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Abstract

Adaptive rule evolution is a fundamental challenge in artificial life and multi-agent
systems research, as traditional game environments rely on static, human-designed
rules that cannot adapt to emergent behaviours. This dissertation addresses this
limitation by exploring automated, dynamic rule creation mechanisms in multi-
agent digital environments. It first introduces a structured Strategy-Evaluation-Rule
(SER) framework for rule generation that formalises the interplay between agent
strategies, evaluative feedback, and rule adaptation. Unlike prior approaches to
game rule design, SER does not rely on any prepared datasets or domain knowledge;
instead, it generates rules on the fly and refines them through iterative self-play
evaluation. The SER framework is implemented in two games, Maze Run and
Trust Evolution, demonstrating its effectiveness in driving emergent, complex agent
behaviours across disparate domains.

Building on this foundation, the thesis presents the Triadic Reciprocal Dynamics
(TRD) system, which establishes a novel closed-loop paradigm linking rule creation,
strategy evolution, and performance evaluation. TRD is instantiated as a multi-
agent game environment where Al, NPCs, and human players participate together.
It employs a neural rule designer and an automated evaluator to continuously gen-
erate new game rules and assess their impact on evolving strategies in real time.

Furthermore, principles from Flow Theory are incorporated into the SER frame-
work to enable flow-driven rule design, ensuring that gameplay remains engaging.
This extension features dynamic difficulty adjustment (DDA), which dynamically
tunes challenge levels in real-time, and a dual-reward scheme that balances extrinsic
rewards (e.g., points or achievements) with intrinsic signals of player engagement.
A real-time flow visualisation interface is also introduced to monitor players’ flow
states and guide on-the-fly adjustments to maintain an optimal flow experience. To-
gether, these contributions advance the state of the art in automated game design
and adaptive multi-agent systems by enabling rules that evolve autonomously, ex-
emplifying a novel paradigm of dynamic rule evolution and laying the groundwork
for future research in lifelike, self-evolving multi-agent environments.
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CHAPTER 1

Introduction

Rules, broadly defined as prescriptive statements that define acceptable behaviour
within any system, be it legal, computational, physical, mechanical, or game-based,
serve as foundational elements that structure interactions and drive the evolution of
intelligent, adaptive systems [[L]. In legal and policy domains, rules formalise roles,
responsibilities, and accountability through statutes and regulatory mandates, while
in computational settings, particularly within machine learning and reinforcement
learning (RL), they offer explicability and immediate adaptability by encoding op-
erational constraints [2]. For example, rule-based decision-making policies in self-
driving vehicles ensure compliance with traffic laws without necessitating complete
retraining [2]. In contrast, RL focuses on learning optimal behaviours from trial-and-
error interactions, where rules may function as initial guides or constraints shaping
the learning process [3,4]. This duality is further illustrated in game environments,
where clear rules facilitate balanced gameplay by defining allowable moves, rewards,
and penalties [5]. Moreover, modern research has increasingly integrated rule-based
systems into dynamic, multi-agent frameworks, employing hybrid approaches that
combine explicit rules with learning algorithms to enhance interpretability and main-

tain strategic coherence [3,4,6]. Consequently, the concept of rule-based mechanisms



not only underpins diverse systems but also provides the structure and flexibility
necessary for the development of adaptive, intelligent systems across multiple disci-
plines.

Al-based content generation refers to the use of artificial intelligence to produce
digital content autonomously—ranging from text and images to audio and video—
that traditionally required human creativity and expertise. This domain is rooted
in generative modeling, which encompasses a wide array of algorithms and architec-
tures developed over the years, including Gaussian Mixture Models (GMM), Hid-
den Markov Models (HMM), Restricted Boltzmann Machines (RBM), Variational
Autoencoders (VAE), Generative Adversarial Networks (GAN), Transformer-based
models, and Diffusion Models [7]. Early statistical models like GMM and HMM
provided foundational probabilistic frameworks for content generation, while recent
deep learning architectures such as GANs and Transformers have dramatically en-
hanced the fidelity and contextual relevance of the generated outputs [[7,8]. The
evolution of these generative Al models has not only expanded the technical reper-
toire of content creation but also significantly influenced various application domains
—from creating immersive digital worlds and interactive metaverse elements [9] to
innovating advertising strategies in marketing [10] and enhancing diagnostic imagery
in medicine [11]. Moreover, by automating substantial portions of the creative pro-
cess, Al-based content generation democratises content production, empowering in-
dividuals and enterprises to overcome traditional barriers associated with specialised
skills and resources, thereby accelerating innovation in interactive media, education,
and scientific communication [9,[10]. All these Al-based generative models offer a
novel perspective on rule creation and optimisation.

Strategy exploration refers to the autonomous discovery, evaluation, and refine-
ment of decision-making policies within complex environments. Grounded in rein-
forcement learning (RL), where agents interact with an environment modelled as a
Markov Decision Process (MDP) to iteratively maximize cumulative rewards [12,[13],
this research domain leverages a formal framework that defines states, actions, and
rewards to systematically explore and exploit strategic spaces. Early RL approaches,

such as Q-learning for discrete action spaces and policy gradient methods for con-



tinuous optimisation, laid the foundation for later innovations, including actor-critic
models that synergise value estimation with policy improvement [12,[14,15]. The ad-
vent of deep reinforcement learning further expanded this landscape with algorithms
like Deep Q-Networks (DQN), Proximal Policy Optimisation (PPO), Asynchronous
Advantage Actor-Critic (A3C), Deep Deterministic Policy Gradient (DDPG), Twin
Delayed DDPG (TD3), and Soft Actor-Critic (SAC), enabling high-quality strategy
derivation in high-dimensional, dynamic environments [16]. More sophisticated ap-
proaches, including Meta-Reinforcement Learning, Inverse Reinforcement Learning,
and Multi-Agent Reinforcement Learning (MARL), have further enriched the field
by addressing rapid task adaptation, inferring reward structures, and modeling coop-
erative as well as competitive interactions [17]. Applications across robotics, gaming,
and autonomous driving underscore the transformative potential of these method-
ologies in automating and enhancing decision-making processes, thereby fostering
the development of adaptive, intelligent systems capable of navigating complex real-
world scenarios [12-14]. By leveraging reinforcement learning or any computer-based
models to explore strategies within an environment, a rational and effective foun-
dation for rule evaluation can be established.

Evaluation paradigms represent systematic frameworks and methodologies for
assessing the performance, robustness, generalizability, and interpretability across
diverse learning approaches, including supervised, unsupervised, semi-supervised,
meta learning, reinforcement learning, deep learning, self-supervised learning, sym-
bolic AI, hybrid approaches, and zero shot learning [[18]. These paradigms extend
beyond traditional outcome-based assessments by incorporating both task-specific
and ability-oriented metrics—ranging from accuracy, precision, recall, and F1 scores
in supervised settings to clustering quality, anomaly detection rates, and dynamic
reward structures within a Markov Decision Process (MDP) framework in rein-
forcement learning [13]. The evolution of these evaluation frameworks reflects the
increasing complexity of Al tasks and interdisciplinary applications, as seen in hy-
brid models that integrate symbolic reasoning with deep learning to balance trans-
parency and empirical performance [19] and in standardised benchmarks for domains

such as protein function prediction [20]. Collectively, multi-dimensional evaluation
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Figure 1.1: SER rule generation process flowchart, illustrating the iterative loop
from rule requirement analysis through rule generation, parallel evaluation via
environment and evaluator tests, consistency decision, and feedback-driven de-
signer/evaluator retraining to refine rule vectors.

paradigms play a pivotal role in validating Al systems, facilitating methodologi-
cal comparisons, and driving continuous improvements in algorithm design, thereby
ensuring robust, transparent, and adaptable implementations across various real
world applications, and are essential for the creation and optimisation of rule-based
frameworks.

In this thesis, we proposed the Strategy-Evaluation-Rule (SER) framework to
close the loop between gameplay and rule adaptation. Al agents, NPCs, or human
players interact with the game environment under a given rule set R, exploring
strategies S that quantify their skill and behaviour. Then, the Rule Designer mod-
ule generates new rule vectors R based on desired outcomes Eiuger. After that,
the Evaluator estimates actual game results £ = f(R,S) via configurable metrics—
either crafted by human experts or learned by Al—which assess each rule’ s capac-
ity to balance challenge, skill, and engagement. By iterating these three modules—
strategy informing evaluation, evaluation guiding rule design, and rules reshaping
strategy—the SER framework continuously tunes game parameters in real time to
maintain optimal flow dynamics and maximise player engagement. Fig. @ demon-
strate the progress of the rule generation from the rules requirements to the updated

rules.



1.1 Motivation

Traditional rule-generation methods—ranging from symbolic induction algorithms
such as CN2 [21] to recent neural programme synthesis approaches [22], have demon-
strated the feasibility of deriving static rule sets from data or trained models. How-
ever, the CN2 algorithm induces a fixed set of classification rules from labelled data
without provisions for updating these rules as new samples arrive, while neural pro-
gramme synthesis approaches generate compositional rules or programs entirely in
an offline phase, rather than allowing them to evolve through ongoing interaction.
These approaches suffer from two critical bottlenecks: (1) they treat rules as fixed,
human-defined and lack mechanisms for agents to adapt or evolve rules in response
to changing environments; and (2) they decouple rule creation from strategic ex-
ploration and outcome evaluation, relying instead on off-line or one-shot training
procedures. Meta reinforcement learning methods [23-25] address adaptation by
quickly tuning policy parameters across tasks, but do not extend this adaptivity to
the generation of the underlying task specifications themselves. Likewise, generative
LLM frameworks such as Auto-GPT [26] can propose novel content or prompts, yet
they lack integrated feedback loops that ground rule proposals in concrete environ-
ment dynamics and agent performance.

Motivated by these limitations, we introduce the SER (Strategy-Evaluation-
Rule) framework and its instantiation in the Triadic Reciprocal Dynamics (TRD)
system, which together closes the loop on rule creation, strategic exploration, and
outcome evaluation. In our paradigm, agents autonomously propose, test, and refine
rule vectors R based on observed strategy trajectories S and evaluation outcomes
E = f(R,S). By relinquishing reliance on fixed, human-defined MDP configura-
tions, our approach endows agents with true environmental autonomy and resilience,
enabling continuous adaptation to novel, non-stationary, multi-agent settings with-
out manual redesign of states, actions, or objectives.

Traditional rule-generation methods treat the rule set R € RY¥*Pr as a fixed,
human-prescribed artifact, offering no means for agents to adjust or evolve rules
when the environment changes. To overcome this limitation, we formally define rule

generation as learning a mapping d : £ — R, where E is a target evaluation
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and R the resulting rule vector. We then embed d within a closed-loop, Al-driven
system in which rules are continuously refined in response to observed strategies
S € RY*Ps and evaluation outcomes £ = f(R,S). This dynamic paradigm
ensures that R evolves adaptively with environmental feedback, granting agents
genuine autonomy to reshape their own operational rules and remain robust in
non-stationary, multi-agent settings.

Moreover, our framework jointly evolves rules, strategies, and evaluation metrics
in a single feedback loop, blending procedural content generation with human and
AT intelligence to achieve controlled, adaptive rule evolution. We further investigate
real-time visualisation, platform integration, and interdisciplinary applications in
social simulation and computational social science. This unified approach elucidates
the reciprocal influences among rule creation, strategic exploration, and evaluation,
and paves the way for dynamically redefining social norms through autonomous rule

generation.

1.2 Research Questions

Our dissertation is structured around three central research questions: (1) How can
AT be designed and trained to achieve controllable, autonomous rule generation? (2)
How do Al-designed rules, agent strategies, and evaluation metrics mutually influ-
ence each other during the learning process? (3) How can the rule design framework
be applied within interdisciplinary and social modelling contexts? Addressing these
questions not only strengthens the theoretical foundations of automated rule genera-
tion but also enables the development of intelligent systems capable of continuously
redefining social norms and maintaining an optimal challenge-skill balance in com-
plex environments.

Achieving controllable, autonomous rule generation that minimises hu-
man biases is fundamental to advancing robust and generalizable Al systems. Tra-
ditional approaches rely heavily on human-defined rules or labelled datasets, which
inherently embed subjective biases and inconsistencies. In contrast, our framework

empowers Al to autonomously generate, evaluate, and evolve rules based solely on



objective environmental feedback, thereby reducing reliance on human input. This
process not only minimises biases but also enhances the adaptability and scalability
of the system, as it can dynamically adjust to changing conditions while maintain-
ing consistency and transparency in decision-making. Ultimately, by addressing
the challenge of bias through autonomous rule generation, our work establishes a
more reliable foundation for subsequent strategy exploration and evaluation, thus
significantly contributing to the field of social rule generation.

Capturing dynamic interplay among rule, strategy, and evaluation
within a unified platform is the cornerstone of our work. Traditional models often
treat rule design, strategy formulation, and outcome evaluation as isolated processes,
which can lead to suboptimal adaptations in complex, dynamic environments. By
integrating these components into a single, cohesive framework, our approach facil-
itates a closed-loop feedback mechanism: rules influence agent strategies, which in
turn affect game outcomes that are evaluated to iteratively refine the rules. This
triadic interaction not only enables more nuanced and responsive rule evolution but
also supports the emergence of robust social behaviours across diverse scenarios.
Ultimately, this unified platform provides a comprehensive means to simulate and
understand how adaptive rules can drive strategic co-evolution, thereby significantly
advancing the development of intelligent, socially-aware Al systems.

Interdisciplinary social modelling for adaptive rule evolution bridges the
gap between computational intelligence and social sciences. By integrating theories
and methodologies from psychology, sociology, and behavioural economics into the
SER/TRD framework, we can capture the complexity of human social interactions
and norms in a dynamic environment. This interdisciplinary approach enables the
system not only to autonomously generate and refine rules based on objective feed-
back but also to account for nuanced social phenomena such as trust, fairness, and
cooperation. Consequently, our platform is capable of adapting rules in a manner
that reflects real-world social dynamics, ultimately paving the way for Al systems
that are both ethically robust and socially aware.

By addressing these challenges, Al systems could move beyond static rule paradigms

and achieve dynamic, adaptive rule generation that is intrinsically aligned with the
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complexities of real-world social interactions. Overcoming these obstacles enhances
the robustness of multi-agent systems, allowing them to continuously refine rules
and strategies in response to evolving environments. This, in turn, promotes more
intelligent and equitable decision making, facilitating deeper integration between
computational models and social dynamics. Ultimately, such advancements pave
the way for Al systems that not only optimise performance in diverse applications
but also contribute to a richer, interdisciplinary understanding of social behaviour.

To achieve these objectives, we adopt a three-pronged approach. First, we estab-
lish a controllable rule generation framework within the SER paradigm, rigorously
formalising the processes of rule creation, modification, and deletion. Second, we
develop the Triadic Reciprocal Dynamics (TRD) system, a unified platform that in-
tegrates rule design, strategy evolution, and evaluation, thereby enabling real-time,
multi-dimensional feedback. Third, we extend our framework through interdisci-
plinary social modelling by incorporating principles from psychology and sociology.
This extension facilitates the use of both intrinsic and extrinsic reward signals to
guide adaptive rule evolution, allowing our system to dynamically adjust its param-
eters and strategies based on environmental feedback. Together, these innovations
yield an adaptive, robust platform for social rule generation that bridges the gap

between artificial intelligence and the broader social sciences.

1.3 Research Objectives

There are three fundamental challenges that emerge in advancing adaptive rule

generation within dynamic social environments:

e Deconstruction of the Rule Generation Process. It is essential to rig-
orously deconstruct the procedure into its constituent components—creation,
deletion, and modification—to discern the core elements of rule generation.
By formally defining a rule set as R = [r,, 4] € RV *Pr where N, denotes the
number of rules and D, their dimensionality, the underlying structure that
any Al-based rule designer must replicate is clarified. This challenge neces-

sitates the development of computer-based techniques, such as deep learning
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and reinforcement learning, to autonomously generate rules without human
biases. A precise formalisation of the rule generation process thereby serves

as a robust theoretical foundation for the SER framework.

« Platformisation, Visualisation, and Gamification of the Rule Gener-
ation System. A unified, interactive platform is vital for facilitating inter-
disciplinary research and enabling human-in-the-loop interventions. The TRD
system addresses this challenge by integrating rule generation, strategy explo-
ration, and evaluation into a comprehensive platform featuring dynamic visu-
alisation and gamification elements. Such a platform allows real time tracking
of rule evolution and provides a multi-dimensional evaluation paradigm—en-
compassing metrics such as cooperation rate, individual income, and the Gini
coefficient—while permitting domain experts to adjust rule parameters during
the process. This integration supports a deeper understanding of complex be-

havioural dynamics and promotes practical applications across diverse fields.

o Interdisciplinary Social Modelling for Adaptive Rule Evolution. Ex-
tending the framework to capture real-world social phenomena is imperative.
By leveraging the SER/TRD system for cross-domain social modelling, in-
sights from social psychology and computational social science—such as Flow
Theory and Self-Determination Theory—can be incorporated into the rule gen-
eration process. This challenge involves developing adaptive models that sim-
ulate and evaluate the interplay between extrinsic rewards derived from envi-
ronmental feedback and intrinsic rewards that reflect an agent’s engagement
or flow state. Such interdisciplinary modelling not only enhances the un-
derstanding of emergent social norms but also optimises Al strategies across

various applications.

Collectively, these challenges provide a comprehensive basis for a dynamic, adap-
tive rule generation system that is both theoretically robust and practically versatile,
thereby paving the way for significant advancements in artificial intelligence and so-

cial modelling.



1.4 Main Contributions

Our research contributions are organised around three principal themes, which to-
gether address the challenge of developing adaptive, autonomous rule generation

systems that dynamically shape social interactions in multi-agent environments.

Rule Generation Framework

o A structured Strategy-Evaluation-Rule (SER) framework is established,
wherein rules are defined as a set of principles in a digital environment. This
framework systematically organises rule creation, modification, and deletion

processes.

o Two digital environments, Maze Run and Trust Fvolution, are developed as
testbeds that generate data during training, eliminating the need for pre-
existing datasets and enabling a controlled yet dynamic rule generation pro-

Cess.

o The framework addresses critical challenges—namely, the lack of pre-labelled
data, the translation of abstract rule vectors into actionable rules, and the
impact of impractical design requirements—thus ensuring the controllability

of the rule generation task.

Dynamic Social Modelling via Triadic Reciprocal Dynamics

« The Triadic Reciprocal Dynamics (TRD) system integrates three core
components: a neural network-based rule designer, a game environment sim-
ulating interactions among human participants, Al agents, and fixed-strategy
NPCs, and a rule evaluator that predicts social metrics such as cooperation

rate and individual income.

o This platform captures the dynamic interplay among rule creation, strategy
evolution, and evaluation, forming a closed-loop feedback system where eval-

uation outcomes guide iterative rule refinement.
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o The system advances a multi-dimensional evaluation paradigm, enabling com-
prehensive assessment of both the generated rules and the evolving strategies

of participating agents.

Flow-Centric Rule Design

e The SER/TRD framework is extended by incorporating principles from Flow
Theory to generate adaptive rules that align task difficulty with agent ability,

promoting optimal engagement and performance.

e A dual-reward mechanism is introduced whereby extrinsic rewards, derived
from environmental feedback, are combined with intrinsic rewards based on
an agent’s flow state; this hybrid approach drives both strategic exploration

and rule optimisation.

