave OpenAI’s Dall-E [170] and its
subsequent iterations their signature ability to generate novel images corresponding
to text prompts describing original objects outside of the training corpus. Unlike prior
captioning or conditional models, Dall-E treats the text as part of the same autoregressive
stream as the image tokens, allowing it to model more complex relationships between
them. It was evident that OpenAI’s results could only be achieved through high com-
putational and financial costs. Furthermore, the training datasets for DALL-E and CLIP
were never released, compounding the difficulty of training similar models. Despite
this, through concerted collaborative efforts, the research and hobbyist community col-
laborated towards teh creation and open-sourcing sufficiently large, hand-crafted, or
generated datasets [184] to facilitate future multimodal models.

Contemporary GenAI models are less constrained to narrow corpora due to the vast
variety within their training data. However, a wide range of these, such as VQGAN-
CLIP [43] and the SD familiy [162, 175], still rely on CLIP guidance for their generative,
training, or evaluative processes.

In broad terms, multimodal generation effectively introduces additional constraints
on the creative process. Not only must the generated artefacts have value within their
domain, but they also need to be coherent to other artefacts used or produced throughout
the process. Despite focusing on image and text domain, it is worth delving into a very
brief consideration as to how advancements in these domains can be reflected onto other
modalities.

In the aural domain, AudioCLIP [83] extends CLIP’s capabilities by also mapping
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audio to text and images. Other Large Multimodal Models (LMMs) have also been
developed to encompass even more modalities; ImageBind [77] unifies text, images, audio,
depth maps, thermal maps, and Inertial Measurement Unit readings. Thus it is able
to pair or compare any set of artefacts across these domains. Google’s Gemini [74] is
also a powerful multimodal model which was trained on text, images, audio and video.
Some of these LMMs however, are autoregressive and do not directly map inputs to a
fixed-length latent tensor in the same way as CLIP or AudioCLIP do. Thus, despite their
ability to generate new artefacts across all modalities, the latent tensors they provide
may vary and are difficult to use for comparative metrics.

Closing this brief parenthesis on other modalities, and having established the tech-
nical foundations behind GenAI, this text shall now focus on the ways in which these
powerful multimodal models have reshaped the domain of PCG.

3.3 | Procedural Content Generation in Games
PCG excels in the rapid creation of numerous adaptive outputs, and is invaluable to
industries where scalability and personalisation are crucial. Systems which are able
to create novel content reduce the manual labour required to craft each element, and
facilitate emergent experiences that can respond to user interactions. Video games are a
notable example where procedural generation has been utilised to increase replayability
and variety, whilst decreasing development time. Games such as Elite (Acornsoft, 1984),
Minecraft (Mojang Studios, 2011), and No Man’s Sky (Hello Games, 2016) pioneered
PCG algorithms to generate seemingly infinite spaces and worlds for players to explore.
Others such as Diablo (Blizzard North, 1997) combined PCG with hand-crafted designs
to craft new dungeons at each playthrough, for virtually infinite replayability.

Practical applications of PCG extend beyond entertainment. In education and training
simulations, procedurally generated scenarios provide learners with diverse challenges
tailored to their interactions [93]. Furthermore, in architectural design and urban plan-
ning, parametric design (a paradigm of PCG) helps generate conceptual models and
quickly iterate through design alternatives, resulting in a more dynamic exploration of
creative solutions [70].

Video games remain nonetheless a prime exponent of multimodal content which
lends itself well to PCG. Games are composed of several facets; narrative, visuals, audio,
levels, rules, and gameplay as defined by Liapis et al. [124]. PCG in any one of these
domains is already subject to a number of constraints. Narrative generation needs to take
into account pre-existing characters, locations, items, events and relationships. Sprite
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sheets used to animate different characters in a two-dimensional (2D) game will often
require a specific number of frames depicting the character in a predetermined sequence
of poses. Tilesets used to generate the landscape within the game require the individual
tiles to appear contiguous when placed next to each other. Generating levels for a game
must ensure that every level is playable and is sufficiently entertaining for a human
player. Extensive work has been carried out within each of these domains to overcome
such constraints, at least in part. Shaker, Liapis, et al. [187] show how constructive
algorithms can be used to generate functional levels and layouts, whilst Khalifa et al.
[107] use reinforcement learning [198] to do so. Cohen et al. [30] tackle the continuity of
tile-based image generation using Wang tiles, although the work does not directly carry
over to tileset generation in games. Each generated asset must also be coherent with the
rest of the game, and therefore must be consonant to the other assets across all modalities.
Cheerful music would sound inappropriate in a game with dark and gloomy visuals.
The images of locations and characters have to be consistent with their description within
the game narrative. The level design must comply to the rules and mechanics, and often
to the pace or rhythm of the accompanying music.

It is therefore useful to consider some important research that has been pursued
within the domain of digital games, and how it relates to multimodal content generation.
Some of the most explored domains within PCG relate to level generation. Although
such works occasionally provide an interesting window on multimodal generation, they
are not the focus of this thesis. Sonancia [132], for example, is a system that couples a
background musical track to a procedurally generated level in a horror-themed game,
adapting it to complement the level design.

More comprehensive multimodal examples may be observed in works related to
automated game generation. Relatively few successful examples exist in this field, the
most notable ones being Game-o-Matic [204], the various incarnations of ANGELINA [40,
38, 39], and Puck [37]. These procedurally create entire games either through a sequential
process wherein separate generators each focus on a specific facet, or alternatively, the
facets are generated concurrently, then matched to a specific concept. Another approach
for automated generation is to keep specific facets fixed, most commonly the game rules,
and generate others [80, 121, 234]. Regardless of which method is being employed to gen-
erate assets or even which asset is being generated, the output facets have to be consistent
and coherent. This is a far from trivial problem. Cook [36] highlights the difficulties
encountered when attempting to create a three-dimensional (3D) ‘walking simulator’
game generator. The primary stumbling blocks mainly concerned the coherence between
the different elements of the game, e.g. the relative sizing of the generated objects or the
semantic identification of props.
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3.3.1 | Implications of GenAI on PCG
Since outputs from GenAI models exhibit strong semantic ties to their input prompts, co-
herence across modalities has become increasingly attainable. Contemporary multimodal
architectures such as CLIP are capable of quantifying modal alignment, and have thus
become essential in guiding text-to-image generation. Indicatively, diffusion-based sprite
generators [165, 195] typically incorporate distance metrics derived from CLIP or similar
models to ensure semantic fidelity. Nevertheless, despite these advances, there are still
limitations to overcome. For instance, Qiu [165] proposes diffusion models to generate
2D spritesheets, consisting of sets of character images in sequential poses collectively
forming an animation cycle. However, the method requires manual intervention and
iterative refinement, and it offers limited control over generated poses. This compli-
cates their integration into standard game development pipelines, and forces additional
manual work for inclusion of the generated spritesheets into the game engine. Similar
limitations are frequent in analogous works.

An attempt to automate this process more fully has been proposed by Sun et al.
[195], who describe a pipeline for character generation for 2D video games. However,
their approach relies on pose-control models that must be trained individually for each
character archetype and artistic style, thereby restricting its applicability across diverse
game genres.

Beyond the visual modality, LLMs have increasingly been positioned as creative
agents in the orchestration of interactive narratives. Because of these models’ under-
standing of a broad range of topics and domains, Gallotta, Todd, et al. [72] argue that
they can be used within games in several roles, namely as player, ancillary non-player
characters, a player’s assistant, a commentator, a performance analyst, a game master,
part of the game mechanics, an automated designer, or a design assistant. Focusing on
the roles that generate game content within this taxonomy, a number of studies stand
out.

In 1001 Nights [68], a LLM is cast in the role of a king whom the player must ap-
pease through storytelling. The king responds to the player’s narrative contributions
(effected through natural language input) and attempts to divert the story’s direction.
The player’s objective is to induce the model into mentioning predetermined keywords
that represent weapons or items which may aid their escape. The resulting narrative
emerges procedurally, with associated visual content rendered dynamically through
diffusion models. A comparable, albeit structurally distinct, system is introduced in
PANGeA [21], wherein the LLM generates narrative sequences for a turn-based game,
and also appropriate responses to the player’s actions. Similarly, Simon [190] integrates
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a narrative planning framework that serves to constrain and guide the generative output
of the LLM, to improve coherence across successive narrative events. Further exploring
this narrative dimension, Kelly et al. [106] propose a model capable of transforming
high-level narrative plans into fully articulated stories and vice versa. Värtinen et al.
[210] also focus on narrative generation, and propose a language model fine-tuned on
a corpus of Role-Playing Game (RPG) quest descriptions in order to synthesise new
playable quests.

In parallel, LLMs have been assigned the role of systems designers, generating the
structural and mechanical components of games. Hu et al. [94] utilise an LLM to generate
game levels and rule systems using the Video Game Description Language [182]. While
this approach demonstrates the expressive potential of language models for content
generation, the authors note several limitations, including the frequent emergence of
hallucinated content that renders games unplayable or incomplete, often necessitating
manual correction.

To redress these limitations, several systems adopt a co-creative, HITL framework,
in which the language model functions as a generative collaborator under human su-
pervision. This design philosophy is observed in LLMaker [71], an interactive dungeon
generator that responds to semantic prompts while allowing human users to guide,
curate, and filter the resulting content. Such methods mitigate the well-documented
shortcomings of LLMs, including their susceptibility to hallucination and lack of persis-
tent state or memory [147]. The HITL approach thus serves both as a safeguard and as a
mode of augmenting human creativity, although the present work shall not substantially
engage with this extensive and distinct domain of co-creativity. Rather, the focus of this
thesis lies in systems that aspire toward autonomy; those that minimise or eliminate the
need for human intervention during content generation.

Full automation remains a challenging goal. However, a number of the aforemen-
tioned works, in particular those of Buongiorno et al. [21], Simon [190], and Sun et al.
[195], indicate a rapidly growing body of work striving towards generative pipelines in
which AI agents assume authorial control across one or more modalities. This is one of
the research gaps which this thesis addresses through the development of the CrawLLM
multimodal generative pipeline discussed in Chapters 6 and 7.

Taken together, these developments reveal a fundamental shift in the landscape of
PCG. Where traditional methods within this domain have been largely algorithmic,
rule-driven, and domain-specific, the incorporation of GenAI introduces models that
operate in a more generalised, prompt-responsive manner. This transition expands the
expressive potential of PCG, enabling systems to generate content that is structurally
complex and semantically meaningful. However, this advancement comes with new
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design challenges, including a reliance on black-box models, difficulties in ensuring
reliability or consistence, and an increased need for verification. As a result, the role
of the designer is itself transforming from one of deterministic content authoring to
that of curator, collaborator, or critic, navigating a space shaped by the affordances and
characteristics of generative systems.

3.4 | Evaluative Measures
Irrespective of which modalities are being generated, evaluating creative content presents
significant challenges. The most prominent of these is the inherent subjectivity of the
assessment. HITL systems often shift the burden of creativity and evaluation to the
human user, and the automated generator serves as a co-creative tool to facilitate and
inspire the human creative process [13, 65, 71, 123]. But automated systems require
quantifiable metrics for assessment. Creative domains are characterised by the lack of
a universal aesthetic that can be used to determine the output quality, be they images,
narratives, poetry, music, or other media. Unless a PCG system is trying to create a
precisely defined artefact with tight constraints, there is no single ground truth against
which to evaluate its output. Instead, the evaluation must be grounded in how well an
artefact aligns with the intent behind its creation [14, 15, 99].

3.4.1 | Image Metrics
Conventional uni-modal metrics are based on the properties of the artefacts within
their domain. In the context of image analysis, pixel counting and grouping has been
frequently employed to quantify visual content properties. This approach involves
evaluating the number or distribution of pixels within an image to assess aspects such as
complexity or detail.

In one of the approaches detailed by Machado et al. [135], image complexity is com-
puted by applying a Sobel [59] or Canny [22] filter. This determines which constituent
pixels form an outline of objects within the image. The proportion of these pixels to
the image total pixel size thus yields a measure of complexity. Figure 3.1 illustrates this
metric computation. This concept may be extended to other type of outline detection
algorithms, such as the use of Holistically-nested Edge Detection (HED) [229], which
accomplishes this task through a trained NN.

Therefore, in mathematical notation:

complexityE ,τ(I) =
1
|I| ∑

(x,y)∈I
δ (E(I)(x, y) ≥ τ)
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X × Y pixels Complexity

X × Y
Σ

Edge Detection Filter

Figure 3.1: The complexity of an image may be computed as the proportion
of edge pixels detected through an edge detection filter.

where I is the set of pixels comprising the image,

|I| is the total number of pixels in the image,

E(I)(x, y) is the edge strength at pixel (x, y) produced by edge detector E ,

τ is the threshold for edge classification,

δ(condition) =

1, if the condition is true

0, otherwise
is the discrete decision function.

Image metrics may also be derived from colour groupings, where the spatial and
statistical properties of colour distributions are analysed to estimate visual character-
istics like colourfulness. This technique was detailed by Hasler and Suesstrunk [85],
who proposed a metric as a perceptually correlated measure for estimating the overall
colourfulness of natural images. In this approach, pixel values are first transformed into
opposing colour channels, specifically using the red-green difference α = R − G and the
yellow-blue difference β = 0.5(R + G)− B.

For each of these channels, the mean values µα and µβ and the standard deviations σα

and σβ are computed over the entire image. These statistical features are then combined
to compute a colourfulness index according to the formula

colour f ulness =
√

σ2
α + σ2

β + 0.3
√

µ2
α + µ2

β

In this expression, the first term reflects the variation in chromatic content, while the
second term accounts for the overall deviation from achromaticity. The resulting metric
was validated against subjective human colourfulness ratings and was shown to achieve
a correlation exceeding 90% with perceptual assessments [85].

The Structural Similarity Index Measure (SSIM) [216] is a method that is used to
assess the perceptual similarity between two images. It is based on the degradation of
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structural information, and it is designed to improve upon traditional statistical which
rely on absolute error measures and poorly align with human visual perception. In
contrast, SSIM models image quality by considering perceptual phenomena, making it
more sensitive to structural distortions and more consistent with human judgments. In
this algorithm, image quality is evaluated by comparing local patterns of pixel intensities
that have been normalised for luminance and contrast. The metric is typically computed
over local windows, and the final similarity score is obtained by averaging over the
entire image. SSIM has been widely adopted in image processing tasks due to its strong
correlation with perceived image quality.

To compute SSIM, the three components, luminance, contrast, and structure, are
calculated between corresponding local windows of the two images. These components
are then combined into a single similarity index. The luminance comparison is obtained
through mean intensity values, the contrast is assessed via standard deviation, and the
structural comparison is based on the correlation (covariance) between the local image
patches. The resulting index ranges from –1 to 1, where a value of 1 indicates perfect
structural similarity.

Similarity between images has also been evaluated using deep NNs. Such models
are leveraged to extract high-level features from images, which are then compared
to assess perceptual similarity. The effectiveness of this technique was explored by
Zhang et al. [239], who demonstrated the utility of deep features in capturing human-
like perceptions of visual similarity. This resulted in the development of the Learned
Perceptual Image Patch Similarity (LPIPS) model, whose benchmark tests showed that it
aligned surprisingly well with human preference.

3.4.2 | Text Metrics
For textual data, measurements can be grounded in numerical comparison of words
or tokens. Metrics such as the Gunning-Fog index [82] quantify textual complexity by
analysing sentence structure and word length, providing an estimate of readability based
on cognitive demand.

When the classification of textual data is required, the content may be partitioned
into thematically coherent segments through a statistical analysis of words or tokens,
and the distributions they exhibit within the dataset. A widely adopted methodology
for such statistical topic modelling is Latent Dirichlet Allocation (LDA), wherein latent
thematic structures are inferred by analysing the patterns of word co-occurrence observed
across a collection of documents or sentences. Within this framework, each document
is assumed to be a mixture of multiple topics, and each topic is characterised by a
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distinct distribution over words. Through iterative estimation procedures, the model
parameters are adjusted to refine the groupings that most plausibly explain the observed
text distributions. This technique, originally proposed by Blei et al. [11], has since found
extensive application within the field of natural language processing, where it has been
employed to categorise and facilitate comparative analyses of large textual corpora. LDA
remains a pragmatic choice in many applied contexts despite the emergence of more
sophisticated topic modeling approaches. While NN-based methods like BERTopic [81]
may achieve better coherence scores or capture semantic nuances more effectively, LDA
offers several practical advantages. Its computational efficiency enables rapid iteration
and experimentation, particularly valuable during exploratory analysis or when working
with large corpora under resource constraints. For certain downstream applications,
the marginal gains from more complex models may not justify their computational
cost, longer training times, or increased difficulty in parameter tuning. Furthermore, its
mathematical transparency and well-understood probabilistic foundation make results
more interpretable and easier to diagnose.

To assess textual similarity NN-based techniques are commonly adopted. These
methods typically utilise pre-trained models to generate latent vector representations
of text, which can then be compared using similarity metrics. For example, BERTScore,
proposed by Zhang, Kishore, et al. [241], and Sentence-BERT, introduced by Reimers
and Gurevych [172], both utilise transformer-based architectures to capture nuanced
semantic relationships between sentences or phrases.

3.4.3 | Multimodal Metrics
In multimodal domains that produce distinct sets of components across various modali-
ties, each modality must be evaluated independently through modality-specific assess-
ment techniques to establish its validity. However, such an approach is insufficient in
isolation, as it fails to capture the relationships between modalities inherent in many
multimodal tasks. Therefore, an additional metric for cross-modal evaluation is required
to assess the coherence and alignment between modalities.

Such multimodal evaluations may be relatively straightforward to evaluate in some
applications; generating subtitles for a video has very clearly demarcated criteria for
success, such as accurate speech detection, matching time frames for corresponding text
and audio/video, and other framing metrics for text [156]. However other applications
present greater challenges. In many cases, such evaluations are highly context-sensitive
and lack standardised or generalisable criteria, making them difficult to transfer across
domains.
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To address these challenges, large-scale multimodal models such as CLIP, FLAVA,
and other foundation models may be leveraged due to their capacity to embed different
modalities into a shared representational space, enabling direct comparison via vector
similarity metrics, as described by Equation 2.4 in Section 2.3.1 of Chapter 2. In scenarios
where such models are unavailable or unsuitable, task-specific measures of cross-modal
coherence must be developed, tailored to the unique constraints of the application at
hand.

Thus, effective multimodal evaluation necessitates both rigorous intra-modal vali-
dation and robust cross-modal coherence assessments, ideally supported by powerful,
general-purpose embedding models or by expert ad-hoc evaluation metrics.

3.5 | Summary
This chapter has given a bird’s eye view of the evolution of GenAI algorithms, their
PCG applications, and a basis for their evaluation. Thus it lays the foundations for the
following experimental chapters 4 to 7, which will propose novel ways of combining
these principles into novel pipelines for various output complexities. Chapter 4 begins
this journey through combining evolution and backpropagation algorithms to seed
diversity into a text-to-image generative process.
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4

Combining Evolution and
Backpropagation

VAEs and VQGANs are an integral part of text-to-image generative models, as image
embeddings within their latent space offer a compact and more manageable representa-
tion than pixel space. Images generated by models that use these components thus tend
to heavily conform to specific visual patterns, driven by their training corpora. Figure 4.1
illustrates this behaviour via generated images from models trained on the ImageNet [49]
and WikiArt [199] corpora respectively.

In practice, for a specific semantic prompt, the generated images exhibit typicality and
better quality than preceding algorithms, but lack novelty, in terms of the requirements for
creative systems as described by [173]. This lack of diversity partly stems from the fact
that these generative mechanisms operate on a single image at a time. Thus the process
lacks knowledge about prior runs and images created hitherto.

To seed diversity into this process, the author proposes a hybrid algorithm which

ImageNet WikiArt

SP1:
"a lonely house
in the woods"

SP2:
"a pyramid
made of ice"

Figure 4.1: Examples of VQGAN models trained on different datasets
(ImageNet and WikiArt generating images for two semantic prompts under
CLIP-guidance.
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Genetic Algorithm
(Novelty) X1 X2 Xn

Diversified Population

Refinement Algorithm
(Fitness)

R1 R2 Rn

Refined Population

Exploration Cycle

Refinement Cycle

I1

I2

In

Initial Population

Figure 4.2: The basic alternating structure of Refinement and Exploration
cycles. A genetic algorithm targetting novelty diversifies the population,
whilst a refinement algorithm improves its fitness.

cycles between a novelty-driven GA and the base generative one. This counteracts the
lack of ‘vision’ across individual images through the GA’s awareness of its evolving
population’s ensemble of properties. In particular, the use of QD algorithms promotes a
wider variety within the final population of generated images. To this end, experiment
EXP1 was conducted to demonstrate how the creative visual task of generating images
in alignment to given text prompts can be improved in terms of quality and diversity
through the use of combined backpropagation and QD algorithms.

4.1 | Methodology
At its core, the proposed process takes an initial population of generated artefacts, and
alternates between refinement cycles, which operates at an individual level to optimise
quality, and exploration cycles, which attempt to diversify the population collectively
through a novelty-driven GA (see Figure 4.2).

Each of these alternating cycles excels at a specific task. Refinement cycles, commonly
based on NNs, are able to rapidly increase the fitness of an individual, but strictly
align to the typicality of their training corpora. Exploration cycles, typically based
on evolutionary algorithms, operate at a slower rate but affect the global population,
and hence are able to diverge the properties of the individual assets to preserve novel
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characteristics. This idea of cycling between algorithms to evolve diversity is by no
means original [122], but its application to GenAI models is a novel concept [233].

4.2 | Use Case: Text-to-Image Generation
The use case chosen for this process is the VQGAN-CLIP algorithm [43] for text-to-image
generation, described in Section 2.3.3 of Chapter 2. The algorithms is alternated with
NSLC iterations in order to inject more novel individuals into the generated set of images.

4.2.1 | The Refinement Cycle using Backpropagation
In this work, the VQGAN-CLIP algorithm is implemented via the Pixray1 Python library.
Images of 384 × 384 pixels were generated, using a VQGAN trained on the WikiArt
corpus [199]. This dataset consists of 81,444 images of paintings and illustrations across
various art styles2. The model used splits images into patches of 16 × 16 pixels, i.e. the
generated images each comprised of 24 × 24 patches. The VQVAE representation of
an image is thus a flattened vector consisting of 576 integers ranging between 0 and
16,384, each representing the index of a specific patch of the image from a codebook
learned by the VQGAN. A backpropagation process is applied to this latent vector, using
a CLIP score aligning the image to the text prompt as its fitness function. Since the
backpropagation process requires a floating-point vector, a larger internal representation
of the patches is used for this stage; elsewhere the integer representation is used for
compactness.

4.2.2 | The Exploration Cycle using Evolutionary Algorithms
In order to diversify the generated images, a population-based, QD algorithm is used.
Specifically, NSLC [115] operates on the latent vector representation of the image. This
algorithm was chosen because of its propensity to seek novel solutions and preserving
features which are locally dominant, despite these not belonging to globally optimal
solutions.

Since the mapping between each integer within the image embedding to an image
patch in the VQGAN codebook is arbitrarily learned during the training process of
the model, crossover functions applied to these genes tend to disrupt the image into
incoherence. Hence the GA was implemented using only mutation operators. Each

1https://github.com/pixray/pixray
2https://github.com/cs-chan/ArtGAN/tree/master/WikiArt%20Dataset
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mutation replaces a randomly selected 5% of the individual’s genes with random integers
chosen from the codebook (i.e. between 0 and 16,384). This optimal mutation rate was
preferred to higher ones because during initial trials it was found to create appreciable
alterations of the phenotype, without excessively harming the resulting composition.

For each individual, the k = 15 nearest neighbours within the current population and
within an archive of novel past individuals were found for this experiment. The novelty
archive is gradually populated throughout the course of the algorithm with the 3 most
novel individuals from every generation. The archive is reset for every exploration cycle
as maintaining an increasingly large archive bears a considerable computational cost
when calculating neighbourhoods and scores.

The novelty and LC scores were processed via a Non-dominated Sorting Genetic
Algorithm (NSGA-II) [47] as a multi-objective optimisation problem, using the Pymoo
Python library [10]. This library processes minimisation problems, so for this experiment
the scores were negated. Individuals for subsequent populations were selected from a
Pareto front to ensure both optimality and diversity as follows: Initially, the Pareto front
is identified, consisting of individuals that are dominant with respect to the objectives,
which are prioritised for selection. Should the Pareto front contain more individuals than
required, a subset is selected. Selection is carried out to maximise sparsity based on the
Manhattan distance, in order to maintain a well-distributed front across the behavioural
space. Conversely, if the Pareto front contains insufficient individuals to populate the
next generation, subsequent Pareto fronts are computed, and additional individuals are
selected based on their dominance.

The definition of the two metrics, fitness and distance, operating on and between
individuals is crucial to the problem, as both the novelty and LC score are derived from
these parameters. Neither of these two is straightforward to quantify, as observed by [173].
However, for fitness this work takes the simple approach of measuring the alignment
of the image with the input text prompt. The CLIP score as defined in Section 4.2.1,
obtained by Equation 2.4, can thus be directly used as it directly reflects this objective.

The distance function should measure the visual diversity between two images. Such
a task is relatively simple for humans to accomplish, but it is very challenging to identify
a single, adequate metric to automate this assessment or reliably quantify it. This work
focuses on two specific metrics for such measurements, namely chromatic diversity, and
ViT diversity, subsequently referred to as Hue, Saturation and Brightness (HSV) and ViT
diversities, respectively within this text.
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4.2.2.1 | Chromatic (HSV) Diversity

Following Machado et al. [135], the distribution of colours in the pixels is surmised to
reflect the diversity of the images. The HSV value of each pixel are analysed, and a
diversity metric is calculated for any pair of generated images I1 and I2 using their means
and standard deviations, as described hereunder:

m1 = ∆b = |b1 − b2| (4.1)

m2 = ∆σ(b) = |σ(b1)− σ(b2)| (4.2)

m3 = ∆s = |s1 − s2| (4.3)

m4 = ∆σ(s) = |σ(s1)− σ(s2)| (4.4)

m5 = ∆h = |min[h1 − h2, h1 − (1 − h2)]| (4.5)

m6 = ∆σ(h) = |σ(h1)− σ(h2)| (4.6)

where h, s and b denote the hue, saturation, and brightness (all normalised to the [0, 1]
value range), the means (h, s, b) are calculated across all pixels in I1 and I2, and σ denotes
the standard deviation of these values.

It is important to note that the hue value is cyclic, hence its mean and standard
deviation need to be calculated as follows:

h = tan−1

(
∑N

i=1 sin(h)

∑N
i=1 cos(h)

)
(4.7)

σ(h) =

√
∑N

i=1(min(hi − h, hi − (1 − h)))2

N − 1
(4.8)

where N is the number of pixels in the image.
The distance metric dHSV is obtained from the mean square value of the individual

metrics m1. . .m6.

4.2.2.2 | Vision Transformer (ViT) Diversity

Diversity can also be assessed using the embeddings of pre-trained models. ViT models
encode information about various images from their training corpus within their layers,
and leverage this information to classify them. For this analysis, a ViT model pre-trained
on the ImageNet dataset [49] is used, with its final classification layer removed. By
excluding this layer, a latent vector of 768 floating-point values is retained for each
processed image. This retains the information about the defining features of the image
without the constraints of the predetermined classes. The diversity metric (dViT) is then
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calculated as the Euclidean distance between the latent vectors of two images as shown
in Equation 4.9:

dViT(v1, v2) = ∥v1 − v2∥2 =

√√√√768

∑
i=1

(v1i − v2i)2 (4.9)

where v1, v2 ∈ R768 are the latent vectors of two images,

and vij is the jth component of vi,

4.3 | Structure of the Experiment

4.3.1 | Hypotheses
The aim of EXP1 is to test the following hypotheses:

H1 The periodic interruption of the refinement process by NSLC evolutionary cycles
yields a greater overall diversity in the image population than that produced by an
uninterrupted process.

H2 The introduction of exploration improves or retains, but does not degrade the
alignment between generated images and their textual prompts, as measured by
CLIP similarity.

H3 Employing chromatic (HSV-based) novelty metrics during the NSLC cycles will
preferentially enhance colour diversity, whereas employing feature-embedding
(ViT-based) novelty metrics will preferentially enhance feature-space diversity.

4.3.2 | Protocol
The CLIP-guided VQGAN text-guided image generation in the refinement cycles are car-
ried out using the Pixray library using a VQVAE model pre-trained on the WikiArt dataset,
as described in Section 4.2.1. Five Semantic Prompts (SPs) used by the community3 were
used:

SP1: a lonely house in the woods

SP2: a pyramid made of ice

SP3: artificial intelligence

3https://github.com/lucidrains/big-sleep
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VQGAN + CLIP
100 iterations

NSLC
50 generations

VQGAN + CLIP
100 iterations

VQGAN + CLIP
100 iterations

VQGAN + CLIP
100 iterations

VQGAN + CLIP
200 iterations

NSLC
50 generations

NSLC
50 generations

NSLC
50 generations

Refinement Cycle

Exploration Cycle

Figure 4.3: Structure of the experiments alternating between refinement
(CLIP-guided VQGAN) and exploratory cycles (NSLC).

SP4: cosmic love and attention

SP5: fire in the sky

As a first step, an initial population of 50 latent vectors was generated by using the
VQVAE to encode a set of randomly generated fractal noise images. This same initial
‘noise’ population was retained and used as the set of seed images across all prompts
and in all variations of the algorithms described in the experiment.

A baseline was established by running Pixray for a total of 600 uninterrupted iterations
on each of these 50 seed images, for each of the SPs. This is referred to as the GAN baseline
(GAN-BSL) for brevity. Initial trials have shown that increasing the iterations beyond 600
will refine the generated image quality, but its general composition is already stable at
around 500 iterations, beyond which no appreciable structural change is noticed.

For the experiment protocol, the same number of refinement iterations as the baseline
are carried out, but the process is interrupted after 100, 200, 300 and 400 iterations.
The latent vectors of the population are extracted at each of those points and used as
the starting population of a NSLC exploration cycle as detailed in Section 4.2.2 above.
This cycle is carried out for 50 generations with the aim to diversify the population,
then the resulting latent vectors are returned to the next refinement cycle, where the
GAN iterations continue operating on them until the next scheduled exploration cycle
interruption is due. The experiment was carried out in two variants based on each
of the chosen diversity metrics, i.e. guiding the NSLC process by either ViT diversity
(NSLC-ViT experiment) or by HSV diversity (NSLC-HSV experiment). This protocol is
outlined in Figure 4.3.

4.3.3 | Performance Metrics
For consistency, the same metrics as those of the exploration cycles are employed to obtain
the quality and diversity of the final images, thus comparing the different algorithms.
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They are applied to the populations within each experiment by calculating the following:

■ mean fitness - the average CLIP score across all 50 images in the population.

■ mean ViT diversity - the average ViT distance from the nearest 15 neighbours per
individual, averaged across all 50 images in the population.

■ mean HSV diversity - identical to mean ViT novelty but uses the HSV metric to
measure distance and finding nearest neighbours.

Note that since the two mean diversity metrics are calculated on a population sepa-
rately from the NSLC processes, no archive is considered. Neighbours are obtained only
from the same population being evaluated.

4.4 | Results and Evaluation
In Computational Creativity, assessing the process followed by the algorithms is as rele-
vant as evaluating the resulting product at the end of the 600 iterations [100]. Therefore,
the significant metrics described in Section 4.3.3 are calculated at regular iteration in-
tervals throughout each experiment. Figure 4.4 plots these metrics for all experiments
conducted, including the baseline reference, and across all the prompts used. It is inter-
esting to note how pronounced the effect of the exploration cycles is, when compared to
the GAN baseline. At a glance the plots indicate how the NSLC cycles disrupt the fitness
of the population but there is a drastic improvement in the mean diversities, irrespective
of which method is used to compute it.

Figure 4.4(a) shows the mean fitness, or CLIP score, which rapidly increases over
the initial 20 to 40 iterations, then stabilises to a very gradual increase thereon. The
exploration cycles decrease the mean fitness across the evolved population by an average
of 12% for the NSLC-HSV runs, and 21% for the NSLC-ViT ones. This drop is consistent
throughout all NSLC cycles, including the last one, despite the composition of the image
having been solidly affirmed at that point. Surprisingly, the refinement cycles are quick
to restore the mean fitness over the first few iterations following the NSLC interruption
to practically the same levels of the uninterrupted baseline. This indicates the remarkable
efficacy of the refinement cycle to operate on the image, independently of whether it is
primarily random noise, or an already composed image. Despite the interruptions, both
NSLC experiments reached a marginally higher mean fitness than the GAN baseline at
the end of the experiments, with the exception of the NSLC-ViT run of SP4, whose final
value was 2.9% lower than the GAN-BSL.
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Figure 4.4: Progression of the performance metrics over GAN iterations.
The iterations at which evolutionary NSLC cycles were performed are
marked in red.
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The two NSLC experiments differed slightly in behaviour. NSLC-HSV mean fitness
surpassed that of the GAN baseline by 1.5% on average, and exhibited smaller variations
between prompts. For SP3 this algorithm showed the largest improvement of 3.9% over
the baseline. In comparison, NSLC-ViT had only an average increase of 0.7% in mean
fitness over the baseline, and was subject to greater disparities across the SPs.

Figures 4.4(b) and 4.4(c) plot the diversity of the populations from all experiments
using the HSV and ViT metrics respectively, so that the populations evolved via each
metric driving the NSLC cycles are evaluated both vis-a-vis their evolving metric as
well as an orthogonal one. In both sets of graphs a sharp increase in mean diversity
can be observed over the first 20 iterations. This is due to the fact that the initial seed
images, composed of random fractal noise, have similar average distributions of colour
and brightness, as well as a lack of form and structure. Consequently, both HSV and ViT
metrics yield small distances between them. Conversely, the VQGAN model manifold
is expected to push the formation of the images towards the typicality of the training
corpora, especially given the sharp increase in fitness shown in Figure 4.4(a) within
these same iterations. This is observed in subsequent iterations, during which the mean
diversity stabilises or gradually decreases. This trend is prevalent for the GAN-BSL
experiments throughout, except for SP4 in the HSV diversity evaluations. The trend
to decrease is most noticeable in SP5 for both HSV and ViT, which is attributed to the
prompt constraining the images to have primarily red and blue colours, and to be similar
in terms of image composition and content.

The NSLC experiments show an evident spike after every exploration cycle when the
same metrics as those of the NSLC cycles is used. It is interesting to note that NSLC-HSV
exhibits the increase with both diversity metrics, whereas NSLC-VIT does not always do
so for a HSV evaluation. The average increase in ViT diversity for each exploration cycle
is 25% for NSLC-ViT and 10% for NSLC-HSV. In comparison, NSLC-HSV achieves an
average increase of 43% HSV diversity in every NSLC cycle, and NSLC-ViT obtains 14%.

However the refinement cycles rapidly attract the population back towards the style
of the manifold, decreasing the diversity over the iterations to a stable level as the mean
population fitness increases. Generally, this leads to a lower average ViT diversity than
the GAN baseline. This was unexpected, since the ViT diversity increases during the
NSLC cycles for both variants of the experiments. Interestingly, the GAN cycles do not
exhibit a similar increase in diversity as in the initial 20 iterations when the NSLC cycles
inject ‘noise’ in the images (due to the mutations) at iterations 100, 200, 300, and 400. By
600 iterations, the final images produced by NSLC-HSV show an average 6.3% increase
in HSV diversity compared to the GAN baseline, but an average 11.5% decrease in ViT
diversity per prompt. On the other hand, the final images generated by NSLC-ViT exhibit
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lower diversity for both ViT and HSV compared to the GAN baseline, with decrements
of 5.8% and 13.7%, respectively.

In view of the experimental hypotheses, the above analysis shows that the alternat-
ing evolutionary cycles produced a measurable increase in visual diversity when HSV
distance guided the exploration. Thus, hypothesis H1 holds for the HSV-driven variant
but is not supported when ViT-based novelty is used.

Although each NSLC cycle caused an immediate drop in mean CLIP fitness, the
refinement cycle consistently recovered semantic correspondence by its termination. By
iteration 600, both NSLC variants attained mean CLIP scores at or slightly above the
baseline, with the exception of one prompt (SP4) in NSLC-ViT. These findings support
the validity of H2.

During each evolutionary cycle, NSLC-HSV substantially increased both HSV and
ViT, whereas NSLC-ViT increased ViT diversity but showed negligible gains in HSV
diversity. These cycle-level trends translated into final outputs in which NSLC-HSV
preferentially enhanced chromatic diversity and NSLC-ViT failed to preserve either
form of diversity. Hence, hypothesis H3 was only partially confirmed, i.e. the choice of
novelty metric directs diversity gains toward its corresponding feature space, which is
particularly seen with HSV but not with ViT.

4.4.1 | Qualitative Observations
To appreciate the proposed process and visualise its various stages, the 5 most diverse
images at the final iteration of each cycle are presented in Figure 4.5. In this diagram,
the most diverse individuals are selected by computing the HSV distance to the nearest-
neighbours. The NSLC-HSV experiment was chosen because this algorithm has been
demonstrated to produce more diverse individuals while maintaining quality comparable
to the baseline. In particular, SP3 is shown due to its final images achieving the highest
increase in CLIP score (3.9% above the GAN baseline) and a notable improvement in
HSV diversity (7% above the GAN baseline).

After the first 100 GAN iterations, the image structure is recognisable, but still some-
what noisy, and with rough details. At this stage, diversity among images is appreciable.
Following the first exploration cycle, new patterns and elements emerge, such as the
introduction of human nose features. Despite this, some images become more noisy and
less distinguishable. These rough details are progressively refined in the subsequent
GAN cycle, resulting in crisper yet visually similar images. Each successive round of
exploration and refinement adds further details. Later NSLC cycles yield images that
are more recognisable and less noisy. However, after 400 iterations, increased similarity
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Figure 4.5: The progression (top to bottom) shows the 5 images with the
highest HSV diversity at the end of each cycle in an NSLC-HSV experiment
for SP3.



Chapter 4. Combining Evolution and Backpropagation 4.5. Discussion

among images becomes apparent, with recurring patterns such as the appearance of
the text “artificial” across most outputs. At this stage, the final NSLC cycle struggles to
disrupt these patterns, and the final products at 600 iterations exhibit more similarities
than earlier interim images, such as those at 300 iterations.

The analysis suggests that NSLC plays a more significant role during earlier stages
of the process. Over time, GANs tend to enforce dominant patterns, even on initially
novel images. It is inferred that stopping the process earlier or incorporating NSLC
interventions during earlier stages, e.g. at 20 or 50 iterations instead of 400, may better
mitigate this convergence toward dominant patterns.

4.5 | Discussion
EXP1 has demonstrated how a QD algorithm, namely NSLC, can be combined into
generative processes to diversify the output artefacts. Specifically, the population-based
evolutionary search was useful to break away from the constraints of the text guidance
and the model’s training corpora, which otherwise lacks appreciation of its individual
creations. The results have shown how alternating between NSLC and GAN cycles
shows a temporary increase in visual diversity but the effect decreases over time the
more the GAN process is allowed to operate.

In view of the hypotheses set out in Section 4.3.1, these have been directly addressed
in Section 4.4, and were mostly supported; in part for H1 and H3, in full for H2.

This confirms that evolutionary QD can be leveraged to broaden the stylistic variety
of generated images without permanently degrading their adherence to text prompts,
thereby answering this thesis’ RQ1. Specifically, EXP1 shows that these algorithms effec-
tively increase the fitness and diversity of PCG models operating in multiple modalities,
with the caveat that the chosen metrics have to be carefully selected to reflect specific
qualities of interest within the resulting artefacts.

RQ2, which addresses the structuring of the search space, is answered by EXP1’s
distinct subdivision of its novelty search space into two distinct feature spaces, namely
chromatic (HSV) and learned-embedding (ViT). The experiment showed that the choice
of representation directs diversity gains toward its respective domain. Despite its sim-
plicity, HSV novelty produced significant chromatic variation with modest embedding
changes, whereas ViT novelty failed to sustain gains when measured with both diver-
sity metrics, illustrating the critical role of search-space structuring in driving desired
exploratory outcomes.

The poor performance of the ViT metric could be attributed to the fact that the model
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was originally trained as an image classifier, and might be unable to properly differentiate
between two images if the composition contains elements of the same class, despite their
having different visual properties. For example, the model is trained to classify a building
as a house if it has specific structural properties, but it might not discern between a red-
painted, two-storey house and a white, single-story one, irrespective of how different
these may visually appear to a human.

Other visual distance metrics based on deep learning such as LPIPS [239] are more
targetted towards finding similarities in images, but their training is more attuned
towards detecting the same image which has undergone some transformation, such as
rotation, scaling, translation, or others. LPIPS was also evaluated during initial trials,
however its performance as a distance metric for the NSLC cycles fared much worse than
the GAN baseline and thus it was abandoned.

This experiment is also relevant to RQ4 as it employed CLIP similarity as a proxy for
semantic coherence. In response to the question, it shows that multimodal latent spaces,
CLIP in particular for the investigated modalities, are effective metrics for asset align-
ment and comparisons. In addition, EXP1 proposes HSV and ViT-embedding distances
as both quantitative measures of visual diversity, as well as drivers for evolutionary
novelty search. The cycle-level and endpoint analyses using these metrics provided
clear, interpretable signals of transient versus cumulative effects, thereby validating this
combination of assessment tools for multimodal generative systems.

The generalisation strength of these conclusions lies primarily at the methodological
level rather than at the level of specific models or prompts. While the experiments make
use of VQGAN-CLIP and particular image datasets, the underlying principle of alter-
nating between population-level exploration and local gradient-based refinement is not
specific to these choices. Similar dynamics can reasonably be expected to emerge when
pairing other differentiable generative models with evolutionary novelty or diversity
objectives.

However, the conclusions do not fully generalise to all multimodal or creative do-
mains. The metrics used and the reliance on CLIP embeddings bias the exploration
toward visually measurable properties and semantic similarity as defined by a spe-
cific pre-trained model. Consequently, the results generalise best to domains where a
shared embedding space is available, and where diversity can be meaningfully captured
by perceptual features of low complexity. Claims about broader creative diversity or
human-perceived novelty should therefore be interpreted with caution.

It warrants brief consideration that the computational cost necessitated by the ex-
ploratory NSLC cycles surpasses that demanded by the refinement cycles by several
orders of magnitude. Given the generally higher computational demands of population-
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based evolutionary methods relative to gradient-based optimisation, this observation
is entirely anticipated. Indeed, it was observed that the refinement cycles themselves
impose a substantially greater computational burden than the baseline backpropagation
process, a consideration that becomes particularly salient when the relatively modest
improvements in diversity are taken into account. Nevertheless, this computational
overhead was deemed to be acceptable within the context of the present proof-of-concept
investigation, to illustrate the hybrid approach.

Overall, notwithstanding mixed results, this study showcases the approach of com-
bining algorithms into more effective hybrids, and shows great potential when applied
to GenAI models. It is hypothesised that adaptive scheduling strategies, in which the
influence of novelty is increased as refinement stagnates, may mitigate late-stage ho-
mogenisation. Additionally, embedding spaces explicitly trained to reflect perceptual
similarity rather than classification performance may yield more stable and interpretable
diversity gradients.

4.6 | Limitations and Shortcomings
This study relies on a tightly coupled optimisation and evaluation scheme, wherein
CLIP-based similarity is used both to guide evolutionary selection and to assess final
outcomes. While the implications of CLIP’s semantic bias are discussed earlier in this
chapter, a broader limitation is that this coupling introduces an element of evaluative
circularity. Improvements observed should therefore be interpreted as relative to the
model-defined objective, rather than as evidence of improvement over any universal
absolute, or human-centric visual quality or creativity.

Furthermore, evaluation in this chapter is fully automated and does not involve
human judgement. Although this choice enables controlled experimentation and repeata-
bility, it limits the extent to which claims can be made about aesthetic value or semantic
appropriateness beyond the embedding space of the model. This limitation is particularly
relevant given that evolutionary pressure may amplify artefacts that are favoured by the
metric while remaining ambiguous or unconvincing to human observers.

Diversity is addressed through novelty-based competition and low-level visual de-
scriptors, which effectively demonstrate that evolutionary processes can counteract
convergence in generative image models. However, this form of diversity remains pri-
marily perceptual and does not account for higher-level conceptual variation. As a result,
visually distinct artefacts may still occupy a narrow semantic space. The difference in
performance of the different metrics used also tempers the generality of the findings,
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indicating that evolutionary enhancement of GenAI outputs is contingent on the met-
rics used to define diversity. At the same time, the progressive homogenisation of the
population during later refinement cycles reveals an important shortcoming of the ap-
proach. Despite repeated injections of novelty, backpropagation increasingly dominates
the search dynamics, pulling solutions toward a limited subset of high-fitness regions.
As a result, diversity gains diminish over time, suggesting the presence of a practical
ceiling beyond which exploration yields diminishing returns.

These limitations frame EXP1 as a proof-of-concept rather than a comprehensive
creative system. In particular, they motivate the need for a more explicit structuring of
the search space and a broader treatment of multimodal diversity, which is addressed in
Chapter 5.

4.7 | Summary
This chapter has shown the combination of an QD evolutionary algorithm with a
VQGAN-based generative model. Two distance metrics, HSV and ViT, were used within
a NSLC algorithm to diversify the generated images. Despite having a unimodal output,
the process was multimodal as the image generation was guided by text, and the imple-
mented algorithms targeted both the increase in modal coherence through a CLIP score,
as well as diversity through distance metrics. In the next chapter, a multimodal GenAI
problem dealing with models producing both text and images will be examined.
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5

Multimodal Search Space Illumination

This chapter focuses on multimodal generation for both text and images using GenAI
models. An illustrative example will be used in which text descriptions and cover
(or ‘hero’) images are generated for hypothetical video games. Through this work the
author proposes an improvement on the MAP-Elites algorithm [150]. This novel method,
dubbed MEliTA, implements an inter-modal evaluation strategy that facilitates the
exchange of partial artefacts (such as images or texts) among phenotypically related elite
candidates, to promote the emergence of more coherent pairings. This novel mechanism
enriches the creative dynamics of co-evolution, leading to the generation of solutions
that are both more diverse and better adapted.

This approach is useful in its capacity to illuminate creative multimodal search spaces,
particularly in scenarios where it is desirable to obtain solutions that comprehensively
span a distinct set of BCs associated with each modality.

5.1 | Methodology
MEliTA is an extension of the MAP-Elites framework, purposefully designed to evolve
multimodal artefacts and reduce their inter-modal divergence. The methodology assumes
several structural assumptions. In brief, MEliTA differs from MAP-Elites during the
placement of new candidate solutions. In the baseline MAP-Elites algorithm, when a
new candidate is found, its BCs are computed to determine in which position it may be
placed in the archive. If the space is vacant, the candidate is placed there, becoming the
new elite. Otherwise, the candidate’s fitness is compared to that of the existing elite at
that location. If higher, it replaces the elite, otherwise it is discarded.

MEliTA operates in multimodal domains wherein each individual has components
in multiple modalities. The search space is subdivided into BC axes each pertaining to
one specific modality. During placement, when the BCs of the new candidate place it at a
specific location, its fitness is evaluated against not only the existing elite at that position,
but also against new potential candidates obtained by pairing the altered modalities of
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the new candidate with the other modalities of the existing elites which are placed along
the same dimension of the archive. The resulting hybrid candidate with the highest
fitness is then placed in its respective location, replacing the existing elite.

More formally, the operation of MEliTA is explained as follows. While illustrated
here in the context of two modalities, the framework generalises to any N-modality
scenario:

■ Each individual A comprises N discrete artefacts, each associated with a distinct
modality Mi, such that A = {aM1 , aM2 , . . . , aMN}.

■ For each modality Mi, a variation operator VMi exists and can be applied to the
corresponding artefact aMi , potentially conditioned on other modalities, without
altering them. For instance, a′M1

= VM1(aM1 , aM2 , . . . , aMN ).

■ A coherence function f : A 7→ R returns a scalar value q representing the degree of
inter-modal consistency: q(A) = f (aM1 , aM2 , . . . , aMN ).

■ Each modality Mi is associated with a behaviour characterisation function gMi :
aMi 7→ βMi , where βMi denotes the behaviour descriptor of artefact aMi .

Under this formulation, MEliTA constructs an N-dimensional archive in which each
dimension corresponds to a behaviour characterisation βMi . Every generation, an elite
individual E = {eM1 , eM2 , . . . , eMN} is sampled from the archive, via uniform or adaptive
selection strategies [44].

A single artefact, say eMk , is selected uniformly at random, and transformed using
its corresponding variation operator, yielding e′Mk

= VMk(eM1 , . . . , eMN ). The associated
behaviour descriptor is computed as gMk(e

′
Mk

).
A new candidate individual E′ = {e′Mk

, eMj ̸=k, . . .} is then formed by substituting the
modified artefact while preserving all others. In the standard MAP-Elites algorithm,
E′ would be evaluated against an incumbent elite E′

old located at the cell defined by
{gM1(e

′
M1

), . . . , gMN (e
′
MN

)}, and inserted if q(E′) > q(E′
old), or if the cell is unoccupied.

MEliTA augments this process by evaluating the mutated artefact e′Mk
in combination

with artefacts from elites R = {rM1 , . . . , rMN} occupying archive cells with matching
behaviour descriptor βMk = gMk(e

′
Mk

). For each such elite, a hybrid individual R′ =

{e′Mk
, rMj ̸=k, . . .} is generated, and its coherence score q(R′) computed.

The resulting set of candidate individuals R⃗′, together with E′, is sorted in descending
order of q to form a ranked list L⃗. Each candidate ϕ ∈ L⃗ is sequentially considered for
insertion into the archive. If the archive cell defined by the behaviour descriptors of ϕ

is empty, ϕ is inserted. Otherwise, ϕ replaces the current occupant ϕold if and only if
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q(ϕ) > q(ϕold). If neither condition is met, the process continues to the next candidate in
the list.

At most one individual is inserted into the archive per generation. This mechanism
facilitates progressive refinement of the archive while allowing unoccupied cells to be
filled, potentially including the unpaired candidate E′.

The application of MEliTA will be further illustrated through the use case presented
in Section 5.2.

5.2 | Use Case: Hypothetical Game Blurbs
As already explained in previous chapters, the modalities of image and text were selected
due to their compatibility with robust, publicly available AI generation systems. Within
this circumscription, MEliTA is applied to the automated generation of fictional video
games, each defined by a game title, a short textual synopsis, and a cover image. The objective
is to produce a varied set of artefacts that are both internally coherent and stylistically
aligned with established conventions of game media, with the potential to inform or
inspire players and developers.

For each modality, two primary aspects are addressed: the mechanism by which
artefacts are generated or altered (typically via mutation), and the manner in which they
are characterised for placement within the MAP-Elites feature map [150]. Subsequent
sections describe the generation and characterisation processes for each modality in
detail, followed by a formal outline of the MEliTA procedure as implemented in this
study.

5.2.1 | The Text Modality
The GPT-2 model [168] serves as the backbone for generating both game titles and
descriptions within this study. Although more advanced language models have since
emerged, offering improved fluency and reasoning capabilities [18, 154, 202, 203], GPT-2
remains relevant for tasks that benefit from its significantly lower inference latency. De-
spite its limited scale and correspondingly reduced performance, the model’s speed and
adaptability made it a suitable choice for integration into the iterative, population-based
search characteristic of this evolutionary framework. Additionally, GPT-2’s relatively
lightweight architecture compared to LLMs with billions of parameters, simplifies the
fine-tuning process, allowing for efficient specialisation toward domain-specific tasks.
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5.2.1.1 | Generating Titles and Descriptions

To create plausible and contextually appropriate titles and descriptions for fictional
games, a pre-trained GPT-2 language model was fine-tuned using a dataset derived from
the Steam platform’s extensive catalogue of real-world game metadata1. This dataset
was carefully curated to ensure relevance and quality: entries lacking English text, non-
game software (e.g., utilities, videos), and titles flagged for adult content or nudity were
excluded. The final corpus comprised roughly 72,000 paired entries of titles and their
corresponding descriptions.

For title generation, the model was fine-tuned to the curated set of video game titles.
Due to the relatively small size of the dataset, the smallest GPT-2 variant was used, which
consists of approximately 124 million parameters. Training data was formatted with
clearly defined boundary tokens, using the syntax:

<|begin|>game title<|end|>

Initial fine-tuning efforts resulted in overfitting, as the model tended to reproduce known
titles. To address this, the weights and biases of the final output layer were re-initialised
prior to training, which encouraged greater novelty in the generated content and reduced
memorisation of the original data.

A second GPT-2 model was fine-tuned to handle both the title and its corresponding
description, again building on the pre-trained weights from [168]. The input format for
this training included both components structured as:

<|begin|>game title<|body|>description<|end|>

Table 5.1 shows an example of a generated title and description pair.
This dual-model setup enables two-step generation. First, a new game title is pro-

duced by prompting the title-only model with

<|begin|>

Second, the generated title is passed to the title-description model using the structure

<|begin|>game title<|body|>

to yield a matching description.

1https://store.steampowered.com
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Table 5.1: Examples of text variation methods. Partial mutation randomly
selects a space or punctuation, removes subsequent text, and uses the
remaining segment to generate the rest of the description (in red). Full
mutation rewrites the entire description, using only the game title (in bold)
to generate a new one (in red).

Original Hooey! You Got a Monster!?, You’ve been selected for an experiment
at the University of Chicago’s Animal Research Center. A girl, who
has lost her memory in this creepy and magical place will use your
memories to discover why you got kidnapped by Professor Teller on
his way there...

Partial mutation Hooey! You Got a Monster!?, You’ve been selected for an experiment
at the University of Chicago’s Animal Research Center. A professor
with no memories about his past finds you. An unforgettable story
about two animals, their lives and what happened to them in this
dream-like place.

Full mutation Hooey! You Got a Monster!?, The best game of all time is back, and
better than ever. This year we’ve reimagined the classic arcade plat-
former with over 100 levels to conquer. Gameplay has been revamped
for even more fun, it’s more difficult then ever but much harder in this
new version!

5.2.1.2 | Mutating the Description Text

Two distinct variation operators are employed during the mutation of textual descrip-
tions. Partial mutation preserves continuity with the preceding description, whereas
full mutation replaces it entirely to mitigate the risk of premature convergence. In the
case of partial mutation, the initial segment of the description is retained, determined by
splitting the text at a selected space or punctuation mark near its midpoint. To increase
the likelihood that this split occurs near the centre, three such positions are randomly
chosen within the text, and the middle one is selected. The text from that point onwards is
discarded. This retained fragment, along with the corresponding game title, is provided
as input to the second GPT-2 model to generate the continuation.