» Real-time flow visualisation and dynamic difficulty modulation are integrated
into the platform, facilitating interactive rule tuning and enabling interdisci-

plinary research that spans Al, psychology, and social modelling.

1.5 Thesis Structure

This thesis is structured to present and evaluate key advances in adaptive rule
generation and social modelling for dynamic environments. Figure @ maps the
proposed rule generation system onto its corresponding chapters, and Figure @
outlines the overall roadmap, summarising the focus of each chapter.

In Chapter 1, the introductory section establishes the motivation, outlines the
research questions and objectives, and delineates the main contributions of this work,
which span three interrelated projects: Rules for Expectation, Triadic Reciprocal
Dynamics, and Flow-Centric Rule Design.

Chapter 2 provides a comprehensive literature review, discussing existing ap-
proaches in rule generation, reinforcement learning, and interdisciplinary social mod-

elling.
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Figure 1.2: Overview of the chapter-to-framework mapping. The green dashed
box highlights the SER framework introduced in Chapter 3; the purple dashed box
encloses the TRD platform presented in Chapter 4; and the red dashed box denotes
the dynamic difficulty flow system developed in Chapter 5.

In Chapter 3, the work titled Rules for Fxpectation: Learning to Generate Rules
via Social Environment Modelling is introduced, establishing a controllable frame-
work for rule generation by leveraging digital environments such as Maze Run and
Trust Evolution.

Chapter 4 presents Triadic Reciprocal Dynamics: The Al Framework for So-
cial Rule Fvolving, which focuses on capturing the dynamic interplay among rule
creation, strategy evolution, and evaluation through a unified platform with multi-
dimensional evaluation paradigms.

In Chapter 5, Flow-Centric Rule Design: Evolving Rules for Superior AI Player
Immersion and Engagement is detailed, extending the framework to incorporate
adaptive mechanisms inspired by Flow Theory to optimise AI performance and
engagement.

Finally, Chapter 6 concludes the thesis by summarising the key contributions,
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discussing limitations, and outlining potential directions for future research.

Chapter 1
Introduction

Chapter 2
Literature review

Chapter 3
Rules for Expectation

Chapter 4
Triadic Reciprocal
Dynamics

Chapter 5
Flow-Centric Rule
Design

Chapter 6
Conclusion

Figure 1.3: Thesis roadmap: each column represents a chapter and its core focus.

Key elements design:

Triadic reciprocal

Rule generation base

Strategy, rule, _
evaluation dynamics on flow theory
I T I
SER framework Platform Dynamic difficulty
adjustment

Game environments:
trust evolution
maze run

multi-dimensional
evaluation paradigm

Real-time flow
Visualization panel

13




CHAPTER 2

Literature Review

This chapter provides a comprehensive review of the literature that underlies the
work. It begins with an examination of generative modelling techniques—cover-
ing deep neural networks, generative adversarial networks, variational autoencoders,
diffusion models, and transformer-based architectures—and their applications in syn-
thetic data and content creation. The discussion then turns to large language mod-
els and rule generation frameworks that enable automatic inference and synthesis
of game logic and procedural rules. Following this, reinforcement learning methods
are surveyed, including value- and policy-based algorithms, multi-agent paradigms,
strategy exploration techniques, and artificial life simulations that inform agent be-
haviour. The chapter proceeds to outline procedural content generation and au-
tomated game design, evaluate game engines and social modelling approaches, and
present multi-dimensional evaluation metrics for generative, RL, and rule-based sys-
tems. Subsequently, multi-agent interaction and social norms are explored through
Bandura’ s Triadic Reciprocal Determinism, self-determination theory, and flow
theory, highlighting their relevance to Trust Evolution. Finally, platformisation and
human-in-the-loop methods in interactive experimentation and human-AlI collabora-

tion are examined, concluding with an overview of emerging intelligence paradigms—
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artificial intelligence, explainable Al, extended intelligence, and hybrid intelligence.

2.1 Generative Models

2.1.1 Deep Neural Networks (DNNs)

Deep Neural Networks (DNNs) have fundamentally transformed machine learn-
ing by enabling automatic feature extraction through multi-layered architectures.
Building on traditional neural networks, early breakthroughs—such as the advent
of deep convolutional neural networks (CNNs) and hierarchical feature representa-
tions exemplified by models like LeNet, AlexNet, and ResNet—highlighted the im-
portance of network depth for state-of-the-art performance on large-scale tasks [27].
Subsequent innovations include evolutionary synthesis approaches, which optimise
network architectures over successive generations by preserving critical synaptic
clusters [28,29], and Dense Convolutional Networks (DenseNets), which enhance
training efficiency and gradient flow through dense layer connectivity [30]. Com-
prehensive reviews further underscore the dual trends of increasing model depth
and architectural diversity—from CNNs and RNNs to hybrid networks—driven by
advances in algorithmic frameworks and a deeper understanding of network dy-
namics [31,82]. Innovations in parameter selection, evolutionary algorithms, and
novel training methodologies have effectively addressed challenges such as vanishing
gradients and overfitting, consistently delivering improved performance on complex
tasks [33]. These milestones illustrate the dynamic evolution of DNNs and their
pivotal role in shaping modern, interpretable systems across diverse applications
ranging from image recognition to scientific discovery.

Generative models constitute a broad class of machine learning techniques de-
signed to learn the underlying probability distribution of data and subsequently
generate new samples that mirror the training distribution [34,85]. Unlike dis-
criminative models that focus solely on predicting labels, these models leverage
probabilistic frameworks such as Bayesian inference and likelihood maximisation
to capture complex dependencies in high-dimensional data. This conceptual foun-

dation has enabled their widespread application across diverse domains—including
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image synthesis, text generation, and graph structure generation [35]. Over the
past decade, significant developments have emerged with the advent of Generative
Adversarial Networks (GANs), Variational Autoencoders (VAEs), and autoregres-
sive models [B4,B5]. In particular, GANs employ a dual-network architecture in
which a generator and a discriminator engage in a minimax game to produce high-
fidelity samples while enhancing the discriminator’ s ability to distinguish real from
synthetic data [34]. Recent adaptations have further extended these frameworks
to non-Euclidean data domains, such as graphs, as detailed in systematic reviews
by Guo and Zhao [35]. These advancements illustrate both the conceptual evolu-
tion and technical innovations driving the field, underscoring a dynamic research
paradigm that continues to expand the applications and robustness of generative
models.

The evolution of generative models stands as a defining trend in deep learning
research, with significant advances in three main paradigms: Variational Autoen-
coders (VAEs), Generative Adversarial Networks (GANs), and Diffusion Models.
VAEs emerged from the need to ground generative modelling in a probabilistic
framework by employing variational inference to approximate intractable posterior
distributions over latent variables, thereby enabling principled likelihood-based ob-
jectives and a favourable latent space for interpolation and downstream tasks [36].
Despite early challenges in inference, subsequent refinements and hybrid approaches
have successfully combined the interpretability of likelihood-based methods with the
creative potential of adversarial techniques [37,38].

In contrast, GANs—introduced by Goodfellow et al. [39]—redefine the generative
process as a two-player minimax game, rapidly gaining prominence for producing
sharp, high-fidelity images. Architectural innovations such as residual GANs [40],
conditional frameworks, and models like Flow-GAN [B8,141] have broadened their
applicability to domains ranging from topic modelling [42] to biomedical image aug-
mentation [43], while addressing issues of convergence, sample diversity, and mode
coverage. More recently, diffusion models have emerged as a breakthrough approach,
utilising score matching and stochastic differential equations to iteratively reverse

a data corruption process, which affords refined control over generation and re-
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sults in high-quality outputs across image, text, and audio synthesis [44]. Although
these models typically entail higher computational overhead during sampling, re-
cent efforts have focused on accelerating this process without compromising their
stable learning dynamics [45]. The progression from VAEs to GANs and diffusion
models illustrates an ongoing interplay between theoretical depth and empirical
performance, driving the field toward increasingly robust and versatile generative
modelling applications.

Diffusion models are generative architectures that progressively corrupt data
with noise and learn to reverse this process, enabling high-fidelity sampling from
complex distributions. Ho et al. first demonstrated that denoising diffusion proba-
bilistic models (DDPM) can match or exceed GANs in image fidelity by learning a
sequence of reverse Gaussian transitions to iteratively remove noise [45]. Song and
Ermon then reframed these approaches as score-based generative models via stochas-
tic differential equations, unifying discrete- and continuous-time denoising under a
principled mathematical framework and improving sampling diversity [44]. To han-
dle symbolic and categorical data, Austin et al. introduced structured diffusion
kernels for discrete sequences, showing that diffusion can generate high-quality text
and other non-continuous data [46]. In the realm of procedural content generation,
Dai et al. (2024) introduced a diffusion-based generative model that, from a sin-
gle human-designed level, learns dense token-semantic representations and employs
a localised latent denoising network to produce tile-based game layouts exhibiting
both high stylistic fidelity and structural diversity [47]. Li et al. (2022) introduced
Diffusion-LM, a non-autoregressive language model that iteratively denoises Gaus-
sian latent sequences into word embeddings, enabling complex, fine-grained control
over generated text, such as syntactic structure, via a simple gradient-based al-
gorithm, and demonstrating superior performance on six challenging controllable
generation tasks [48]. Recent advances in diffusion-based generative modelling have
begun to unlock new possibilities for structured rule synthesis.

Transformer-based generative models have become foundational in sequence mod-
elling by leveraging self-attention to capture long-range dependencies and context.

The original Transformer architecture introduced by Vaswani et al. [49] demon-
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strated that stacking multi-head self-attention layers enables efficient parallelisation
and superior performance on machine translation tasks. Building on this, Rad-
ford et al. [p0] showed that autoregressive pretraining of a Transformer decoder
(GPT) on large text corpora yields coherent, high-quality text generation, effec-
tively modelling complex linguistic patterns. Brown et al. [51] scaled this approach
to 175 billion parameters (GPT-3), further improving few-shot generation capabil-
ities across diverse domains. Parallel advances in encoder—-decoder architectures,
such as TH [52], unified text-to-text tasks under a single Transformer framework
and showed remarkable adaptability when fine-tuned on downstream tasks, includ-
ing code and rule synthesis. In the domain of program and rule generation, Yin and
Neubig [53] adapted sequence-to-sequence models with syntax-aware decoding to
generate well-formed code from natural language specifications, illustrating Trans-
formers’ potential for structured content creation. Transformer-based approaches
have been applied to procedural content generation—e.g. transformers conditioned
on level representations produce coherent game layouts and rule sets that maintain
logical consistency and playability without extensive manual crafting. These works
collectively highlight the versatility and power of Transformer architectures for gen-
erating complex, structured sequences, laying the groundwork for their application

in adaptive, flow-centric rule generation systems.

2.1.2 LLM

The evolution of large language models (LLMs) has been marked by a series of tech-
nological breakthroughs that have fundamentally transformed sequential data mod-
elling. Early approaches employed Recurrent Neural Networks (RNNs) and their
variants, such as Long Short-Term Memory (LSTM) networks and Gated Recur-
rent Units (GRUs), which made significant strides in processing language sequences
despite challenges like vanishing gradients and limited long-term dependency mod-
elling [54,55]. A seminal turning point occurred with the introduction of the atten-
tion mechanism in the Transformer architecture, which dispensed with recurrence
entirely to enable parallel processing and more efficient modelling of long-range
dependencies [49]. Building on this framework, pre-trained models such as BERT
18



leveraged bidirectional context to achieve state-of-the-art performance across a vari-
ety of NLP tasks [p6], while autoregressive models like GPT demonstrated few-shot
learning capabilities by pre-training on massive corpora [51]. Recent research contin-
ues to refine these architectures by enhancing efficiency, robustness, and adaptability
through hybrid approaches that integrate semantic search and other improvements,
with comprehensive reviews elucidating trade-offs between classic RNN-based meth-
ods and modern Transformer-based models in terms of accuracy, contextual co-
herence, convergence speed, and interpretability. Collectively, these developments
illustrate a robust trajectory from early RNN-based sequence models to the contem-
porary attention-driven paradigms that underpin today’ s LLMs, thereby laying a
solid foundation for a wide range of applications from text classification to few-shot
learning.

Advances in large language models have enabled the automatic inference and
synthesis of formal rules and programs from high-level specifications. OpenAl’ s
Codex demonstrated that GPT-3.5 can translate natural language prompts into ex-
ecutable code snippets, effectively generating rule logic for diverse tasks [57]. Chain-
of-thought prompting further enhances LLMs’ step-by-step reasoning, allowing them
to decompose complex rule inference problems into manageable subproblems [58].
Self-supervised instruction tuning (Self-Instruct) empowers models to iteratively
refine their own generated rules by bootstrapping from curated examples, reduc-
ing reliance on human-crafted datasets [59]. Hybrid frameworks such as Program-
Aided Language Models (PAL) integrate symbolic solvers with LLMs to validate
and optimise generated rule sets in domains requiring strict correctness guaran-
tees [60]. Chengpeng Hu et al. proposed an LLM-based framework that, given
high-level video game descriptions, simultaneously generates both procedural rules
and corresponding level layouts, effectively linking designer intent to concrete envi-
ronment parameters [61]. These advances highlight LLMs’ potential for dynamic,
context-aware rule generation, overcoming traditional methods’ rigidity and lack of

adaptive feedback.
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2.1.3 Rule Generation

Rules, defined as explicit or implicit directives that regulate conduct or outline
procedural blueprints within a given domain, have long been pivotal across dis-
ciplines—from game design and machinery operation to societal law [62-64]. In
academic research, rules have been studied both as static constructs and dynamic
entities that evolve, serving as mechanisms for causality, fairness, and emergent be-
haviour [65,66]. Early theoretical frameworks, such as Hatakeyama and Hashimoto’
s concept of “Minimum Nomic” [67], laid the foundation for understanding rule
evolution as a process akin to natural selection, while investigations in card games
by Janssen [68] highlighted how minor modifications can drastically shift strategic
interactions.

In the same time, computational approaches have transitioned from hand-crafted
rule specifications to algorithmic rule induction; for example, Flynn [69] tackled the
inverse problem of deducing game rules from observed play, and Khalifa et al. [[70]
proposed benchmark frameworks for general video game rule generation emphasizing
scalability and reusability. Moreover, Togelius and Schmidhuber’ s experiments in
automatic game design illustrate that rule generation can be an intrinsic part of the
creative process, evolving dynamically via fitness functions based on entertainment
and curiosity theories [71]. Formal approaches have also advanced the field; for
instance, a comprehensive formal specification of a board wargame [72] and models
elucidating the interplay between rules, gameplay, and narrative layers in video
games [73,74] demonstrate how rules serve as connective tissue linking abstract
mechanics to user experience. These developments underscore the evolution of rule
research—from foundational definitions as mechanisms of causality and policy to
advanced computational techniques that drive interactive, dynamic systems in both
traditional and digital environments.

Prior research on rule generation was primarily concentrated in fields such as con-
trol systems, data quality management, clinical decision support, and autonomous
systems, where it focused on three interrelated dimensions: data-free rule genera-
tion, automated rule creation/modification/deletion, and controllability. Data-free
approaches leverage simulation-based techniques to derive rules directly from in-
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trinsic system behaviours—incorporating metrics for readability and simplicity to
enhance interpretability without reliance on annotated data [75,[76]. In parallel,
automated rule generation has advanced notably in adaptive control environments,
where self-organizing fuzzy controllers dynamically create and refine rule sets to re-
duce expert dependency [77,78], and similar techniques have been applied in data
quality assessment and association rule mining to efficiently update rule bases in
response to evolving datasets [f9-81]. Robust controllability mechanisms, crucial
for maintaining interpretability and system stability, are achieved by embedding
human-understandable constraints into the rule generation process—ensuring that
automated modifications remain manageable, as seen in applications ranging from
automated data cleaning to ontology learning [82-84]. These developments illus-
trate a dynamic research landscape that continuously seeks to balance automation

with human interpretability and control.

2.2 Reinforcement Learning

2.2.1 Reinforcement Learning Algorithms

Reinforcement Learning (RL) is a foundational framework in machine learning wherein
an agent learns to make sequential decisions by interacting with an environment,
typically modelled as a Markov Decision Process (MDP) that defines states, actions,
transition probabilities, rewards, and a discount factor [85]. Early value-based meth-
ods such as Q-learning and SARSA established the basics of RL through iterative
reward-based updates 85, 86], paving the way for deep reinforcement learning ap-
proaches like the Deep Q-Network (DQN) that integrate deep neural networks to
handle high-dimensional sensory inputs and achieve human-level performance in
complex tasks [4]. Complementing these, policy-based methods initiated with algo-
rithms have evolved into hybrid Actor-Critic architectures, which combine policy op-
timisation with value estimation to reduce variance and improve convergence [86,87].
Further advancements include asynchronous methods such as A3C [88] and robust
policy optimisation techniques like Trust Region Policy optimisation (TRPO) and

Proximal Policy optimisation (PPO), which employ trust-region constraints and
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clipped probability ratios to stabilise training in high-dimensional environments [[16].
This progression—from classical MDP formulations through value- and policy-based
methods to scalable deep RL algorithms—demonstrates a dynamic interplay between
theoretical advances and empirical successes in applications ranging from robotic
control to financial trading [89], inspiring ongoing research toward more efficient,
safe, and explainable reinforcement learning models [16].

Reinforcement learning has expanded beyond its classical Markov Decision Pro-
cess formulation into a diverse array of paradigms that extend its theoretical founda-
tions and practical applications. Multi-Agent RL (MARL) addresses the challenges
of interacting agents in non-stationary environments, as demonstrated in wireless
network control [90] and reviewed by Yin et al. [91] and Canese et al. [92]. Inverse
RL (IRL) shifts the focus from learning policies through trial-and-error to inferring
latent reward structures from expert demonstrations, with Bayesian formulations
and adversarial techniques enhancing robustness and interpretability [93-95]. Meta
RL, exemplified by the RL? framework [96], enables agents to rapidly adapt across
diverse tasks, while Hierarchical RL (HRL) decomposes complex tasks into sub-
tasks to manage temporal abstraction, as highlighted in curriculum learning [97]
and robotics applications [98]. Complementing these approaches, Imitation Learn-
ing (IL) leverages expert demonstrations to guide agent behaviour, often serving as
an initialisation strategy or a supplement to IRL [98]. Additionally, Distributional
RL (DRL) enriches policy evaluation by modelling the full probability distribution
over returns, thereby capturing uncertainty more effectively [99]. These paradigms
illustrate the evolution of RL from foundational methods to sophisticated frame-
works that integrate theoretical innovations with practical solutions for complex,
dynamic real-world challenges.

The evolution of Q-learning and its deep variant, the Deep Q-Network (DQN),
represents a significant milestone in reinforcement learning, particularly within the
game industry. Q-learning, a model-free algorithm that iteratively updates Q-values
to estimate an optimal action-value function, laid the foundation for reinforcement
learning by operating on discrete representations and handcrafted features [100)].

However, its limitations spurred the development of DQN, which integrates con-
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volutional neural networks (CNNs) to approximate Q-values directly from high-
dimensional sensory inputs, such as raw pixel data from video games, achieving
human-level performance in classic Atari 2600 games [4]. Subsequent advancements,
such as Double Q-Learning, addressed inherent issues like overestimation bias by
decoupling action selection from evaluation during target updates [101], while fur-
ther research has refined hyperparameters and adapted these core algorithms to
handle temporal dependencies—exemplified by deep recurrent versions of Double
Q-Learning in game environments [102] and reinforced by reviews of reinforcement
learning applications in intelligent game settings [103]. Beyond gaming, the flex-
ibility of Q-learning and DQN has been demonstrated in robotics, autonomous
navigation, and control systems, as illustrated by tutorials on their implementa-
tion in simulated environments like the CartPole system [104]. These developments
—from traditional table-based Q-learning to sophisticated DQN architectures and
their subsequent enhancements—underscore a transformative journey that continues
to expand the technological frontier of reinforcement learning in both research and
real-world applications.

The evolution of policy optimisation methods in reinforcement learning has ad-
vanced the development of agents capable of complex decision-making. Actor-Critic
methods—integrating value function estimation with direct policy optimisation—
laid the groundwork for handling continuous control tasks in high-dimensional ac-
tion spaces [105]. Building on these foundations, asynchronous approaches such as
A3C leverage parallel agents interacting with separate instances of the environment
to enhance training efficiency, exploration, and stability, particularly in challenging
game environments [106]. Further refinements in policy optimisation have emerged
through algorithms like TRPO and PPO. TRPO employs trust region constraints
to limit the magnitude of policy updates, ensuring that new policies remain close to
the current ones—a strategy successfully applied in robotics and equilibrium learning
in Markov potential games [107,[108]. PPO simplifies these principles using surro-
gate objective functions and clipping mechanisms, resulting in robust performance
with reduced computational overhead [109,110]. These advancements have signifi-

cantly impacted the game industry, where deep reinforcement learning algorithms
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based on actor-critic architectures enable agents to develop complex strategies from
high-dimensional sensory inputs with minimal human intervention [103,[111]. The
evolution from standard Actor-Critic methods to asynchronous and trust-region-
based algorithms illustrates a trajectory of innovation that enhances algorithmic
stability and efficiency, thereby broadening the scope of practical applications in

dynamic and interactive domains.

2.2.2 Strategy Exploration

Strategy exploration is the process of using computational methods to autonomously
discover, evaluate, and refine optimal decision-making strategies in complex environ-
ments. The application of reinforcement learning (RL) to strategy exploration has
emerged as a powerful paradigm for understanding and developing optimal decision-
making behaviours in dynamic environments, particularly within game-based set-
tings. RL methods enable agents to autonomously discover and refine strategies by
interacting with complex environments, such as the Iterated Prisoner’ s Dilemma,
zero-sum stochastic games, and real-time strategy games, thereby providing insights
into multifaceted strategic dynamics [112,[113].

Early work demonstrated that parameter tuning and algorithm configuration
in temporal difference methods can influence the convergence of meta strategies,
laying a foundation for robust strategy formation in repeated game scenarios [[112].
Subsequent research has emphasised the importance of efficient exploration in en-
vironments with unknown rules, as exemplified by Martin and Sandholm [114], and
has further advanced strategy discovery through multi-agent RL approaches. For
instance, Wang et al. [115] introduced memory mechanisms in multi-agent settings
to uncover sophisticated strategic behaviours such as memory-two bilateral reci-
procity, while studies applying algorithms like Q-learning and SARSA in real-time
strategy games have refined reward functions and iterative learning schemes to adapt
strategies in adversarial settings [116]. Moreover, incorporating models of opponent
learning, as explored by Hu et al. [117], has further enhanced the optimisation of
strategies in competitive environments. These developments illustrate a dynamic
evolution in RL-driven strategy exploration—from early algorithmic foundations to
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sophisticated multi-agent frameworks—that continues to expand our understanding

of strategic interactions in both simulated and real-world domains.

2.2.3 Artificial Life

Artificial life—a field devoted to studying life-like phenomena through computa-
tional and synthetic approaches—has evolved into a multifaceted research domain
that integrates biological inspiration with advanced computational techniques. At
its core, artificial life seeks to simulate, reproduce, and understand complex adap-
tive systems by leveraging models that range from cellular automata (CA) and
self-replication systems to genetic algorithms, agent-based modelling, and artificial
neural networks [118]. CA models, which operate on simple, locally defined rules to
generate intricate global behaviours, have provided fundamental insights into pat-
tern formation and adaptive interactions, as well as applications such as synthetic
musical semiosis [119,[120]. The study of self-replication, grounded in von Neumann’
s pioneering work, has further advanced our theoretical understanding of replication
and evolutionary dynamics in silico [121,122]. Complementing these approaches,
the integration of genetic algorithms, agent-based models, and artificial neural net-
works has propelled artificial life research by enabling the simulation of autonomous
interactions that mirror natural social and ecological behaviours, with applications
extending to urban planning, resource management, and governance [123]. These
developments illustrate how the convergence of diverse computational tools and
methodologies has broadened our understanding of life-like phenomena and spurred

innovations that bridge the gap between natural and artificial systems.

2.3 Procedural Content Generation

Procedural Content Generation (PCG) is a versatile framework for the automated
creation of digital content, spanning gaming, virtual environments, film, architec-
ture, and urban planning, by leveraging diverse algorithmic paradigms. Early PCG
methods relied on noise-based and grammar-driven techniques, such as Perlin noise

and context-free or stochastic grammars, to generate textures, terrains, and lay-
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outs that capture natural variations and embed design rules [124,[125]. As the field
matured, search algorithms, including tree search, heuristic strategies, and multi-
objective fitness functions, enabled systematic exploration of large content spaces
to assess playability, coherence, novelty, and aesthetics [125-127]. Evolutionary
and genetic algorithms further advanced PCG by iteratively refining candidate so-
lutions through selection, recombination, and mutation, proving effective in gen-
erating game levels and maps as well as novel architectural and urban planning
designs [124,128-130]. More recently, hybrid approaches that combine evolution-
ary strategies with local search methods, alongside Experience-Driven PCG frame-
works that integrate player experience models, have enhanced convergence speed,
solution quality, and personalisation in interactive environments [131-134]. These
developments illustrate the evolution of PCG from foundational techniques to so-
phisticated, context-sensitive systems that complement and enhance human design

processes [135].

2.3.1 Automated Game Design

Automated game design (AGD) is a dynamic subfield within game Al that synthe-
sises game mechanics, aesthetics, and dynamics through computational methods.
Early efforts, such as Smith et al’s LUDOCORE [[136], focused on rule-based sys-
tems that modelled and manipulated game logic for rapid prototyping. Over time,
the scope of AGD expanded to incorporate evaluation metrics and creative strategy,
as exemplified by Cook et al’s ANGELINA system [137,[138], which employs prob-
abilistic and evolutionary methods to generate and refine entire games. Subsequent
developments have further integrated aesthetic and personalised dimensions into
AGD, with systems like Cook’s "Puck” [139] and Osborn et al’s Modular Compu-
tational Critics [140] offering real-time evaluative feedback on game mechanics and
balance. In parallel, higher-level procedural content generation techniques—such as
vision-driven level design [141] and the generation of "juice” effects for enhanced
visual and audio appeal [142]—have enriched game experiences by embedding aes-
thetic considerations into the design process. Finally, the approach of conceptual
expansion, as proposed by Guzdial and Riedl [[143], marks a shift from manual or
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crowd-sourced design toward autonomous machine learning techniques that abstract
and recombine design elements from existing games. These advancements illustrate
the evolution of AGD from foundational rule-based systems to sophisticated, inte-
grated frameworks that holistically address procedural content generation, aesthetic

design, and automated evaluation.

2.3.2 Game Engines

Game engines have evolved from simple graphics renderers into comprehensive devel-
opment ecosystems that serve diverse applications ranging from entertainment and
virtual reality to serious simulations and robotics training. Foundational systems
like Unity, Unreal Engine, Godot, Gazebo, and CoppeliaSim have been extensively
evaluated for their technical capabilities—including high-fidelity real-time rendering,
effective resource management [144], and robust simulation performance [[145,146]
—which enable the creation of immersive and interactive experiences [147]. Early
reviews and comparative studies have highlighted these engines’ suitability for both
gaming and serious applications, such as virtual simulation platforms for training re-
motely operated vehicle pilots [148] and industrial training environments [149,150].
Additionally, the integration of game engines into mixed-reality applications further
bridges digital content creation with real-world interaction [151]. In the indie de-
velopment sphere, lightweight and open-source engines like Godot and CoppeliaSim
are favoured for rapid prototyping and iteration, while independent publishing plat-
forms such as itch.io have democratised game distribution and fostered a vibrant,
community-driven ecosystem [[152,[153]. These developments underscore that game
engines not only underpin visually rich, interactive applications but also serve as
critical components in simulation and training, with evaluation criteria such as ren-
dering performance, cross-platform capability, efficiency, and integration flexibility
driving ongoing innovation across both academic research and grassroots develop-

ment.
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2.3.3 Social Modelling

Social modelling has evolved into a multifaceted discipline that integrates quantita-
tive, computational, and agent-based methods to understand and predict complex
social phenomena. Early approaches relied on statistical modelling and descriptive
social network analysis—employing techniques from regression and relational event
models to exponential random graph models (ERGMs)—to quantify interactions
and dependencies within social networks [154-156]. As the field matured, dynamic
analyses emerged, with methodologies tracking network evolution over time to elu-
cidate processes such as interhospital patient transfers and influence maximisation
in public health campaigns [157,158]. The advent of agent-based modelling (ABM)
and multi-agent systems marked a paradigm shift from aggregate statistical meth-
ods to bottom-up simulations, enabling researchers to capture emergent macro-level
patterns from individual interactions [159,[160]. These approaches have been par-
ticularly effective in domains such as urban planning, epidemiology, and economics,
where they simulate competitive behaviours and intervention scenarios [161-163].
More recently, computational social science has emerged as a transdisciplinary
field that leverages large-scale data from social media, sensor networks, and admin-
istrative records to integrate statistical, network, and agent-based techniques for
addressing real-time societal challenges [164-166]. These developments underscore
the evolving nature of social modelling—from foundational quantitative approaches
to sophisticated, dynamic simulations—establishing it as a critical tool for under-

standing diverse social phenomena across multiple domains [[167-169].

2.3.4 Multi-dimension Evaluation

Evaluation research is essential for assessing the performance of diverse components,
such as generative models, reinforcement learning (RL) agents, game environments,
and rule systems, across metrics including accuracy, cumulative reward, fairness, ef-
ficiency, robustness, and trust. In generative model research, evaluation focuses on
quantitative measures like fidelity, consistency with human-designed standards, and

classification accuracy when inferring outputs from data [170]. For RL, performance
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metrics such as cumulative reward, sample efficiency, and convergence stability serve
as critical indicators of an agent’ s ability to explore and optimise strategies in dy-
namic, often adversarial, environments [171]. Within game environments, evaluation
parameters extend to gameplay quality, adaptive challenge balance, and robustness
of decision-making processes, ensuring that agents can operate effectively under var-
ied conditions [172]. In the domain of rule-based systems, evaluation examines the
consistency, conformity, and fairness of generated rules against established bench-
marks, thereby underpinning system reliability and decision support efficacy [[70].
These evaluation frameworks not only advance our theoretical understanding but

also drive practical improvements in complex, interactive systems.

2.4 Multi-Agent Interaction and Social Norms

2.4.1 Triadic Reciprocal Determinism

Triadic reciprocal determination is a fundamental concept in Bandura’s social cog-
nitive theory that posits a dynamic and bidirectional influence between personal
factors (e.g., cognition and emotions), behaviour, and environmental conditions
[173,174]. Originally developed to explain human agency within psychological and
social contexts, TRD has since been extended into technology-mediated social mod-
elling. Advances in Al and big data analytics now enable researchers to simulate the
complex interactions among cognition, behaviour, and environment. For instance,
Zhu et al. [175] applied TRD to study parental attitudes and vaccination intentions
during the COVID-19 pandemic, while Huo and Li [176] employed fuzzy-set qual-
itative comparative analysis to investigate factors influencing the continued use of
knowledge payment platforms. Further, Bergman et al. [177] used TRD to analyse
commuter mobility patterns, and research in organisational behaviour has integrated
TRD to explore how decision-making and environmental dynamics jointly impact
employee innovation [178]. These developments illustrate the evolution of TRD from
a theoretical framework for understanding human behaviour to a versatile tool in
Al-facilitated social modelling, enriching our insight into the interaction between

individual predispositions, behaviour and technological and social environments.
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2.4.2 Self-determination Theory

Self-determination theory (SDT) is a comprehensive framework for understanding
human motivation, development, and well-being that posits individuals possess in-
nate psychological needs for autonomy, competence, and relatedness [[179,[180]. Ini-
tially formulated from a humanistic perspective to distinguish between autonomous
motivation—where actions align with one’ s core values—and controlled motivation
driven by external pressures [179,[181], SDT has been rigorously validated across
domains such as education, organisational studies, psychotherapy, and health inter-
ventions [179,182]. More recently, its integration into computational frameworks
—ranging from statistical methods and social network analysis to agent-based and
multi-agent simulations—has enriched Al-driven social modelling by embedding mo-
tivational dynamics into virtual agents’ decision-making processes [180]. By encod-
ing principles of autonomous and controlled motivation, these interdisciplinary ef-
forts enhance the interpretability and fidelity of simulations in urban planning, pub-
lic health, and market analysis, ultimately fostering more authentic, goal-oriented,

and adaptive human-like behaviour in complex systems [179,180,[182].

2.4.3 Flow Theory

Flow theory, originally developed by Csikszentmihdlyi, is a central construct for
understanding optimal human experience, defined as a state of complete absorption,
intrinsic motivation, and deep engagement in an activity [183]. Initially grounded
in positive psychology, early work focused on internal conditions for flow, such as a
balance between perceived challenges and personal skills, clear goals, and immediate
feedback, which laid the foundation for its application in measuring user engagement
and system usability in information systems [183,[184]. In educational contexts,
flow has been shown to catalyse enhanced learning experiences, although challenges
remain in its automatic detection and real-time assessment [185]. More recently,
the integration of Flow Theory with artificial intelligence and social modelling has
emerged as a promising research frontier; studies demonstrate that incorporating

constructs of perceived competence and flow into task-oriented Al and agent-based
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simulations not only improves user satisfaction and engagement but also enhances
the fidelity of social behaviour models [186-188]. A systematic review by Chong et
al. [189] further underscores the evolution of Flow Theory from its roots in leisure
and performance to its current applications in digital learning, AI interaction, and
computer-mediated communication. These developments illustrate the versatility of
Flow Theory as both a theoretical framework and a practical guide for designing
interactive, socially intelligent systems in technology-enhanced environments.
Game flow has been redefined as an emergent property resulting from a well-
balanced interplay of challenge, skill, clear goals, and immediate feedback that drives
player immersion in digital gaming. Early empirical studies extended traditional flow
theory by integrating it into models of online gaming behaviour—for example, Hsu
and Lu [190] incorporated flow into technology acceptance frameworks, while Cheah
et al. [191] identified immersion and flow as key predictors of sustained player in-
volvement. Over time, game flow has evolved from a purely psychological construct
into a fundamental design principle. Researchers have empirically linked optimised
flow states with enhanced learning outcomes and reduced cognitive load in digital
game-based learning environments [192]. More recently, the integration of artificial
intelligence and social modelling has further advanced the field: Al-powered sys-
tems, such as game-based chatbots, dynamically adapt game difficulty, narrative
elements, and feedback to sustain optimal flow states [193], while studies of social
network dynamics in games like Team Fortress 2 illustrate how collaborative inter-
actions influence collective flow [194]. These developments reflect a trajectory from
foundational psychological theories to sophisticated, computationally driven frame-
works that inform the design of more engaging, adaptive, and socially enriched game

experiences.

2.5 Platformisation and Human in the loop

2.5.1 Interactive Experimentation and Simulation

Interactive Experimentation and Simulation has evolved into a multifaceted paradigm

that bridges educational, social, and computational domains. Initially employed as
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educational tools to facilitate the transition from concrete to abstract understand-
ing [195], early interactive simulations enabled learners to engage with complex
concepts through hands-on experimentation. Over time, the integration of partici-
patory frameworks enhanced collaborative learning in computer science [196], while
in the social sciences, computer simulations emerged as pivotal tools for analyzing
intricate social phenomena—ranging from social networks to cultural dynamics—
thus transforming theoretical models into practical research applications [197,[19§].

In the realm of computer science, advancements in agent-based modelling and
sophisticated computational frameworks have further expanded the utility of sim-
ulations, as evidenced by their application in materials design and workflow man-
agement within environments like the Eclipse Integrated Computational Environ-
ment [199-201]. Moreover, the adoption of gamified and STEM-oriented simulations
has enriched educational initiatives by providing immersive, interactive platforms
that promote conceptual understanding and critical thinking [202-204]. These devel-
opments underscore a fundamental shift towards interactive, engaging, and contex-
tually relevant methodologies that enhance both theoretical exploration and practi-

cal applications in addressing complex real-world challenges.

2.5.2 Human-AI Interaction

Human-ATI Interaction (HAII) has evolved from early, rigid automated systems to-
ward dynamic, co-adaptive models that integrate human expertise throughout the
AT lifecycle. Early investigations, particularly in healthcare, demonstrated that the
clinical impact of Al hinges on harmonising computational capabilities with hu-
man judgment [205,206], thereby laying the groundwork for the human-in-the-loop
(HITL) paradigm. Empirical studies, such as those by Maadi et al. [206], further
revealed that complex domains like medicine and production planning benefit from
HITL approaches, as purely machine learning-based methods often fail to capture
nuanced decision-making. Building on these insights, frameworks such as COFT [207]
and foundational models by Sreedharan [208] have formalised the cognitive pro-
cesses mediating human—-Al interactions. Concurrently, research has emphasised the
importance of socio-technical factors—including trust, predictability, transparency,
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and explainability—in aligning AI behaviour with human expectations [209, 210].
Recent studies on feedback loops in tasks such as text summarisation [211] and clin-
ical imaging [212] further illustrate that iterative human-Al collaboration enhances
operational efficiency, model interpretability, and overall performance. These de-
velopments underscore a significant paradigm shift in HAII—from isolated, fully au-
tomated systems to designs that integrate human creativity and oversight, thereby
redefining the design, deployment, and effectiveness of contemporary Al systems

across diverse domains [213].

2.6 Intelligence Paradigms

2.6.1 AI

Artificial Intelligence (Al) has undergone a remarkable evolution from early rule-based
and symbolic systems to sophisticated, data-driven models that now underpin di-
verse technological and societal applications. Foundational texts such as Nilsson’ s
Principles of Artificial Intelligence [214] and Russell and Norvig [215] established core
paradigms—including symbolic reasoning, heuristic search, and agent-based frame-
works—that initially sought to mimic human thought processes through explicit
programming [216]. Over time, the focus shifted toward machine learning methods
that learn from data, giving rise to supervised, unsupervised, and reinforcement
learning paradigms [217,218]. Neural networks, inspired by biological processes,
evolved from early perceptrons to deep neural networks capable of modelling com-
plex, non-linear relationships and extracting hierarchical features, thereby revolu-
tionising tasks such as image and speech recognition, natural language processing,
and game playing [219]. The advent of deep learning, bolstered by the availability of
large datasets and powerful computational resources, has further driven innovations
including convolutional neural networks, recurrent neural networks, and generative
adversarial networks (GANs) [220]. Recent advancements have also integrated clas-
sical machine learning techniques with deep learning frameworks, resulting in hybrid
models that leverage the strengths of both approaches. These developments under-

score the dynamic evolution of Al from rule-based systems to flexible, robust, and
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scalable models that continuously expand the boundaries of data representation and

pattern recognition across a wide range of application domains.