Conversely, full mutation involves discarding the entire original description; only
the game title is supplied to the second model, which then produces a novel description
anew. Full mutation is applied with a probability of 20%, otherwise a partial mutation is
used. Examples of the resulting textual variations are presented in Table 5.1 to illustrate
the process.

5.2.1.3 | Behavioural Characteristics of Text

In order to segment the feature map of MEliTA metrics for the BCs of each modality
have to be defined. A range of techniques for text characterisation were investigated
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in the context of this application, including traditional readability metrics such as the
Gunning-Fog index [82]. This index estimates the years of formal education required to
comprehend a piece of writing, based primarily on sentence length and word complexity.
Ultimately, topic modelling was selected as the most suitable approach, using topics
derived from the Steam dataset. The objective is to align with prevalent thematic patterns
observed in game descriptions, which represent the typicality of the domain of this use
case [173].

For this purpose the LDA algorithm was used to categorise the generated text into
topics [11]. The algorithm was trained across a range of topic counts, varying from 4 to
30. Based on evaluations using both perplexity and complexity metrics, 16 topics were
identified as the optimal number.

The refined LDA model is applied in order to characterise each generated description,
generating a distribution of probabilities which reflects the extent to which the description
corresponds to each of the learned topics. When no single topic achieves a probability
that exceeds others by a margin of at least 40%, the description is deemed unclassified.
In such cases, the description is excluded from the feature map and is thereby omitted
from subsequent stages of the evolutionary process [145]. This mechanism may be
interpreted as a rudimentary instance of constrained optimisation, as discussed in prior
literature [28].

5.2.2 | The Image Modality
To generate cover images for the hypothetical games a SD pre-trained model [175] with
openly released code and weights is used. This model was chosen because it was able to
produce images of good quality with modest computational resources. At the time this
experiment was conducted, the image quality it delivered was considered to represent
the state of the art.

For the generative process, the model was supplied with two prompts. The positive
prompt, to which the model attempts to align the generated image, contains the title and
the description of the target game in the following format:

“title, description”

Initial trials showed that the image aesthetics were considerably improved if a negative
prompt is also supplied to the model. When provided, the model will use both conver-
gence towards the positive prompt as well as divergence from the negative prompt as its
generative goals. Guided by community suggestions and following experimentation by
the author, the negative prompt used was constant for all processes and set as follows:
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Neon Moon
A space-themed puzzle
game that follows a young
girl, who is on an adventure
to find her father in the
depths of cosmic ruin.

Neon Moon
A space-themed puzzle
game that follows a young
girl, who is on an adventure
to find her father in the
depths of cosmic ruin.

Neon Moon
A space-themed puzzle
game that follows a young
girl, who is on an adventure
to find her father in the
depths of cosmic ruin.

PyTorchVision AugMix
RandomAugmentation

Stable Diffusion
img2img

Prompt
Input

Negative
Prompt
Input

duplication, ugly,
text, bad anatomy

Figure 5.1: Example of image variation: The text modality of the parent is
employed as a prompt for image-to-image SD regeneration, together with
“standard” negative prompts.

“duplication, ugly, text, bad anatomy”

5.2.2.1 | Mutating the Cover Images

Analogously to the approach taken with text, image mutation is performed at the pheno-
typic level. For this modality, this operation is conducted through a structured, two-stage
process. The first stage involves applying the AugMix augmentation function [87], which
is part of the TorchVision software library [140], in order to introduce controlled distor-
tions to the original image. In the second stage, this distorted image is combined with
the original textual inputs, including the game title, description, and negative prompt.
The combined inputs are then passed into a Stable Diffusion (SD) model configured for
image-to-image transformation, as illustrated in Fig. 5.1.

All image generation and mutation tasks are carried out using a fixed schedule of
40 diffusion steps. This choice reflects a compromise between achieving high image
quality and maintaining computational efficiency. Due to the inherent variability in the
distortions introduced by the augmentation function, the similarity between the final
output and the original image can vary considerably. Unlike textual mutation, which
allows for more deterministic control over the extent of change, image-based mutation
involves greater uncertainty in the resulting phenotype. However, this variability is
viewed as beneficial, as it helps prevent premature convergence and encourages a more
dynamic and exploratory evolutionary process.
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↓ complexity
↓ colourfulness

↑ complexity
↓ colourfulness

↓ complexity
↑ colourfulness

↑ complexity
↑ colourfulness

Figure 5.2: Some example images showing the combined extremes of com-
plexity and colourfulness adopted as a visual behavioural characteristic.

5.2.2.2 | Behavioural Characteristics of Images

Several quantitative metrics were evaluated for the purpose of categorising the image
modalities. Ultimately, the selection was guided by the pragmatic balance between com-
putational simplicity and interpretability, resulting in the adoption of two complementary
measures: complexity and colourfulness.

Image complexity is defined as the proportion of edge pixels detected using the HED
model [229], relative to the total number of pixels in the image. Although traditional
approaches in evolutionary art have employed Sobel or Canny filters for estimating
complexity [135], the HED model confers a significant improvement, offering greater
precision while effectively suppressing noise at the detected edges.

Image colourfulness, is quantified through a metric that captures the perceptual inten-
sity of chromatic content, effectively measuring saturation and richness [86].

The benefit of using these metrics is that they represent properties of the image that
can be readily interpreted by a human observer. To fuse these two metrics into a unified
scale, each of the two values, complexity and colourfulness, is discretised into four
ordinal categories: very low, low, high, and very high. The pairwise combination of
these categories yields a total of sixteen distinct bins, enabling a classification scheme
that mirrors the dimensionality of the corresponding textual BC. Some example images
illustrate typical categorisations combining the extremes of colourfulness and complexity
may be seen in Figure 5.2

5.2.3 | Applying MEliTA to the Use Case
Having defined all the necessary metrics and algorithms, MEliTA may be applied to
the chosen bimodal use case. Parent selection is carried out in accordance with the
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Monte Carlo Elites algorithm [186], which has been shown to enhance the diversity and
coverage of final elites in the solution archive. At every iteration of the evolution, the
UCB algorithm [110] is evaluated to select the next parent. This balances exploration and
exploitation by considering the frequency with which each parent has been selected.

The underlying feature map is structured as a grid of 16 × 16 cells, with each individ-
ual assigned a position based on two BCs: one derived from text topics and the other
from image complexity and colourfulness, as described in Sections 5.2.1.3 and 5.2.2.2.

Fitness is evaluated using the CLIP score from Equation 2.4, which measures semantic
alignment between an image and its corresponding description, inclusive of the title as
outlined in Table 5.1. This score determines whether a given individual is retained in
the archive. In the baseline MAP-Elites approach, a selected parent undergoes variation
to generate either a new image or a new textual description. The resulting artefact is
then paired with the unmodified component of the parent (i.e., the original description
or image, respectively) to form a novel offspring.

In contrast, the Transverse Assessment procedure introduces a more elaborate evalu-
ation mechanism. When MEliTA selects a parent, it randomly chooses to apply variation
to either the image or the description using operators specified in Sections 5.2.1.2 or 5.2.2.1
respectively. For illustration, Figure 5.3 depicts a scenario in which the image component
eV is transformed into e′V . This newly generated image is then combined with the parent’s
original text component eT to form a candidate solution E′. The CLIP score, text BC,
and visual BC of E′ are computed accordingly; in the example shown, E′ maps to the
previously unoccupied cell at row 5, column 1.

The process continues by pairing the new image e′V with the title and description
of each elite individual whose visual BC matches that of E′, i.e. all elites residing in
the same row as E′ in the feature map (as illustrated with R1, R2 in Figure 5.3). Each
resulting pairing forms a new temporary candidate whose CLIP score is computed. As
these combinations involve existing BC values, these need not be recalculated. These
candidate solutions are ranked based on fitness and starting from the highest, each is
evaluated for potential archive inclusion. If a candidate exceeds the fitness of the elite
currently occupying its corresponding cell, or if the cell is vacant, it is added to the
archive, replacing the incumbent if necessary. Once a successful insertion occurs, the
assessment concludes. If none of the candidates meet the inclusion criteria the archive
remains unmodified and a new parent is selected for the next iteration.

5.3 | Structure of the Experiment
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Figure 5.3: Simplified feature map of the MEliTA process for this use case,
with grey cells representing elites. From a selected elite E, a modified im-
age e′V generates three candidates from E, R1, and R2. These are ranked by
CLIP score as L⃗ = { f (R′

2), f (E′), f (R′
1)}. If f (R′

2) > f (R2), the candidate
R′

2, combining the image from E′ and text from R2, replaces R2. Otherwise,
E′ fills the empty cell at row 5, column 1).

5.3.1 | Hypotheses
The central hypothesis proposed in this experiment postulates that MAP-Elites with
Transverse Assessment yields multimodal assets exhibiting higher fitness and greater
diversity relative to the baseline MAP-Elites algorithm implemented without Transverse
Assessment.

More specifically, this overarching hypothesis, is further subdivided into the following
sub-hypotheses:

H1 The final archive of solutions produced by MEliTA exhibits higher quality and
greater diversity than that produced by the baseline MAP-Elites algorithm.

H2 MEliTA identifies solutions of higher quality and diversity more rapidly than
MAP-Elites.
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H3 The final archive of elites discovered by MEliTA is perceptually and semantically
more diverse in comparison to MAP-Elites without transverse assessment.

Hypothesis H1 concerns the outcome of the evolutionary process, focusing on the end-
state archive. Hypothesis H2 evaluates the efficiency and progression of the evolutionary
dynamics throughout the search. Both H1 and H2 quantify diversity based on the BCs
explicitly encoded in the feature map. In contrast, H3 relies on alternative diversity
metrics, selected to better align with human judgments of diversity within each modality
under consideration. Experiment EXP2 tests these hypotheses and is detailed in this
section.

5.3.2 | Protocol
Initially, 100 game titles were generated as described in Section 5.2.1, from which 7 titles
listed here were hand-picked based on criteria of thematic diversity and a varied word
count.

T1 “Neon Moon”

T2 “Lion King”

T3 “Hexgrave”

T4 “Fantasy Fables: The Legend of the Flying Sword”

T5 “The Princess of Thieves”

T6 “The Shadow Warrior 2: Shadows of the Past”

T7 “Hooey! You Got a Monster!?”

Ten independent evolutionary runs are conducted for each of the above title, using
both algorithms, namely MEliTA and MAP-Elites. In order to ensure a standardised and
fair initialisation of the population, the GPT-2 language model is employed to generate
one hundred textual descriptions per title. Subsequently, for each of these descriptions,
four corresponding images are generated using the SD model. Within each evolutionary
run, the initial population of 100 hundred individuals is formed by pairing each textual
description with a randomly selected image from its four associated candidates. These
individuals are then placed into the appropriate cells within the feature map as dictated
by the algorithm in use. Each experiment consisted of 2000 evolutionary iterations, i.e.
2000 parent selections, mutations, and placements of novel individuals. This structure is
visualised in Figure 5.4.
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Title T7

Title T6

Title T5

Title T4

Title T3

Title T2

Title T1

Initial Population
100 text-image pairs

2000 Iterations
Parent selection,

mutation, placement

Evaluation
QD, Fitness,

Diversity metrics

10 independent runs

MEliTA

Title T7

Title T6

Title T5

Title T4

Title T3

Title T2

Title T1

Initial Population
100 text-image pairs

2000 Iterations
Parent selection,

mutation, placement

Evaluation
QD, Fitness,

Diversity metrics

10 independent runs

MAP-Elites Baseline

Figure 5.4: The MEliTA experiment structure. 2000 iterations are carried
out per title before the final archive is evaluated. 10 independent runs of
each experiment are conducted. The entire process is carried out using the
MEliTA algorithm as well as for the MAP-Elites baseline.

5.3.3 | Evaluation Metrics
In order to evaluate hypotheses H1 and H2, standard performance metrics established in
the context of QD evolutionary search are employed [150].

With regard to H1, the evaluation is conducted using the final archive, from which
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four key metrics are computed: the mean fitness of occupying elites, the maximum fitness
observed among these elites, the coverage (defined as the proportion of occupied cells
relative to the total number of cells in the grid), and the QD score (calculated as the sum
of all elite fitness values). The first two of these metrics are indicative of solution quality,
whereas coverage serves as a measure of diversity with respect to the specified BCs, and
the QD score reflects an integrated assessment of both quality and diversity. In contrast to
the procedure outlined in [150], the values are not normalised to the maximum obtained
across runs or methods.

In the case of H2, the same metrics are monitored throughout the evolutionary
process, specifically after each instance of parent selection, and subsequently evaluated
via the Area Under the Curve (AUC). A high AUC value may suggest either that strong
performance metrics were attained by the end of the process, or that such performance
was achieved at earlier stages.

To address H3, the final elites are analysed using diversity measures that are orthog-
onal to those employed in populating the feature map. For visual diversity, two com-
plementary metrics are used: the LPIPS, which provides a distance measure from a NN
trained on human perceptual judgments of visual difference [239], and the SSIM [216],
which is a metric frequently applied to quantify image quality degradation due to
compression or transmission artefacts. In assessing textual diversity, the semantic em-
beddings produced by the SBERT encoder [172] are used, as these representations encap-
sulate the meaning of each description. The cosine similarity (see Equation 2.4) between
the latent vectors of elite descriptions is computed in order to derive the SBERT distance
[45]. For each distance metric, both the mean distance of an elite to all other elites and
the nearest-neighbour distance to the most similar elite are calculated, the latter serving
as a more conservative indicator of visual or textual similarity.

5.4 | Results and Evaluation
The comparison between MEliTA and MAP-Elites is carried out by evaluating the final
feature maps after 2000 evolutionary iterations, for each of the 10 runs performed. The
non-parametric two-tail Wilcoxon Rank-Sum test [224] is used to establish statistical
significance in the performance differences observed between the algorithms under test.
A significance level of p < 0.05 was used for these tests.
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Figure 5.5: Box plots compare metrics of the final archives after 2000
iterations of MEliTA to those of the MAP-Elites baseline. Values are
averaged over 10 runs for each title.

5.4.1 | Evaluating the Final Quality and Diversity
Figure 5.5 presents the four evaluated performance metrics of the QD algorithm as
applied to the final archive. It can be observed that MEliTA generally yields individuals
of higher fitness than those produced by MAP-Elites. This is evidenced by statistically
significant improvements in mean fitness across six out of seven game titles, with the
exception of T7. Additionally, a statistically higher maximum fitness is achieved in three
of the seven titles, specifically T2, T5, and T6.

These outcomes suggest that the solutions evolved through MEliTA tend to exhibit
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a greater degree of coherence between textual and visual elements. Such coherence is
likely attributable to the mechanism by which text or image outputs are selectively paired
with counterparts from the archive that provide a more semantically aligned match, as
opposed to relying solely on the original image-text pairings produced by MAP-Elites.
However, this strategic preference for combining artefacts across distinct elites appears
to come at the expense of reduced feature space coverage. Although this reduction
in coverage is minor for the majority of game titles, MAP-Elites achieves significantly
greater coverage in two instances: T3 and T5.

Given that MEliTA produces a smaller set of elites, albeit with higher fitness, the
resulting QD scores between the two methods are, in general, comparable. A notable
exception arises in the case of T7, for which MEliTA attains a significantly higher QD
score than MAP-Elites.

From this analysis, it can be concluded that MEliTA offers enhanced performance
in terms of quality, though this is occasionally offset by a diminished exploration of the
feature space. Consequently, hypothesis H1 receives partial validation: support is found
with regard to quality, but not with respect to diversity.

5.4.2 | Evaluating the Progress of Quality and Diversity
Figure 5.6 presents the AUC values computed across 2000 parent selections for various
QD performance metrics. These AUC results are consistent with the trends previously
identified in Section 5.4.1. In particular, both the mean and the maximum fitness values
were observed to increase at a faster rate under MEliTA when compared to MAP-Elites.
Out of the seven titles under study, this trend reached statistical significance in three of
them for the mean fitness, and in four for the maximum fitness. In contrast, coverage
tended to improve more rapidly when using MAP-Elites, with statistically significant
differences observed in two of the seven titles. With respect to the QD score, the AUC
values were largely comparable between the two methods, although MEliTA exhibited a
significantly higher AUC exclusively in title T1.

From these observations, it can be inferred that MEliTA tends to identify higher-
fitness individuals more rapidly than MAP-Elites. Consequently, hypothesis H2 is
supported in terms of quality improvements but not fully validated with respect to
diversity.
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Figure 5.6: Box plots compare the area under the graph of QD metrics
throughout 2000 iterations of MEliTA to those of the MAP-Elites baseline.
Values are averaged over 10 runs for each title.

5.4.3 | Evaluating Image and Text Diversity in the Final Archive
In order to evaluate the perceptible differences between the archives generated by the two
methods, visual and textual distances were employed. Specifically, perceptual metrics
LPIPS and SSIM were used to quantify visual dissimilarities, while SBERT embeddings
were utilised to assess textual divergence. These comparisons were made between the
final elites obtained after 2000 parent selections in both MEliTA and MAP-Elites. The
results, as presented in Figure 5.7, include both mean and nearest-neighbour distances
for each metric. Notably, these measures are largely independent of the BCs used by
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Figure 5.7: Box plots of mean and nearest-neighbour distance metrics for
visuals and text among final elites. Metrics are aggregated over 10 runs
per title for both MEliTA and MAP-Elites algorithms.

MAP-Elites.
Figure 5.7 reveals that, in aggregate, the final outputs produced by MAP-Elites do not

exhibit a consistently higher or lower degree of diversity in comparison to those generated
by MEliTA. When visual diversity is considered, MEliTA demonstrates significantly
greater mean LPIPS distances in the outcomes associated with two game titles (T5
and T6), and significantly higher nearest-neighbour LPIPS distance in one title (T5).
Furthermore, a significantly higher nearest-neighbour SSIM distance is observed for
MEliTA in two additional game titles (T2 and T3). Although these results do not establish
a globally consistent trend, they suggest a tendency for MEliTA to yield more visually
diverse images than MAP-Elites.

More pronounced trends are observed with respect to textual diversity. MEliTA
produces significantly higher mean SBERT distances in the final archives for three game
titles (T1, T2, and T6), and significantly higher nearest-neighbour SBERT distances for
four titles (T1, T4, T5, and T6). Despite the absence of any single game title for which
MEliTA significantly outperforms MAP-Elites across all diversity metrics, these findings
collectively support the validation of hypothesis H3.

It can thus be concluded that, although the archive sizes may be smaller, MEliTA
consistently produces archives that are both more visually and textually diverse than
those yielded by the baseline MAP-Elites.

It is also insightful to examine variations among elite samples through direct analysis.
The title T6, “The Shadow Warrior 2: Shadows of the Past”, was selected due to its
consistently elevated values in both LPIPS and SBERT distances, as well as the presence
of a representative run exhibiting high scores for both metrics. To this end, k-medoid
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Table 5.2: Sample MEliTA output for title T6, “The Shadow Warrior 2:
Shadows of the Past” (T6). Each sample was selected as a medoid via
k-medoid clustering (k = 5) of the final archive. The generated description
is shown with its original errors.

Game 1 Game 2 Game 3 Game 4 Game 5

In this game, players
have to use their sword
and weapons wisely
because there are many
enemies who will try
very hard for you.
After many defeats in a
long time, each one
offers new challenges.

After a global
catastrophe, you are
left alone to face your
past. The greatest evil -
an alien race called
Korda – is planning on
tearing Earth apart as
they do every few
centuries in this new
adventure from
Arkane Studios and
Infamous Games.

Play as a shadow
warrior, taking on
different threats in this
third person shooter
that’s more brutal than
ever before.

In this game, players
have to use their
swords and bows in
order not only survive
but also fight with
others.

After years’ long
struggle, Dark Lord
Arthur’s dark legacy is
coming to light, and a
new evil seems lurking
at every corner.
TheShadow Warrior2 :
Shadows OfthePast.

clustering was conducted using a Euclidean distance metric that integrates both SBERT
and LPIPS components. The resulting medoids for k = 5 are presented in Table 5.2.

The textual descriptions corresponding to these samples demonstrate considerable
variation. In certain cases (specifically Games 1, 3, and 4), the descriptions primarily
summarise gameplay mechanics or actions. In contrast, other descriptions reflect nar-
rative elements, with Game 2 incorporating motifs from science fiction and Game 5
adopting a medieval Camelot-inspired theme. Several of the textual descriptions also
include extraneous or seemingly irrelevant content, as demonstrated by the conclusion of
Game 5’s description, which may be attributed to generative noise. Furthermore, overlap
among descriptions can be observed, particularly in the case of Games 1 and 4, which
may result from the application of partial mutation operations within the generation
process.

With respect to the associated imagery, most samples portray dynamic or action-
oriented scenes that give the impression of being extraneous from the bounds of the
hypothetical gameplay. An exception can be found in Game 5, which features a first-
person shooter perspective that includes a visible firearm, situated within an otherwise
fantastical environment. The characters across the medoid images are generally clad
in armour and tend to have obscured facial features, a pattern that may be influenced
either by genre-specific visual tropes (e.g., ninja iconography) or by negative prompt
constraints that strive to suppress undesirable anatomical inconsistencies. Swords are
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frequently depicted as weapons, although modern firearms are also present, most notably
in Games 3 and 5. The backgrounds exhibit a degree of uniformity, with most images
featuring a fog-laden forest landscape. However, Game 2 presents a notable deviation,
showcasing a warmer colour palette and flame-like wing structures emanating from the
central character.

In summary, while the visual medoid samples do not exhibit an especially high degree
of diversity, particularly in terms of thematic representation of “ninja” figures or variation
in colour schemes, a consistent relationship can nonetheless be observed between the
textual descriptions and their corresponding images, despite the sometimes generic
nature of the descriptions. Of particular concern is the inclusion of real-world game
studio names in the description for Game 2. This phenomenon is likely a consequence
of GPT-2’s exposure to the Steam dataset during the fine-tuning process, and raises
potential issues regarding intellectual property, in scenarios which would involve public
or commercial dissemination of the generated content.

5.5 | Discussion
Through Experiment EXP2, which focused on a use case involving the generation of
fictional game descriptions and corresponding cover images, it was determined that
MEliTA is capable of producing a smaller, yet more suitable set of elite solutions. It was
further acknowledged that this improvement in quality is accompanied by a reduction in
feature map coverage. This reduction arises from the algorithmic process wherein a new
elite is added to the archive only if no superior alternative is identified when evaluating
the offspring’s modified modality in conjunction with the modalities of existing elites.

Despite this decline in coverage, no corresponding reduction was observed in the
visual and textual diversity of the generated elites, provided that the assessment metrics
were decoupled from the BCs. When measured using both the mean pairwise distance
and the nearest-neighbour distance, it was observed that the elites generated by MEliTA
exhibit greater visual and semantic diversity. Furthermore, these elites demonstrated
higher coherence, as evidenced by elevated fitness scores, in comparison to those pro-
duced without the use of transverse assessment.

It should also be noted that throughout its process, MEliTA yields a substantially
larger number of candidate solutions due to its use of transverse assessment, in contrast
to the single offspring typically generated by MAP-Elites. As a result, the number of
fitness evaluations required by MEliTA can be significantly higher, although the number
of BC evaluations remains constant, since only a single individual bearing the unaltered
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modality of the parent is subject to such an evaluation. For instance, in the examined use
case featuring a 16 × 16 feature map, MEliTA may conduct up to 16 fitness evaluations
per parent selection, whereas MAP-Elites would require only one. The computational
cost associated with calculating the CLIP score is minimal, rendering the increased
number of fitness evaluations largely inconsequential in this context. However, it must
be acknowledged that this may not hold true in scenarios involving simulation-based
fitness functions [150], or if the algorithm is applied to more than two modalities.

Observations of the outputs illustrated in Table 5.2 further revealed certain limitations
inherent in the employed variation operators. When variation was performed directly
on the phenotype (either image or text), the resulting artefacts were found to be more
controlled and less noisy compared to those produced via latent variable evolution [67,
233]. However, textual variation specifically was prone to generating individuals with
descriptions which overlap in part. This issue stems from the partial nature of mutation
(refer to Section 5.2.1), and other mutation strategies, such as the employment of a reverse
text generation model [221], or genotypic-level operators that modify the underlying text
embeddings [113] could potentially mitigate this. It is also important to acknowledge
that the GPT-2 model used in the experiment is relatively outdated within the evolving
ecosystem of LLMs. Although more recent, larger generators offer improved perfor-
mance, their use presents practical limitations, particularly with respect to computational
resources, longer generation times, and traceability of generated content.

In terms of computational resources, MEliTA processes additional fitnesses during
placement than the baseline MAP-Elites. In this experiment, since the archive comprised
of 16 × 16 cells, the maximal additional computation would have entailed 15 individuals.
In several cases, especially during the initial iterations, the actual calculations were
decisively fewer. However, the additional computational cost was negligible, compared
to that of the text and image mutations, which dominated the computational budget of
the overall process.

While the current use case focused on a bimodal problem that was well-suited
to visualisation on a two-dimensional feature map, the MEliTA framework could be
extended to accommodate a broader range of artefact modalities and higher-dimensional
BC spaces. The correspondence between artefact modalities and BC axes is not strictly
necessary. In fact, each modality could comprise multiple BCs. For example, in the
present use case, the two image-based metrics complexity and colourfulness could have
been treated as distinct BCs, thereby forming a three-dimensional feature space. The
potential of MEliTA also extends to more complex multimodal creative domains. An
illustrative example would be the co-evolution of text, images, and audio within an
interactive storytelling environment. In such an application, a LLM could be employed
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to generate the narrative and associated locations, while SD could generate background
visuals for each scene. A text-to-music system such as MusicGen [41] could be utilised to
produce an appropriate atmosphere soundtrack. The fitness of these multimodal outputs
could then be evaluated using a cross-modal embedding model such as ImageBind [77],
by computing cosine similarities across different modalities.

In reference to the Research Questions posed in Section 1.4 of Chapter 1, particular
attention has been paid to the manner in which EXP2 engages with and responds to the
central investigative aims of this study.

Specifically, RQ1 is directly answered through the deliberate incorporation of GenAI
methodologies with QD algorithms. In particular, it has been demonstrated that the
application of MEliTA to the use case incorporating GenAI models, leads to an enhance-
ment in both the semantic alignment among the final elite solutions as well as their
perceived diversity, in comparison to the baseline algorithm.

RQ2, which pertains to the structural organisation of the search space, is likewise
addressed through the construction of the feature map and the selection of suitable BCs,
which together facilitate the effective operation of MEliTAs. This structural strategy,
whereby each modality relevant to the use case is allocated a distinct dimension within
the search space, has been instrumental in enabling the observed improvements produced
by the proposed algorithm.