2.6.2 XAl

The evolution of Explainable Artificial Intelligence (XAI) represents a critical re-
sponse to the growing complexity and opacity of modern AI models. At its core,
XAI emerged from the need to render AI models interpretable and transparent,
thereby enhancing trust and facilitating regulatory compliance. Early approaches
predominantly relied on inherently interpretable methods, such as decision trees and
rule-based models, whose structured design provided immediate clarity into model
functioning [220]. Over time, more sophisticated techniques have been developed
to elucidate the internal workings of complex, non-linear models. Methods such as
Local Interpretable Model-Agnostic Explanations (LIME) and Shapley Additive Ex-
planations (SHAP) explicitly account for feature contributions through importance
rankings and sensitivity analysis, while counterfactual explanations offer alternative
scenarios that clarify decision boundaries [221]. Additionally, visualisation meth-
ods and feature inversion approaches have further demystified deep learning models
by enabling stakeholders to scrutinise internal representations and decision path-
ways [222]. These advancements collectively strive to bridge the gap between high
model performance and interpretability, fulfilling both technical and ethical imper-

atives in large-scale predictive systems.

2.6.3 XI

Extended Intelligence (XI) is an emerging paradigm that augments traditional Al by
integrating human expertise with machine computation, fostering iterative human-
machine collaboration and enhanced decision support. At its core, XI emphasises
the fusion of interactive machine learning and active learning, where systems con-
tinually solicit human feedback to guide model refinement [223], a notion reinforced
by Holzinger [224]. Concurrently, decision support and augmented analytics frame-

works, such as those illustrated by Heart et al. [225], leverage real-time analytical
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models combined with human insight to dynamically present actionable informa-
tion, thereby improving outcomes in complex domains like clinical decision-making.
Moreover, emerging neuro-symbolic integration aims to merge neural pattern recog-
nition with symbolic reasoning to provide more interpretable and context-aware
support [226], while collaborative filtering and recommender systems—exemplified
by Alonso [227]—utilise reinforcement learning and interactive techniques to adap-
tively tailor recommendations based on continuous human feedback. These develop-
ments underscore XI' s evolution from early interactive systems to comprehensive,
context-aware frameworks that effectively amplify human decision-making and cog-

nitive capabilities across diverse application domains.

2.6.4 HI

Hybrid Intelligence is an emerging paradigm that integrates human insight with
machine computation to enhance decision-making and learning processes. It encom-
passes key technological components such as neuro-symbolic integration, human-
in-the-loop machine learning, hybrid decision support systems, ensemble methods
augmented by human expertise, and collaborative filtering enriched by human feed-
back. Neuro-symbolic integration combines the pattern recognition capabilities of
neural networks with the interpretability of symbolic reasoning to bridge the gap
between data-driven approaches and human-understandable models [228]. Concur-
rently, human-in-the-loop machine learning has advanced by continuously incor-
porating expert feedback to refine model parameters and guide error correction in
high-stakes domains such as healthcare and finance [206]. Hybrid decision support
systems merge algorithmic predictions with rule-based expert systems, resulting in
improved accuracy and context-sensitive outcomes in applications like clinical error
detection and humanitarian relief management [229,230]. Additionally, ensemble
methods that integrate human expertise optimise performance by aggregating and
filtering predictions based on domain-specific knowledge, while collaborative filter-
ing systems leverage iterative human feedback to dynamically adjust recommenda-
tions [231]. These advancements illustrate the evolution of Hybrid Intelligence from
its foundational concepts to sophisticated, integrated systems that redefine human-
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machine collaboration and set new standards for intelligent system design.
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CHAPTER 3

Rules for Expectation: Learning to Generate Rules via Social

Environment Modelling

Prologue

Chapter 3 introduces a comprehensive framework—Rule Generation Networks (RGN)
—for automated rule design, evaluation, and evolution guided by controllable expec-
tations. First, three foundational elements (rules, strategies, and evaluation) are
refined and formalised to clarify their interrelationships in rule generation tasks.
Next, the RGN architecture is presented, combining generative neural models for
rule synthesis with reinforcement learning agents for rule validation. Two custom
game environments, Maze Run and Trust Evolution, are developed to demonstrate
rule execution and assess generated rules under diverse social and strategic scenar-
ios. Finally, a controllability metric is defined to measure and guide rule evolution,
ensuring that the generated rules align with target outcomes. This chapter thus es-
tablishes the methodological basis for learning to generate game rules through social
environment modelling.

The evolution of natural life is guided by a perpetually adaptive set of rules,
encompassing natural laws, human policies, and game mechanics. Automated game
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design, through the creation of simulated environments populated by Al agents,
embodies these rules, aligning with the objectives of artificial life research that seeks
to replicate the dynamics of biological life through computational models. This
chapter presents a comprehensive framework, the Rule Generation Networks (RGN),
devised for automated rule design, evaluation, and evolution in line with controllable
expectations. We refine and formalise three cardinal elements - rules, strategies,
and evaluation - to elucidate the intricate relationships inherent in rule generation
tasks. The RGN integrates generative neural networks for rule design and a suite
of reinforcement learning models for rule evaluation. To exemplify rule evolution
and adaptation across varying environments, we introduce a controllability metric
to gauge game dynamics and evolve the rule designer accordingly. Furthermore, we
develop two game environments, Maze Run and Trust Evolution, modelling human

exploration and societal trade dynamics, to gamify and evaluate the generated rules.

3.1 Introduction

In diverse contexts, ‘rules’ are delineated as explicit or implicit directives that reg-
ulate conduct or outline a procedural blueprint within a specific activity domain.
This scope can range from the operational guidelines governing games [62], to the
functional principles directing machinery operation [63], and extend to societal laws
that influence our collective behaviour [64]. Rules are typically manifested through
alterations in values or the instantiation and annihilation of objects [65]. Carefully
constructed rules can nurture equitable environments, fostering cooperation and
trust, whereas inefficient ones can undermine societal productivity [66]. The task of
rule generation is ubiquitous, featuring prominently in areas such as game develop-
ment [232], rulemaking processes [233], and legislative procedures [234]. Within the
scope of game creation, rule design is considered one of the six core elements [235].
Previous research related to rules in the field of machine learning has primarily
focused on rule-based learning [236]. Contrary to formulating new rules, the ma-
jority of Al-related research prioritises training models to address specific problems

within the constraints of established rules, with applications such as game map gen-
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Figure 3.1: Given a conceptual description. Linguistic form rules are translated
into a set of rule vectors and implemented in a digital game environment. Players
develop strategies based on the current rules and their experience, and the rules are
evaluated within the game environment.

Q

eration [] and elucidation of elementary reactions in chemical kinetics [238]. In
well-structured games that accurately reflect real-world scenarios, the potential of
automated rule design extends to realms beyond mere gameplay, notably in the
fields of medical and electrical engineering. Examples include the automated de-
sign of personalised cancer treatment protocols [] and efficient cooling power
modules [] Automated rule design can enhance the adaptability of products, in-
crease the efficiency of design processes, and optimise design parameters, materials,
and configurations.

Artificial life constitutes the study that explores systems analogous to natural life

and evolutionary processes, employing simulations via computer models, robotics,

and biochemistry [bjlh, [@], [@] This discipline has investigated living systems

through a synthetic approach, essentially constructing life to gain a deeper under-
standing of it [] Examples of such endeavours include cellular automata [],
machine aquariums [246], and neural MMOs [] These projects strive to emu-
late the evolution of life, aquarium systems, and societal resource changes, thereby
augmenting our comprehension of the inherent rules or patterns governing our world.

The metaverse has gained significant interest in industry and academia as a
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research and technological exploration of the immersive future of the internet. Es-
pecially in the gaming domain, it allows users to create avatars and engage in various
activities within online virtual worlds, including social interactions, customised en-
vironments, and virtual economies [248], [249]. The metaverse encompasses four
significant domains: content creation, access and social connectedness, identity and
representation, and assessment, validation, and user research [250]. The sustenance
of metaverse user experiences depends on two aspects: content experience and con-
tent creation. Gamification bridges the gap between content experience and cre-
ation, facilitating the construction of virtual worlds by developers and granting
player access [251].

Procedural content generation (PCG) represents an algorithmic method for cre-
ating elements automatically, leveraging a confluence of human-generated assets,
computer-mediated randomness, and computational processing power [252]. It has
found extensive application in game design, such as No Man’s Sky [253], Minecraft
[254], and RimWorld [255]. Within the realm of the gaming industry, a multitude
of applications of procedural content generation (PCG) can be categorised as "con-
structive” techniques, sequentially employing grammar or noise-based algorithms
to generate content devoid of evaluation. It also enhances the diversity of game
experiences and mitigates the repetitive workload typically associated with design
tasks [256]. However, the efficacy of PCG is significantly contingent upon the design
and execution of sophisticated algorithms, which often necessitate substantial effort
to design and evaluate. While it is common to examine existing game content for
inspiration, machine learning methods have far less commonly been used to extract
data from existing game content in order to create more content.

Game generation lies at the intersection of a multitude of creative domains, from
art and music to rule systems and architecture [65]. Distinct from conventional Al,
artificial general intelligence (AGI) is premised on the idea that machines could
potentially mimic human cognitive processes in the future [257]. The establishment
of General Video Game Artificial Intelligence (GVGAI) was motivated by a desire
to steer Al researchers away from an over-reliance on specific tasks or algorithms in

game engineering [258]. The use of generative models to construct not only game
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entities such as maps, characters, audio, and level systems, but also game rules,
demonstrates significant potential within the context of GAGAI. Generative models
play a vital role in unsupervised learning, offering an efficient means to analyze
and comprehend unlabeled data [259]. These models, through learning from the
data, develop an understanding of the internal probabilistic distribution necessary
for content generation [260]. Significant improvements have been made in generative
models such as Variational Autoencoders (VAE) [261], [262], Generative Adversarial
Networks (GAN) [263], [264], and flow-based models [265], [266]. Despite these
strides, a preponderance of research on generative tasks remains concentrated within
the domains of computer vision and natural language processing.

Reinforcement learning (RL) is a mathematical framework for experience-driven
autonomous learning [267]. It is designed to learn decision-making and has been em-
ployed to address challenges posed by Atari games [268]. Additionally, Multi-Agent
Reinforcement Learning (MARL) represents a subfield of reinforcement learning.
Multi-agent reinforcement learning concentrates on studying the behaviours of mul-
tiple learning agents co-existing in a shared environment [269]. Deep learning fa-
cilitated the scalability of reinforcement learning (RL) to address decision-making
challenges that were previously deemed intractable, specifically in settings charac-
terised by high-dimensional state and action spaces. Moreover, popular algorithms
within deep RL, such as the deep Q-network (DQN) and trust region policy optimi-
sation (TRPO), have garnered extensive utilisation in the realm of game design.

This project aims to establish a framework for rule generation, evaluation, and
evolution. To achieve this, two digital environments, Maze Run and Trust Evolu-
tion, have been developed. We outline a series of rules that could be translated and
illustrated within these environments. Both environments serve as games for Al,
non-player characters (NPCs), and humans. We also distinguished the rule genera-
tion task in three aspects: 1. There is no pre-existing dataset for model training; all
data are generated and collected by the environment during training. 2. The gener-
ated rule vector must be translated into rules that the environment can comprehend.
3. Rule design requirements might be impractical and can affect the model’s perfor-

mance. In response to these challenges, we proposed our rule generation framework
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and summarised our contributions as follows:

o Three core elements, including rule, strategies, and evaluation, are refined and
symbolised to clarify relationships inherent in the automated rule generation
task. These elements serve as a structured framework for organizing the rule
generation process, and they facilitate a deeper understanding of the different
components within the RGN framework. Furthermore, this analytical ap-
proach has helped us identify three significant challenges associated with rule
generation: no dataset, rule translation, and unreasonable requirements, and

enlightens us to introduce the controllability for the system evaluation.

o A rule generation framework is proposed based on generative models, digital
environments, and reinforcement learning models. This framework integrates
neural networks with automated game design and introduces controllability
for both rule designers and game environment evaluation. This framework is
initialised with default rules and accepts expected results as input. It evaluates
the generated rules based on agents’ strategies and refines the rule design

process by comparing the expectations with the evaluation outcomes.

o Two digital environments, Maze Run and Trust Evolution, are established
using Python and Unity as platforms for the demonstration of automated
game design. Translators are employed to connect the generated rules to the
games. These environments showcase the multi-platform adaptability of the
proposed framework, provide opportunities for human participation in rule
design, and effectively incorporate both cooperative and competitive social

modes, which are vital for game rule evolution.

The remainder of the chapter is structured as follows. Section 2 reviews existing
methods for generative models, reinforcement learning, automated game design,
and procedural content generation. In Section 3, we present details for the proposed
methodology, including environment creation, RGN framework, rule implementation
and translation. After that, we demonstrate details about our digital environment
and the experimental results in Section 4. Finally, we place important conclusions

and discuss possible future works in Section 5.
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Figure 3.2: Overview of the relationship among rule generation tasks, artificial life,
procedural content generation, the concept of the metaverse, and artificial general in-
telligence. Offering a comprehensive understanding of their interconnectivity within
the realm of advanced computational studies.

3.2 Related work

3.2.1 Related tasks and Applications

The concept of Artificial Life (ALife) was first introduced by Langton in 1989,
described as life made by man rather than by nature [241]. It is occasionally con-
sidered synonymous with open-ended skill learning [270]. Present ALife research
spans across 14 themes, including computational biology, artificial societies, and
adaptation ecology [244], [271]. Supramaniam et al. have primarily focused on the
microfluidics method, honing in on the molecular and cellular biology domain [272].
Environmental task-driven approaches have also flourished in ALife, often achieved
through multi-agent reinforcement learning (RL) [273]. A notable contribution in
social modelling is the Neural MMO, a large-scale game environment designed for
RL [247]. This research attempts to use Al to simulate social patterns based on
the environment or specific tasks, rather than exploring the impact of rule changes.
This chapter introduces the concept of artificial life into the game environment, of-
fering the potential to apply automated game design methodologies to real-world
scenarios.

Metaverse, a digital twin to the real world, embodies a symbiotic relationship

with the gaming industry, modelling technologies, and social computing. The mod-

43



elling of the Metaverse is supported by the utilisation of game engines such as Cry
Engine, Unity Engine, and Unreal Engine [274], [275], [276]. These engines simplify
the development process by reducing the requirement from code, thus cultivating a
milieu that closely mirrors the real world [277]. In addition, the inherent interactive
modalities and scene rendering technologies in games furnish immersive and engag-
ing user experiences, emphasizing the significance of gaming in the formulation of
user engagements within the Metaverse. Furthermore, the reliance of the Metaverse
on modelling technologies becomes evident in the digital transposition of physical
realities and the generation of digital identities via digital twins, identity modelling,
and identity addressing [278]. The two environments presented in this chapter serve
as representations of the real world, while the evaluator forecasts outcomes as digital
twins.

Automated game design can be categorised into two focus areas: generation of
game stages, levels, and structures, and generation of game rules, mechanics, and
dynamics [143]. Notwithstanding, other facets like visuals, audio, and narrative also
play a key role in game design. Procedural content generation (PCG) has been piv-
otal in creating game structure, for instance, generating levels or puzzles for existing
games [279]. A shift towards procedural content generation via machine learning
(PCGML) has been observed recently, leveraging existing game content to train
models that produce new game content, thus eliminating the need for expert design
knowledge [280]. On the other hand, the generation of game rules has seen applica-
tions of grammars, optimisation, and constraints to create new rule sets for existing
level designs [281], [282], [71], [283], [284], [285]. Competitions like the general video
game rule generation track have spurred advancements in this area, demonstrat-
ing the effectiveness of both constructive and genetic algorithm approaches [[70].
Our automated rule design study begins with identifying key elements of general
rule design and establishes a machine learning-based framework, demonstrating the
potential for complex rule creation.

Procedural content generation via machine learning (PCGML) has garnered sig-
nificant attention for its versatility in autonomous generation, co-creative design,

data compression, and more, offering innovative solutions in game design [286].
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PCGML minimises the need for human input during generation by leveraging rep-
resentative content for autonomous generation, making it ideal for online content
generation, such as in rogue-like games [287]. Moreover, PCGML facilitates co-
creation, enabling efficient collaboration between human designers and algorithms
in content creation [28§], [289]. Notably, PCGML supports content repair by iden-
tifying unplayable areas and offering corrective suggestions [290], [291]. In terms
of critique and analysis, PCGML outperforms other PCG approaches by providing
in-depth analysis and critique of game content [292]. PCGML is also effective in
data compression, particularly with autoencoders, allowing for efficient storage of
game content [253]. The versatility and efficiency of PCGML in these domains high-
light its potential for shaping the future of game design. The proposed framework
takes advantage of PCGML to improve the efficiency of designer training and result

evaluation.

3.2.2 Related Learning Paradigms

Deep generative models constitute a framework that represents the distribution of
generative models using deep neural networks. Recent advancements, such as Chat-
GPT, BERT, and DALL-E 2 [293], have demonstrated significant potential in recent
years. These models can generate text and images based on textual descriptions.
Wang et al. demonstrated the performance of generative models in image segmenta-
tion [294], [295], [296] and noise removal [297]. Ho et al. have also validated the per-
formance of diffusion models in video generation [298], [299]. Some research teams
have explored causality and relationships using generative models [300], [301], [302].
Additionally, generation tasks in the game domain mainly involve game content gen-
eration, such as assets [B03] or textual elements [304]. The deep generative neural
networks are introduced into the designer for rule creation.

Reinforcement learning has evolved based on Markov decision processes, wherein
the selection of actions focuses on the current state and potential reward [267].
Recent advancements in RL demonstrate significant progress in multi-agent [305],
reward-free [306], and generation tasks [307]. The essence of RL models lies in ac-
quiring experience based on rewards obtained from various situations. Well-trained
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models exhibit reliable performance when participating in games, which can assist
in evaluating the game environment. Multiple reinforcement learning agents are
utilised in the environments to explore strategies and evaluate created rules in this
chapter.

The proposed Automated Rule Generation (ARG) will be a new machine learning
task in the generative model category. The implementation of the ARG involves deep
neural networks as the backbone models. The Deep Generative Model is used for
the rule-generation purpose. Reinforcement Learning is not a part of ARG but a
learning algorithm paradigm to stimulate Al agent behaviour so that the rules and
generated environment can be evaluated and evolve. We do not particularly address
the shortcomings of specific models. Instead, the chapter aims to propose a new

paradigm and machine learning task.

3.3 Methodology

The rule generation task aims to comprehend the relationship between input rule
parameters and game outcomes, and subsequently train a generative model to for-
mulate rules for specific objectives. This necessitates, at a minimum, a rule designer
and an environment capable of implementing rules and recording statistics for rule
evaluation. Given that the environment functions as a black box, the establishment
of an evaluator, acting as a digital twins, can facilitate the designer’s optimisation.
Gamified rules within a digital environment can be engaged by RL models, NPCs,
and humans.

As depicted in Fig. @, our system framework mainly comprises three primary
processes: environment development, rule designer training, and rule generation.
The environment development involves creating a game with predefined rules rep-
resented by a vector. The rule designer training process strives to construct models
for rule generation and train them according to the target evaluation metrics. In
the rule generation process, the pre-trained generative model designs a set of rules

that align with the expected outcomes.
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Figure 3.3: An illustration of rule generation framework. The rule designer learns
to create rules according to the embedded expectation and evaluates the results.
The generated rule vector is then sent directly to the evaluator and translated into
an executable parameter for the environment. The evaluator learns to validate the
rules individually. The RL model learns strategies by exploring the environment.
The controllability is tested on both the environment and the rule designer.