Furthermore, while EXP2 is not explicitly oriented toward the full resolution of RQ4,
partial progress in that direction is presented. A central contribution of this experiment
lies in the application of a set of carefully chosen evaluation metrics, which serve to
characterise the structure of the underlying search space in a multimodal generative
setting. These metrics have been selected both for their light computational requirements,
as well as for their effectiveness in quantifying the various characteristics of the generated
artefacts. These metrics align with the objectives outlined in RQ4. By employing such
measures, it becomes possible to obtain a more nuanced and quantifiable understanding
of the generative landscape, especially with regard to the interplay between diversity
and quality. This is particularly the case through the adoption of established similarity
and fitness evaluation frameworks. The CLIP score has been employed as a means
of assessing fitness by measuring semantic alignment between generated asset pairs.
Diversity has been analysed through the use of perceptual similarity metrics such as
LPIPS and SSIM, alongside semantic textual diversity measures like SBERT.

The success of these metrics within the context of the present experiment, not only
partially answers RQ4, but also suggests that their application may extend beyond this
specific use case. Here, the generalisability of the conclusions is stronger than in EXP1, as
the contribution is largely algorithmic and representation-independent. MEliTA’s core
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idea does not depend on the specific choice of text descriptions, image generation models,
or game-themed content. The observed benefits arise from how multimodal candidates
are compared and promoted, rather than from domain-specific heuristics. That said, the
instances used still constrain the scope of generalisation. The behavioural characteristics
selected reflect a particular interpretation of diversity that may not transfer cleanly to
other multimodal pairings.

Within similar domains, it is plausible to envisage that employing more expressive
language models and mutation operators capable of global semantic restructuring would
further improve diversity and yield more meaningful variation. Additionally, adaptive
or hierarchical behavioural characterisations may preserve coverage while maintaining
transverse coherence across modalities.

5.6 | Limitations and Shortcomings
This chapter extends QD optimisation to multimodal artefacts, but remains constrained
by the use of predefined behavioural characteristics and internally defined fitness mea-
sures.

A key limitation is that while MEliTA avoids populating regions of the search space
with weak elites, the resulting sparsity limits exploration of niche or marginal regions that
may still hold creative value. As such, the algorithm prioritises quality over representa-
tional completeness, a trade-off that may not be appropriate for all creative applications.

As in the previous chapter, evaluation is performed without direct human grounding.
The automated metrics employed enable systematic comparison between MAP-Elites
and MEliTA, but they do not capture subjective judgements of coherence, originality, or
usefulness. This limits the extent to which conclusions can be generalised to creative
practice or player-facing applications.

Diversity is more explicitly addressed than in EXP1, yet it remains discretised through
selected behavioural dimensions. While this discretisation is necessary for illumination-
based search, it inevitably privileges certain forms of variation and excludes others
that may be equally meaningful but harder to quantify. The resulting archives should
therefore be interpreted as structured design spaces rather than complete representations
of multimodal diversity. Qualitative inspection of the elite artefacts reveals that increased
metric diversity does not always correspond to strong thematic differentiation. Many
textual descriptions remain generic, and several visual outputs share common composi-
tional tropes. This suggests that MEliTA enhances diversity largely within the expressive
limits of the underlying generative models, rather than expanding those limits outright.
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These shortcomings highlight the trade-off between structured exploration and ex-
pressive freedom. They also motivate a shift in focus from abstract multimodal artefacts
to functional content generation, which is next undertaken in Chapter 6.

5.7 | Summary
This chapter has detailed Experiment EXP2 which combines GenAI models for visual
and text assets with MAP-Elites, a QD algorithm. A variation on the latter, MEliTA,
was proposed to improve fitness and diversity of the resulting feature map. In the
next chapter, an automated LLM-driven pipeline for a wider range of game visual and
narrative asset generation will be explored.
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6

A Zero-Shot Multimodal Pipeline

This chapter continues to build on multimodal generation, addressing a more pragmatic
use case within digital game development. Taking advantage of the flexibility of pre-
trained LLMs, Experiment EXP3, proposes a fully automated, generative zero-shot
pipeline that regenerates the visual and text assets required to replace the theme of the
game with any given setting provided as a semantic input. The pipeline is orchestrated
by a LLM and iteratively constructs the required narrative elements, and the text prompts
that subsequently drive a text-to-image model to also generate the game visuals. This
work emphasises two aspects:

1. All the models used in the pipeline are pre-trained, and have not been fine-tuned
for this specific task, hence the pipeline being labelled zero-shot.

2. The generated assets are ready to use directly in the game engine. No manual
processes are required to select, adjust or format them for use, making the pipeline
automated.

The objective of the experiment is to investigate the coherence between the generated
assets and the top-level theme. To assess this, a user study is also presented, in which
human participants are asked to assess the coherence of the generated content to the
top-level theme descriptors.

6.1 | Methodology
The out-of-the-box adaptability of pre-trained LLMs foundation models elicits their use
in a wide variety of roles within the domain of games [72]. Drawing inspiration from
the top-down orchestration described by [124], this work proposes a pipeline for game
asset generation orchestrated by a LLM. Driven by a top-level theme, the LLM generates
the narrative elements which form the backbone of the game, such as the game name,
protagonist, locations, antagonists, objectives, and others. The orchestrator generates
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elements whose functionality in the game is predefined, and its prompts to generate
these are hand-crafted specifically for the type of game, or more specifically, the ruleset
of the game being processed. It produces not only semantic descriptors for player-facing
narrative, but also for other elements of the game whose visuals need to be generated.
Diffusion models are then employed, driven by these LLM-generated descriptions to
generate the graphical elements. Since the game engine has specific constraints on the
format of the assets, algorithms such as ControlNet [238] and [232] can be leveraged in
order to generate the assets in the correct configuration directly.

Since the pipeline was intended to be automated, all prompts submitted to the LLM
request its output to be given in JavaScript Object Notation (JSON) format, giving an
example of the required schema, to enable automated parsing of the LLM output in
ensuing stages.

Although prior research has made attempts to address the challenge of game asset
creation through the application of GenAI models [228], and even full game generation
encompassing the game engine itself [19], such efforts have typically relied on either
models that were specifically trained for the task, or on manual processes to ensure the
correct integration of the generated assets into the target game engine.

The present chapter introduces several key distinctions. Notably, the models em-
ployed herein are pre-trained and utilised without any task-specific fine-tuning, i.e. the
proposed pipeline operates in a zero-shot fashion. Furthermore, the entire asset gen-
eration process has been fully automated, thereby enabling the output to be directly
incorporated into the game engine without the need for human intervention.

A further, albeit subtle, point of differentiation lies in the choice of model architecture.
Whereas a substantial portion of existing literature has favoured the use of large, propri-
etary models such as GPT-4 [154] owing to their impressive capabilities, the approach
presented here instead leverages smaller-scale, open-source models that are capable of
running on local hardware.

From the author’s perspective, this methodological choice carries significant implica-
tions. Proprietary models hosted on third-party infrastructure are subject to updates or
alterations without prior notification, often resulting in unpredictable shifts in output.
In contrast, locally run models offer greater consistency and reproducibility. Moreover,
the relatively modest computational requirements of the selected models enhance the
accessibility of the pipeline, thereby broadening its applicability and potential utility
within the wider research and development community.
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6.2 | Use Case: The CrawLLM Video Game
CrawLLM is a procedurally generated dungeon crawler game which has been designed
and developed specifically as a use case for the proposed generative pipeline. It was
developed in the Unity game engine1and comprises a short, but fully specified game,
from start to finish. It is used as a template that defines both the player’s experience and
the assets required, in both form and format, which are further outlined in Section 6.2.1.

A hierarchical generative pipeline was also developed to produced the required
assets in a top-down, sequential manner [124]. The pipeline is driven by LLMs, which
are tasked with generating high-level descriptions of the entire game. These descriptions
subsequently serve to guide and constrain the downstream generative processes respon-
sible for producing the textual and visual assets required by the game. The pipeline is
triggered by inputting a textual description of the required theme (see Section 6.2.2. Since
these descriptions are purely textual, they may also be generated by the LLM itself, was
done for Experiment EXP3.

6.2.1 | The Game Design
CrawLLM was designed as a top-down 2D dungeon crawler with card-based combat
mechanics. The term “dungeon” is employed here in a broad sense, drawing on genre
conventions; while it typically refers to labyrinthine and constrained spaces, the actual
structure in each instance of CrawLLM need not visually resemble a castle or medieval
prison, but is rather dictated by the given theme descriptors.

The dungeon itself is composed of interconnected rooms and corridors, which are
organized into discrete locations. A maximum of five such locations may exist within any
given dungeon. Although the dungeon’s layout is generated anew for each play-through
(as described in Section 6.2.1), the textual and visual assets used are pre-generated (see
Section 6.2.2). At the outset of gameplay, a brief introductory message is presented,
establishing the identity of the Player Character (PC), their narrative context, and their
objective. Thereafter, the player navigates the PC across the 2D map in cardinal directions,
attempting to locate the dungeon’s exit, thereby complete the game. This goal necessitates
traversal through various locations (illustrated in Figure 6.1(a)), each of which contains
multiple rooms and corridors.

Rooms within the dungeon may be separated by doors, which can either be locked,
or function as one-way portals, closing behind the PC and rendering reverse passage
impossible. Locked doors require one or two keys to open. Keys are scattered throughout

1https://unity.com/
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the dungeon and may be collected through direct collision with them; no other collectible
items are present. To augment navigational complexity, secret doors may also be present.
When uncovered, these are converted into regular corridors, revealing otherwise hidden
passageways. Each location contains a unique enemy type and up to two minion types
associated with it. The primary enemy appears in the final room of the location, while
minions are distributed throughout the other rooms. Both enemies and minions exhibit
movement within rooms, following randomised, simplistic patterns. Upon colliding
with a mobile adversary, the player is transitioned into a distinct interface for card-based
combat.

Within the card combat view (shown in Figure 6.1(b)), the PC and their adversaries
are represented as cards annotated with hit points and status indicators, while the
player’s hand comprises action cards. Although minions may participate in combat,
they remain invisible in the dungeon crawling view. The number of accompanying
minions is determined by the room’s danger level, a parameter controlled by the dungeon
generation system (refer to Section 6.2.1).

Combat proceeds in a turn-based manner. At the start of each turn, the player draws
cards into their hand until a total of five is reached. Each action card incurs a mana
cost and is discarded upon use. Alternatively, cards may be discarded without effect by
choosing to end the turn. If the player’s deck is exhausted, the discard pile is shuffled to
form a new deck. A standard allocation of three Mana Points (MP) per turn is granted,
though certain cards may modify this amount. During the enemy’s turn, adversaries
act randomly by either attacking for variable damage, healing for a random amount of
Hit Points (HP), or deploying a shield to absorb incoming damage. Additionally, some
minions are capable of inflicting poison damage. Should the PC’s HP reach zero, the
game is lost. Conversely, adversaries reduced to zero HP are removed from combat and
cease to act. Victory in combat is achieved when all opponents have been defeated, upon
which the player is presented with a choice to acquire one new card from a set of three
options.

The initial composition of the player’s deck remains constant across all games. How-
ever, reward cards are selected at random from the complete set of predefined cards
in the system. Each card is framed in bronze, silver, or gold, with the frame’s colour
providing a visual cue of the card’s relative power. While the mechanical effects and
mana costs of cards are predefined and listed in Table 6.1, their titles and visual designs,
including card frames, are generated in accordance with the game’s overarching theme.
For instance, the “Basic Attack” card referenced in Table 6.1 may appear as “Renaissance
Riposte” in-game (as illustrated in element 15 of Figure 6.1(b)).

The quantity of assets required for a complete game is directly influenced by the
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Table 6.1: Cards in CrawLLM, with their in-game effect; the original card
title listed is subsequently adapted by the LLM.

Original title Effect Cost Frame
Basic Attack Deal 6 damage 1 Bronze
Fast Attack Deal 3 damage 0 Bronze
Basic Block Gain 5 block 1 Bronze
Basic Draw Gain 2 cards 0 Silver
Basic Heal Heal 3 HP 1 Bronze
Increase Max
Health

Increase max HP
by 5

2 Gold

Increase
Strength

Attacks do 4 more
damage

2 Gold

Gain Mana Gain 2 mana 0 Silver
Life Steal Deal 5 damage,

heal 5 HP
2 Gold

number of locations present in the dungeon. Given that up to five locations may be
included, the textual assets to be generated comprise names for one PC, five enemies,
ten minions, and nine action cards, as well as one introductory and one completion
message. Visual assets include three card frames (one per rarity tier), sixteen sprite sheets
and sixteen combat portraits (covering the PC, five enemies, and ten minions), nine
action card illustrations, five combat backgrounds, twenty key sprite images (four per
location), and five tileset images. Each tileset pertains to one location within the game,
and contains a 4 × 4 grid of tiles comprising nine wall tiles, four floor tiles, two door tiles,
and one secret door tiles. These assets are required to exhibit coherence not only with
the thematic setting of the game, but also internally within their respective contexts of
use, e.g. ensuring that wall textures are visually compatible with corresponding floor
tiles in a location. A detailed explanation of the processes used to generate these assets is
provided in Section 6.2.2.

6.2.2 | The Generative Pipeline
The aim of this chapter is to implement a pipeline based on LLMs, designed to orches-
trate [124] the automatic generation of all requisite textual and visual assets for the
CrawLLM game. This orchestration facilitates the re-theming of the system across a wide
spectrum of distinct narrative settings. The pipeline is initiated through the generation
of high-level semantic constructs (see Section 6.2.2.1), which, although not presented
directly to the end user, are utilised as auxiliary prompts for the generation of both player-
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(a) Dungeon Crawling view

(b) Card Combat view

Figure 6.1: Gameplay elements within a CrawLLM game session. Labelled
elements are door (1), wall (2), floor (3), and secret door (4) tiles, key (5),
PC (6), and enemy (7) sprites, PC (8), location (9), enemy (12), and action
card (15) names, and location (10), PC (11), card frame (13), and action
card (14) images. The game depicted is “Luminary’s Legacy: The Renascence
Vault”
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Figure 6.2: The overall structure of the CrawLLM generative pipeline. The
static manually-generated templates are used to generate text and visual
assets in a format which can be used directly within the game engine. The
entire process is driven by the seed thematic details that may be generated
by a LLM as shown, or alternatively supplied as natural-language textual
input in JSON format.

facing textual elements (see Section 6.2.2.1) and visual components (see Section 6.2.2.2).
Figure 6.2 illustrates the overall structure and flow of the pipeline.

Initially, a series of preliminary tests were conducted to evaluate the performance of
select LLMs for generating video game content. The smaller models such as the 2-billion
parameter Gemma 2 [75] managed to generate content, but often did not respect specific
request, such as generating an exact number of location when requested, and formatting
its output in correctly formatted JSON, which was the selected data transfer format
across the generative pipeline. Larger models such as the 8-billion parameter versions of
LLAMA2 [203] and LLAMA3 [58] offered a more consistent output, and were observed
to generate more consistent JSON. However, their output was considered by the author
to be repetitive for the chosen domain in comparison to the larger models. The next
models to be tested, comprising 13-billion active parameters were Mixtral 8×7B [97]
and Orca 2 [148]. Both of them performed reasonably well both in terms of instruction
following, domain knowledge, as well as JSON formatting. Both models were set an
appraisal task to generate a set of fifty video game themes. The request was repeated
10 times per model. A cursory examination of the results revealed a marginally more
diverse output being given by the Mixtral 8×7B model, as the Orca 2 output contained
more repetitions of similar themes. Thus Mixtral 8×7B was selected to perform all
LLM-driven text generation tasks within the CrawLLM pipeline. This model is executed
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locally through the Ollama platform2.
The full set of prompts employed in the generation of both textual and visual content

is made openly accessible via an online repository3 for reference.

6.2.2.1 | Text Assets Generation

The semantic information forming the game’s thematic setting is represented in textual
form and constitutes the initial output of the generative process. Wei et al. [217] highlights
the importance of time and space within the narrative of video games. Therefore, the
primary thematic descriptors were chosen to be the overall setting to establish the overall
genre of the narrative (e.g., “A cursed carnival during a sandstorm”), the environment
which establishes the narrative space (e.g., “Tilted rides, ghost tents, dunes and ruins”),
and the epoch to locate the narrative within a time frame (e.g., “Late 20th century”). In
addition, an artistic style (e.g., “Watercolor, whimsical”) is specified to steer the generation
of visual assets in subsequent stages. Since each of these four thematic elements are
specified in natural language, it is possible to initiate the pipeline process with human-
generated input for each of these. However, for this experiment, this task was also
delegated to the LLM by formulating a single prompt to produce all these components
concurrently, yielding a response in JSON format.

All thematic elements, with the exception of the visual style, inform the generation of
a range of textual artefacts that are at least partially revealed to the player in the game.
This part of the pipeline focusing on text generation is detailed in Figure 6.3.

Through carefully constructed prompt templates, populated with the setting, en-
vironment, and epoch, the LLM is first prompted to generate an initial set of game
components. These include the game title, the PC profile, an introductory message
shown at the beginning of the game, and a completion message presented upon the
successful conclusion of the game at the dungeon’s exit. Furthermore, five discrete
in-game locations are generated, each described by name and accompanying narrative
content, to guide subsequent generative steps. While the game title and the two narrative
messages are presented in full to the player, the PC’s detailed profile and the narrative
description of the locations do not form part of the game. All generated characters’
profiles include their name, species, gender, and description. Despite the species and
gender seeming superfluous, they are essential to ensure that these initial characteristics
are preserved through the various stages of image assets generation, as this information
may not always be explicitly stated in the character description, yet it has a fundamental

2https://ollama.com/
3https://github.com/m-a-r-v-i-n/CrawLLMPrompts
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impact on the visual representation. Only the PC name and the names of the locations
are disclosed in the User Interface (UI) of the game. The undisclosed elements serve
primarily as conditioning inputs for downstream content generation.

The PC profile, together with the core thematic attributes (excluding visual style), is
employed in a series of prompts aimed at generating the game’s action cards. Each such
prompt is augmented with the structured descriptors of the action cards as outlined in
Table 6.1. The LLM is then requested to generate a name for each action card, to repurpose
the original title in Table 6.1, along with an accompanying action description. While this
description is not visible to the player, it is utilised in the subsequent generation of the
card’s visual representation, as detailed in Section 6.2.2.2.

Each of the previously generated locations is associated with one primary enemy
character and two subordinate minions. The creation of these assets is handled through
dedicated LLM invocations. The primary enemy is generated using a prompt that in-
cludes the relevant location description, the PC details, and all core thematic components
except for visual style. The enemy’s name, species, gender, and description are returned.
Subsequently, a single prompt is used to generate two minions per enemy. This prompt
includes the primary enemy profile, the relevant location’s details, and the core thematic
components (again excluding visual style). As with other background elements, the
descriptive details of these adversaries are not disclosed directly to the player. Only their
names are presented during combat sequences (see Fig. 6.1(b)).

Finally, the semantic specification of each location is extended to include textual
descriptions for its walls, floors, doors, and keys. These elements are generated based
on the core thematic elements, excluding the visual style, and the semantic attributes
of each specific location. While these descriptions remain hidden from the player, they
serve as inputs to the generation of the tileset used in the dungeon-crawling interface
(see Section 6.2.2.2).

6.2.2.2 | Generation of Visual Assets

In contrast to the semantic assets produced during the preceding stage (see Section 6.2.2.1),
all generated visual assets are intended for display to the player. Figure 6.4 indicates
all the generated images, showing which semantic elements are used within their input
prompts.

These assets are used across the two distinct gameplay contexts, namely the dungeon
crawling interface (e.g., tilesets, player character and enemy animations), and the card
combat interface (e.g., action cards and location backgrounds). Due to the intricate nature
of the generation processes associated with the dungeon crawling view, these processes

99



Chapter 6. A Zero-Shot Multimodal Pipeline 6.2. Use Case: The CrawLLM Video Game

Floors description

Walls description

Doors description

Keys description

6

Game name

Player character

Introductory message
Completion message

Location names
Location descriptions

2

Action card names
Action card description

3

4

Main enemy

5

Enemy's minions

LLM query Generated text n Generative sequence

Setting
Environment
Epoch

Visual Style

1

Figure 6.3: The sequence of text generation via Mixtral 8×7B. Arrows
indicate the reuse of generated text as part of the prompts in the following
stages. Steps 4, 5, 6 are repeated for each location in the game (five times
in the current paper).

are addressed in detail in dedicated subsections below. The visual asset generation
related to the card combat interface is subject to fewer constraints in comparison.

All visual assets have been generated using Artium V2.04, a community fine-tuned
version of the SDXL model [162], selected for its versatility across a broad range of artistic
styles. Furthermore, the SDXL ecosystem includes several ControlNet models [238],
which allow the generated imagery to conform to either a predetermined line drawing or
a specified character pose. To facilitate visual coherence across character representations,
the IP-Adapter [232] has also been employed. This tool enables character consistency by
conditioning the generation process on a provided reference image.

It should be noted that SDXL typically produces high-resolution outputs, with op-
timal results obtained at resolutions of 1024 × 1024 pixels. Although this resolution

4https://civitai.com/models/216439/artium
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Figure 6.4: The various SDXL image generation stages are shown with
the input semantic elements. Ad-hoc ControlNet guides are shown where
applicable. Image dimensions in pixels are shown for reference.

exceeds the requirements for simple tile-based level design, high-resolution assets have
been retained throughout the CrawLLM system in order to preserve visual fidelity. All
prompts used for visual asset generation incorporate stylistic guidance derived from
LLM outputs (see Section 6.2.2.1); this aspect will not be reiterated in the descriptions
that follow. All line drawings and masks referenced herein were created ad hoc by the
author and are included as components of the hand-generated game template.

6.2.2.3 | Tileset Generation

Each location is composed of floor, wall, and door tiles, which are required to be arranged
within a 2D grid, serving as a navigational backdrop for the player. The visual gener-
ation of these elements must clearly delineate traversable surfaces (floors), impassable
boundaries (walls), and interactive elements (doors and secret doors). Ensuring visual
clarity and proper demarcation between these elements has proven non-trivial and thus
warrants further elaboration.

In preliminary experiments, floor, wall, and door tiles were generated independently
as separate image assets. While these components exhibited acceptable quality when
assessed in isolation, their integration often resulted in visual inconsistencies. Specifically,
floor tiles were frequently rendered with excessive detail, or wall textures failed to
provide sufficient contrast, thereby undermining the perceptual distinction between
navigable and obstructed areas.

Subsequent experiments adopted a revised methodology in which the entire tileset
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Figure 6.5: The 3-stage process of tileset generation. Tiles from the game
“Aeternum Ruptura” are shown.

for each location was produced as a unified image. Distinct tile types were encoded
within specific regions of this image, guided by ControlNet using a custom-designed
outline. Despite this refinement, the SDXL model demonstrated limited success in
reliably distinguishing wall regions from floor regions, suggesting the need for a more
structured generation process.

In the current implementation of CrawLLM, tilesets for each location are generated as
a composite image across three sequential stages, as illustrated in Figure 6.5. The process
begins with a simple line drawing that specifies the configuration of the central four floor
tiles. This outline, alongside a semantic prompt describing the floor tile characteristics
(refer to Section 6.2.2.1), is input to SDXL via ControlNet. The resulting image, containing
the initial floor tiles, is then expanded to the full dimensions of the tileset, with stochastic
noise filling the remaining unpainted regions.

During the second stage, this intermediate image is supplied to the model together
with semantic prompts describing the wall textures, an updated line drawing to guide
ControlNet, and a binary mask that designates the wall tile regions for inpainting. This
stage produces an image in which nearly all tiles are rendered, including the secret door
tile, which is intentionally generated at this stage to be visually similar to other wall
tiles. Only two placeholder tiles remain unpainted at this stage, and are once again
overpainted with random noise.
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In the final stage, these two noisy regions are used as inpainting targets for the
insertion of two door variants. The image is reintroduced into the model along with
semantic prompts specific to doors, a corresponding ControlNet line drawing, and a
mask indicating the door tile regions. This yields the completed tileset, shown at the far
right in Figure 6.5.

It should be noted that when assembling the final dungeon visual (see Figure 6.7),
floor, wall, and door tiles are sampled randomly from their respective subsets within the
generated tileset. Specifically, each wall tile is selected at random from the set of nine
wall textures, each floor tile from the four floor textures, and each door from the two door
variants. While this approach introduces greater visual variety within a given location, it
may also result in stylistic dissonance when tiles of the same type differ significantly in
appearance.

6.2.2.4 | Generating Character Animations

Within the dungeon-crawling environment, the PC, enemies, and minions have to be
depicted moving along the four cardinal directions. Therefore movement animations
are implemented through the use of spritesheets, each of which contains twelve frames of
motion subdivided into three rows each corresponding to a primary orientation: front-
facing, rear-facing, and right-facing. Leftward movement is rendered as a mirrored
version of the rightward animation. Every row comprises four animation frames for
movement in that specific orientation, with the first frame corresponding to a stationary
pose.

A high degree of visual consistency is required across the frames of a spritesheet,
mandating precise control over both pose and positioning for each frame. In order
to generate the spritesheets, guide images incorporating predefined OpenPose poses
[23] were created within the Unity engine. A three-dimensional humanoid model was
captured at sequential key moments during idle and jogging animations. At each selected
keyframe, the joints and bones defined by the OpenPose standard were rendered as
points and connecting lines. These annotated frames were subsequently compiled into a
single composite image to serve as a reference for generation (see Figure 6.6).

Initial attempts to generate complete spritesheets in a single step using ControlNet
proved unreliable, as the model frequently confused rear-facing poses with those facing
forward. To mitigate this issue, a set of depth maps depicting a humanoid figure aligned
to the same set of poses was provided as an additional ControlNet input. Despite
improving the pose consistency, this additional depth map input greatly constrained the
overall shape of the generated images, which limited the diversity and was deemed too
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Figure 6.6: The spritesheet generation process is executed in 3 stages. Rear-
, front-, and side-facing sprites are consolidated into an image containing
12 poses. Figure shows the PC from the game “Aeternum Ruptura”.

restrictive, and the depth map input was removed. Instead, the generation process was
subdivided into three discrete stages, each corresponding to a different pose orientation
(refer to Figure 6.6). Every stage incorporates text prompts containing relevant character
attributes as defined in Section 6.2.2.1.

During the first stage, the side-facing guides were input as a ControlNet reference.
Upon generation of the side-facing sprites, the image was extended vertically with
randomised noise. This expanded image was then used as a starting point for the next
generative stage, with the front-and side-facing pose guides applied to the ControlNet.
Simultaneously, an IP-Adapter referencing the previously generated side-facing sprites
was incorporated into the SDXL model. A corresponding inpainting mask was supplied
to constrain generation to the newly extended region, and prompts were configured to
instruct the model to render front-facing sprites of the same character. This process was
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repeated to yield the rear-facing poses, using the side-facing set as input, in conjunction
with appropriate prompts and guide images. Ultimately, the three resulting sprite groups
were collated into a single cohesive spritesheet.

As a final step, since the pre-trined SDXL model does not generate an alpha channel
for transparency, background removal was performed to isolate the character sprites. To
assist in this process, throughout the generative pipeline, prompts consistently instructed
the model to produce imagery against a blank background. Transparency was introduced
using Rembg5, an open-source Python library employing a pre-trained neural network
for background identification and removal. On rare occasions, minor elements near the
image periphery were incorrectly identified as background and consequently removed.

6.2.2.5 | Generation of Additional Dungeon-Crawling Assets

The visual asset category which remains unaddressed is that of the dungeon keys. These
sprites are produced through the use of location-specific key descriptions, in conjunction
with the corresponding visual style descriptor, which are combined into the semantic
prompts for the SDXL model. Following the initial generation process, a background
removal stage is applied using the Rembg tool.

6.2.2.6 | Generation of Card Combat Assets

The visual assets for the card combat system are generated through straightforward text-
to-image prompting. These prompts require the specification of the visual style as well
as asset-specific descriptors: background imagery is derived from location information;
enemy character artwork is informed by enemy descriptions; and PC card artwork is
generated based on PC attributes.

The generation of the action cards utilise both the name and description of the
corresponding action. However, it was observed that the textual descriptions of the
actions frequently involved the PC engaged in some action. Therefore, an IP-Adapter
guided by the generated PC portrait is coupled to the SDXL model to promote visual
consistency of the character within the resulting image.

The generation of card frames was also a non-trivial element within this asset pipeline.
A total of three distinct frames are produced per instance of the CrawLLM game, each
one colour coded in gold, silver, or bronze, to reflect the rarity of the card it depicts. In
contrast to the prompts used for other assets, the prompts for these frames incorporate
the full set of thematic descriptors, including setting, epoch, environment, and visual
style.

5https://github.com/danielgatis/rembg
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Each card frame is designed with clearly demarcated zones reserved for specific
content. A primary region is allocated for card artwork, auxiliary regions for descriptive
or functional text, and a compact section is dedicated to iconography that conveys the
anticipated actions of the opponent’s cards. This layout is defined for all card frames,
irrespective of colour, through a predefined line drawing template created by the author.
This design is imposed on the SDXL model by supplying the template to a ControlNet
model coupled to it. This ensures precise spatial alignment of visual components across
the three frame variants. The provided text prompt directs the model to apply graphical
variations, not simply colour, to each card class.

6.2.3 | Cyclic Dungeon Generation
The dungeon layout is procedurally generated at the start of every play-through. This
layout adheres to a cyclic structure, as described by [54], drawing influence from the
algorithm implemented in the video game Unexplored (Ludomotion, 2017). The resulting
structure ensures the formation of solvable key-and-lock puzzles. Each dungeon cycle
is composed of multiple interconnected rooms, collectively forming a self-contained
location (refer to Section 6.2.1) with its own sequence of doors and keys. The conceptual
graph of these locations is structured in a circular fashion, containing a start node and a
goal node, which are commonly connected by two distinct edges. Within this abstraction,
each node corresponds to an individual room, whereas each edge represents a connecting
corridor.

The inclusion of multiple such cycles introduces a layer of narrative coherence and
thematic depth. For instance, some cycles may offer alternate paths of varying length
towards the goal, while others may necessitate the acquisition of multiple keys before
progression is permitted. In order to heighten complexity without compromising the
layout’s solvability, individual rooms within a cycle may be substituted with entire
sub-cycles. This recursive mechanism introduces additional layers of puzzle-solving
and strategic decision-making, while maintaining the overall structural integrity and
progression logic of the dungeon.

The system employed by CrawLLM relies on a curated set of hand-designed cycles,
adapted from those described in [214]. Each node within these cycles encodes specific
narrative roles, such as designating a goal room (e.g., one containing an enemy encounter
or locked door), indicating the presence of a key, or determining the danger level,
which influences the number of enemy minions encountered during card-based combat.
Dungeon generation begins with the random selection of a base cycle from this curated
set. Subsequently, expansion is achieved by substituting one of the nodes in the selected
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Figure 6.7: An example of a procedurally generated dungeon (left) and
its underlying graph representation (right). The hierarchical, nested cycle
structure is indicated on the graph. The illustrated game instance is

“Spirits of the Ice: Arctic Research Unbound”.

cycle with another complete cycle. This substitution process may be recursively applied,
as nodes within the newly inserted cycle can themselves be further replaced in similar
fashion. The generative procedure continues until a defined set of termination criteria is
met, which ensures that the resultant graph can still be feasibly embedded onto a 2D grid.
Once completed, cycles are grouped to form discrete locations, as illustrated in Figure 6.7.
Although the maximum number of such cycles per dungeon is arbitrarily capped at five,
fewer cycles may be produced if the graph generation process terminates prematurely,
as is the case of the layout depicted in Figure 6.7. This requires a corresponding set of
five unique locations and associated assets to be generated, as discussed in Section 6.2.2

Despite the relative simplicity of generating a cyclic dungeon graph, the task of
embedding this structure onto a 2D grid is considerably more challenging. In CrawLLM,
nodes are instantiated as rectangular rooms, and edges are converted to either straight
or right-angled corridors between them. The placement process proceeds iteratively,
beginning from the innermost cycle. One node is selected and placed at the origin of
the grid, after which its connected nodes are positioned in adjacent grid locations. This
recursive process is then applied to all remaining nodes and cycles. Since CrawLLM
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enforces a purely 2D layout without any overlapping rooms or corridors, certain edge
placements may occasionally be infeasible due to spatial constraints. However, because
the graph-routing algorithm operates rapidly, such failures can be mitigated by restarting
the placement process until a viable configuration is obtained. The final dungeon, as
shown in Figure 6.7, is rendered with appropriate tiles and visual elements, faithfully
representing the underlying graph structure in a coherent and navigable spatial format.

6.2.4 | Computational Considerations
It is noteworthy to consider the computational demands of the CrawLLM generative
pipeline. As has been previously discussed, local models were employed for both textual
and visual generation tasks, thereby necessitating hardware infrastructure capable of
executing such models with adequate performance. Of particular note, LLMs are gener-
ally characterised by substantially larger architectures, frequently consisting of several
billion parameters in excess of those found in diffusion-based text-to-image generative
models. The pipeline architecture required that multiple instances of these models be
instantiated and utilised for the purpose of generating the diverse assets comprising
the game environment. While Graphics Processing Units (GPUs) or Tensor Processing
Units (TPUs) demonstrate significantly superior efficiency compared to Central Process-
ing Units (CPUs) when executing such models, a critical limitation is that the former
two devices possess must sufficient Video Random Access Memory (VRAM) capacity to
accommodate the models in their complete form. The hardware configuration employed
for executing the CrawLLM pipeline incorporated a GPU equipped with 48 Gigabytes
of VRAM, which were adequate to support the experiments conducted. Nevertheless,
it was necessary for the LLM and SDXL model instances to be alternately loaded into
and unloaded from memory when transitioning between text and image generation
operations.

With respect to computational time requirements, it was observed that an individual
instance of text generation consumed, on average, an order of magnitude greater du-
ration than that required for the generation of a single image, though this relationship
was dependent upon the quantity of text and the pixel dimensions of the images being
produced. Notwithstanding this disparity, given that multiple textual assets were gener-
ated through identical text prompts while images were produced on an individual basis,
and further considering that a greater quantity of image assets was required relative
to textual assets, it was found that the generation of images consumed approximately
twice to four times the duration required for text generation when considering the entire
pipeline.
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6.2.5 | Generated Games Collection
To evaluate the pipeline, it was used to produce a collection of 20 distinct themes,
each supplemented with a complete set of game assets. The outputs were validated
through playability testing of the generated games, where it was confirmed that all assets
conformed to the formats required by the game engine.

6.3 | Structure of the Experiment
This section outlines the study undertaken to assess the coherence of the generated assets
within the game context, and to validate their relevance to the parent theme. A user
survey was thus conducted to verify these aspects in relation to both narrative and visual
elements of the games.

6.3.1 | Hypotheses
The objective of the user study was to confirm that the core thematic descriptors that
guided the generation of both text and visuals are evident in the final result. It was
also desirable to ascertain that the final results are appealing to human players. More
formally, these can be written as the following hypotheses:

H1 Participants in the study are able to identify the core thematic details intended in
the generated text and visuals at a rate significantly above chance.

H2 Human participants will rate the visuals and text as appealing.

6.3.2 | Experimental Protocol
The collection of 20 generated games from Section 6.2.5 was played by the author, during
which illustrative screenshots were captured from key gameplay phases, including
dungeon exploration and card-based combat. One stimulus was generated per game for
user presentation. The first 5 games were utilised to create dungeon-crawling screenshots
(denoted D1-D5), while the subsequent 5 games served as sources for card-combat
screenshots (C1-C5). From the following 5 games, textual descriptions of a single enemy
character were extracted (E1-E5). The remaining 5 games were not directly presented to
users, however, thematic elements from these games were incorporated into the survey’s
multiple choice questions in order to increase the potential for user confusion, as outlined
in a later section.
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The selection of the 15 games from which the stimuli were extracted, was carried out
without any subjective filtering or manual curation. The decision was purely based on
sequence, and driven purely by considerations of participant burden. Including assets
from all 20 games would have resulted in an overly prolonged and potentially fatiguing
survey experience.

For each stimulus, pertinent thematic attributes of the corresponding game were
collected. Specifically, dungeon-crawling screenshots were annotated with the game’s
setting, environment, historical epoch, and visual style. The card-combat screenshots
included setting, epoch, and visual style, but not the environment, since it was not
explicitly visible in this context. The textual enemy descriptions were associated with
setting and epoch alone. For every thematic attribute, the three most semantically
similar counterparts among the remaining 19 games were identified. This similarity was
quantified through the FLAVA model [191], which computes distances in a shared latent
space by embedding both textual and visual descriptions. This model enables the direct
comparison of thematic vectors irrespective of modality. Notably, this embedding-based
distance metric is orthogonal to the similarity function employed in CLIP [166], which
underlies image generation used by the pipeline.

As a result, each stimulus was paired with four candidate options per thematic
attribute (e.g., setting, epoch), one of which corresponded to the correct attribute of the
game used to generate the assets contained in the stimulus. The remaining three options
were distractors, selected based on their proximity in the semantic latent space.

The survey was deployed online via Google Forms. Participation links were dissemi-
nated through the author’s social media platforms. An informed consent section was
presented at the beginning of the form, followed by questions assessing participants’
gaming experience, but demographic information was not collected. Each stimulus was
displayed on a dedicated page within the form. After viewing the stimulus, participants
were asked to select the most appropriate setting, epoch, environment, or visual style
(depending on the stimulus type) via a multiple choice format consisting of the four
predetermined options. The order of these options was randomised in advance and
remained consistent across all participants. Additionally, a concluding question for
each stimulus solicited a user rating on a five-point Likert scale, phrased as either “The
Screenshot is visually appealing” or “The Description is entertaining to read.”

The experimental protocol was registered with and processed by the University of
Malta’s Research Ethics Committee.

It is important to emphasise that participants did not interact with the generated
games themselves. Rather, they were exposed exclusively to static screenshots or textual
excerpts. This design decision was based on the assumption that coherence between
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Table 6.2: A summary of the user study results. Answer accuracy is
shown alongside response entropy per question. An asterisk (*) denotes
statistically better outcomes (higher rating, higher accuracy, lower entropy)
compared to random selection.

Accuracy (Entropy) Mean
# Setting Environment Epoch Style Rating

D1 79%* (0.37*) 68%* (0.56*) 44%* (0.76*) 50%* (0.89*) 2.5
D2 82%* (0.34*) 94%* (0.16*) 15% (0.3*) 47%* (0.89*) 3.4*
D3 32% (0.79*) 15% (0.61*) 0% (0.67*) 47%* (0.5*) 2.4
D4 53%* (0.8*) 74%* (0.52*) 62%* (0.73*) 27% (0.99) 3.2
D5 41%* (0.94) 29% (0.53*) 9% (0.73*) 68%* (0.61*) 3.2
C1 65%* (0.65*) – 18% (0.81*) 71%* (0.58*) 4.0*
C2 15% (0.51*) – 15% (0.66*) 35% (0.94) 3.9*
C3 88%* (0.32*) – 0% (0.76*) 9% (0.82*) 3.6*
C4 97%* (0.10*) – 94%* (0.19*) 100%* (0*) 3.6*
C5 94%* (0.19*) – 100%* (0*) 15% (0.78*) 3.8*
E1 77%* (0.56*) – 0% (0.37*) – 3.1
E2 79%* (0.52*) – 91%* (0.26*) – 3.4*
E3 0% (0.59*) – 77%* (0.46*) – 3.4*
E4 79%* (0.46*) – 68%* (0.67*) – 3.4*
E5 82%* (0.39*) – 85%* (0.37*) – 3.5*

the theme and content (visual or textual) can be effectively assessed through static
representations. This approach also reduces cognitive load relative to gameplay-based
evaluations, and provides a more controlled experimental context, as the author retains
complete knowledge of the stimuli observed by each participant.

6.4 | Results and Evaluation
A total of 34 responses were obtained through a process of convenience sampling. The
majority of participants self-identified as gamers: only 6% reported never engaging
in video game play, whereas 47% indicated that they play regularly. A preference for
dungeon crawlers was expressed by 61% of respondents, while 21% stated that they had
never played such games. Similarly, 62% reported enjoyment of card-based video games,
with 12% noting they had never experienced this genre.

The collected responses were analysed in relation to the predefined hypotheses, with
quantitative metrics computed independently for each stimulus. In evaluating the di-
mension of appeal, the mean rating was calculated based on participants’ responses to a
5-point Likert item pertaining to appeal (as described in Section 6.3.2). Coherence was
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assessed through two principal measures: accuracy, defined as the proportion of partici-
pant responses that corresponded correctly to the thematic details of each stimulus, and
Shannon’s entropy [189], normalised by the number of available options. A low entropy
value was interpreted as an indication of consensus among participants, irrespective of
correctness.

Statistical significance was evaluated at the p < 0.05 level under the assumption of
random selection. For Likert-based ratings, significance was determined by comparing
the 95% confidence interval of the observed mean rating to the neutral baseline score of
3. Accuracy results were tested using a binomial test predicated on a 1-in-4 probability
of correct choice [52], whereas entropy values were assessed using a χ2 goodness-of-fit
test [53], comparing the deviation of participants’ response distributions to a uniform
distribution. All the tests were subjected to a False Discovery Rate correction using the
Benjamini-Hochberg process [8].

Table 6.2 summarises the resulting metrics for each stimulus, presented in the order
shown to participants. A majority of stimuli were rated as appealing, with statistically
significant results above the neutral baseline recorded in 10 out of 15 cases. Card combat
screenshots were consistently rated as highly appealing in comparison to other stimuli.
Ratings for dungeon crawler screenshots exhibited greater variability, with 2 out of 5
instances (specifically, D1 and D3) receiving significantly lower ratings than the baseline.

With regard to coherence, a high degree of variation in accuracy was observed across
different stimuli. Although 30 out of 45 questions yielded accuracy levels significantly
above the random baseline of 25%, performance was highly contingent upon the nature
of the stimulus. Questions related to setting achieved the highest average accuracy (64%),
despite 3 out of 15 such questions failing to achieve statistical significance, including
one instance (E3) in which all 34 participants selected the incorrect option. Environment
questions, whilst being the fewest in number, counted a mean accuracy of 56%, but
these results were ultimately significant only for 3 of the 5 questions in this category.
Epoch-related questions demonstrated the lowest average accuracy (43%), with 6 out of
15 cases not significantly above chance, followed closely by visual style questions, which
averaged 45% accuracy and included 4 out of 10 cases lacking statistical significance.

Response dispersion was also evident from the entropy analysis. Out of the 45
questions, 28 exhibited a normalised entropy score exceeding 0.50, and 7 surpassed 0.80.
This dispersion occurred even in scenarios where accuracy was low (e.g., the visual style
of C3, with only 9% accuracy and an entropy score of 0.82), and also in cases where
accuracy was relatively high (e.g., the visual style of D1, with 50% accuracy and an
entropy score of 0.89). While entropy varied by stimulus, questions related to visual
style consistently produced higher entropy values, with an average of 0.70, compared
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Table 6.3: Example dungeon crawler screenshots descriptions and related
questions from the user study. The correct options which were used to
generate the game are shown as checked.

D2 D3

Which setting best describes the above Screenshot?
□ A subterranean realm of mushroom forests and crys-
tal caves
□ A sunken pirate city in a stormy sea
⊠ A mystical underwater city
□ A lost colony on an alien world

□ A lost colony on an alien world
⊠ A drifting asteroid mining facility
□ A subterranean realm of mushroom forests and crys-
tal caves
□ An abandoned space station overrun by mutants

What best describes the environment in the above Screenshot?

□ Flooded streets, shipwrecks, treasure troves
□ Trap-filled corridors, massive machinery, hidden
chambers
⊠ Coral reefs, sunken temples, deep sea trenches
□ Trap-filled corridors, mummies and scarabs, hidden
treasures

□ Trap-filled corridors, massive machinery, hidden
chambers
□ Zero gravity corridors, malfunctioning machinery,
airlocks and vents
⊠ Gravity-less corridors, cryogenic chambers, dark
caves
□ Trap-filled corridors, mummies and scarabs, hidden
treasures

Which epoch is depicted in the above Screenshot?
□ Fantasy
⊠ Ancient
□ Medieval
□ Renaissance

□ Lost civilization
□ Space age
□ Science-fiction
⊠ Near future

What best describes the visual style in the above Screenshot?
□ Semi-abstract, vivid alien landscapes
□ Digital matte painting, cold color palette
⊠ Stylized realism, bioluminescent color palette
□ Mystical realism, moody

□ Science-fiction, gritty
□ Retro-futuristic, vibrant and nostalgic
⊠ Science-fiction, minimalist
□ Retro-futuristic, neon-lit

to other question types whose entropy scores tended to cluster around 0.50. These
findings suggest that visual style identification may have been particularly challenging
for participants.

In order to better interpret the distinctions observed in user response patterns across
different question types, representative examples are presented herein. Dungeon crawl-
ing screenshots (D2, D3) are provided in Table 6.3, while card combat screenshots (C3,
C4) are shown in Table 6.4.

As can be seen in Table 6.2, screenshot D2 yielded a high level of accuracy with regard
to both setting and environment, whereas D3 exhibited low accuracy scores for both
attributes. In the case of D2, all six participants who did not correctly identify the setting
(“A mystical underwater city”) instead selected “A subterranean realm of mushroom
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Table 6.4: Example card-based combat screenshots and related questions
from the user study. The correct options which were used to generate the
game are shown as checked.

C3 C4

Which setting best describes the above Screenshot?
□ An enchanted forest on a floating island
⊠ A lost colony on an alien world
□ A subterranean realm of mushroom forests and crys-
tal caves
□ A mystical underwater city

□ An ancient Roman city swallowed by a volcano
⊠ An ancient labyrinth beneath a desert pyramid
□ A forgotten underground library
□ A lost colony on an alien world

Which epoch is depicted in the above Screenshot?
□ Near future
□ Science-fiction
⊠ Space age
□ Lost civilization

⊠ Ancient Egypt
□ Medieval
□ Fantasy
□ Science-fiction

What best describes the visual style in the above Screenshot?
⊠ Semi-abstract, vivid alien landscapes
□ Science-fiction, minimalist
□ Retro-futuristic, vibrant and nostalgic
□ Dreamlike, surreal

□ Grimy steampunk, surrealistic
□ Semi-abstract, vivid alien landscapes
⊠ Egyptian relief, earthy tones
□ Science-fiction, gritty

forests and crystal caves”. This outcome is notable, particularly given that only two
participants failed to correctly identify the environment (“Coral reefs, sunken temples,
deep sea trenches”). It may therefore be inferred that while most users successfully
recognised the marine environment, possibly due to the depiction of aquatic fauna on
the dungeon walls, several of those users still interpreted the overarching setting as
subterranean rather than marine (e.g. “A sunken pirate city in a stormy sea” and “A
mystical underwater city”).

Regarding epoch identification, both D2 and D3 demonstrated very low accuracy,
with no participant correctly identifying the epoch for D3. It must be acknowledged
that the multiple-choice options provided for the epoch-related questions were, in these
cases, suboptimal. For D2, a significant majority (85%) selected “fantasy”, while for
D3, the responses were divided predominantly between “science fiction” (50%) and
“space age” (41%). It is plausible that participants gravitated toward familiar genre labels
often encountered in literature and media. Depictions of abstract temporal concepts
are inherently challenging to disentangle from similar terms through visual cues alone.
Visually, “Ancient”, the correct option for D2, may easily be misconstrued as “Fantasy”
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or “Medieval”. “Near future”, the correct epoch for D3, is difficult to extricate from
“Science-fiction” and “Space age”. A more fundamental concern, however, lies in the
apparent dissonance between setting and epoch: mystical underwater cities are not
commonly associated with ancient times (except through tenuous symbolic associations),
and asteroid mining facilities are generally imagined within the context of a distant,
technologically advanced future. The issue at hand does not concern feasibility but rather
the alignment of conventional tropes. Indeed, mystical underwater cities are a staple
of fantasy narratives, while asteroid mining facilities are frequently depicted in science
fiction cinema.

For the style attribute, both D2 and D3 achieved identical accuracy levels (47%),
which, although not particularly high, surpasses random chance by a meaningful margin.
However, substantial differences in entropy scores were observed between the two stim-
uli. In D2, incorrect style selections were distributed among several alternative options,
with the most commonly chosen being “Semi-abstract, vivid alien landscapes” (26%). By
contrast, in D3, all incorrect responses were concentrated on a single alternative: “Science-
fiction, gritty” (53%). This again reflects a recurrent inclination toward labels featuring
the term “science fiction”, as previously noted in the context of the epoch responses. This
observation brings to light a broader issue with the experimental design: by selecting
the semantically nearest alternatives from a pool of 19 additional games, many of the
presented options were rendered nearly indistinguishable from one another. Although
efforts were made to eliminate duplicate labels from the questionnaire, numerous options
remained only marginally different. An example of this ambiguity is evident in the epoch
labels presented for D5, where both “Gothic Victorian” and “Victorian era” were offered.
There is substantial evidence, drawn both from the quantitative data of Table 6.2 and the
qualitative examples in Tables 6.3 and 6.4, suggesting that the attributes of epoch and
style were particularly difficult to render comprehensibly through in-game screenshots.
These limitations of the experimental protocol are further discussed in Section 6.5.

To conclude the comparative analysis between D2 and D3, it is noteworthy that
D2 received the highest average rating (3.4) among all dungeon crawler screenshots,
whereas D3 received the lowest (2.4). It is conjectured that the presence of a visually noisy
background in D3, particularly in the floor tile textures, negatively impacted participants’
evaluations. In contrast, D2 employed flat colours for the floor tiles alongside strong
contrasting hues for the walls, which may have contributed to a more aesthetically
pleasing impression. The colourful, organic shapes observed in the wall structures may
also have been perceived favourably in contrast to the dark, blank tiles in D3. It should
be observed that while the visual style of D2, defined as “bioluminescent colour palette”,
was reasonably preserved, the noisy texture of the floor tiles in D3 undermines the
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“Science-fiction, minimalist” aesthetic intended by its style descriptor. This discrepancy
is revisited in Section 6.5.

Turning now to the card combat scenarios, both C3 and C4 provided settings that were
consistently identified correctly by participants. However, in the case of C3, neither the
epoch nor the style was accurately recognised. The epoch choices for C3 mirrored those
of D3, albeit with a different order of presentation. No participants selected the correct
epoch of “space age”; instead, responses were nearly evenly divided between “near
future” (41%) and “science fiction” (38%). This finding is intriguing, especially in light of
the responses to D3, where the correct “near future” epoch was never chosen, yet “space
age”, which was correct for C3, was selected by 41% of users. Assuming that ordering
effects are negligible, this divergence in behaviour remains difficult to rationalise. It may
be hypothesised that the warehouse interior depicted in C3’s background failed to evoke
associations with the “space age” epoch, likely due to the absence of visual cues such as
celestial bodies or spacecraft, which, although not strictly necessary, are often used in
popular culture as visual shorthand for that period.

With respect to visual style, the options provided may help explain the low correctness
rate (9%) for C3. The intended style, “Semi-abstract, vivid alien landscapes”, was poorly
reflected in the background imagery, and as a result, the majority of users instead selected
“Science-fiction, minimalist” (50%). As with previous cases, this underscores the difficulty
of communicating visual style effectively, particularly when the semantic descriptors
lack specificity or when the image-generation system (in this case SDXL) fails to render
distinguishing features clearly. A notable counterexample is found in C4, where the
style label “Egyptian relief, earthy tones” is both semantically precise and visually
unmistakable. The clarity and specificity of the visual and textual elements resulted in
a correct consensus amongst participants. This was the only instance across all stimuli
where perfect accuracy was observed for visual style identification.

The final observations are related to the textual descriptions of the enemies. These
assets not displayed directly to players in the CrawLLM game, but are rather used in
the prompts to generate the character images and to generate the semantic descriptions
of the minions. These descriptions generally received above-average evaluations and
high accuracy scores in thematic identification tasks, as can be surmised from Table 6.2.
However, two results stand out for E1 and E3, whose full text and multiple choice options
are presented in Table 6.5.

Specifically, none of the participants correctly identified the setting of E3, and the
epoch of E1. For the latter, “Fantasy” was the most selected option, with the correct
one being “Medieval”. This is consistent with the conclusions drawn about epoch from
the screenshots part of the survey. The case of the setting of E3 is interesting in that
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Table 6.5: Example enemy descriptions and related questions from the
user study. The correct options which were used to generate the game are
shown as checked.

E1 E3
Astral Harpy The Astral Harpy is a mesmerizing crea-
ture, her form a harmonious blend of ethereal energy
and humanoid structure. She possesses the upper body
of a woman with skin that shimmers like twilight stars,
while her lower half transforms into powerful, feath-
ered wings of deep cosmic blue. Her eyes burn with a
fierce, otherworldly light, and she is adorned in cere-
monial robes intricately woven from threads of pure
starlight. The Astral Harpy wields a divine harp that,
when strummed, can summon forth bolts of radiant
energy to strike down any who dare to tread within
the hallowed chambers of The Celestial Choir Chapel.

Vortexian Sentinel A towering figure of swirling cos-
mic energy, the Vortexian Sentinel stands as a guardian
of the Nebula Nexus. Its body is composed of inter-
twining streams of vibrant blues, purples, and silvers,
constantly in motion. The entity has no distinguishable
features beyond its energy form, but it does possess
four arms that extend from its core, each ending in five
long, slender fingers. These hands are capable of ma-
nipulating the energy around them to create weapons
or barriers as needed. The Sentinel wears no clothing,
but a faint outline of a circular badge can be seen near
its center, glowing with a white-hot intensity - possibly
indicative of its allegiance or purpose.

Which setting best describes the above Description?
⊠ A forgotten cathedral in the clouds
□ An ancient labyrinth beneath a desert pyramid
□ A lost colony on an alien world
□ A mystical underwater city

□ A drifting asteroid mining facility
□ A lost colony on an alien world
⊠ A haunted forest on a foggy moon
□ A forgotten cathedral in the clouds

Which epoch is depicted in the above Description?
□ Ancient
□ Renaissance
□ Fantasy
⊠ Medieval

□ Fantasy
□ Near future
⊠ Science-fiction
□ Ancient

despite the verbose description, there were insufficient indications for the participants
to distinguish between the correct choice (“A haunted forest on a foggy moon”), and
the most commonly selected one (“A lost colony on an alien world”). There is a degree
of similarity between the two settings, and the description of the enemy in this case is
markedly alien, which could equally fit both of these. Despite the similarity, the direct
“alien” term in the decoy setting deceived the entire population of participants.