3.3.1 Preliminaries

Extensive-form rule generation tasks involve three critical components: rule, strat-
egy, evaluation. This section presents and explains the definitions and notations
below.

Rule. Rules can be regarded as a set of principles in a game, such as players,
maps, nodes, functions, natural acts, and decisions [] Let R = [rpq) € RV->Pr
represent a set of rules in a digital environment. Here, N, denotes the quantity
of rules and D, represents the dimension of each rule. The set includes creation,
deletion, and modification of rules. Rule creation increments N, to N, + 1, adds
it to R, and increases the rule quantity. Conversely, deletion involves removing r;
where i € {1,...,N,} from R, reducing N,. Rule modification updates r;4 € R
where ¢ € {1, ..., N;} to r;4/. The evolved rules can be represented by R'.

Strategies. Game strategies are a series of complete algorithms selected by

players according to the situation, in compliance with rules, and determining the
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result [309], such as the strategy of the prisoner’s dilemma. We assume S = [s,, 4] €
RNsxDs to be strategies developed by players. Here, N is the strategy number and
Dy is the dimension of each strategy. As each game may have more than one strategy
and each strategy may have different stages, D, may vary. If the game is a complete
information game, all strategies can be enumerated and N, can be a specific number,
whereas N, can be infinite in an incomplete information game. Both humans and
AT can play and develop strategies based on the reward.

Evaluation. Game evaluation is associated with high-level heuristics, including
spontaneity, interruptability, and continuity [310]. These heuristics are determined
by a series of specific game parameters. Let the evaluation result be denoted by
E = [enq) € RNeXPe where N, and D, represent the evaluation metric quantity and
dimension, respectively. All rules can be assessed using a set of evaluation criteria
f to obtain the result . Each e € E represents an assessment perspective of the
evaluation. Furthermore, the nature of the evaluation is determined by the game
rules, while the actual results are demonstrated and recorded by agents’ strategies
during gameplay in the digital environment. This process can be represented as
E = f(R,S), where f denotes the evaluation metrics.

Automated Rule Design. Automated rule design begins with an initial rule
set, R, foundational to the game environment. Players or agents then formulate
strategies, denoted as S, which are essentially algorithms or behaviours tailored to
optimise outcomes within the confines of R. Subsequent evaluations expressed as
E = f(R,S), represent gameplay metrics such as efficacy and fairness. Drawing
from &, the system discerns areas for rule modification in R to enhance gameplay
or meet specific objectives. This cycle of strategy formulation, evaluation, and rule
refinement iteratively progresses until the system meets predetermined performance

or balance benchmarks.

3.3.2 Frameworks

Figure @ demonstrates that the system consists of three primary components: rule
designer, evaluator, and digital environment. Additionally, the digital environment
incorporates a set of reinforcement learning agents, non-player characters, and hu-
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man players. The expectation is a set of linguistic descriptions embedded as a
vector . The rule designer generates a set of rule vectors R based on embedding
. Generated rules are then translated into accessible vectors for game platform
implementation. Subsequently, the game is made available to Q-learning agents,
NPCs, and human players for strategy exploration. The game, featuring experi-
enced players, simulates the evolution of society under the generated rules. All
statistics recorded during gameplay are gathered for rule evaluation. The evaluator
serves as a digital twin of the environment, simulating output statistics and sharing
the same raw rule vector, created by the rule designer, as input. The evaluation
results are utilised to compute controllability, which is then employed to upgrade
the rule designer.

The objective of generative tasks is to train a generative model, such as a
variational autoencoder (VAE), generative adversarial network (GAN), or diffusion
model, to create content according to specific requirements. These models are rep-
resented by a function denoted as g : Z — X, which is designed to map random
noise vectors Z to high-dimensional output X. Prior to training, it’s crucial to cu-
rate a labelled dataset, where the labels serve as the model’s ground truth. Unlike a
traditional generative model, this framework doesn’t require a pre-prepared dataset.
The rule generation process aims to train a designer d : £ — R to create rules R.
As a data-free training task, the designer takes the expected result E as input, and
the output rules are R = d(E). The created rules R will be implemented in the
environment and the output can be represented as E' = Env(d(E), S), where Env

is the evaluation criteria. The training of d is formulated as follows:
rndin V(d, Env) = log(1 — Env(d(E), S)). (3.1)

Although Env(d(E),S) represents the ground truth, an evaluator, functioning
as a digital twin, aids the designer during the backwards process. The objective
of the evaluator is to emulate the environment and predict evaluation outcomes.
It accepts R as input, analogous to the environment, and learns to score rules as

E" = p(d(E)), which is denoted by p : R — E”. Throughout training, the evaluator
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is refined by minimizing the discrepancy between its own output E” and the ground
truth E'.
min L(E', E") = min L(p(d(FE)), Env(d(e))). (3.2)

Reinforcement learning is based on access to the Markov Decision Process that
can be defined as the tuple {S, A, 7, R,p(s0),7v}. These elements represent states,
actions, transition probabilities, rewards, initial state probabilities, and discount
factors, respectively. This chapter utilises Q-learning models as RL agents. They
share the same action list, reward map, and perceptual field as other players. The
actions of well-trained agents can be considered objective, as they maximise the
reward. The goal of strategy exploration is to train players P : State — Action

according to the reward.

3.3.3 Environment and Task

This chapter presents two digital game environments for rule demonstration, re-
ferred to as Maze Run (MR) and Trust Evolution (TE), purposed to demonstrate
the practicability of rule generation with judicious utilisation of computational re-
sources. These environments aim to demonstrate the feasibility of rule generation
while utilising minimal computing resources. TE serves as a fusion of artificial life
and rule-generation tasks, as it simulates cooperative behaviour among individuals
in a society.

Maze Run. The maze run provides a 2D map with variable height and width.
It is full of reward points and traps that can be modified according to different
evaluation metrics. The goal of the game is to survive as long as possible. All
agents, including human players and Q-learning agents, try to find a strategy that
gets more food and avoids traps. As the MR environment aims to match the rule
generation task with minimising parameters, here we fix the number of agents as 2,
both height and width are 6 grids, and the initial locations are the left bottom and
right top corners separately.

Let M be the set of 2D maps, H be the set of heights, W be the set of widths,
G be the set of grid cells, and A be the set of agents. Let h : M — H be the
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height function that maps each map to a height. Let w : M — W be the width
function that maps each map to a width. Let [ : A — G be the location function
that maps each agent to a grid cell. Let f : M x G — reward point, trap be the
contents function that maps each map and grid cell to the contents of the cell. Let
t: M x A — R be the time function that maps each map and agent to the time
they survived. The following constraints hold: (1) For all m € M, h(m) = 6 and
w(m) = 6. (2) For all m € M and a € A, l(a) is either the left bottom or right top
corner of the map m. (3) For allm € M, g € G, f(m,g) is either a reward point or
a trap. (4) All agents, including human players and Q-learning agents, try to find
a strategy that maximises their time function ¢(m,a) by collecting reward points
and avoiding traps. The goal of the game is to survive as long as possible, so the
objective is to maximise the time function ¢(m, a) for all agents a € A.

Trust Evolution. In the Trust Evolution environment, the rules can be char-
acterised by parameters such as payoff, population size, the round number, repro-
duction rate, and mistake probability. The mistake probability represents the likeli-
hood of a player choosing the opposite action, while the round number indicates the
number of trades each agent conducts. Throughout each game, players attempt to
acquire more coins by engaging in trade with others, choosing between two possible
actions: cheat or cooperate. The payoff maps agents’ actions to trade outcomes. Six
types of NPCs represent various personalities: random, cheater, cooperator, copycat,
grudger, and detective. The first three types consistently choose random, cheat, and
cooperate, respectively. Copycats initiate cooperation and subsequently mimic oth-
ers’ last actions, while grudgers always cooperate until betrayed. Detectives start
with a sequence of cooperation, cheat, cooperation, and cooperation actions; if oth-
ers never reciprocate cheating, they continue cheating, otherwise, they adopt the
copycat strategy. At the conclusion of each match, a selection process eliminates
low-performing players and reproduces top performers.

Let R be the set of rounds, N be the set of players, and A be the set of actions
(cheating or cooperation). Let p be the mistake rate such that 0 < p < 1. Let
f : N xR — A be the action function that maps each player and round to an

action. Let g : A x A — R be the payoff function that maps each pair of actions
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Figure 3.4: An illustration of the rule translation progress. The blue vector is
generated by the rule designer and subsequently divided into smaller vectors, each
representing a distinct rule. These smaller vectors are then encoded as executable
parameters for the environment.

to a reward. Let T': N — random, cheater, cooperator, copycat, grudger, detective
be the type function that maps each player to their personality. Let k& be the
reproduction number, such that k is a positive integer. The following constraints
hold: For all n € N and r € R: (1) If T(n) = random, then f(n,r) is chosen
randomly. (2) If T'(n) = cheater, then f(n,r) = cheating. (3) If T'(n) = cooperator,
then f(n,r) = cooperation. (4) If T'(n) = copycat, then f(n,r) = f(m,r — 1) for
some player m € N such that f(m,r — 1) is the action of m in the previous round.
(5) If T'(n) = grudger, then: if there exists a player m € N and a round s < r such
that f(m,s) = cheating, then f(n,r) = cheating; otherwise, f(n,r) = cooperation.
(6) If T'(n) = detective, then: if r = 1, then f(n,r) = cooperation; if r = 2,
then f(n,r) = cheating; if r = 3, then f(n,r) = cooperation; if r = 4, then
f(n,r) = cooperation; if there exists a player m € N and a round s < r such that
f(m,s) = cheating, then f(n,r) = f(m,r — 1); otherwise, f(n,r) = cheating. At
the end of each game, the k players who won the highest reward are selected for
reproduction, and the same number of lowest reward are eliminated.

Rules Translation. Demonstrating game rules in a virtual environment is a
cross-platform task. The rules are structured as a set of parameters which can
not be understood or accessed by neural networks directly. One potential solution
is extensible markup language (XML), which encodes arbitrary information into
human-readable and machine-readable formats [] It has been introduced into
some black-box optimisation tasks as it can be easily translated to inputs [] []

However, the description of the rule includes not only objects but also relationships.
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To convert the generated rule vector into accessible game mechanisms within the
environment, we employ rule maps. Owing to the relative simplicity of the Maze Run
(MR) environment, the rule vector generated by the rule designer merely contains
the reward information for each grid cell in the map. This vector takes the form of
a tensor with dimensions corresponding to the map size.

The TE environment is relatively complex as the generated rule vector contains
multiple rules. TE’s rule is a 15-dimensional vector. The first 6 dimensions of the
vector represent the population of each personality, and the total number of people
is fixed. The following 7th to 12th dimensions map to the trade payoff: cheat-cheat,
cheat-cooperate, cooperate-cooperate. The 13th dimension is related to the round
number, and the last two dimensions represent the reproduction number and mistake

possibility, respectively.

Dimension 0 1 2 3 4 5 12 13 14
Semantics | Random | Cheater | Cooperator | Copycat | Grudger | Detective | Round | Reproduction | Mistake
Number | Number | Number Number | Number | Number | Number Number Probability
Range | [06] | [0.] [0,6] 06 | 06 | 06 | [5.20 [1,10] [0,05]
Type int int int int int int int int float

Table 3.1: Trust Evolution Game rule vector: dimensions 0-5 represent the counts of
each agent personality; dimensions 12-14 correspond to round number, reproduction
number, and mistake probability.

Dimension 6 7 8 9 10 11
Payoff Payoff Payoff Payoff Payoff Payoff
Semantics | Plaverl player2 playerl player2 playerl player2
cheat cheat | cheat cheat | cheat cooperate | cheat cooperate | cooperate cooperate | cooperate cooperate
Range [_575] [_55} [_55] [_575] [_55] [_575]
Type float float float float float float

Table 3.2: Trust Evolution Game rule vector: dimensions 6-11 correspond to payoff
values for the combinations (cheat—cheat, cheat—cooperate, cooperate-cooperate) for
both players.

Ethical Analysis. In the realm of automated game design, the generation of
rules through artificial intelligence introduces the possibility of inadvertently em-
bedding biases into the gaming experience. This chapter presents an ethical exami-
nation of our Rule Generation Network. Throughout the development of the RGN
structure, we incorporated two game environments: MR and TE. It is important to
highlight that players’ roles within these games are devoid of any attributes related
to sex, age, race, or similar socio-cultural factors. In MR, traps and rewards are
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solely tied to reinforcement learning rewards, eliminating potential subjective biases.
Similarly, in TE, the six distinct personalities are purely representative of various
NPC behavioural patterns, further emphasising our commitment to unbiased game
design.

Unreasonable Expectation. In the process of testing the RGN framework,
which leverages external expectations to formulate rules, in multiple expectations
for future work. We discovered challenges associated with certain expectations that
proved to be unreasonable. An illustrative example is the contradiction of expecting
both a cheater and a cooperator to win in the same trust evolution game. The con-
tradiction of such unreasonable expectations not only diminishes training efficiency
but also adversely impacts the evaluation score of the rule designer within the RGN.
Consequently, we highlight the identification of these unreasonable expectations as
a hurdle in rule generation. Addressing this challenge may require the application

of logical reasoning and structured methodologies.

3.3.4 Controllability

To ensure the rules generated rules of the designer during training are consistent
with the input expectation, we introduced controllability from information theory
for designer evolution. The controllability matrix is a fundamental concept in control
theory, serving as an essential tool for evaluating the controllability of linear and
non-linear systems. Controllability represents the ability to guide a system from
any initial state to any target state within a finite period using available control
inputs. By mathematically assessing this property, the controllability matrix enables
researchers and engineers to analyse the efficacy of control inputs in directing a
system’s state and informs the design of control strategies for various applications
in engineering, robotics, and other fields.

Proposition. The linearised system, exemplified by the player’s movement, can

be expressed as:

#(t) = Ax(t) + Bul(t), (3.3)
y(t) = Cx(t), (3.4)
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where z(t) € R™ denotes the state vector, u(t) € R™ signifies the control input
vector, A € R™" is the system matrix, B € R™*™ represents the input matrix, and

C € RP*" is the output matrix. The controllability matrix is defined as:
C=[B,AB,A’B,..., A" 'B], (3.5)

where C € R™™" and A*B corresponds to the k-th power of matrix A multiplied
by matrix B. The non-linear system is characterised by the following state-space

equation:

2(t) = f(x(t) + g(x(t))ul), (3.6)

where z(t) € R is the 15D rule vector, u(t) € R represents the 1D win rate input,
and f(x) and g(x) are non-linear vector functions. The Lie derivatives of vector

fields f(z) and g(z) can be computed as:

Ly Ly = 200 0y - 2 o )

Construct the Lie algebra £ generated by the Lie derivatives of vector fields f(x)
and g(z):
L=fglf 9519199 (3.8)

At a specific point xg, create the distribution matrix D(z() using the vectors in the

Lie algebra:
D(ao) = | f(z0) g(xo) [f.q) -] (3.9)

If the rank of the distribution matrix D(zy) is equal to the dimension of the state-
space (rank(D(zg)) = 15), then the system is locally controllable at the point z.
Lemma. Let N denote a set of players, and A represent actions (cheating
or cooperation). To investigate the controllability of the system, we must first
define the state-space and action-space. The controllability matrix is a matrix that
associates the players’ actions with alterations in the system’s state. Let C' be the

controllability matrix, with C; ; signifying the impact of player i’s action on player
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7’s state. The entries in the controllability matrix can be computed as follows:

=3 P(slsj ), (3.10)

a;€As;eEN

where s is the state of player j after player i takes action a;, and P(s[s;,a;) is
the transition probability from state s; to state s} given action a;. By calculating
the controllability matrix, one can determine the degree to which the players can
control the outcome of the game and whether the game is balanced or not. This
can help to improve the design of the rule generator and ensure that the generated
games are academically sound and enjoyable for players.

As for the designer networks, it provides a mapping from the 1D input to the

15D output space, represented as:

LL‘(U) = WgU(WQO’(Wlu + bl) + bz) + bg. (311)

3.4 Experiment

3.4.1 Settings

The experiments focus on three primary objectives: (1) implementing the RGN
model across multiple environments; (2) demonstrating and gamifying the gener-
ated rules; (3) generating rules according to specific evaluation metrics. It requires
the RGN model to be capable of generating rules that can be instantiated within
diverse environments, allowing Al agents, NPCs, and humans to play. Training
the rule designer based on various evaluation metrics, with the expectation that a
well-trained designer will produce rules that align with the desired outcomes. It also
aims to showcase the generated rules within an environment that provides accessible
operations and visual representations of the associated statistical data. This com-
prehensive experimental approach seeks to validate the effectiveness of the proposed
RGN model in generating engaging and meaningful game experiences.

Evaluation Criteria. The evaluation framework for the RGN model is mul-
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Algorithm 1 RGN training algorithm

Input:

Linguistic description for rule expectation F;
Number of training epochs Ep.

Game environment Enuv.

Output:

Well-trained rule designer model: D : EF — R.
Well-trained Q-learning model: @ : S — A.

1: Initialisation: Embed the rule expectation as .

2: Add noise z to the expectation E, resulting in ¢ = ¢ + 2.

3: fort=1:FEpdo

4:  Rules generation: designer create rules R = D(FE).

5. Train reinforcement learning model: translate R into R’ = T(R), learning
strategies S = Env(R');

6:  Train evaluator: use ' = Env(R’) to train the evaluator;

7. Train designer: use the evaluator’s result £’ and input E to upgrade designer;
8. if B/ — EF==0 then

9: break;

10:  end if

11: end for

12: Save the well-trained designer model D for rule generation.
13: Save the well-trained Q-learning model @ for action selection.

tifaceted, encompassing a rule designer, an evaluator, Q-learning models, and two
distinct virtual environments. Consequently, a diverse array of evaluation method-
ologies and criteria are implemented. For the rule designer and evaluator, qualitative
evaluation is undertaken by integrating the generated rules into the two virtual en-
vironments (MR and TE). Quantitatively, Mean Squared Error (MSE) loss and
cross-entropy loss functioned as training criteria for the rule designer and evaluator,
respectively. Additionally, controllability is employed to gauge the performance of
the rule designer and game platform. The distribution of potential game outcomes,
ascertained by the random sampling of rules, served as a dataset during RGN train-
ing.

In establishing a baseline for the RGN, we separate it into three distinct seg-
ments, each according to its specific role and utility in the rule design continuum:
the designer, evaluator, and tester. For the RGN designer, the baseline is drawn from

both human and random designers. The evaluator’s baseline is anchored to actual
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Figure 3.5: Illustration of the different rule designs. The entities encompass six
distinct character roles, with different appearances representing unique personalities.
The rules are generated by humans, random generation, and RGN. (a) Human
design. (b) Random design. (¢) RGN design (payoff). (d) RGN design (population).

game results, ensuring an empirical point of reference. Meanwhile, the RGN tester’s
baseline encompasses a comparative assessment of performances across Q-learning,
deep Q-learning (DQN), double DQN;, categorical DQN, human participants, and
NPCs. This stratified baseline approach provides a comprehensive and multifaceted
reference for evaluating the efficacy and robustness of the RGN system. Moreover,
the assessment of automated game design systems presents a persistent challenge
for scholars in the discipline. The comparisons between individual systems remain
infrequent, often limited to qualitative expositions in sections dedicated to related
literature. This is primarily due to the distinct nature of each automated game
design system, characterised by their unique game engines, technological infrastruc-
tures, and design philosophies []

Implementation Details. The MR and TE environments are developed using
PyPlot and the Unity engine, respectively. In the MR environment, the gener-

ated rule vectors encompassed the reward map, whereas in TE, the rule comprised
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Table 3.3: Strategies’ records of trust evolution game generated by well-trained
RGN networks based on 100% cooperation rate expectation. The population for six
personalities are fixed to 4, and one of the roles can choose a trade target each time.