6.5 | Discussion
From the survey results it is observed that thematic coherence is not consistent across both
modalities and across all theme descriptors. Whilst it can be seen that the narrative assets
are for the majority recognisable, certain thematic elements, specifically those concerning
visual style and epoch, proved difficult to communicate effectively through in-game
visuals alone. In conjunction with the qualitative analysis of both the visual stimuli and
user responses presented in Section 6.4, these results partially support hypothesis H1,
i.e. that the core thematic details seeding the assets are recognisable. This is true for the
setting and environment descriptors, successfully conveyed the thematic information
through the given stimuli. In contrast, epoch was only identified correctly from the
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narrative stimuli most of the time, and style recognition varied greatly between dungeon
and card interfaces. Notably, it was found that thematic clarity was typically achieved
only when the underlying details were highly specific, such as references to particular
places rather than abstract genre conventions.

Furthermore, it was observed that the textual descriptions and the screenshots of the
card combat interface were generally well perceived by the participants. However the
dungeon crawling images were not received as favourably. Despite this, in the majority
of cases the preference of the participants was superior to a random selection, which
reinforces hypothesis H2.

The study also brought to light several limitations of CrawLLM that had previously
been identified during internal playtesting sessions. One such limitation concerned the
generation of a coherent and stylistically consistent tileset, a process that necessitated
numerous iterations and refinements. Although the three-stage methodology illustrated
in Fig. 6.5 addresses various shortcomings of earlier attempts, it continues to yield noisy
background tiles in certain instances, as exemplified by game C3 in Table 6.4. Prospective
improvements could involve the application of quantitative image metrics, such as visual
complexity [135] and colourfulness [85], to systematically select the least noisy tile from
the generated alternatives shown in Fig. 6.5, rather than relying on random selection.

Additional shortcomings were attributed to the experimental design itself. Specif-
ically, the inclusion of near-duplicate response options appeared to have introduced
confusion among participants, particularly in the evaluation of stylistic attributes as
seen in Tables 6.4 and 6.3. A measure of misdirection was desirable so as not to overly
facilitate the correct choice, and thus making the survey futile. Nonetheless, the high
similarity between options proved to be far too misleading, and the choices offered could
have been filtered to at least remove options which contain identical words, instead
of omitting only full duplication. Future iterations of user studies would benefit from
eliminating such near-duplicates and presenting only distinct alternatives that exceed a
predetermined minimum distance threshold in the FLAVA latent space.

A more consequential limitation pertains to the interaction between thematic elements
and the processes governing text and image generation. Empirical evidence suggests
that, in numerous cases, the specification of visual style had little to no discernible in-
fluence on the resulting visual assets, whether tilesets or card combat backdrops. This
phenomenon is hypothesised to arise from constraints inherent in the prompting method-
ology: visual style descriptors are often positioned at the end of prompts directed at
the SDXL model, and may thereby fall outside the effective context window of the CLIP
architecture [166], or be semantically diluted by preceding elements of the prompt, such
as scene descriptions. Alternatively, limitations may stem from the LLM responsible for
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generating the visual style descriptions themselves. While some styles (e.g., “Egyptian
relief”) lend themselves more readily to downstream generation processes, others (e.g.,
“semi-abstract”) may be less practical. The LLM, lacking awareness of its output’s in-
tended role in guiding subsequent image generation, is unable to self-correct or anticipate
such issues.

In view of the research questions of this thesis, this experiment EXP3 primarily
addresses RQ3. Specifically, it describes and successfully implements a fully automated
pipeline orchestrated by a LLM, the output of which human evaluators have found to
have good quality, deeming the assets to be overall pleasant. Furthermore the experiment
shows that the assets have good coherence to the thematic intent, which is also queried
in RQ3.

In future work, introducing constrained human oversight at high-impact stages, such
as theme definition or tileset selection, could substantially improve interpretability while
preserving the pipeline’s zero-shot character. Alternatively, models explicitly optimised
for stylistic control may better support the visual grounding of abstract descriptors.

Generalisation of the pipeline is intentionally limited. CrawLLM, as implemented,
will not necessarily generalise directly to all game genres or creative pipelines. The
findings only generalise at the conceptual level of orchestration, i.e. that LLMs can act as
effective high-level controllers for decomposed generative processes without task-specific
training.

The reliance on a specific game genre, fixed templates, and a particular set of genera-
tive models constrains broader claims. The user study further reflects recognition-based
coherence within the CrawLLM design space rather than absolute measures of creative
quality or player enjoyment.

Therefore, the conclusions generalise best to structured creative pipelines where
content can be decomposed into semantically linked stages, and where natural language
can function as a stable intermediate representation. They generalise less strongly to
open-ended creative systems lacking clear hierarchical structure.

6.6 | Limitations and Shortcomings
The CrawLLM pipeline demonstrates that LLMs can coherently orchestrate multimodal
asset generation in a zero-shot setting; however, it does not incorporate explicit optimi-
sation or selection mechanisms. As discussed earlier in the chapter, asset quality and
consistency are largely a consequence of prompt design and model capabilities, rather
than the result of systematic improvement or search. This limits the pipeline’s ability to
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recover from weak generations or to explore alternative design possibilities.
Although this chapter introduces human grounding through a user study, the scope of

that grounding is deliberately narrow. The study focuses on recognisability and thematic
coherence, rather than on broader notions of creative quality, engagement, or player
preference. As such, positive results indicate that the generated assets are internally
consistent, but do not imply that they represent optimal or particularly compelling
designs.

The results also point at uneven recognisability of the thematic descriptors. This
highlights a limitation in the pipeline’s ability to ground abstract or stylistic descriptors
visually. While narrative text retained thematic clarity, corresponding visual assets
frequently failed to encode these attributes in a manner that was interpretable to users.
This suggests a disconnect between internal prompt alignment and external human
perception.

Diversity is not explicitly measured or controlled within the pipeline. Variation
emerges implicitly from stochastic generation, but there is no mechanism to detect re-
dundancy or ensure coverage across asset types. This reflects a design choice prioritising
coherence and structural completeness over exploratory breadth, but it also limits the
system’s ability to reason about diversity as a first-class objective.

These limitations motivate the iterative approach introduced in Chapter 7, which
augments the CrawLLM pipeline with explicit evaluation and regeneration steps in
order to address underperforming assets and introduce adaptive control over quality
and diversity.

6.7 | Summary
This chapter has detailed the design of CrawLLM, a zero-shot, fully automated, GenAI
pipeline for coherent game asset generation. An online user study engaged a total of
34 participants who were tasked with evaluating game assets through screenshots and
textual descriptions, and inferring the thematic details that had informed their generation.
The results showed overall good coherence with the thematic elements, but poor for
specific ones. However the output was deemed mostly pleasant by the majority of
users. In the next chapter, the CrawLLM pipeline will be extended to include an iterative
workflow in order to automatically assess and refine the generated assets.
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7

An Iterative Generation Pipeline

The CrawLLM multimodal generative pipeline described in Chapter 6 was developed as a
zero-shot system in which all assets are generated in a forward pass, without subsequent
assessment or refinement. This implementation lacks mechanisms for evaluating and
improving the coherence of the asset set or ensuring sufficient variation across individual
assets. This uniformity can limit the expressive capacity and the creative scope of the
system. It is however crucial that the generated assets not only differ from one another but
also function cohesively within a shared narrative and style. The equilibrium between
coherence and diversity is therefore critical to the perceived value of the generated
content.

This chapter thus advances the CrawLLM pipeline by introducing a set of simple
iterative asset regeneration processes. These are supported by automated asset evaluation
methodologies aimed at improving both the fitness and diversity of the generated
content.

7.1 | Methodology
Consider a generic generative multimodal pipeline which generates or transforms assets
sequentially, in a similar fashion to CrawLLM. The pipeline structure may be considered
a hierarchical directed graph, as it is generated in consecutive stages, and it is also
acyclic since each stage does not affect earlier stages. Such a hierarchical Directed Acyclic
Graph (DAG) is therefore similar to a tree structure, with the exception that each node
may have more than one parent. The output set of assets from such a pipeline may also
be considered as forming a similar DAG, preserving the dependencies between assets as
they occurred during the generative process.

Within creative domains, coherence between the assets in a generated set along the
DAG directions is generally desirable, as this denotes parent-child relationships. It is
equally advantageous for assets of the same type to be diverse enough from each other.
Appropriate fitness (or coherence) and diversity metrics to assess each node within the
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DAG of the asset set require definition to match the attributes of the system. Once defined,
these metrics enable the pipeline to systematically evaluate its output and identify the
least effective individual assets or asset groups. This information may then be leveraged
for targeted regeneration of assets, in a conceptually similar fashion to the operation of
EAs.

A population-based GA may be employed by generating and evolving multiple
sets of assets. However, in systems of similar or greater complexity than CrawLLM,
each asset set comprises a considerable number of elements as established in Chapter 6.
Consequently, the computational demands associated with maintaining, regenerating,
and evaluating a large population of such sets may render this approach impractical.
Alternative strategies which iterate over single solutions, such as the generate-and-test
paradigm [200] or a basic (1 + 1) EA [57] (refer to Section 2.1.2) are more adequate in such
a circumstance. In either case, after defining the target metric for optimisation, a series of
iterations are carried out through which the least performing asset, or subset of assets,
within the set are selected for regeneration and potential replacement.

A distinction must here be drawn between assets representing inner nodes which are
parents to other nodes, and leaf nodes (which have no children). Challenges arise during
evaluation, when inner nodes are selected for replacement, as all other downstream
assets depending on them will in turn also require regeneration. If the pipeline supports
partial regeneration from arbitrary points, this issue is mitigated. Conversely, if the
pipeline’s complexity renders such regeneration infeasible, it may be prudent to restrict
candidate selection for replacement to the leaf nodes. These considerations are inherently
context-dependent, influenced by the structural and computational characteristics of the
specific pipeline in question.

The iterative search process itself may be formulated either as a SOO problem, in
which a single metric (e.g., fitness or diversity maximisation) is targeted, or as a MOO
problem, where individuals dominated across multiple metrics are selected for replace-
ment. The subsequent sections offer practical illustrations of how these algorithms may
be implemented.

7.2 | Use Case: The CrawLLM Iterative Pipeline
In the context of EXP4, the CrawLLM pipeline has been extended to incorporate iter-
ative refinements, with a particular focus on enhancing both the internal coherence of
generated assets and the diversity among asset groups of the same type within a given
set.
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A comparative evaluation is conducted between two iteration strategies: the generate-
and-test approach and a simplified (1 + 1) EA, hereafter referred to as Regen and Evo,
respectively. Within each strategy, assets demonstrating the weakest performance are
identified at every iteration, and for each such asset, a newly generated alternative
is produced. The key distinction between the two methods lies in their replacement
criteria: the Regen strategy indiscriminately substitutes the older asset with the newly
generated one, whereas the Evo strategy enforces a performance-based criterion, allowing
replacement only if the new asset surpasses its predecessor in the target metrics.

7.2.1 | Replacement Candidates
In view of the complex structure of the CrawLLM pipeline, EXP4 restricts replacement eli-
gibility to leaf node assets, totalling 76 candidates (see Table 7.1). As detailed in Section 7.1,
these leaf nodes correspond to player-facing assets which possess no downstream depen-
dencies within the CrawLLM DAG. In other words, they represent final outputs that are
not reused as inputs for the generation of further assets. This selective approach offers a
high efficiency, as it forgoes the need for cascading regenerations.

7.2.2 | Definition of Metrics
The principal enhancement introduced to the CrawLLM pipeline involves the computa-
tion of metrics for both the fitness and diversity of the generated asset set. Given that the
assets span across both visual and textual modalities, the use of multimodal models is
proposed to carry out this evaluation.

It should be noted, however, that CLIP is already integral to the prompt align-
ment mechanism employed within SDXL, the image generation model utilised by
CrawLLM [162]. To provide an orthogonal evaluation while preserving functionality, a
distinct model with analogous capabilities is employed. For this purpose, FLAVA [191]
was utilised in Experiment EXP4 detailed in this chapter.

A corresponding FLAVA score is computed for any two assets in a manner similar to
the CLIP score, as defined in Equation 2.4. The distinction lies solely in the substitution
of FLAVA-derived embeddings in place of those produced by CLIP. However, it is
important to note that whilst in previous experiments the CLIP score was being computed
between the input prompt for a model and its generated output, in EXP4 the FLAVA score
is used to capture the conceptual proximity between any two assets under comparison.

Within this use case, asset coherence is interpreted as the fitness of a given asset
with respect to its immediate parents within the hierarchical pipeline. This is based on

123



Chapter 7. An Iterative Generation Pipeline 7.2. Use Case: The CrawLLM Iterative Pipeline

Table 7.1: The leaf node assets grouping by type, used for diversity com-
parisons. 76 assets (leaf nodes) are considered in total.

Group Asset Count Type
1 3 Game name, Introduction, Conclusion
2 16 Character Spritesheets
3 3 Card Frames
4 5 Location Tilesets
5 5 Location Backgrounds
6 15 Character Portraits
7 20 Key Images
8 9 Action Card Images

the assumption that, since all assets are hierarchically derived following the pipeline’s
DAG, the coherence of the complete asset set can be inferred if each individual asset is
evaluated and found to be coherent in relation to its direct parent. In other words, global
coherence is obtained through the transitive evaluation of local parent-child relationships
across the hierarchy.

An asset’s fitness is defined as the mean similarity between its FLAVA embeddings
and those of its parents. The similarity is computed as per Equation 2.4 within the FLAVA
latent space. Thus the equation for the fitness of each asset is given by:

f itness(i) =
1
N

N

∑
p=1

similarity(ei, ep)

where ei is the FLAVA embedding of the asset being evaluated,

ep is the FLAVA embedding of parent p,

N is the total number of direct parents of asset i.

Assessing diversity within the CrawLLM pipeline is challenging due to the consid-
erable range of assets it produces. Since there is a distinct disparity in the format of the
generated assets, a direct comparison between, for example, a character spritesheet and
a location tileset inherently yield low FLAVA similarity scores. Such an observation,
however, does not yield any useful insight other than that pertaining to structure. It is
far more informative to recognise when there are, say, two (or more) robot characters,
whether or not they have been depicted in a visually similar manner, and whether there
is appreciable overlap between their names and descriptions.

Therefore the assets were grouped by type (e.g. location, character, etc.) and format
(e.g. background image, text description, spritesheet, etc.), as shown in Table 7.1. The
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diversity of an asset was defined to be its mean distance to its peers within that group, as
shown in Equation 7.2.2.

diversity(i) =
1

n − 1

n

∑
j=1
j ̸=i

(
1 − similarity(ei, ej)

)

where n is the total number of assets in the group,

ei, ej are the FLAVA embeddings of assets i and j,

cos(ei, ej) = e⊤i ej is the cosine similarity between the embeddings.
During each iteration, the fitness and diversity for each asset is recorded. Every

replaced asset was also noted, in order to calculate the total count of unique assets
replaced during every run. For every experiment conducted, the final values of fitness
and diversity associated with the asset sets are averaged, and the resulting means are
used to compute percentage changes relative to their respective initial values.

7.2.3 | Leaf Node Selection
When selecting replacement candidates from leaf node assets, multiple individuals
may be chosen during the same iteration, as there are no downstream repercussions.
Therefore, the asset with the lowest objective metric from each group shown in Table 7.1
was chosen for replacement. Therefore, in the experiments which optimise fitness, the
8 assets with the lowest fitness score as calculated from Equation 7.2.2 were selected at
every iteration. Analogously, those runs optimising diversity select the 8 assets exhibiting
lowest diversity, computed as shown in Equation 7.2.2.

When applying MOO to target both fitness and diversity, a domination count is
established for each group. This domination metric is obtained for each asset by counting
the number of other assets within the group which have higher values of both fitness
and diversity. The asset with the maximum domination count is considered the worst
performing one and will be selected for regeneration. In case there is a tie between
two or more assets, the sum of each individual’s domination counts in fitness and
diversity computed separately is used as a secondary score to arbitrate the selection. In
mathematical notation, if G = {x1, x2, . . . , xn} is a group of assets, where each xi ∈ G has
an associated fitness f (xi) and diversity d(xi), then define the following for each xi ∈ G:

P(xi) =
∣∣{ xj ∈ G | j ̸= i, f (xj) ≥ f (xi), d(xj) ≥ d(xi), ( f (xj) > f (xi) ∨ d(xj) > d(xi))}

∣∣
T(xi) =

∣∣{ xj ∈ G | j ̸= i, f (xj) > f (xi)}
∣∣+ ∣∣{ xj ∈ G | j ̸= i, d(xj) > d(xi)}

∣∣.
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Then the selected (worst performing) individual is:

x∗ = arg max
xi∈G

lex (P(xi), T(xi))

where arg maxlex selects the individual with the highest domination count P(xi), and
breaks ties using the total domination score T(xi).

7.3 | Structure of the Experiment
EXP4 has been structured to explore multiple methodologies. Firstly, it comparatively
explores the performance of Regen and Evo iterative algorithms, and secondly it observes
the properties of the asset sets when the target metric is either fitness, diversity, or both
evaluated through a MOO approach.

7.3.1 | Hypotheses
The aim of EXP4 is to establish whether iterative regeneration of assets within the
CrawLLM pipeline will increase the assets’ fitness and diversity. It also aims to establish
the extent through which simple algorithms such as Regen and Evo as outlined in
Section 7.2 affect these metrics. The hypotheses for this experiment are thus given below:

H1 When using SOO the targeted metric will be improved by both Regen and Evo
algorithms.

H2 When targeting both fitness and diversity concurrently through MOO, both metrics
will improve using both algorithms.

H3 Evo algorithms are expected to perform better than Regen variants, achieving better
overall improvement in the targeted metric.

7.3.2 | Experimental Protocol
The formulated hypotheses will be investigated through a series of experiments designed
to address distinct objectives, and categorised by their objective metrics. These are listed
in Table 7.2, outlining the combined methodologies used, and noting the tags used to
refer to each, for brevity.

Each experiment commences with the 20 asset sets generated by the CrawLLM
pipeline in Experiment EXP3, as detailed in Chapter 6. 25 iterations are then carried out
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Table 7.2: Table showing the combined methodologies and the correspond-
ing experiment tags in EXP4.

Algorithm
Target Metric

Fitness Diversity Multi-Objective
(1+1) Evolutionary FitEvo DivEvo MOEvo

Regenerate and Test FitRegen DivRegen MORegen

according to the experiment parameters for each of these sets, thereby constituting 20
runs for each experiment.

During each of these iterations, the least performant individual within each group
vis-a-vis the target metrics is identified and selected for regeneration, in accordance with
the strategies described in Section 7.2.3. Given that this selection process operates across
8 distinct groups at each iteration, a cumulative total of 200 individual assets is identified
for potential replacement in each run. Figure 7.1 illustrates the overall process utilised
for the experiments.

7.4 | Results and Evaluation
The central aim of the experiments, as outlined by the hypotheses presented in Sec-
tion 7.3.1, is to assess the extent to which the fitness and diversity of the asset sets
undergo improvement over iterative regeneration within the parameters of each experi-
ment.

The Wilcoxon signed-rank test [224] was conducted upon the computed values to
assess statistical significance of the observed changes. One-tailed variants of the test were
applied in both directions in order to evaluate whether the observed changes exhibit
meaningful increases or decreases. Statistical significance was presumed at a threshold
of p < 0.05.

Furthermore, to adjust for the false discovery rate, the Benjamini-Hochberg correc-
tion [8] was applied.

The outcomes of these analyses are summarised in Table 7.3, which highlights how
those experiments targeting an individual metric successfully improved it at the expense
of the other. Thus DivEvo and DivRegen improved diversity significantly (by 18.72%
and 17.68% respectively), but consistently worsened the fitness by around 1% form its
initial value. Similarly, FitEvo and FitRegen improved the fitness by 4.07% and 3.08%
respectively, and had an insignificant effect on diversity. It is disappointing to see that
the maximum % change in fitness was only around 4%, despite achieving statistical
significance. It can be noted that the Evo experiments generally outperformed the Regen
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20 Independent Runs / Asset Sets

25 Iterations
Asset Groups

Select individual:
Least fit (FitEvo)

Least Diverse (DivEvo)
Least Dominant (MOEvo)

Regenerate

No YesHigher
fitness?

ReplaceDiscard

Leaf Node Selection Evolutionary Experiments

(a) (1+1) Evolutionary Experiments

20 Independent Runs / Asset Sets

25 Iterations
Asset Groups

Select individual:
Least fit (FitRegen)

Least Diverse (DivRegen)
Least Dominant (MORegen)

Regenerate Replace

Leaf Node Selection Generate-and-Test Experiments

(b) Regenerate and Test Experiments

Figure 7.1: Processes of the Evo (a), and Regen (b) sets of experiments.
Each run consisted of 25 iterations, processing an individual from every
group. A run is carried out for each of the 20 generated games from EXP3.

experiments in SOO, however for the MOO variants, the final diversities are seen to be
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Table 7.3: Mean percentage change in fitness and diversity for each ex-
periment. An ∗ indicates statistically significant change using Wilcoxon
signed rank test (corrected for false discovery rate, p < 0.05).

Experiment Mean % Fitness Change Mean % diversity Change
DivEvo -1.00∗ 18.72∗

DivRegen -1.07∗ 17.69∗

FitEvo 4.07∗ -0.67
FitRegen 3.08∗ 0.53
MOEvo 2.03∗ 9.01∗

MORegen 1.46∗ 11.87∗
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Figure 7.2: Box plots showing the percentage change in fitness and diver-
sity (a), and the mean number of unique assets chosen for replacement (b).
Values are averaged over the 20 runs of each experiment.

higher for the Regen experiments.
The total count of unique assets replaced during every run, along with the percentage

variations in fitness and diversity, are visualised through box plots in Figure 7.2.
The box plots corresponding to the target metrics (Figure 7.2(a)) complement the

results of Table 7.3. They assist in visualising the spread of the values across the experi-
ments, which immediately convey the significant disparity between diversity and fitness,
with the former achieving significantly higher changes when directly targeted.

Additional insights into the replacement dynamics are conveyed by the box plots
shown in Figure 7.2(b). It is evident that targetting diversity resulted in a high number
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Figure 7.3: The % change in fitness and diversity metrics plotted against
iterations for each experiment. Each value represents the mean across
the 20 experiment runs for that iteration. The shaded areas denote 95%
confidence intervals.

of unique replacements, i.e. the process had a wider-reaching effect on different assets
from the set. Notably, the Regen experiments yielded an increased number of unique
replacements, a result that aligns with expectations. In the Evo experiments which
regenerate the least performant individual, and the replacement fails to surpass the
existing asset in quality, the unchanged asset remains the poorest in subsequent iterations.
This recurrence reduces the frequency with which new candidate assets are introduced
for replacement.

This pattern is particularly pronounced in the MOEvo experiment. As the regenerated
asset must satisfy multiple selection criteria, specifically, simultaneous improvements in
both fitness and diversity, fewer replacements are ultimately achieved. Consequently, re-
peated regeneration attempts are concentrated on the same individual, thus constraining
the overall variety of the regeneration process across the assets.

Finally, the progression of the fitness and diversity change over the iterations, aver-
aged over the 20 runs are plotted in Figure 7.3, which also shows the 95% confidence
intervals. This last set of graphs highlight the processes of each experiment in further
detail.

The graphs (Figure 7.3) confirm that both Evo and Regen are effective, and gradually
improve their target metric consistently, with a degree of randomness expected in the
Regen experiments due to the unrestricted replacement of assets at every iteration.
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7.5 | Follow-up Study on Branch Selection
An explorative study into a secondary methodology considered the entire set of assets
as potential candidates for replacement. This includes both leaf nodes and inner assets
that contribute to the generation of downstream content yet remain hidden from the
end user. Under this approach, termed branch selection, the replacement of a single asset
imposes the regeneration of all its descendant elements within the CrawLLM pipeline,
thus reflecting a broader scope of iterative influence. Using this strategy, a total of 162
assets are eligible for selection at every iteration, in contrast to the 72 for the leaf node
selection strategy.

This illustrates the motivation for this experiment, arising from the observed con-
straints inherent in the leaf node selection mechanism. Since inner nodes are excluded
from the replacement process, the fundamental thematic components remained unaltered
across successive iterations. This homogeneity may have impeded the degree to which
asset diversity could be meaningfully expanded. To illustrate further, all the descriptive
text of the assets are inner nodes of the DAG since they are employed in the generation
of images. Consequently, these textual elements remained unchanged within the asset
set. Thus, although the visual representations of characters and locations were subject to
regeneration, their underlying semantic identities were effectively immutable.

The branch selection approach, despite its complexity, is technically feasible in
CrawLLM due to the pipeline’s capacity to regenerate any sub-branch of its genera-
tive process. This flexibility is illustrated in Figures 6.3 and 6.4. The stages for generation
of enemies which produces a single enemy at every call, the same prompt and location de-
scription are provided for a new enemy to be generated. A minor adaptation is required
in stages where multiple text assets are concurrently generated, as observed in steps 2
and 6 of Figure 6.3. When an inner asset from such a stage is selected for regeneration, a
targeted prompt is provided to the LLM to regenerate only the specific asset in question.
The remaining assets from the same stage are included unchanged within the prompt
to preserve consistency. For example, the original prompt which generates the location
details for a given location name and description is as follows:

We are working on a top-down dungeon crawler game of the following type:

Setting: ${setting}

Environment: ${environment}

Epoch: ${epoch}

Within this game, the main character will have to navigate though a dungeon-

like environment, collect keys or items which enable them to unlock doors,

and engage in combat with hostile enemies until they reach the final exit

. The view-point is a top-down orthographic view of the rooms. The levels
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consist of tiled sprites, which contain floor, wall/boundary, and door

tiles. One of the wall tiles should have a visible indicator that there is

a secret passage behind it, but it should not be too obvious.

The location ${location} has the following description: ${

location_description}

Create a brief description of what the floor, walls (or boundaries), and

doors would look like. Limit the descriptions to what the floor, walls or

doors are made of and their appearance, and do not include anything about

their surroundings. The idea is to create a brief for an artist to draw a

tileable section of each. Next describe an object which can be used as a

key to unlock doors within this place.

All descriptions shall be strictly visual and shall be coherent within the

game setting and location.

Your output should be given in the following JSON format only:

{

"floor": "...",

"wall": "...",

"door": "...",

"key":

{

"name": "...",

"description": "..."

}

}

In order to replace a specific item from the location details, the replacement prompt
becomes:

We are making a dungeon crawler game of the following type:

Setting: ${setting}

Environment: ${environment}

Epoch: ${epoch}

Within this game, the main character will have to navigate though a dungeon-

like environment, collect keys or items which enable them to unlock doors,

and engage in combat with hostile enemies until they reach the final exit

. The view-point is a top-down orthographic view of the rooms. The levels

consist of tiled sprites, which contain floor, wall/boundary, and door

tiles.

The location we are working on has the following properties:

${location}

Generate a different description for the ${detail_type} within this location.

Limit the descriptions to what the ${detail_type} are made of and their

appearance, and do not include anything about their surroundings. The

description will be used as a brief for an artist to draw a tileable

section of ${detail_type}.

Ensure that:
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1) Everything remains coherent and make sense within the game setting,

environment, and epoch.

2) Do not change any of the other elements in the location.

Your output should be given in the following JSON format only:

{

"${detail_type}": "..."

}

As an example of the branch regeneration in CrawLLM, if description of the main
enemy in a specific location results to be the most dominated individual, then Figure 6.3
reveals that its minions’ descriptions will also be selected for replacement. Figure 6.4
then shows that the enemy’s spritesheet and portrait, as well as those of the selected
minions are also flagged for replacement.

7.5.1 | Branch Selection
When considering branch replacement, multiple asset selections are more complex to
manage as there may be common descendants in the different branches. In this case, it
is by far more convenient to select only one asset for replacement from the full set, and
regenerate its branch, one generative step of the pipeline at a time. These experiment
variants were configured for MOO, so the selection of the least performing asset had to
take into consideration a compound measure of fitness and diversity of the assets. A
similar concept of domination used in the leaf node selection methodology is used. How-
ever, since in this case a unique asset across all groups is required, a direct comparison of
fitness and diversity cannot be performed. This is due to the fact that the means of these
metrics for each group vary significantly, and therefore those groups with higher average
metrics would exert dominance and thus exclude themselves from the selection process.

The full set of assets is thus partitioned into K groups, as detailed in Table 7.4.

G = {G1, G2, . . . , GK}.

Each group Gk contains nk individuals, indexed

Gk = { xk,1, xk,2, . . . , xk,nk}.

Each individual xk,i has two measured objectives:

fitness: fk,i, diversity: dk,i.

In order to enable comparison across groups with potentially differing ranges of
objective values, each individual’s fitness and diversity values are normalised within
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Table 7.4: The full asset set grouping by type, used for diversity compar-
isons in branch node selection strategies. 162 assets are considered in total.

Group Asset Count Type
1 3 Game name, Introduction, Conclusion
2 16 Character Names
3 16 Character Descriptions
4 16 Character Portraits
5 16 Character Spritesheets
6 3 Card Frames
7 5 Location Names
8 5 Location Descriptions
9 5 Location Floor Descriptions
10 5 Location Wall Descriptions
11 5 Location Door Descriptions
12 5 Key Names
13 5 Key Descriptions
14 5 Location Tilesets
15 5 Location Backgrounds
16 20 Key Images
17 9 Action Card Names
18 9 Action Card Descriptions
19 9 Action Card Images

their respective group using percentile ranks. For each group Gk, the fitness and diversity
values are ranked, and each individual xk,i is assigned normalized scores:

f̂k,i =
rank f ( fk,i)− 1

nk − 1
, d̂k,i =

rankd(dk,i)− 1
nk − 1

,

where rank f ( fk,i) denotes the ascending rank of fk,i among all fitness values in Gk, and
similarly for rankd(dk,i). This places all individuals in a common normalised space [0, 1]2,
with higher values indicating better fitness and diversity.

The full population is then considered as the union of all individuals across groups,
with each individual represented by its normalised objective vector:

P =
K⋃

k=1

{(
f̂k,i, d̂k,i

)
| i = 1, . . . , nk

}
.

Domination is defined in the standard Pareto sense for maximisation: an individual
p ∈ P is said to dominate another individual q ∈ P , denoted p ≻ q, if

f̂p ≥ f̂q, d̂p ≥ d̂q, and ( f̂p > f̂q or d̂p > d̂q).
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For each individual x ∈ P , its domination count is defined as the number of other
individuals in P that dominate it:

δ(x) = ∑
y∈P
y ̸=x

1, if y ≻ x,

0, otherwise.

Individuals with the highest domination counts are considered the most dominated and
are candidates for replacement or regeneration.

In the event of a tie (i.e., multiple individuals sharing the highest domination count),
a secondary criterion is applied. Let C(x) denote the set of all descendants of individual x,
as determined by known parent-child relationships. The number of dominated descendants
of x is defined as:

∆(x) = ∑
y∈C(x)

1, if δ(y) > 0,

0, otherwise.

Among tied individuals, preference is given to those with the largest ∆(x), as these are
viewed as propagators of poor-quality traits within the population.

The final selected individuals for regeneration are those with maximal domination
count δ(x), and among them, maximal dominated descendant count ∆(x).

7.5.2 | Experimental Protocol
The protocol for the branch selection experiments was kept as similar as possible to that
of the leaf node selection MOO experiments. Two experiments were carried out, both
concurrently targeting fitness and diversity; MOBranchEvo uses a (1 + 1) GA whereas
MOBranchRegen employs the regenerate-and-test strategy. These are meant to mirror
MOEvo and MORegen experiments respectively, and are thus analogously carried out
for 20 runs each starting from the same 20 CrawLLM asset sets from Chapter 6.

In these experiments, however, a single individual is selected from the entirety of
the groups at each iteration. If the regenerated asset satisfies the predefined criteria
for replacement (unconditionally in the Regen variants, and conditionally in the Evo
variants, where both fitness and diversity must be improved), the entire asset branch
derived from that individual is replaced. The exact number of assets replaced in this
manner varies as a function of the specific asset selected.

To ensure an equitable comparison with the leaf node experiments, the total number
of regenerated assets is tallied. Iterations continue until this count reaches or marginally
exceeds 200, thereby approximating computational equivalence. Figure 7.4 illustrates the
overall process utilised for the experiments.
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Table 7.5: Mean percentage change in fitness and diversity for the branch
selection experiments. The results of the multi-objective leaf node selec-
tion experiments are also listed for reference. An ∗ indicates statistically
significant change using Wilcoxon signed rank test (corrected for false
discovery rate, p < 0.05).

Experiment Mean % Fitness Change Mean % diversity Change
MOBranchEvo 0.26 2.67∗

MOBranchRegen -0.29 6.06∗

MOEvo 2.03∗ 9.01∗

MORegen 1.46∗ 11.87∗

In practice, due to the greater number of groups and the substantially higher volume
of assets evaluated during each iteration, the computational time associated with the
branch selection experiments is significantly higher. Although this computational differ-
ence varies by how many assets are changed in the branch replacement algorithm, the
increase in duration was measured to fall between 30% to %60.

7.5.3 | Results
The percentage changes observed in fitness and diversity resulting from the branch selec-
tion experiments are presented in Table 7.5. To facilitate comparison, the corresponding
values obtained from the MOEvo and MORegen leaf node selection experiments are
likewise included. In order to assess the statistical significance of these changes, Wilcoxon
tests were performed in an analogous manner, with similar adjustments applied for false
discovery rate control.

Comparing the leaf node and branch selection experiments, MOEvo and MORegen
performed better than MOBranchEvo and MOBranchRegen, respectively. The % change
in fitness was negligible for the branch experiments, and the increase in diversity was
2.67% for MOBranchEvo and 6.06% for MOBranchRegen. This contrasts with the leaf
node selection experiments, which achieved a statistically significant increase in both
metrics, albeit a marginal one for fitness. In order to further investigate these findings,
the data is plotted using a visualisation method similar to that which was applied in the
leaf node selection experiments.

Figure 7.5 shows the box plots for the % change in fitness and diversity (Figure 7.5(a)),
and the mean number of unique replaced assets over each experiment’s 20 runs (Fig-
ure 7.5(b)). The graphs show an almost even distribution of the fitness values around 0%
change, confirming that there is no significant change in this metric for branch selection.
The diversity increase in these experiments is confirmed, however the plot whiskers show
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Branch Selection Evolutionary Experiments (MOBranchEvo)

20 Independent Runs / Asset Sets

Iterate until 200 assets are regenerated

Select Least Dominant
Individual

(from all asset groups)

Discard Higher
fitness Individual?

No Replace and
regenerate all
descendants

Yes

Regenerate

(a) (1+1) Evolutionary Experiments

Branch Selection Generate-and-Test Experiments (MOBranchRegen)

20 Independent Runs / Asset Sets

Iterate until 200 assets are regenerated

Select Least Dominant
Individual

(from all asset groups)
Regenerate

Replace and
regenerate all
descendants

(b) Regenerate and Test Experiments

Figure 7.4: Processes of the MOBranchEvo (a), and MOBranchRegen (b)
sets of experiments. Each run processes the most dominated individual
across all groups, and iterations stop when the total assets generated
reaches 200. A run is carried out for each of the 20 generated games from
EXP3.
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Figure 7.5: Box plots showing the percentage change in fitness and diver-
sity (a), and the mean number of unique assets chosen for replacement
(b), for the branch selection experiments. Values are averaged over the 20
runs of each experiment.

that there are instances during which the change in the metric was very low, even with
marginally negative values. This behaviour does not mirror that of the corresponding
leaf node experiments, where the diversity spread occurred in the region above 5% of
positive change, even at minimal increase.

The box plots showing unique replacements cannot be compared directly, due to the
considerable disparity between the number of selection candidates in the two selection
methods. However, it can be noted that the Evo algorithms consistently replaced far
fewer unique assets than the Regen variants. This was an expected result, as analogously
to the leaf node experiments, Evo require strict conditions for actual asset replacements
unlike the Regen method. Furthermore, failure to replace the assets because of subopti-
mal resulting regenerated outputs, would reiterate the asset as the least performing one
in the following iteration, thus reducing the total possible replacement counts altogether.
It is worth noting that the mean number of unique replacements for MOEvo, MORegen,
MOBranchEvo, and MOBranchRegen were 22, 36, 26, and 28 respectively, while the
minimum unique replacements were 13, 30, 3, and 6. The difference in unique replace-
ments between the two methodologies (leaf node and branch) is particularly striking
in the lower bound of the count in MOBranchRegen. It may be envisaged that over-
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Figure 7.6: The % change in fitness and diversity metrics plotted against
iterations for the branch selection experiments. Each value represents the
mean across the 20 experiment runs for that iteration. The shaded areas
denote 95% confidence intervals.

laps between replaced assets across different iterations will reduce the count of unique
replacements. However, the minimum value of 6 is considerably smaller than the 30
minimal count in MORegen, despite the latter having a much smaller selection pool (76
assets, compared to the 162 in MOBranchRegen). Given the larger pool, MOBranchRegen
would normally be expected to have a higher or at least comparable minimum number of
unique replacements. The observed minimum suggests that the selection mechanism in
MOBranchRegen may be converging on a small subset of assets, likely due to regenerated
assets failing to improve the rankings of the computed metrics.

The progression of the % change in the targeted metrics over the iterations are
shown in Figure 7.6, together with their 95% confidence intervals. The most prominent
observation is the highly stochastic nature of the changes in the computed metrics for the
branch experiments (Figure 7.6). In particular an evident sharp increase is observed at
around the 180th iteration. The confidence intervals show that this is a relatively unique
occurrence, within the overall noise progression. In contrast, the progress of all the leaf
node experiments are much more continuous, even monotonic for the Evo variants. This
difference is due to the nature of the branch replacement strategy, wherein multiple
assets may be replaced within the same iteration, leading to drastically different fitnesses
and diversity computations.
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7.6 | Discussion
The preceding section has analysed the experimental results, illustrating that iterative
asset replacement leads to notable enhancements in the quality of the asset set, through
improvements in both fitness and diversity metrics.

A particularly unexpected observation was the relatively modest increase in fitness
when compared to the more pronounced improvement in diversity. This phenomenon
may be attributed to the inherent capabilities of the SDXL image generator, which already
achieves a high degree of alignment between generated images and the corresponding
input text prompts. These prompts serve as the parent elements within the CrawLLM
pipeline and, consequently, constitute the baseline values against which fitness is eval-
uated. A similar explanation may be applied to the Mixtral 8×7B LLM employed for
text generation. This model consistently produces coherent outputs in response to its
prompts, thereby resulting in an already elevated baseline for fitness. Given this strong
inherent alignment of the utilised models, there is an overarching high level of coherence
also due to the fact that some of the assets are parents of multiple children within the
pipeline. For example, the visual style is used in the prompts pertaining to the inputs of
all image generation stages.

It had been anticipated that the Evo experimental conditions would outperform the
Regen variants overall, and this expectation was largely met with the notable exception
of the diversity metric. This divergence is understandable. In Regen experiments, asset
replacement was applied at every iteration, thereby introducing a consistent source of
variation. In contrast, the Evo methodology only permitted replacement when superior
individuals were identified, leading to fewer opportunities for diversity to be introduced.
The only case in which the Evo variant surpassed Regen in diversity was within the
DivEvo experiment, which was explicitly targeting improvements in that metric.

The branch replacement strategy was observed to be particularly disruptive in the
magnitude of change it effected on the metrics of the asset set, as illustrated in Figure 7.6.
These disruptions resulted in significant shifts in both fitness and diversity values at
points where replacements occurred. The extent of these shifts was observed to cor-
relate with the hierarchical position of the selected replacement candidate within the
CrawLLM pipeline. Specifically, higher placements in the hierarchy led to a greater
number of assets being replaced, thus contributing to larger metric fluctuations. Given
the inherently stochastic effects of this selection strategy, the terminal condition used
in the experiments, namely the replacement of 200 assets, may have been insufficient.
It is plausible to hypothesise that extending the number of iterations would attenuate
the observed noisiness in the metrics. Nevertheless, such an extension would entail
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increased computational overhead, particularly given the demands of evaluating metrics
over the enlarged asset group sizes (refer to Tables 7.1 and 7.4), thereby rendering the
approach potentially impractical.

An evident advantage of the branch selection algorithm lies in its potential to modify
core structural elements of the asset set, which remain inaccessible when relying solely
on leaf node selection. This broad scope makes the methodology potentially suitable
for integration within a HITL interface, where human designers may be prompted to
evaluate and approve more substantial changes that impact a wider spectrum of game
content.

However branch selection has demonstrated instances where the count of unique
assets over an experiment run was excessively low, in comparison to the relatively
large selection pool. This failure to replace unique assets is difficult to assess holistically,
without seeking explanations within individual occurrences. However, it could indicate a
flaw within the strategy adopted to select a single, most dominated individual across the
entire asset pool, rather than within a group. (refer to Section 7.5.1). Metric comparison
between assets in different type groups were accomplished by using percentile ranks, to
mitigate the disparity in the mean values within the groups. The strategy may still not
sufficiently compensate for the group differences, or the variety of group sizes could be
interfering with the percentile rankings, i.e. smaller groups would have larger stepped
values in percentile ranking than numerous groups. This would lead to some assets
appearing more frequently than others as the worst global performer, despite small
improvements in their value.

The computational resources required for EXP4 were identical to those delineated
in Section 6.2.4 of Chapter 6 with respect to hardware requirements. In the leaf node
selection experiments, each iteration regenerated an asset from every group, thereby
ensuring that computational time remained relatively consistent across iterations. It
should be noted, however, that the diversity calculations were rendered marginally more
computationally complex due to the fact that most assets possessed a greater number
of peers within their respective groups than parent nodes. Nevertheless, the resulting
differences were observed to be practically negligible. Furthermore, since both fitness
and diversity metrics were being computed at every iteration across all experimental
configurations, the particular metric defining the objective did not have any appreciable
impact upon the overall computational time. The MOO variants of the experiments
incurred an additional, albeit modest, computational overhead attributable to the calcu-
lation of dominance relations. However, given that all fitness and diversity metrics were
already being computed as part of the standard procedure, the dominance computation
did not realistically influence the total computational time in any meaningful way.
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The branch selection experiments, by contrast, exhibited considerably greater vari-
ance with respect to computational time. Although these experiments were designed to
terminate upon reaching the same total number of generated assets as their leaf node
selection counterparts, the type of assets being generated was observed to vary substan-
tially across different experimental runs, depending on which individual was chosen for
regeneration. Owing to the substantial disparity between text and image assets in terms
of generation duration, a randomly variable computational cost was observed across the
overall experimental procedure.

Referring back to the experimental hypotheses, they are found to be largely supported.
Specifically, the FitEvo and FitRegen experiments yielded improvements in the fitness
metric, while DivEvo and DivRegen succeeded in enhancing diversity, thereby satisfying
hypothesis H1. Hypothesis H2 was affirmed through the results of the MOEvo and
MORegen experiments, both of which demonstrated significant improvements in fitness
and diversity, as shown in Table 7.3. Hypothesis H3 was also mostly validated. FitEvo
outperformed FitRegen in terms of fitness, and DivEvo produced greater improvements
in diversity than DivRegen. For the MOO experiments, this hypothesis did not hold in
the case of diversity, as previously discussed.

Although increases in diversity were recorded for both leaf node and branch selec-
tion experiment sets, fitness exhibited no significant change under branch replacement.
Furthermore, these effects may not be reproducible with consistency, owing to the ob-
served randomness of the changes in the evaluated metrics following the concurrent
replacement of multiple assets.

Considering the research questions of the thesis, Experiment EXP4 is relevant to
all four. It answers question RQ1 because it uses the (1 + 1) GA and generate-and-test
mechanisms to steer the outputs of the pipeline towards more coherent and diverse
outputs. Despite not strictly belonging to the QD family, these two methodologies were
implemented here with similar objectives, and hence they also align to the spirit of the
question. The answer to RQ2 lies in the chosen selection strategies. The leaf-node and
branch strategies each restructure the asset set into distinct groups, which in turn dictate
the candidates that may be selected. Although this may not be directly construed as a
partitioning or shaping of the search space, it bears an impact on how the exploration
is effected. Furthermore it has been noted that the different selection strategies have
distinct results in terms of improvement of the target metrics, fitness and diversity.

In terms of EXP4, RQ3 can be answered through the iterative approach itself. In
practice, the experiment has shown how applying an iterative approach to the generative
process, both for the LLM and diffusion models, enables the pipeline to improve the
coherence and diversity of the generated assets. Both the Evo and Regen approach have
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exhibited improvements in both of these metrics, showcasing a practical application of
this iterative technique.

In response to RQ4, EXP4 has employed a different multimodal model, FLAVA, to
determine a meaningful distance between any two or more assets within the asset set.
It has been shown as an effective orthogonal metric to the multimodal models used in
the generative processes themselves (CLIP). FLAVA was the foundation for the defined
framework of metrics and comparison metrics employed in the experiment, namely
the computation of fitness for each asset, the diversity within groups of assets, and the
domination metrics employed to determine the least fit individuals. It has been shown
to be consistent and efficient in this role, establishing the use of such models as a solid
foundation in similar evaluative roles.

One possible direction for further research would be the incorporation of heteroge-
neous evaluation signals, such as surrogate human preference models or task-specific
constraints, which could reduce evaluative circularity which may be present when com-
paring assets to a multimodal latent space. Adaptive selection strategies balancing local
refinement with occasional structural intervention may further stabilise convergence
behaviour of the evolutionary processes proposed herein.

Because EXP4 operates within the same domain and asset pool as EXP3, its empirical
generalisation is narrow. However, the procedural insight offers a broader scope for
generalisation. Iterative evaluation–regeneration loops, guided by approximate metrics
and selective replacement, can incrementally steer multimodal systems toward desired
trade-offs. This principle is applicable beyond games, provided that artefacts can be
grouped meaningfully, and evaluation proxies are available at intermediate stages.

7.7 | Limitations and Shortcomings
The iterative pipeline improves upon earlier approaches by introducing adaptive regen-
eration based on fitness and diversity metrics; however, it remains constrained by the
reliance on automated evaluation. As discussed in previous sections, the same metrics
used to identify weak assets are also used to assess improvement, which introduces a
degree of evaluative circularity. Observed gains should therefore be interpreted as align-
ment with the chosen objectives rather than as definitive improvements in player-facing
quality.

The domination-based selection strategy appears sensitive to group heterogeneity and
size disparities, potentially biasing replacement toward certain asset types. This raises
concerns regarding the robustness of the selection mechanism across heterogeneous
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multimodal asset pools.
One other limitation is the fact that overall coherence is being assessed through

alignment between assets and their parents within the CrawLLM pipeline. There is
an implicit assumption that if all descendants are evaluated as being coherent to their
respective parents, then the player-facing leaf node assets are also coherent to each other.
Although this assumption is convenient for an automated evaluation of the asset set, it is
not explicitly validated, and may not necessarily always be the case.

Human judgement is not incorporated directly into the iterative loop. While the
selected metrics are informed by prior experiments and user-facing validation, they can-
not capture subjective or experiential dimensions such as narrative impact or gameplay
enjoyment. Integrating human feedback at this stage would likely improve grounding
but would also substantially increase complexity and cost.

Although diversity is explicitly targeted, it is treated primarily in aggregate at the
level of asset groups. The pipeline does not model structural relationships between assets
beyond their metric scores, and may therefore increase numerical diversity while still
producing thematically redundant or functionally similar content.

Finally, the computational demands of repeated multimodal generation impose
practical limits on scalability. The cost of large language model inference and image
generation constrains the number of iterations that can be performed, which in turn
limits analysis of long-term convergence behaviour.

These limitations situate EXP4 as an important step towards adaptive multimodal
PCG, while also underlining the need for richer evaluation frameworks and tighter
integration of human judgement, which are discussed further in Chapter 8 and inform
the future work outlined in Section 9.1 of Chapter 9.

7.8 | Summary
This chapter has demonstrated a practical application of applying iterative regeneration
techniques to multimodal pipelines to improve overall coherence and diversity within
the generated assets. This set of experiments concludes the work proposed within this
thesis. The following chapter collates the contributions and discusses their merits and
opportunities for future work in this domain.
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8

Discussion

The primary objective of this thesis was to explore the integration of contemporary
GenAI models into pipelines designed for multimodal content generation, with particular
attention given to their adaptation for enhancing both the coherence and diversity of
the resulting assets. The experimental investigations documented across Chapters 4
to 7 focused exclusively on the generation of images and text. Despite this constraint,
multiple strategies were revealed through which multimodal models can be employed
to generate, retrieve, and evaluate assets in a manner that preserves their coherence
holistically. In addition, the algorithms introduced were shown to foster diversity at
various stages of the generative process.

This chapter is dedicated to revisiting the experimental findings in a concise format,
offering a critical discussion of the strengths and limitations inherent to each methodology.
Moreover, the research questions initially formulated in Section 1.4 of Chapter 1 are
systematically answered, with the aim of contextualising the contributions derived from
the experiments performed.

8.1 | Combining Evolution and Backpropagation
Chapter 4 explored a novel hybrid approach for improving PCG in GenAI systems,
particularly in text-to-image generation using VQGAN-CLIP. The study recognises the
limitations of the generative model, which produces high quality but semantically narrow
and stylistically homogeneous outputs due to the biases of their training corpora. It
thus proposes an alternating structure combining backpropagation-based refinement
with novelty-driven QD exploration. The method revolves around the alternating cycles
where backpropagation optimises fitness using CLIP scores to measure text alignment,
and an EA, more specifically NSLC, injects diversity at a population level. The process is
guided by either chromatic (HSV) or NN activation space (ViT) novelty metrics.

This dual-cycle methodology is empirically tested through experiment EXP1, which
involves generating image populations for five textual prompts and analysing per-
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formance across three metrics: CLIP fitness, HSV diversity, and ViT diversity. These
respectively represent the semantic alignment of the images to the input text prompt,
their colour variance, and their feature variance. The results show that exploration cycles
disrupt semantic fitness temporarily but lead to notable diversity gains, particularly
in the HSV-driven variant. However, ViT-guided exploration fails to sustain diversity
improvement, likely due to the classifier nature of the ViT embedding space, which
collapses perceptually distinct images into similar representations if they share high-
level class features. While the refinement cycle reliably restores semantic fitness after
each exploration phase, it also gradually homogenises the population, especially in later
iterations, indicating diminishing returns on late-stage NSLC interventions.

The experiment validates several hypotheses: that NSLC increases diversity and
preserves semantic alignment, though its effectiveness is contingent on the choice of
diversity metric. HSV-driven diversity correlates more strongly with perceptual novelty
and yields better results overall. These findings underscore the importance of structuring
the latent search space effectively and selecting metrics that align with human perceptions
of variation.

The proposed hybrid algorithm offers several advantages, including enhanced image
diversity without sacrificing semantic fidelity, adaptability to multiple feature domains
via metric choice, and the ability to explore and refine in tandem. The population-
based perspective introduced by EAs provides a global view of the creative outputs,
countering the limited perspective of gradient-based refinement which only focus on a
single artefact at a time. Moreover, the design of the experiment is modular in nature,
facilitating substitution of metrics or models.

The primary disadvantage, on the other hand, arises from the computational overhead
of alternating cycles, especially due to the reliance on nearest-neighbour calculations
and multi-objective optimisation of the NSLC algorithm. Another limitation of the
experiment lies in the genetic operations chosen. The EA relied exclusively on mutation
operations, foregoing crossover or recombination due to the restrictions imposed by the
latent space structure of the VQGAN model used. This may have the effect of limiting
evolutionary expressiveness throughout the extent of the process. Furthermore, the
poor performance of the ViT metric suggests challenges in generalising feature-space
novelty measures, particularly when relying on embeddings derived from NNs trained
for specific tasks, such as classification.

The conceptual framework presented, consisting of cycling between refinement and
exploration, is presumably applicable to multimodal generative systems in a broad scope.
However, the effectiveness of this paradigm depends heavily on the choice of diver-
sity metrics, the nature of the generative model’s latent space, and the training corpus.
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Applying this method to other modalities such as audio or text, or to multimodal applica-
tions requires rethinking the representation and metric structures to retain effectiveness.
Therefore, although generalisable in principle, this method needs careful adaptation for
the constraints of the particular use case it is applied to. The VQGAN-CLIP algorithm
is no longer considered SOTA in text-to-image generation, having been supplanted by
more performant models, particularly diffusion-based ones. Nevertheless, the principle
of alternating cycles may still be relevant to other models operating through iterative
refinement, even if these originate from other unrelated domains, provided the proposed
algorithms are adapted accordingly with appropriate metrics.

8.2 | Multimodal Search Space Illumination
Chapter 5 presented an alternative approach to evolving multimodal creative artefacts
combining GenAI and QD algorithms. Specifically, it describes MEliTA, a novel extension
of MAP-Elites tailored to the evolutionary exploration of a bimodal search space, which
employs a transverse assessment mechanism that enhances modal coherence by pairing
mutated artefacts with complementary elites already in the archive. MEliTA is designed
to generate artefacts that are both semantically coherent and behaviourally diverse,
addressing divergence between the two modalities by evaluating and recombining
components from phenotypically related elites during search. The method was illustrated
through the generation of text and image, in the form of fictional video game descriptions
and associated cover images using GPT-2 for text and SD for images. Variation operators
target both modalities independently, incorporating partial and full mutations to avoid
premature convergence and enhance the search space illumination.

Text artefacts are behaviourally characterised through topic modelling using LDA,
while image artefacts are classified using discretised measures of colourfulness and
edge-based complexity. These metrics define the axes of a 2D feature map, enabling
structured illumination of the multimodal search space. Fitness is assessed using CLIP
score, which quantifies semantic alignment between paired text and images.

Experimental comparisons between MEliTA and baseline MAP-Elites, across multiple
runs and distinct game title seeds, resulted in MEliTA consistently yielding elites with
higher mean and maximum fitness scores faster than MAP-Elites in most cases. This
indicates that the algorithm is efficient in discovering solutions toward higher performing
regions of the search space.

However, diversity in terms of behavioural coverage often accumulates more slowly
under MEliTA. The elite update strategy inserts new solutions only if a new individual
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outperforms all other viable combinations, restricts the rate of exploration. Therefore,
MEliTA demonstrates accelerated convergence to higher fitness solutions, but not accel-
erated exploration across the totality of the search space. MEliTA generates artefacts that
are more visually and semantically diverse, when diversity is assessed using metrics
decoupled from the search structure. The trade-off is reduced coverage in the feature
space and increased computational overhead due to the evaluation of multiple hybrid
offspring per generation.