Trade id 00 01 02 03 04 05

Player id Al F3 B1 C2 C1 C3 D1 C2 E1 E4 F1 C3

Operation | cheat  cooperate | cheat  cooperate | cooperate cooperate | cooperate cooperate | cooperate cooperate | cooperate cooperate
Result win lose win lose win-win win-win win-win win-win win-win win-win win-win win-win
Coin +1.32 -0.34 +1.32 -0.34 +0.87 +0.87 +0.87 +0.87 +0.87 +0.87 +0.87 +0.87

Trade id 06 07 08 09 10 11

Player id A2 A5 B2 F2 C2 C1 D2 D1 E2 C2 F2 C4

Operation cheat cheat cheat cooperate | cooperate cooperate | cooperate cooperate | cooperate cooperate | cooperate cooperate
Result lose-lose  lose-lose win lose win-win win-win win-win win-win win-win win-win win-win win-win
Coin -0.21 -0.21 +1.32 -0.34 +0.87 +0.87 +0.87 +0.87 +0.87 +0.87 +0.87 +0.87

Trade id 12 13 14 15 16 17

Player id A3 F1 B3 Al C3 C2 D3 D4 E3 E1l F3 C2

Operation cheat cooperate cheat cheat cooperate cooperate | cooperate cooperate | cooperate cooperate | cooperate cooperate
Result win lose lose-lose  lose-lose win-win win-win win-win win-win win-win win-win win-win win-win
Coin +1.32 -0.34 -0.21 -0.21 +0.87 +0.87 +0.87 +0.87 +0.87 +0.87 +0.87 +0.87

various game parameters such as population distribution, payoff structure, round
count, reproduction quantity, and mistake probability. Essential metrics in the TE
environment, including the Cooperation Rate (CR), Average Coin Increment (ACI),
and Cooperator Proportion (CP), represent players’ actions, resource fluctuations,
and game trends. To maintain consistency and reliability in the TE environment,
we drew upon ‘The Evolution of Trust’ by Nicky Case, excluding Q-learning and
human players for demonstration purposes. The rule designer and evaluator are im-
plemented as models with three fully connected layers. Q-learning models functioned
as our RL agents, while a fixed response algorithm, providing specific responses to
distinct inputs, is utilised for NPCs.

The core RGN module consists of two multilayer perceptrons, the Designer and
the Evaluator—both trained using mean-squared error loss and the Adam optimiser
(learning rate n = 0.01, B; = 0.5, B2 = 0.999, batch size B). The Designer accepts
a batch of evaluation requirements with shape B x E (where E = 1 by default). It
comprises three fully connected layers: the first maps the £ dimensional input to 8
hidden units, followed by a LeakyReLU activation (negative slope 0.2); the second
maps 8 units to 16 units, includes batch-normalisation, and uses a LeakyReL.U acti-
vation; the final layer maps from 16 units to L x R outputs (with L = layersNum = 1
and R = RuleDimension = 15), and applies a Softmax over the feature dimension to
produce a probability-simplex “rule vector.” The Designer’ s forward pass reshapes
this output to a tensor of shape B x (L R). The Evaluator takes as input a batch of

“rule vectors” with shape B x (L R), flattens each vector, and processes it through
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Figure 3.6: Illustration of the created rules from the MR during training. The red
circles denote the Q-learning agent, the yellow circles indicate reward points, and the
black squares represent traps. The red dotted line highlights the primary changes
of rule during training. (a) Expected win rate = 0% : epoch 0. (b) Expected win
rate = 0% : epoch 10. (c¢) Expected win rate = 0% : epoch 100. (d) Expected win
rate = 100% : epoch 0. (e) Expected win rate = 100% : epoch 10. (f) Expected
win rate = 100% : epoch 100.

three fully connected layers: the first maps (L R) inputs to 128 hidden units with a
LeakyReLU activation (negative slope 0.2); the second maps 128 to 64 units, again
followed by LeakyReLU; the final layer maps 64 units to a single scalar output,
passed through a Sigmoid to yield a difficulty prediction in [0, 1]. In each iteration,
the Designer is updated to minimise the MSE between the Evaluator’s prediction on
the Designer’ s output and the target evaluation requirements. Next, the Evaluator
is updated—using the Designer’ s generated rule vectors (detached from the gradi-
ent)—to minimise the MSE between its prediction and the “ground-truth” difficulty
obtained by simulating those rule vectors in the environment. Both networks share

identical Adam optimiser settings and batch sizes as described above.
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Figure 3.7: Illustration of six game scenarios with varying player numbers, specif-
ically containing 15, 30, 45, 60, 100, and 150 Q-learning agents as players, respec-
tively. Apart from the player numbers, all other rules remain consistent across the
games. (a) 15 agents. (b) 30 agents. (c) 45 agents. (d) 60 agents. (e) 100 agents.
(f) 150 agents.

3.4.2 Qualitative Evaluation

The training of the RGN is conducted across multiple game environments, including
MR and TE. Due to the single rule accessibility in the MR environment, we will focus
on the variations in rule design within the TE environment. The implementation of
the designed rules is depicted in Fig. @ The primary design objective sought to
encourage a higher survival rate for cooperators. Human-designed rules are easily
distinguishable due to their orderly arrangement of roles, as the human designer
strategically adjusted the payoff structure to achieve this goal. In contrast, the
untrained model generated rules at random. Regarding the rules designed by the
well-trained RGN model, a certain level of disorder is apparent in the placement of
roles. Both rules designed by the RGN tend to prioritise the initial population over
payoff or other parameters. Thus, the proportion of cooperators shows a significant
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increase, which means the rules are inclined to augment the initial quantity of target
winners as a means to ensure they fulfil the expectation.

Fig. @ illustrates the performance evolution of the rule designer for the MR
task during the training process. The RGN rule designer’s aim is to manipulate the
win rate by creating additional traps or rewards in the map, while the Q-learning
players attempt to maximise the survival rate and reward coin number. The first
row presents the training progression for creating MR game rules where both players
have a 0% win rate, whereas the second row focuses on the creation of a game
with a 100% win rate. As depicted in Fig. , the untrained designer in the
MR environment generated rules randomly. However, during training, it started
generating more traps around agents’ spawn points and increased trap damage as
shown in Fig. to Fig. . In contrast, as illustrated in Fig. , Fig. ,
and Fig. , the upper right and lower left corners players began to host more
reward points, replacing the traps. In summary, the rule designer evolved the rules
during training to align with the expected win rate.

In the rule evaluation phase, players, including humans, NPCs, and Q-learning
models, endeavoured to devise strategies to maximise their game rewards. Fig.
@ presents the environment’s capability to handle multi-agent tasks at varying
player count levels. As each agent is required to identify their target trading role
and execute trading actions, the complexity increases at a rate of O(n?). Current
experiments in TE have supported up to 150 agents learning rules and developing
strategies within the game. Furthermore, as the number of agents increased from
Fig. to Fig. , we observed a pattern emerging among agents. As agents
tend to trade with those who benefit them the most, some roles exhibit a preference
for trading with agents who share the same personality.

Strategies developed by Q-learning players in a structured Maze Run game can be
visualised as a map, provided that the learning process is driven by rewards. Figure
@ delineates three distinct games, each aiming for distinct win rates of 0%, 50%,
and 100%, respectively. The first row of illustrations portrays the reward map, while
the second row demonstrates the movement dynamics of two Q-learning agents. The

rewards are governed by transitions in states, implying that different cells within
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Figure 3.8: Visualisation of the rules and agents’ strategies in the maze run game.
The blocks coloured in shades of orange and yellow denote regions associated with
high rewards, whereas areas signified by grey and blue correspond to relatively
lower rewards. The arrows coloured in yellow indicate the potential movements
of the agent that start at the bottom left, while the green arrows exemplify the
prospective manoeuvres of the agent positioned at the upper right. (a) Reward
map: win rate = 0%. (b) Reward map: win rate = 50%. (c¢) Reward map: win rate
= 100%. (d) Agents’ strategy: win rate = 0%. (e) Agents’ strategy: win rate =
50%. (f) Agents’ strategy: win rate = 100%.

the map may not necessarily exhibit continuity or linearity, despite analogous colour

representations. As can be observed from Figures |3.86L B.Sfl, and |3.8d, the players

investigate regions adjacent to their initiation points, and intermittently retrace
their trajectories to maximise rewards. Interestingly, during the training phase, the
players also venture into areas associated with lower rewards but display rationality
in formulating their ultimate strategies, as depicted in Figure @

Table @ presents a record of players’ strategies encompassed within a series of
game rules in the trust evolution. These rules have been generated by an adept

designer utilising the RGN designer with the objective of achieving a 100% cooper-
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Table 3.4: Performance comparison of four rule design methods for various de-
sign requirements. Four distinct rule expectations, including CR=100%, ACI=30,
CP=100%, and CP=80%, are fulfilled by four types of designers: human, random,
untrained RGN, and well-trained RGN. Three metrics are compared in the table.
The best-performing design is bolded.

Expectation CR = 100% ACIT = 30 CP = 100% CP = 80%
Metrics CR ACI CP CR ACI CP | CR ACI CP CR ACI CP
Human designed rules | 100% 17  100% | 78% 67 64% | 60% 41 100% | 100% 23  52%
Random rules 55% 5  32% | 23% -5 44% | 25% 4 0% 2% 11 0%
Untrained RGN 63%  -15 0% 54% 6 58% | 0% -5 0% 68% 8 0%
Well-trained RGN 100% 17  100% | 100% 24 82% | 100% 25 100% | 76% 15 64%
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Figure 3.9: Illustration of rules evolution in the TE during training. The population
figure employs six colours to represent six distinct personalities. The symbols A, B,
and C in the payoff figure correspond to the ’cheat-cheat,” 'cheat-cooperate,” and
‘cooperate-cooperate’ scenarios, respectively. The last figure reveals alterations in
the round number, reproduction number, and mistake possibility throughout the
training process. (a) Population. (b) Payoff. (¢) Other parameters.

ation rate. FEach trade involves two players, each of whom has the option to choose
at least one other player with whom to trade, with the outcome contingent on the
payoff outlined in the rules. As the goal is complete cooperation, the designer has
amplified the rewards for cooperation while penalising deceit, as demonstrated in the
table. Consequently, the majority of players incline towards cooperation, with the
exception of those within the 'random’ category. Additionally, it has been observed
that those who consistently cooperate are widely favoured among players of various

personality types.

3.4.3 Quantitative Evaluation

Figure @ represents the evolution of rules during designer training, the objective of

which is to formulate rules that align with the anticipated increase in the cooperation
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Figure 3.10: The quantity and proportion of each personality of role wins in five
random samplings. In the histogram, columns of the same colour correspond to the
same round of sampling, while in the pie chart, circles of the same colour represent
the same round of sampling. (a) Size. (b) Ratio.

rate to 100%. As depicted in Figure , the designer tends to expand the popula-
tion of cooperators while reducing the number of cheaters and random players. The
population of detectives also decreases, caused by their consistent inclination to scru-
tinise others. Figure portrays modifications in tradeoffs where, regardless of the
scenarios being cheat-cheat, cheat-cooperate, or cooperate-cooperate, the designer
primarily intensifies the rewards associated with cooperative behaviour. Concerning
other parameters in figure , such as the number of reproductions, round num-
bers, and the probability of mistakes, the oscillation visible in their respective curves
suggests a relatively minor correlation with the design expectation.

We also demonstrate the distribution of gaming outcomes, which serve as real-
time data for training the designer and evaluator. The Monte Carlo method is
employed to separately sample 1000 data points 5 times as depicted in Fig. .
Rules within the TE environment are encoded in a 15-dimensional vector, capable
of decoding into rules encompassing approximately 3.56265 x 10'® unique cases. As
Fig. illustrates, there is a preponderance of random game results favouring
cheaters, cooperators, and randoms as winners. In comparison, grudgers only possess
a 4.764% chance of victory against cheaters. Surprisingly, copycats did not perform
better, despite their potential highlighted in Case’s model. The pie chart in Fig.
supports this finding, indicating that it is easier to design rules favouring
the victory of cheaters, cooperators, and randoms, which aligns with experimental
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Figure 3.11: Comparison of designers’ and evaluators’ loss change in multiple envi-
ronments. Each line chart records five individual results of the same experiments.
The first row presents the cross-entropy loss change in the trust evolution environ-
ment, while the second row displays the MSE loss change in the maze run envi-
ronment. The first column represents the designer, followed by the evaluator. (a)
Designer cross-entropy loss. (b) Evaluator cross-entropy loss. (c) Designer MSE
loss. (d) Evaluator MSE loss.

observations.

The rule designer is flexible in creating rules of varying dimensions, such as
the one-dimensional win rate in the MR and the 16-dimensional parameter in the
TE. Both MSE loss and cross-entropy loss are applicable to the rule designer and
evaluator. Fig. and Fig. m illustrate the progression of cross-entropy
loss during the training phase in the TE environment, while Fig. and Fig.
concentrate on the MSE loss in the MR. The decline in all curves attests to
the improved performance of both evaluators and designers throughout the training
process. Typically, the decrease in evaluators’ losses precedes that of designers’
losses due to the former’s involvement in the backwards pass of the designer. In

essence, designers’ performance is contingent on that of the evaluators. The MSE
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Figure 3.12: Comparison of testers’ coin changes in a well-designed MR environment.
Four reinforcement learning algorithms participate in the comparison: Q-learning,
deep Q-learning, double DQN, and categorical DQN. The first figure records the
agents’ coin numbers during the training, and the second figure records the testing
stage. (a) Tester comparison in training. (b) Tester comparison in testing.

loss in the MR environment undergoes a more substantial change compared to the
cross-entropy loss in the TE environment during training, primarily because the
designer evolves the rules based solely on the win rate. Consequently, the rule
evolution process can be considered a black-box optimisation task. Increasing rule
complexity exacerbates the challenge faced by designers in discerning the appropriate
rule-generation strategies.

Comparing the performance of human and RGN designers, we established fixed
game result expectations in the TE as the design criterion and evaluated their well-
designed rules. As evident in Table @, the RGN designer consistently outperforms
random generation and untrained models. However, human designers occasionally
produce comparable results and can even surpass the RGN designer, particularly
when they iteratively test their rules. Increasing the cooperation rate logically entails
a decrease in the presence of cheaters, randoms, and grudgers. Designers can also
manipulate the payoff value to incentivise cooperation over cheating by offering more
coins as rewards. A subtle alteration in the design requirement from 100% to 80%
cooperator proportion at the game’s conclusion distinguishes the last two sections
in the table. This led to the RGN designer emerging victorious. We conclude that
the Al designer excels when design requirements are not extreme, more abstract, or

when the causality between input rules and output game results is obfuscated.
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The performance of RL agents is evaluated in a fixed game rule, which was
generated by the well-trained RGN designer. Fig. illustrates the efficiency of
these agents during the training phase. Notably, the categorical DQN emerges as
the most efficient, followed by the double DQN, deep Q-learning, and Q-learning.
However, this performance gap diminishes after 10 training epochs. After that,
the agents exhibit comparable performance within the game. As evident from Fig.
, during the game testing phase, the agents’ performance converges to a similar
value. Because the game environment proposed in this chapter involves only a few
rules, even Q-learning agents can achieve reliable performance when testing the

generated rules.

3.5 Conclusion

This chapter proposed an innovative rule generation framework, RGN, that lever-
ages generative models, reinforcement learning models, and game environments to
address the challenges of no dataset, rule translation, and unreasonable expecta-
tions in automated rule design, evaluation, and evolution, in accordance with con-
trollable expectations. We initially refined and notated three fundamental elements
of the rule generation task and established two digital environments, maze run and
trust evolution, for implementation and demonstration. A well-trained rule designer
can generate rules aligned with expectations, except in some unreasonable circum-
stances. By utilising the environments, Al and NPC, as well as human players,
can engage in the generated game rules. Moreover, we observed the rule evolution
pattern during training and the competition among Q-learning agents within the
game.

For future work, we intend to explore deeper into unreasonable expectations,
which were discovered during the research. Unreasonable expectations, such as re-
quiring two different personality groups to win at the same time in TE, can confuse
RGN in both the training and evolving stages. It also leads to an unfair evaluation
result during the test. We also aspire to investigate the causality between each di-

mension within the vector and its corresponding rule. Additionally, we are intrigued
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by the potential effects of sampling data from the environment and pretraining the
designer to generate certain unique conditions. Moreover, we intend to scrutinise the
relationships among different categories of rules, such as those pertaining to popu-
lation dynamics and payoff distribution. By introducing some seemingly extraneous

rules into the system, we aim to enhance our understanding of the causality at play.
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CHAPTER 4

Triadic Reciprocal Dynamics: The Al Framework for Social

Rule Evolving

Prologue

Chapter 4 introduces the Triadic Reciprocal Dynamics (TRD) framework, an Al-driven
system for dynamic social rule generation and evolution. First, the necessity of mod-
elling continuously changing social rules—beyond static RL scenarios—is established
through a review of social science and adaptive learning. Next, the chapter presents
how generative neural networks and reinforcement learning agents are integrated to
form a triadic cycle of Rule, Strategy, and Evaluation. The TRD architecture is then
detailed: a neural-network Rule Designer generates and refines rule parameters; a
Game Environment simulates interactions among human, NPC, and Al agents; and
an Evaluator predicts key social metrics (e.g., cooperation rate, income distribution).
A multi-dimensional evaluation paradigm is introduced to assess rule efficacy, agent
performance, and evaluator accuracy. Finally, the chapter demonstrates the TRD
platform—Maze Run and Trust Evolution environments—for real-time rule synthe-
sis, strategy exploration, and iterative feedback, establishing a novel methodology
for studying and optimising social behaviours in simulated settings.
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Rule design plays a critical role in shaping individual behaviour, group strate-
gies, and the dynamics of cooperation and competition in social systems. In addition
to traditional approaches such as questionnaires and statistical analyses, there is a
growing adoption of social modelling techniques—particularly reinforcement learning
(RL)—to explore strategies under fixed-rule conditions in sociology and psychology.
However, the study of dynamic environments, where rules, evaluation metrics, and
strategies continuously evolve, remains limited. Here, we introduce triadic recipro-
cal determinism into the Strategy-Evaluation-Rule (SER) framework and develop
an Al-driven platform called Triadic Reciprocal Dynamics (TRD) for dynamic rule
generation tasks. TRD autonomously generates, evaluates, and evolves rules in
dynamic environments, capturing the complex interactions among strategies, evalu-
ations, and rules. The system consists of three core components: the Rule Designer,
the Game Environment, and the Evaluator. Additionally, we provide a multi-
dimensional evaluation paradigm to assess both rules and agent strategies. This
interdisciplinary approach offers a novel tool for understanding and shaping social
behaviours in simulated environments, paving the way for significant advancements

in social rule design and evaluation.