While MEliTA archives are more sparse due to stricter replacement criteria, it gen-
erates solutions with increased visual and semantic diversity. This is assessed using
metrics decoupled from the search structure. Specifically, MEliTA achieved significantly
higher distances using LPIPS for perceptual visual distance, SSIM for image structure
variation, and SBERT embeddings for semantic textual diversity across different titles
in the archive. These metrics enable an assessment that aligns with human perception
of diversity. Importantly, even with fewer individuals in the archive, MEliTA preserved
or improved perceptual and semantic spread, indicating that transverse assessment can
inject diversity indirectly, even when archive coverage is reduced.

Despite its constraints, MEliTA demonstrates potential for generalisation. Its feature
map may be expanded to accommodate more complex or higher-dimensional multimodal
applications, such as those involving text, image, and audio modalities. In fact, MEliTA’s
architecture can theoretically support any number of modalities and behavioural axes.
However, it is worth noting that despite its extensibility, increasing the feature map’s
dimensionality will also increase the number of elite comparisons required at each
iteration, thereby limiting its effective scalability.

The advantages of MEliTA include improved fitness between modalities, and greater
observed visual and semantic diversities. Its design allows it to address multimodal
coherence more effectively than the basic MAP-Elites algorithm. The relatively small
models adopted by the use case in EXP2, make the process faster, but may be easily
replaced with more performant models with minimal architectural changes to the process.
Since the algorithm operates at the phenotypical level, all components of the pipeline,
such as the mutation genetic operators, the fitness and diversity metrics, and the BCs
across modalities may be interchanged freely.

The limitations observed from the experiment include the reduced feature map cover-
age and increasingly higher computational cost due to transverse fitness evaluations with
increasing modal dimensions. Within the implemented use case, potentially simplistic
BCs were selected. More practical applications may require a different reorganisation
of the search space through a different set of BCs. The chosen text mutation strategy,
especially partial mutations, may yield overlapping or repetitive outputs. This could be
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mitigated through the use of bidirectional generative models, such as BERT to regenerate
a randomly selected segment of the text. Lastly, the use case relied on an older generative
model, GPT-2 for text generation, which is limiting in terms of overall narrative coher-
ence compared to more recent models. Since this experiment was designed and carried
out, several more capable language models have emerged, some even designed to be
lightweight LLMs [119] intended to operate on mobile devices. The substitution of such
models into the algorithm would enhance text quality and coherence. Other models,
such as the Mixtral 8×7B used in EXP3 and EXP4, would also improve the text quality at
the expense of computation time.

8.3 | A Zero-Shot Multimodal Pipeline
Chapter 6 presented CrawLLM, an automated, zero-shot generative AI pipeline that
orchestrates the creation of textual and visual assets for video games. It uses pre-trained
LLMs and diffusion-based SDXL image generation models to re-theme a complete dun-
geon crawler game with card-based combat, from high-level textual prompts describing
a desired narrative setting and visual style. All models used in the pipeline are open-
source, pre-trained, and executed locally, promoting reproducibility, accessibility, and
independence from proprietary platforms.

The pipeline first generates thematic descriptors, setting, environment, epoch, and
visual style, that may be either manually provided or generated by the LLM. These
descriptors are cascaded into the hierarchical generation of narrative elements such as
the game’s title, PC, locations, enemies, and cards, all constrained to a JSON format
for further automation. The visual assets, intended for direct use in the game engine,
include tilesets, spritesheet animations, combat backgrounds, card illustrations, and
card frames. Image generation is conditioned by ControlNet models, with additional
tools like IP-Adapter to ensure consistency in content and format. Game visuals with
specialised functionality, such as location tilesets and character animation spritesheets
are generated in staged processes to maintain coherence and structure. For example, the
tileset generation is carried out through a three-stage inpainting method that ensures
distinction between floor, wall, and door tiles.

The significant strengths of the pipeline may be identified as its zero-shot design
and its completely autonomous structure. No model is fine-tuned for the specific task,
yet the entire output is functional and coherent enough to be deployed directly within
the Unity game engine with no human intervention required. To evaluate the quality
of generated content and the coherence to the seed setting, a user study was conducted
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using screenshots and textual descriptions from the generated games. 34 participants
were tasked with identifying thematic elements and rating appeal.

The results of the user study show partial but meaningful support for the hypotheses
posed at the beginning of the experiment. Participants were able to identify the thematic
details of the generated assets significantly above chance, particularly with respect to
the setting and environment attributes. Across the 15 stimuli presented (5 screenshots
from the dungeon crawling environment, 5 from the card-based combat, and 5 narrative
descriptions), 30 out of 45 multiple-choice questions yielded accuracies significantly
above the 25% chance baseline, indicating that the thematic coherence of the assets
is generally perceivable within the game. Recognition of the setting was the most
successful, with average accuracy at 64%, indicating that participants could often discern
the intended theme. Environment identification also showed strong performance in
dungeon-crawling scenarios, with a 56% accuracy. However, epoch and visual style were
much less reliably identified, with accuracy averages of 43% and 45% respectively, and
some individual stimuli failing to significantly surpass chance levels. This indicates a
clear limitation in the experiment. The cause may be twofold; the issue may stem from
the pipeline’s inability to generate clear temporal and stylistic intent visually, but it may
also result from the way in which those thematic elements were defined. Since for the
experiment the seed thematic elements were generated by the LLM itself, this possibility
in turn may be due either to the LLM’s failure to generate meaningful descriptions of
the intended epoch and visual style, or the source of the problem may lie within the
definition of the input prompt from which the descriptions are generated. This is an
interesting point of exploration for future work.

The entropy scores measure the consistency of participant responses, and were used
to better interpret these findings. High entropy in many of the lower-accuracy questions
reveals significant participant disagreement, particularly in style and epoch classifica-
tions, confirming the ambiguity between the stimuli and these thematic descriptors.
Some visual styles, like "Egyptian relief," were correctly identified with 100% accuracy,
indicating that specific descriptors, with high semantic relevance can guide successful
image generation and recognition. Others, such as "semi-abstract" or "minimalist," were
far less effective, likely due to their vagueness or the generative model’s difficulty in
visualising them consistently.

The metrics robustly indicated that participants found the assets visually and nar-
ratively appealing. 10 out of 15 stimuli received ratings significantly above the neutral
baseline of 3 on a five-point Likert scale, especially in the case of card combat visuals and
narrative descriptions, which persistently scored higher than dungeon-crawling images.
The most appealing visuals were those featuring strong thematic cohesion and high
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visual clarity, such as those with flat floor tiles, vivid colour contrast, or well-composed
card art. Conversely, dungeon scenes which incorporated convoluted textures, or offered
low contrast between elements which are functionally distinct, obtained low ratings,
indicating a sensitivity to visual noise and asset integration quality.

Overall, the CrawLLM pipeline offers several notable advantages. Foremost among
them is its full automation and general applicability across diverse themes without
requiring model fine-tuning. This enables rapid re-theming of entire games using only
high-level semantic prompts. Another key strength lies in its use of open-source mod-
els executed locally, which not only promotes reproducibility and control over model
behaviour but also reduces dependency on third party or commercial infrastructure.
Furthermore, the modular architecture of the system, including hand-crafted prompt
templates and structured output formatting, makes it potentially extensible, or adaptable
to other game genres with reasonable effort.

However, the system also presents some limitations. One significant drawback is the
inconsistent control over fine-grained visual attributes, particularly visual style, which
often fails to manifest clearly in the generated assets despite being explicitly included in
the prompts. This may be due to the placement of style descriptors within the prompts
or inherent limitations of the generative models in interpreting abstract stylistic cues.

There is also semantic ambiguity in theme descriptors for the epoch, which may lead
to poor alignment of the generated assets to the thematic intent. Another issue lies in
the visual coherence of certain asset categories, particularly the dungeon tilesets, where
randomly sampled tiles occasionally produce stylistic dissonance or excessive visual
noise. The reliance on random sampling from generated tile variants further compounds
this problem, occasionally undermining the aesthetic consistency within a single game
environment. Another limitation in the visuals arises from the fact that pre-trained
diffusion models are unable to generate images with incorporated transparency. Assets
such as the character spritesheet thus require an additional background removal process
which may also be imprecise and detrimental to the resulting image. Moreover, while
the pipeline automates complex content generation, it requires significant expertise in
prompt engineering and content structuring to adapt it effectively to other domains,
which may limit its implementation by less technical users. These challenges suggest a
possible need for improvements in prompt design and visual conditioning techniques.
Although the pipeline performs well in generating content that is cohesive to the high-
level thematic settings and is generally appreciated by players, its ability to convey more
nuanced meaning may require improvement.
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8.4 | An Iterative Generation Pipeline
The CrawLLM generative pipeline is improved in Chapter 7 by the addition of iterative
refinement methods. This alteration recognises the shortcoming of the original pipeline
in its absence of automated output evaluation. This systemic lack of awareness could
produce visually or thematically redundant assets, or those which may exhibit poor
semantic alignment to the theme elements. Two simple iteration strategies are thus intro-
duced to enhance both the internal coherence (fitness) and diversity within asset group
types, namely the regenerate-and-test method and a (1+1) evolutionary algorithm. These
are designed to selectively regenerate underperforming assets within the DAG structure
of the generative system, primarily focusing on leaf nodes to avoid computationally
demanding cascaded regenerations.

EXP4 tests six variations of these strategies targeting either fitness or diversity as a
SOO problem, or both in a MOO configuration. The results show statistically significant
improvements in the targeted metric in all four SOO variants. FitEvo and FitRegen
achieved fitness improvements of around 4% and 3% respectively, while DivEvo and
DivRegen boosted diversity by around 19% and 18% respectively. These results are cor-
roborated by the Wilcoxon signed-rank tests adjusted for false discovery rate, confirming
the effectiveness of both algorithms in optimising their respective objectives. Targeting
both fitness and diversity using MOO led to improvement in both metrics. MOEvo
improves fitness by around 2% and diversity by 9%, while MORegen achieves just above
1% fitness gain and almost 12% rise in diversity. The overall improvements in fitness
may be attributed to the already high alignment of outputs from the advanced models
utilised, namely SDXL and Mixtral 8×7B. In comparison, diversity exhibits much greater
improvement, particularly in Regen experiments due to their unrestricted replacement
policy. Evo consistently outperforms Regen in the fitness experiments, FitEvo and FitRe-
gen, and shows greater diversity increase in DivEvo compared to DivRegen. However,
as already stated, MORegen outperforms MOEvo in diversity improvement, albeit with
a slightly lower gain in fitness.

A follow-up study explored the branch selection methodology, expanding candidate
assets to include internal nodes whose regeneration triggers cascading replacement
through the pipeline. This strategy potentially increases novelty within the asset set and
enables alteration of core structural elements, such as descriptive text which is otherwise
immutable with leaf node selection. The methodology is applied to MOO using both
Evo and Regen algorithms. The experiments show no overall change in fitness, but
an increase of almost 3% and 6% in MOBranchEvo and MOBranchRegen respectively.
Despite being more computationally demanding, it introduces considerable stochasticity
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within the progressive values of the metrics over the iterations, and results in lower
average improvements. This may be occurring due to the percentile-based normalisation
used to compare asset groups to identify globally poor performers. This may not fully
mitigate group size and mean metric disparities between asset type groups, possibly
skewing the replacement candidate selection.

The advantages of the proposed iterative algorithms lie in their capacity to system-
atically enhance the asset set using metrics based on multimodal embeddings for both
evaluation and optimisation. Evo strategies enforce quality control by allowing replace-
ment only when improvements are verified, making them ideal for controlled refinement,
while Regen offers more exploratory variation suitable for increasing creative breadth.
The use of FLAVA as an orthogonal evaluator to CLIP increases the evaluative robustness,
and promotes model modularity.

There is, however, evidence of disadvantages of the system. The improvement in
fitness is constrained by the high baseline quality of SOTA models, counteracting the ob-
servable benefit of optimisation. The Regen strategy may replace assets indiscriminately,
risking regression in quality. Branch selection strategies, though theoretically powerful,
suffer from low efficiency, poor generalisability across asset types, and significant ran-
domness due to cascading effects. Additionally, the selection of a single asset within
the multiple asset groups is challenging, and the chosen strategy may introduce bias or
instability.

An interesting topic of discussion which emerges from this experiment involves the
delicate balance between coherence and novelty in content generation. The experiments
demonstrate that optimising one metric often impairs the other, suggesting an inherent
tension between producing internally consistent content and introducing diverse and
novel content. This balance is especially prominent in games, or applications in general,
which are strongly rooted in narrative. Excessive diversity may disrupt the coherence of
the narrative, while strict cohesion to the theme may feel repetitive or uninspiring.

In terms of generalisability, the proposed techniques are flexible and are not depen-
dent on specific models. Their effectiveness, however, depends heavily on the structure
of the generative pipeline and the complexity of asset interdependencies. The method-
ologies are suitable for pipelines with clearly defined hierarchical structures and asset
type groupings, but may require modifications for more complex pipelines or more
modalities.

The question of scalability is also prominent. The iterative methods used are concep-
tually simple, however their practical implementation across large asset sets and complex
generative DAGs requires non-negligible computational costs. The branch selection
strategy, although theoretically promising for novelty search, becomes impractical due to

153



Chapter 8. Discussion 8.5. Addressing the Research Questions

the explosion of downstream dependencies. As the pipelines scale to larger and more
complex structures, different evaluation strategies may be required, such as surrogate
models for evaluating fitness and diversities across asset groups.

8.5 | Addressing the Research Questions
The aim of the experiments above has been to provide empirical evidence in support
of the four research questions outlined in Section 1.4 of Chapter 1. Each investigation
contributes towards an understanding of how GenAI and QD algorithms can be orches-
trated to enhance multimodal PCG. Although each chapter has discussed its contribution
towards answering these question, it is convenient to revisit the questions and seek their
resolution of each, holistically across all experiments.

RQ1 How do evolutionary QD algorithms enhance the semantic alignment and diversity
of outputs generated by foundation models in multimodal PCG?

Experiments EXP1, EXP2, and EXP4 each demonstrated in different ways how QD
algorithms may improve the semantic alignment and the diversity of outputs across
multiple GenAI models. NSLC improved these metrics for VQGAN-CLIP generation in
EXP1, for text-guided image generation. It demonstrated that the qualities of interest
within the image must be targeted by specific metrics to improve them. MEliTA did
the same for GPT-2 and SD in EXP2 for bimodal text and image generation. Both the
alignment between the modalities of each output pair, as well as the perceived overall
diversity of the final elites within the archive were improved. In EXP4, the (1 + 1) GA and
generate-and-test algorithm improved the fitness and diversity in the CrawLLM pipeline
which uses Mixtral 8×7B and SDXL for multimodal asset sets. It is acknowledged that
these methodologies are not part of the QD family, nonetheless they are implemented
here with similar objectives, especially in the MOO variant. This thesis therefore offers a
selection of methodologies which may be utilised over a range of scenarios, proving that
hybrid approaches to PCG are advantageous when targeting the improvement of fitness
and diversity in GenAI models.

RQ2 How does an explicit structuring of multimodal search spaces, or the metrics used
to traverse them influence the effectiveness of exploration strategies in generating
coherent and diverse outputs?

EXP1 demonstrates such a subdivision of the search space through the distinct metrics
guiding the search, namely the HSV and ViT diversity measures. The experiment high-
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lighted how the metrics guiding the search offer their distinctive exploratory advantages,
leading to solutions whose diversity is aligned to specific properties. EXP2 further exem-
plifies this concept, and shapes the search space through the BCs chosen to delineate the
feature map. Once again, this ad hoc structure serves to direct the exploration towards
solutions which feature the desired characteristics. EXP4 does not directly segment the
search space, but the different selection strategies, leaf node and branch-based, create
distinct groupings of the assets within the solution set. The chosen diversity metrics, as
well as the domination count, were defined through this segmentation, which in turn
directs the search process. Collectively, these respond to RQ2 by showing that the struc-
turing of the domain, or that of the metrics used to explore it, is effective in steering an
increase in fitness and diversity, promoting within the assets the distinct characteristics
selected though the segmentation.

RQ3 To what extent can LLMs direct multimodal generative pipelines to improve coher-
ence, diversity, and overall quality in functional problems such as games?

The CrawLLM pipeline described in EXP3 and its iterative version presented in EXP4
answer this question directly through their results. The basic pipeline, without refinement
already shows that the LLM is an effective orchestrator, directing the pipeline towards
generating asset sets which humans perceived as being appealing and coherent to the
overall thematic setting. The iterative refinement added in EXP4 further improves the
coherence and diversity of the asset set, whilst retaining the functionality of the assets
within the game engine. The fact that this iterative approach only achieved minor
increases in fitness is itself attributable to the already coherent and well-aligned content
generated under direction of the LLM, underlining its effectiveness in this role.

RQ4 Which metrics and assessment frameworks are most effective for evaluating and op-
timising coherence, diversity, and quality in the outputs of multimodal generative
systems?

Throughout the ensemble of experiments in this thesis, several metrics have been iden-
tified to fulfil this evaluative role productively. These may be grouped into 2 distinct
categories. The first comprises those metrics which are computed through empirical, log-
ical, or statistical formulae, such as HSV diversity, colourfulness BC, and SSIM similarity
for images, and LDA for text. The second category includes all those which employ a
NN-based model to compute the desired property. These may be further subdivided
into those models which are multimodal in nature, and those which operate on a single
modality. The former is the one which was most commonly used across all experiments,
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and includes multimodal models such as CLIP and FLAVA. These are crucial for the
work described in this thesis, as they form the core of all fitness calculations through their
ability to generate comparable embeddings for both text and images. The diversities in
EXP4 was also measured using FLAVA, demonstrating the flexibility and utility of these
models. The second subcategory comprises metrics based on unimodal NNs, such as ViT
diversity, complexity characteristic (based on HED), and LPIPS similarity for images, and
SBERT similarity for text. These altogether form a body of metrics for characterisation,
optimisation, comparison, or final evaluation for images and text, which may be used
within generative systems or pipelines as showcased throughout these experiments.

The documented findings collectively encompass a range of algorithms for enhancing
the outputs of systems comprising GenAI models, incorporating hybrid algorithmic
approaches that enhance the coherence and diversity of generated assets. Such pro-
cesses advance the field and contribute towards controllable multimodal generators,
opening new avenues for exploration in the domain of GenAI. The experiments offer
novel multimodal optimisation strategies, leading to more autonomous content creation
systems. In addition to their theoretical contributions, the proposed algorithms offer
practical and relevant functions within the domains of PCG and game development.
Their application is intended to facilitate rapid prototyping processes and to support
co-creative development, increasing efficiency in content design.

8.6 | Observations
A prominent observation from these studies concerns the interpretability and reliability
of similarity metrics, specifically those based on embeddings. While models such as
FLAVA or CLIP offer a robust multimodal embedding space, the resulting scores are
inherently abstract and lack direct semantic meaning. This raises concerns about the
alignment between computational similarity and human perception of coherence or
diversity. For example, two images may appear visually distinct to a human designer,
but may yield a low diversity score due to shared conceptual features in the embedding
space. This misalignment underscores the need for complementary human evaluation
or more interpretable metrics that may bridge the gap between latent similarity that
perceived by humans.

Another observation concerns the rapid advance of technology within this domain.
Throughout the duration of this thesis, the landscape of GenAI has shifted and changed
drastically. This accelerated development has not slowed down, and the flow of new
models and methodologies continues undeterred. Although this rapid development
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is both interesting and valuable, it also results in rapid obsolescence of models and
algorithms. The work presented in this thesis has emphasised the modularity of the
models used. This is particularly useful as newer and more powerful models can easily
be replaced in to the proposed systems, thereby taking advantage of the progressing
SOTA, and offering longevity to the work.

8.7 | Summary
This chapter has summarised the findings from the experiments carried out in this thesis,
showing the advantages and disadvantages of the presented systems. The research
questions have been holistically answered through the results obtained. The next chapter
concludes this manuscript with a final synopsis and thoughts about future work.

157



9

Conclusion

This thesis has explored various methodologies which advance the utility of GenAI
algorithms, developing strategies that serve to better align output modalities in terms
of coherence, and stimulate the increase of novelty within the process. While a detailed
synthesis has been provided in Chapter 8, this concluding chapter offers a broader
reflection on the contributions and overarching themes of the work.

It has been shown that hybrid generative frameworks that combine exploratory QD
methods with gradient-based refinement can effectively improve semantic alignment
and perceptual novelty. Such an amalgamation enables pre-trained models to be guided
beyond their inherent likelihood distributions, thereby promoting the emergence of
outputs that are both diverse and consistent with conditioning prompts.

Structured approaches to behavioural characterisation have been demonstrated to
enhance the illumination of generative search spaces. Improvements in both search
efficiency and diversity have been achieved by considering the relationships between
modalities throughout induced variations.

Large pre-trained models have been repurposed from static generators to adaptable
components within the broader scope of orchestration pipelines. Through zero-shot
prompting, iterative refinement, and algorithmic feedback, these have been shown to
exhibit a high degree of flexibility without requiring bespoke models, additional training,
or domain-specific adjustments.

Throughout the various experiments multiple metrics have been adopted for different
tasks including search space characterisation, search direction, and assessment. Whether
targeting a single modality or more, the studies show that a single metric cannot capture
the full breadth of properties pertaining to a problem, and a manifold approach is more
effective for a holistic assessment.

Collectively these contributions underline the importance of appropriate search
methodologies and metrics in the design of generative systems. They suggest a path to-
ward more controllable, efficient, and meaningful applications of GenAI across multiple
domains.
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9.1 | Future Work
Several limitations were encountered throughout the experiments conducted, each of
which presents opportunities for further investigation. A number of potential extensions
have been identified, offering promising directions in which the work presented in this
thesis may be expanded. A selection of those deemed most consequential by the author
is presented hereunder.

A valuable continuation of the experiment outlined in EXP1 would involve the inte-
gration of exploratory cycles within contemporary GenAI frameworks. Diffusion-based
generative models, such as SD and SDXL, are characterised by an iterative refinement
process [175]. In these systems, the initial seed selection often bears a considerable impact
on the output image composition, thereby resulting in a high baseline diversity. Fur-
thermore, diffusion models are known to exhibit strong alignment with the guiding text
prompt, which implies that any improvement in fitness from any addition to the baseline
process may be marginal, as was observed in EXP4. Nonetheless, with the incorporation
of appropriate fitness metrics within exploratory cycles, it would be feasible to introduce
exploratory cycles with the aim to produce outputs with specific desired attributes such
as chromatic divergence or increased structural complexity, without altering the original
text prompt.

Regarding EXP2, its scope may be broadened to encompass multiple modalities,
employ more advanced generative models, integrate different behavioural characteri-
sations, and incorporate alternative mutation operators, thereby confirming its validity
and generalisability.

The CrawLLM pipeline from EXP3 may be improved in several ways. One evident
improvement is the addition of other modalities, for example audio components. Text-to-
audio models, such as the Audio Latent Diffusion Model [130], could be incorporated
to generate sound effects and music within the pipeline, under the direction of the
orchestrating LLM.

A staged interactive user interface for the CrawLLM generative pipeline can readily
be envisioned, wherein designers are afforded the ability to modify the text produced by
the pipeline, triggering downstream regeneration, or requesting image regeneration or
refinement throughout the process, perhaps in a similar fashion to EXP4.

Furthermore, the current generation of animation spritesheets is restricted to bipedal
creatures due to the limitations imposed by the OpenPose ControlNet applied. This
process could be revised to utilise pre-trained image and text to video generative models
[64]. This would contribute to the simplification of the multi-stage procedure, and enable
the inclusion of a broader range of creature types. Another shortcoming of the existing
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pipeline lies in the reliance on background removal tools for producing transparent
images, where these are required for sprites. This frequently resulted in imprecise
cropping of salient features of the image. A more robust solution has recently been
introduced, wherein a model trained on transparent images is applied directly to the
latent space of diffusion models, altering their output to generate images incorporating a
transparency layer [237]. The integration of this model into the pipeline is expected to
improve the quality of transparent sprites.

Additional mechanics to the CrawLLM gameplay could be introduced by incorpo-
rating further interactive elements, such as collectible items or environmental hazards.
However, a pivotal research direction involves transitioning the pipeline from the current
CrawLLM game to an entirely different game genre. This adaptation would serve as a
critical test of the generalisability of the orchestration capabilities demonstrated by the
LLM.

Building upon EXP4, a redesign of the fitness evaluation strategy could be imple-
mented, in order to determine whether alternative formulations influence the extent
of improvement throughout the algorithm. Other refinements to the branch selection
methodology may also be considered, such as the investigation of alternative selection
mechanisms for the least fit individuals, as well as the exploration of novel criteria gov-
erning branch replacements. Such changes may result in more stability over iterations
for the target metrics.

Beyond the scope of the experiments described, this line of research may promote
a wide array of future advancements. Within the domain of game orchestration, the
CrawLLM system may be generalised and further extended to encompass diverse facets
of game development, including level and rules generation. It may be extended to
generate its own templates for the graphic design and layouts. Integration with a
formal description language such as the Video Game Description Language (VGDL)
proposed by Schaul [182], could enable the orchestration of fully-fledged games through
a unified representational framework. Each facet within the orchestration process may
be characterised and explored through illumination of a feature map analogous to that
employed in MEliTA, thus enabling the generation of a diverse spectrum of game variants
across distinct behavioural axes.

9.2 | Long-Term Impact
The CrawLLM and MEliTA systems suggest the potential for generative ecosystems,
where multiple GenAI models evolve together, each within its domain (e.g., audio,
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narrative, level design), yet coordinated under high-level orchestration. Future work
could explore agentic systems [161] in an evolutionary approach, where AI agents
compete and cooperate across shared fitness landscapes, generating novel design spaces
that human designers may later interpret, or draw inspiration from. Such systems could
generate novel genres or hybrid modalities, such as dynamic rulesets co-evolved with
audiovisual themes.

Beyond immediate extensions of the present work, the systems and methodologies
proposed in this thesis suggest a foundation for the emergence of autonomously creative
agents which generate content within predetermined constraints and also actively engage
in self-directed exploration of a characterised search space. Future research could investi-
gate system creativity, where GenAI systems develop internal representations of novelty,
value, and style preferences, adapting their behaviour over time through interactions
with users or other agents. This could transform generative pipelines into self-evolving
creative collaborators, reaching beyond the domain of games into interactive storytelling,
virtual world-building, or educational applications.

With further advancements in GenAI technologies, HITL systems can progress from
simple prompt-response systems to dialogic, multimodal co-creation frameworks, in
which the system actively proposes, critiques, and refines content as a collaborator
of human designers. The multimodal structuring and behavioural characterisation
strategies developed in this thesis offer a roadmap for such systems to understand
and navigate semantic spaces coherently, even across disparate modalities like visuals,
narrative, gameplay, and audio. Future research could build on these principles to
develop cognitive interfaces that blend human intent and machine assistance.

Beyond metrics of fitness and diversity, future systems could consider intentionality,
interpretability, and possibly alignment with cultural and ethical norms. Research
inspired by this thesis might explore goal-aware generation, where systems evaluate
their performance and also their objectives. This would enable them to adapt their
strategies based on inferred user goals, aesthetic values, or ethical constraints.

Finally, the structured generative search strategies developed in this thesis could be
adapted for domains beyond creative media, such as hypothesis generation in scientific
research, or generative design in engineering. The principles of multimodal illumination,
fitness-diversity balancing, and iterative refinement could be used to explore unbounded
design spaces in fields like pharmaceutical discovery or materials science, where solutions
are concurrently evaluated across semantic and functional behavioural axes.
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