4.1 Research Background

Understanding the intricate dynamics of human behaviour within social systems
has long been a central focus of psychological research [314] [315]. Social modelling,
which examines how individuals interact, influence each other, and contribute to
collective outcomes, provides invaluable insights into the mechanisms that foster
cooperation, competition, and societal cohesion [316]. Self-Determination Theory
(SDT) offers a comprehensive framework for understanding the interplay between
behaviour, personal factors, and environmental influences [317]. This context-
dependent theory articulates how environmental conditions can either facilitate or
hinder the fulfilment of these needs, leading to variations in individuals’ motivation
and subsequent behavioural outcomes [179]. In this context, rewards play a piv-

otal role in motivating behaviour: intrinsic rewards arise from internal satisfaction
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Figure 4.1: Overview of the TRD system. Our approach focus on Rule, Strategy,
Evaluation, and their relationships. Rule defines the constraints and principles.
Strategy represents the decision-making processes that operate within the given
rules. Evaluation, assesses the effectiveness of the strategies, providing feedback
that can refine both strategies and rules. The framework forms an iterative cycle,
ensuring continuous adaptation and optimization in dynamic environments.

and personal growth, while extrinsic rewards are external incentives imposed by the
environment [318]. Balancing these reward types is crucial for understanding how
individuals develop strategies to maximise their well-being and navigate complex
social landscapes [319]. However, traditional models tend to oversimplify social in-
teractions by not accommodating the nuanced, multifaceted relationships that exist
among individuals operating within these networks [320,321], which highlights the
need for a robust framework capable of elucidating these complex interactions.
Advancements in artificial intelligence, particularly in generative neural net-
works and reinforcement learning, offer promising avenues to address these chal-

lenges [322,823]. Generative neural networks, such as Generative Adversarial Net-

72



works and Variational Autoencoders, excel at creating complex data distributions
and uncovering latent structures within data [324, B25]. Reinforcement learning
(RL), on the other hand, enables agents to learn optimal behaviours through in-
teractions with their environment by maximising cumulative rewards [326]. By in-
tegrating these AT methodologies [327,828], it becomes feasible to develop systems
that can autonomously generate and refine social rules, simulate diverse interactions,
and predict the outcomes of various rule sets. This cooperation between generative
models and RL not only enhances the ability to design sophisticated social simu-
lations but also facilitates the creation of adaptive frameworks capable of evolving
alongside changing social dynamics [329].

Reinforcement learning (RL) traditionally relies on fixed rules, assuming a sta-
tionary environment and constant rewards. In reality, environments change con-
tinuously, making static policies less effective [330,B831]. Fixed-rule RL models can
struggle to adapt when conditions shift, leading to suboptimal performance. While
methods like those from Yang et al. [332] and Ahmed et al. [333] work well in sta-
ble settings, they face challenges in dynamic scenarios. Adaptive strategies such
as continual adaptation and meta-learning offer some relief but often require ex-
tensive retraining or rely on narrow assumptions [334,335]. Our Rule Generation
Project addresses these limitations by dynamically synthesising new rules in real
time, ensuring that the decision-making framework remains aligned with evolving
environments. This approach, inspired by lifelong learning research [336] and re-
cent studies on dynamic adaptation, offers a flexible alternative to conventional RL
methods.

In response to the limitations of existing social modelling techniques, we intro-
duce the Triadic Reciprocal Dynamics, an innovative Al-driven system designed to
autonomously generate and optimise social interaction rules. The triadic reciprocal
determinism theory [337] was integrated into the core structure as shown in Fig. @
It comprises three components: a neural network-based rule designer that generates
rule parameters based on specific requirements, a game environment that simulates
trading interactions among diverse players, including human participants, fixed-

strategy NPCs, and Al agents, and a rule evaluator that predicts key social metrics
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such as cooperation rate and individual income. This integration ensures that strat-
egy, evaluation, and rule formation mutually influence one another, capturing the
dynamic interplay inherent in social interactions. Through iterative training, the
rule evaluator aligns its predictions with actual game outcomes, thereby guiding
the rule designer’ s optimisation process. We present a multi-dimensional evalua-
tion paradigm designed to assess the performance of distinct system components.
The rule designer, evaluator, and Al players are evaluated using metrics tailored to
capture their specific roles within the system. This approach not only advances re-
search across diverse domains but also enhances the training efficiency of integrated
AT models. By combining these functionalities into a versatile platform, the TRD
system not only advances the field of social modelling but also provides a valuable

tool for interdisciplinary research in artificial intelligence, psychology, and sociology.

4.2 Result

4.2.1 Task setting

To investigate the impact of rules, strategy, and evaluation within the TRD system,
we evaluate our model based on the Trust Evolution Game, which provides a game
engine to examine how agents make decisions based on different rules within co-
operative, competitive, and adaptive frameworks. The Trust Evolution enables the
exploration of trust dynamics and cooperative behaviour within a controlled setting
where human researchers from different domains, programmed NPC, and Al players
interact. By analysing how different rule parameters influence these interactions,
we can gain deeper insights into the mechanisms that drive social cooperation and
the balance between self-interest and collective well-being.

Trust Evolution. The Trust Evolution environment simulates decision-making
in social interactions, characterised by parameters such as payoff matrix, population
size, number of rounds, reproduction rate, and mistake probability. The mistake
probability quantifies the likelihood of agents selecting unintended actions, intro-

ducing an element of unpredictability into interactions. The number of rounds
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Figure 4.2: Visualisation of the input panel of the TRD interface, showcasing ad-
justable parameters for initial population and trade rules, agent training configura-
tions, evaluation criteria, and real-time strategy settings. This integrated interface
enables users to fine-tune rules, monitor agent performance, and oversee the evolving
game environment in a single unified platform.

dictates the frequency and duration of trading interactions among agents. In each
interaction, agents choose between two actions: cheat or cooperate, with outcomes
determined by a predefined payoff matrix that rewards or penalises based on the
combination of chosen actions. The environment incorporates six types of non-player
characters (NPCs), each embodying distinct behavioural patterns: random, cheater,
cooperator, copycat, grudger, and detective. These behaviours range from consistent
cooperation to strategic retaliation following betrayal, thereby introducing a diverse
array of interaction dynamics. For instance, copycats mimic the actions of others,
grudgers cease cooperation after being cheated, and detectives employ more sophis-

ticated strategies to uncover cheating behaviours. At the end of each game round, a
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Figure 4.3: An illustration of the TRD interface’ s output panel, displaying real-time
visualisations of rule configurations, strategy distributions, and evaluation metrics.
Panels include rule and strategy charts, cooperation rates, final income, and Gini
coefficient measurements over multiple epochs, providing immediate feedback and
facilitating iterative refinement of game design and agent training.

selection mechanism evaluates agent performance based on predefined metrics such
as total income and cooperation rate. Poorly performing agents are eliminated, while
the top-performing agents are selected to reproduce, replacing the least successful
members of the population. This reproduction rate ensures that successful strate-
gies are propagated, fostering an evolutionary optimization of agent behaviours over

successive generations.

4.2.2 TRD platform

The interface of the proposed TRD system consists of two primary components: a
settings page and a demonstration page. The setting page serves as the input inter-
face for the backend program and comprises five functional sub-panels: Rule Setting,
Strategy Setting, Agent Training, Evaluation Expectation, and Designer & Evalua-
tor. Figure @ presents an exemplary setting page. In the Rule Setting sub-panel,
users can define parameters related to rule generation, including the initial popula-
tions of the eight personality-based agent types, trade rules, the number of trading

rounds, mistake probability, and reproduction number. The Strategy Setting panel
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enables users to select various Al algorithms, such as Q-learning, DQN, and A2C,
and also allows the inclusion of human participation. The Agent Training panel
provides settings for training parameters such as the number of epochs, gamma,
epsilon, decay, memory size, target update, and state size. The Evaluation Expec-
tation sub-panel facilitates users to define desired societal outcomes by selecting and
adjusting evaluation metrics, including Cooperation Rate, Individual Income, and
Gini Coefficient, which respectively reflect societal trust, productivity, and fairness.
Users can prioritise one or multiple metrics to guide rule evolution iteratively to-
ward desired social objectives. Finally, the Designer & Evaluator panel manages the
training parameters of the rule-designer and evaluator AI modules, allowing users
to configure evaluation expectations explicitly, such as batch size, learning rate,
decay of first-order momentum of gradient, training and testing epoch, Evaluation
size, and hidden layer size. After setting these parameters, the TRD system exports
user configurations and trains the rule designer, evaluator, and Al agents within
the game environment via the underlying SER framework. Experiment results are
then visualised and presented interactively in the Demonstration Page, enabling
comprehensive analysis and evaluation.

The demonstration page serves primarily to visualise and present experimen-
tal outcomes generated by the backend program. Similar to the setting page, it
comprises three functional sub-panels: Rule Visualisation, Strategy Visualisation,
and Evaluation Visualisation, corresponding precisely to the three core components
within our Strategy-Evaluation-Rule framework (Fig. @) The Rule Visualisation
panel illustrates the rule generation and modification process through a series of
informative charts. Specifically, a pie chart represents the initial population distri-
bution of the eight agent personalities at the latest epoch, while a line chart below
tracks these initial populations across all epochs from the beginning to the conclusion
of training. Considering that the complete trade rule comprises six individual pa-
rameters, we present their evolution jointly through a unified line chart. Additional
parameters—including round number, reproduction number, and mistake possibility
—are visualised across training epochs, employing dual Y-axes due to the distinct

numerical domains of these parameters. In the Strategy visualisation panel, we dis-
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Figure 4.4: TRD System Visualisation: The left panels present three-dimensional
surfaces of Q-learning agent performance across varying cooperation rates and train-
ing epochs, while the right panels illustrate detailed training trajectories and reward
distributions. Shaded regions indicate variability in outcomes.

play the strategies adopted by NPCs, human participants, and Al agents. Our TRD
system provides two distinct game environments: an interactive Unity-based version
allowing human participation, and a Python-based mini-environment optimised for
efficient AI model training. Consequently, we employ behaviour trees—commonly
utilised within the game development community—to visualise the decision-making
processes of NPCs. Human strategies tailored to specific agent personalities can
similarly be expressed through customised behaviour trees. Regarding Al agents,
visualisation techniques vary according to the reinforcement learning algorithm em-
ployed. For instance, Fig. @ illustrates a Q-learning agent’s strategy by convert-
ing its Q-table into a heatmap, clearly revealing action preferences across different
states. Lastly, the Evaluation visualisation panel provides insights into three pri-
mary evaluation metrics: final cooperation rate, individual income, and Gini coeffi-
cient, representing societal trust, productivity, and fairness, respectively. This panel
includes pie charts depicting the latest epoch’s cooperation rate distribution among

personalities, line charts tracking these cooperation rates and individual incomes
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Figure 4.5: visualisation of player decision trees and corresponding strategy distri-
butions. The left panels illustrate how different personality archetypes make se-
quential decisions, while the right panels depict the distribution of these strategies
across multiple training epochs. The heat map illustrates the g-table information
and shows how player behaviours evolve.

across training epochs, and charts illustrating both the final Gini coefficient and its

evolution throughout the iterative training process.

4.2.3 'Triadic Reciprocal Dynamics based model

In our investigation of the interactions among strategy, evaluation, and rule gener-
ation, we identified that these three elements form a dynamic and interconnected
cycle. Although theoretically independent, these components significantly influence
each other throughout the rule-generation process. Specifically, the rules generated
by the designer directly influence player strategies within the game environment.
These varying strategies lead to different game outcomes, which are then assessed
by multiple evaluation metrics. The evaluated results subsequently inform the rule
designer, guiding the creation of new rules, thus perpetuating the cycle. Figure @
illustrates this dynamic interplay within the Trust Evolution environment. Here,
rules are represented as a 17-dimensional vector, which we convert into a unified
extrinsic reward value, representing the reward provided by varying environmental

conditions. Additionally, the original fixed trading rule, analogous to the classic
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Prisoner’ s Dilemma, is treated as a baseline reward reflecting outcomes inherent
to each player’s interaction. The combination of both reward types is employed to
train Al agents.

The left column of Fig. Q visualises the TRD system’s training dynamics
guided by different evaluation metrics—namely, cooperation rate, Gini coefficient,
and individual income. Each plot has three axes representing strategy evolution,
rule evolution, and environment evolution, respectively. Using the first plot as an
example, the visualisation is segmented into three layers corresponding to target
cooperation rates of 98%, 50%, and 2%, depicted in red, blue, and green, respec-
tively. Training starts from an initial state where both rule evolution and strategy
evolution are zero. During each training epoch, the rule designer generates rules to
train and test Al agents, with the results reflected along the environment evolution
dimension. The fully trained designer, indicated by a rule evolution of 100 and
a strategy evolution of 200—demonstrates robust capability in generating effective
rules aligning with the targeted evaluation metric.

The central column displays the adaptation process of Al players within the game
environment following the application of rules generated by the well-trained rule de-
signer, for target cooperation rates of 2%, 50%, and 98% (from top to bottom). Dur-
ing initial epochs, the performance of Al players exhibits considerable fluctuations
and strategies misaligned with long-term objectives. With continued training, how-
ever, agents gradually converge on strategies that maximise total reward. Notably,
rules targeting intermediate cooperation rates, such as 50%, result in significant vari-
ability during training, reflecting the inherent complexity of balancing incentives for
cooperation and defection. In contrast, rules promoting near-unanimous cooperation
or defection require comparatively fewer iterations to stabilise. Finally, the right
column illustrates the evolution of extrinsic reward values continuously generated
by the rule designer throughout the training process. Across multiple experiments
with varying cooperation rate requirements, consistent patterns in extrinsic reward
trajectories emerge, reinforcing the TRD system’ s reliability and stability in rule

generation tasks.
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4.2.4 Strategy

In the TRD system, the set of actions that players choose in response to various
states is defined as their “Strategy.” By aggregating the rational decisions made by
all agents in the environment, the system extracts knowledge, identifies patterns,
and uses these insights to evaluate the quality of the generated rules. In our Trust
Evolution game, three distinct types of players are involved: NPCs, AI, and Hu-
mans. NPCs are designed to exhibit fixed, situation-specific responses represented
by six distinct personality types, while AI players embody trainable models that
continuously adjust their strategies during training. Human players, on the other
hand, participate directly either by designing their own behaviour trees or by making
choices in each trading interaction.

Figure @ illustrates the strategy representations for these three groups: be-
haviour trees are used to depict the strategies of NPCs and Humans, whereas heat
maps are employed to visualise the strategies of Al players. For example, within
the NPC category, the Cooperator consistently opts for cooperation regardless of
past interactions, whereas the Cheater invariably defects. The Random type, as
implied, makes decisions based on chance. The Copycat starts with cooperation
and subsequently mimics its opponent’ s last action, while the Grudger, though
initially cooperative, permanently defects after a single betrayal. The Detective, the
most complex among NPCs, follows a probing pattern in its initial rounds before
switching to a Copycat-like strategy.

In contrast, human players may leverage visual cues from character appearances
to anticipate personalities and adapt their strategies accordingly; for instance, co-
operating with other humans, defecting against Random, Cheater, and Coopera-
tor types, cooperating with Copycat and Grudger until the final round (at which
point they defect), and following a mixed strategy for Detective opponents. Al-
though the optimal strategy against dynamic Al players remains uncertain, our
experiments, which compared Q-learning, DQN, and A2C, show that reinforcement
learning, based on a Markov decision process, enables trained models to evaluate
the merits of different actions in a given state. In classic fixed-rule conditions, these
AT models, as visualised through heat maps that highlight preferred actions (with
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red indicating higher selection probability), consistently outperform NPCs and Hu-
man players in both single-role and multi-role scenarios, and they exhibit improved
performance during the rule evolution process.

A key innovation of our TRD system is its multi-dimensional evaluation paradigm,
enabling simultaneous assessment of rule efficacy, Al player performance, and the
adaptive capacity of rule designer and evaluator modules. In the Trust Evolution
game, for instance, rules are primarily measured by cooperation rate, Gini coef-
ficient, and individual income, representing societal trust, fairness, and collective
efficiency, respectively. Beyond rule outcomes, the framework also captures player-
level metrics such as coins accrued each round, final rankings, and extrinsic rewards,
a combination that illuminates how different personalities (e.g., Cheater, Coopera-
tor) and varying Al algorithms (Q-learning, DQN) respond to rule changes. Rule
designer performance, in turn, depends on its ability to converge on desired rules
within a certain number of epochs, while the evaluator is gauged by how accurately
it predicts final outcomes given a rule vector, compared against observed in-game
results. By allowing dynamic adjustments across these varied metrics, the system
fosters interactive analyses of complex behavioural patterns, thus supporting deeper
insights into the dynamic interplay among rules, strategies, and social outcomes. To
demonstrate this paradigm, we conducted experiments in which rules and strate-
gies were co-evolved under different target objectives—maximizing cooperation rate,
minimising the Gini coefficient, or balancing income distribution. Across multiple
epochs, the rule designer generated candidate rules, which were tested in the envi-
ronment by Al players and, if applicable, human participants. The evaluator then
predicted game outcomes based on each rule vector, and these predictions were com-
pared to actual performance metrics—cooperation rates, individual incomes, and
fairness indicators—recorded during simulation. Our results consistently showed
that the system could converge on rules matching the designated objectives within
a moderate number of training epochs. Specifically, in trials aiming to maximise co-
operation, the rule designer introduced higher extrinsic rewards for cooperative acts,
leading to stable, high-cooperation equilibria. Conversely, attempts to minimise the

Gini coefficient promoted equitable strategies, effectively curbing disparities in final
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incomes. These observations validate the system’ s ability to generate and refine
rules autonomously while offering comprehensive evaluations of agent behaviour,
further underscoring the robustness and utility of our multi-dimensional evaluation

paradigm.

4.3 Discussion

Our research introduces the Triadic Reciprocal Dynamics (TRD) framework, an
Al-driven approach designed to dynamically generate and optimise rules within
complex social systems. Integrating principles from Bandura’s Triadic Reciprocal
Determinism and Self-Determination Theory, the TRD system incorporates three
core innovations: the Strategy-Evaluation-Rule (SER) framework, a novel multi-
dimensional evaluation paradigm, and a versatile platform supporting interdisci-
plinary research. The SER framework consists of a neural-network-based Rule De-
signer that autonomously creates adaptive rules, a Game Environment simulating
diverse social interactions, and an Evaluator module that predicts and assesses so-
cial outcomes such as cooperation rates, fairness, and collective productivity. This
iterative interaction between rules, strategies, and evaluations enables the system
to continuously refine social dynamics, capturing complex feedback loops essential
for realistic simulations.

Through experiments in the Trust Evolution Game environment, our platform
demonstrated the efficacy of dynamically evolving rules to achieve targeted social
objectives, such as promoting cooperation or minimising social inequality. Our inno-
vative multi-dimensional evaluation paradigm simultaneously assesses rule effective-
ness, agent performance across multiple personality types and AI models, and the
predictive accuracy of evaluation modules. These innovations not only advance the-
oretical understanding of reciprocal interactions within dynamic social systems but
also offer a robust computational tool for real-time adaptive rule generation. Thus,
the TRD framework provides significant contributions to computational sociology,

psychology, and artificial intelligence, enabling future research to extend beyond
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simulations toward practical implementations in diverse real-world social contexts.

4.3.1 Further applications and impact

The TRD framework holds significant promise for diverse real-world applications
spanning multiple disciplines, from computational sociology and psychology to pub-
lic policy design and organisational management. In social sciences, the plat-
form provides a powerful tool for modelling complex phenomena, such as trust-
building, cooperation emergence, and conflict resolution, offering policymakers and
researchers actionable insights for interventions and strategy planning. Organisa-
tions can utilise the TRD platform to dynamically design and evaluate internal
rules or incentive structures, optimising team performance, fairness, and collabo-
ration. Furthermore, in artificial intelligence research, our approach contributes
an effective methodology for lifelong adaptive learning in dynamic environments,
which is essential for developing robust autonomous systems capable of sustained
adaptation.

The broader impact of this research extends to societal governance and inter-
disciplinary education, enabling stakeholders to experiment with and refine policies
interactively before real-world implementation. For example, cities or governmen-
tal bodies could leverage the TRD platform to simulate community responses to
new regulations, optimising policies that enhance societal cohesion or economic pro-
ductivity. Educational institutions could integrate the TRD system into curricula,
providing students with hands-on experience in understanding complex social dy-
namics through computational experiments. By bridging theory and practice across
fields, the TRD framework thus stands to fundamentally transform how we under-
stand, predict, and influence the evolution of social behaviours, ultimately guiding

societies towards greater cooperation, resilience, and collective well-being.

4.3.2 Limitations

While the TRD framework significantly advances dynamic social modelling, sev-

eral limitations should be considered. The current evaluation and validation have
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been conducted primarily within controlled, simulated environments, specifically
the Trust Evolution Game. The complexity of real-world social interaction, en-
compassing diverse cultural, emotional, and contextual factors—exceeds these con-
trolled scenarios, potentially limiting the direct applicability and generalisability of
our results. Future studies should extend validations to real-world settings or more
complex scenarios involving human populations to confirm ecological validity and
robustness. Although the TRD framework effectively models the reciprocal dynam-
ics among rules, strategies, and evaluations, the computational cost of continuously
adapting to complex social environments remains considerable. Computational ef-
ficiency could become a bottleneck, especially when scaling to larger populations
or incorporating richer behavioural representations. Moreover, the dependence on
predefined evaluation metrics implies potential biases or oversights, as critical yet
unforeseen social dynamics could be inadvertently excluded from the current eval-
uation paradigm. Addressing these limitations through broader testing, increased
computational efficiency, and more inclusive metric design represents essential future

directions for enhancing the TRD system’s practical and theoretical contributions.

4.3.3 Ethical Analysis

In the development of our Triadic Reciprocal Dynamics (TRD) system, careful
attention has been paid to ensuring an unbiased and ethically sound framework
for automated rule generation. Recognising that Al-driven rule generation in digi-
tal environments may inadvertently introduce bias, our design explicitly avoids the
incorporation of socio-cultural attributes such as sex, age, race, or other sensitive
factors. In our experimental game environments, Trust Evolution, player roles are
defined solely by distinct behavioural patterns without any demographic markers.
In the Trust Evolution environment, for example, reward and penalty structures are
entirely derived from reinforcement learning metrics, thereby eliminating subjective
biases from the reward system. Similarly, the six distinct NPC personalities rep-
resent algorithmic behaviour patterns rather than human socio-cultural identities.
Furthermore, the TRD system employs a multi-dimensional evaluation paradigm to
continuously monitor and adjust rule outcomes, ensuring that any emergent dis-
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Figure 4.6: An illustration of the TRD system, showcasing the interactions among
the rule designer, evaluator, environment, and reinforcement learning model. The
rule designer generates rules based on embedded expectations, and the evaluator
validates these rules before translating them into executable parameters for the en-
vironment. The RL model then explores the environment to learn optimal strategies,
while controllability is assessed at both the environment and rule designer levels.

parities are identified and mitigated in real-time. This commitment to neutrality
and fairness is fundamental to our approach, aligning our work with the ethical

standards expected in the development of socially responsible Al.

4.4 Methodology

4.4.1 Preliminary

We introduce the Strategy-Evaluation-Rule (SER) framework, which comprises three
interrelated components essential for automated rule generation in digital environ-
ments. Rules (R) define the foundational principles and mechanisms of a game,
encompassing elements such as players, maps, actions, and decisions [] Formally,
rules are denoted as R = [rp 4] € RN*Pr where N, is the number of rules and D,
indicates their dimensionality. Rule dynamics involve creation (adding new rules),
deletion (removing rules), and modification (updating existing rules), resulting in
evolved rules R’. Strategies (S), representing algorithmic decision sequences se-

lected by human or Al agents to maximize rewards under specific game conditions,
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can be mathematically represented as S = [s, 4] € RY*P: with N, and D, de-
noting the quantity and dimensionality of strategies, respectively [B09]. Strategy
enumeration depends on game information completeness, making N, either finite or
infinite. Finally, Evaluation (F) quantifies the effectiveness of rules through high-
level heuristics (e.g., spontaneity, interruptability, continuity) determined by game
parameters, expressed as F = [e, 4] € RY*Pe where each evaluation criterion as-
sesses specific rule-strategy interactions [310]. The evaluation process is succinctly
captured by E = f(R,S), indicating that evaluation outcomes depend directly
on both rule sets and agent strategies, thus completing the closed-loop interaction

among these three key components.

4.4.2 Framework

Figure.@ illustrates our TRD Platform, which consists of three primary compo-
nents: a Designer for rule generation, an Evaluator for rule assessment, and the
Environment. Additionally, an interactive Interface is provided for researchers to
directly engage with the system and analyse the Environment’s large language model
(LLM). For instance, when a baseline environment such as the Trust Evolution sys-
tem is integrated, the game environment description is input into the LLM, which
deconstructs elements related to both rules and evaluation. Researchers can then ad-
just system parameters—including model training settings and environment-specific
rules—via the Interface. Upon submission, the SER system incorporates these pa-
rameters along with the rule design requirements and iteratively generates refined
rules. Each generated rule vector is subsequently transformed by a rule translator
into rule parameters that are imported into the Environment, where AI, human,
and NPC players participate in strategic exploration. All player data is recorded
and analysed by the Environment, forming the ground truth for the Evaluator.

In generative tasks, the objective is to train the rule designer to create content
according to specific requirements, represented by a function g : 7 — X that maps
random noise vectors Z to high-dimensional outputs X. This framework trains a rule
designer d : E — R to generate a set of rules R € RV *Pr directly from an expected
outcome E. These rules, which can be created, deleted, or modified (yielding an
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evolved rule set R’), are then implemented in the environment to produce an output
E' = Env(d(E),S), where Env denotes the evaluation function. The training

objective for d is formulated as:
mdin V(d, Env) = log(1 — Env(d(E), 5)). (4.1)

To facilitate this process, an evaluator acts as a digital twin by mapping the rule
set to evaluation scores via a function p : R — E”, and its objective is to minimise

the discrepancy between its predictions and the actual environment outcomes:
min L(p(d(E)), Env(d(E), S)). (4.2)

This framework incorporates reinforcement learning within a Markov Decision
Process defined as {S, A, T, R, p(so), v}, where S, A, T, R, p(so), and 7 denote the
states, actions, transition probabilities, rewards, initial state distribution, and dis-
count factor, respectively. We employ Q-learning agents that share the same action
space, reward function, and perceptual domain as other players, and these agents
learn a strategy mapping P : State — Action to maximise cumulative reward. This
integrated approach enables simultaneous rule generation, strategy exploration, and
evaluation in dynamic environments, providing a robust framework for understand-

ing and optimising social interactions.

4.4.3 Rule deconstruction

Figure @ illustrates, via the Trust Evolution environment, the rules visualisation,
deconstruction, and evolution processes within our game environment. In Trust
Evolution, the core rules are represented by a 17-dimensional vector: dimensions
0-7 specify the initial population, 8-13 define trade rules, and 14-16 correspond
to the round number, reproduction number, and mistake possibility. The top row
highlights the rule visualisation, where pie and bar charts display the proportions
and counts of the initial population for each of the eight personality-based players.

Larger populations often hold a higher probability of prevailing until the game’ s
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Figure 4.7: High-level schematic of the Trust Evolution environment, illustrating
how population distribution, wealth, and round identifiers transition under differ-
ent rule conditions. Agents choose actions, and their outcomes—captured as trade
results—shape final states, including top and bottom players. The diagram high-
lights how inputs, actions, and rule-driven transitions lead to distinct end states and
evolving strategies.

conclusion and can dominate interactions if they exceed a certain threshold. Trade
rules can be summarised in a six-value table, reflecting the payofts for various pair-
wise scenarios (e.g., both cheating, one cooperating while the other cheats, or both
cooperating). Such rules shape Al players’ propensities for cooperation or defec-
tion. Meanwhile, a nonzero mistake probability can introduce accidental betrayal,
occasionally resulting in catastrophic outcomes—for instance, one misstep between
two Copycat agents might trigger permanent mutual defection. The round number
determines how many rounds will be played before termination, and reproduction in-
dicates the elimination-and-duplication mechanism that replaces the lowest-ranked

agents with copies of the top performers at each game’ s end.
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In the second row, we deconstruct the rule structure through a Markov Decision
Process (MDP) lens, common in reinforcement learning research. Here, rules emerge
as causal mappings between observed states and actions, with transitions producing
new states. In the Trust Evolution game, observable states include distribution,
wealth, trading records, and round indices, whereas available actions encompass co-
operation, defection, or higher-level changes such as introducing mistakes, initiating
the next round, or even ceasing further trades. Transitions capture the reproduction
procedure and the coin accrual resulting from trades. The Al agents’ exploration of
different strategies to maximise coin earnings thus becomes, in essence, a process of
rule exploration. Finally, the third row presents the rule evolution lifecycle, encom-
passing creation, evaluation, modification, and deletion. When a new mechanism
linking the environment’ s state, chosen actions, and subsequent state transitions is
introduced, a new rule is “created.” Next, the environment and Al players “eval-
uate” that rule by running simulations that yield performance metrics—efficiency,
fairness, and cohesion. These outcomes guide the rule designer’ s training, prompt-
ing potential “modifications” to specific parameters (e.g., the six trade-rule values)
to achieve, for instance, higher cooperation rates and improved social cohesion. Ul-
timately, a rule may be “deleted,” severing any previously defined causal link for
a particular state—action combination, effectively removing that transition from the

game’ s rule set.

4.4.4 Whitney Embedding Theorem and Extrinsic Reward

The agent’ s initial motivational state is represented by an n-dimensional vector
M = {mg,mq,...,m,_1}, where each m; signifies distinct motivations. Our ob-
jective is to extend this motivational vector into a higher-dimensional space by in-
troducing additional dimensions that capture emergent motivations evolving during
the learning process.

We leverage the Whitney Embedding Theorem [338], which guarantees that any
smooth n-dimensional manifold can be embedded in a Euclidean space such as R*"
without self-intersections. For our purposes, we extend the agent’ s motivational
vector from M € R” to an augmented vector M’ € R where the first n dimen-
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sions remain unchanged and the additional dimension captures a novel, dynamically
evolving intrinsic motivation.

We embed the original motivation vector M = (mg, my,...,m,_1) into an ex-
tended vector M’ € R"*! via a smooth mapping f : R* — R""! where the new
component is m,, = g(mg, my,...,my_1), and g is implemented as a neural network
trained by reinforcement learning to maximize long-term rewards (both intrinsic and

extrinsic). Concretely, the network takes M as input and outputs
M/ = [m07 ma, .., Mp—1, g<m07"'7mn71)}7 (43)

then learns its parameters § by minimizing L(6) = (r(M)— f(M; 6))2 via backprop-
agation, where r(M) is the reward function. In this way, m,, adapts dynamically
through agent—-environment interaction, promoting more complex and adaptive be-
haviours.

Code availability

The source code implementing the TRD system, including the interactive web in-
terface and detailed project description, is publicly accessible via GitHub at https:
//github.com/RuleEvo/TRD.

Game availability

The interactive game environment, including character interactions, Al controls,
and model-generated scenarios developed for this research, is publicly accessible
on the itch.io platform at https://glahadrt.itch.io/trust-evolution-for-\

artifical-life-research.
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CHAPTER b

Flow-Centric Rule Design: Evolving Rules for Optimal

Difficulty and Al Skill Balance

Prologue

This chapter introduces a flow-centric approach to rule generation that dynamically
balances game difficulty and Al skill. It begins by reviewing flow theory’ s key con-
structs—such as challenge-skill balance, concentration, and feedback—and discusses
how traditional methods rely on manual rule adjustments and physiological mea-
sures, which are labour-intensive and inflexible. We present a novel framework that
embeds flow into the Strategy-Evaluation—-Rule (SER) cycle, enabling automatic
alignment of rule parameters with difficulty and real-time adjustment of Al strate-
gies to match player skill. A Real-Time Flow visualisation panel is implemented
to monitor engagement metrics continuously, providing interpretable feedback for
adaptive rule tuning. Finally, the chapter outlines a methodology for mapping a
17-dimensional rule vector to discrete difficulty levels via correlation analysis and
demonstrates how normalised skill measures guide dynamic difficulty adjustment,
thereby ensuring sustained player immersion and optimal learning outcomes.

Flow theory investigates the relationship between participant skill and task dif-
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ficulty to enhance engagement. Traditional approaches require game designers to
manually modify rules, recruit numerous participants, and employ sensors such as
EEG to assess player stress and other characteristics, ensuring that game difficulty
matches player skill. These methods are labour-intensive and necessitate redesigning
rule-difficulty relationships whenever new rules are introduced. Here, we propose a
flow-based rule generation system that introduces a novel mechanism that automat-
ically aligns rule parameters with game difficulty and matches strategy to player
skill, thereby enabling dynamic difficulty adjustment without extensive manual in-
tervention. Moreover, an integrated real-time Flow visualisation panel continuously
monitors engagement metrics, providing immediate and interpretable feedback for
adaptive rule tuning. These innovations significantly enhance the system’s respon-

siveness and efficiency, advancing the state-of-the-art in dynamic game design.

5.1 Introduction

Flow theory, originally developed by psychologist Mihaly Csikszentmihdlyi, de-
scribes the state of complete immersion and engagement in an activity where the
balance between challenge and skill leads to optimal experiences [339]. Its study is
significant as it illuminates the mechanisms behind motivation and engagement, key
factors that enhance learning, creativity, and user satisfaction in automated game
design and dynamic environments [340,841]. Contemporary psychological research
typically employs interdisciplinary approaches that integrate behavioural observa-
tions with quantitative measures to assess flow states in contexts such as virtual
environments and video games [342]. However, these methods have limitations,
including the subjective variability of flow experiences among individuals and the
lack of standardised measures across diverse contexts, which can lead to negative
outcomes like frustration when challenges exceed players’ capabilities [340] [343].
Integrating flow theory with social modelling and rule generation in dynamic envi-
ronments addresses these constraints by enabling the design of adaptive systems that
adjust challenges in real time to match individual skill levels, thereby enhancing in-

teractive engagement and creating richer, more personalised experiences [344] [345].
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Figure 5.1: Conceptual illustration of flow-based rule evolution. Game environment
rules are mapped to difficulty, while Al strategies represent skill; the balance between
these factors contributes to game flow, with the rule designer continuously evolving
rules to maintain the desired difficulty as players’ skill levels change.

This synthesis not only deepens our understanding of flow dynamics in social con-
texts but also highlights the critical importance of advancing rule generation research
to build self-adaptive, efficient systems for complex digital landscapes.

Game flow, an application of flow theory in gaming, emphasises creating immer-
sive experiences that strike a balance between challenge and skill to maximise player
engagement and satisfaction [] This concept underscores that when games are
designed to sustain flow, players experience a deep sense of involvement and en-
joyment, often enhanced through elements like personalised avatars [] and com-
pelling narratives [] Continuous feedback and adaptive difficulty further nurture
this state [], although care must be taken to avoid the pitfalls of excessive immer-
sion or ”dark flow,” which can lead to problematic gaming behaviours [] []
Such insights highlight game flow as a foundational concept in designing engag-
ing, ethically sound gaming experiences with broad applications in education and
therapy []

Social modelling, which emphasises the influence of societal structures on in-
dividual behaviour, is a critical concept in understanding user interactions within
digital environments. In social psychology, this is typically achieved through experi-
mental designs and cross-cultural analyses that examine how social conflict, cultural

differences, and personalised gamification strategies shape individual responses—ap-
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proaches exemplified by Trakselys [353] in his exploration of social conflict theories,
and Chow and Huang in their development of expert gamification systems [354].
Common to these methods is the effective use of game mechanics to enhance engage-
ment and satisfaction [355,856], yet they share limitations, notably the variability in
individual responses due to personal and cultural differences, as well as the delicate
balance required to sustain flow without triggering excessive competition [357,358].
While these techniques have proven valuable in advancing our understanding of dig-
ital interactions, their inherent constraints underscore the need for a dynamic Rule
Generation system that can adapt to evolving user behaviours and social influences,
ultimately offering a more responsive and personalised digital environment.

Reinforcement learning (RL) is a mathematical framework for experience-driven
autonomous learning in which agents develop decision-making strategies through
trial-and-error interactions with their environment [267]. Its inherent characteris-
tics—such as self-improvement, adaptability, and robustness in dynamic settings—
render RL particularly effective for testing and refining AI behaviour, as evidenced
by its successful application in challenging domains such as Atari games [268]. Deep
learning has further scaled RL to address decision-making in high-dimensional state
and action spaces, with popular algorithms like the deep Q-network (DQN) and trust
region policy optimisation (TRPO) finding extensive use in game design. More-
over, multi-agent reinforcement learning (MARL) extends these principles to set-
tings where multiple learning agents interact within a shared environment [269].
For instance, Park and Kwon [359] demonstrate that RL-enabled Al systems can
adjust to social cues and feedback to optimise decision-making processes in educa-
tional and interactive contexts, while Burgon et al. [360] underscore the importance
of evaluating RL models across diverse decision spaces to ensure their generalizabil-
ity. Additionally, Wu et al. [361] illustrate that the dynamic testing environments
facilitated by RL allow for continuous performance assessment and strategy optimi-
sation, though challenges such as data availability and the need for diverse training
datasets remain critical considerations [362,363].

Flow theory aims to enhance participant engagement in gaming and educational

contexts. In particular, game flow research focuses on identifying and maintaining
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the balance between game difficulty and player skills. The flow zone is dynamic
due to the continual change of player performance as the game progresses. Recent
work [B64] leveraged physiological data from EEG and heart rate sensors, along with
in-game behavioural records, to implement dynamic difficulty adjustment (DDA).
This research paradigm requires extensive data collection cycles and professional
involvement, as individual participant differences significantly influence experimen-
tal outcomes. Moreover, when new rules are introduced during game updates, the
dynamic difficulty must be recalibrated. This project integrates game flow into a
rule generation system by employing reinforcement learning within the game envi-
ronment to conduct tests, using strategy to measure player skill, and utilising a rule
designer for generating and adjusting rules. The system analyses the relationship
between rules and difficulty, ultimately training AI to achieve dynamic difficulty

adjustment. The contributions can be summarised as follows

o Flow theory is integrated into the rule generation system to model dynamic
difficulty by capturing the co-evolution of perceived challenge and agent skill
during gameplay, thereby establishing a foundation for adaptive intrinsic mo-

tivation mechanisms that sustain optimal engagement.

o The flow-based SER framework incorporates a dynamic difficulty adjustment
mechanism via rule evolution, enabling real-time adjustment of game rules in
response to agents’ learning progress. This flow-based difficulty adjustment
approach continuously aligns environmental challenges with evolving skill lev-
els, maintaining the challenge-skill balance and preventing states of boredom

or excessive difficulty.

o A real-time Flow visualisation panel is implemented in the interface. This
interactive system maps key metrics such as difficulty and agent performance
onto a two-dimensional flow space in real time, providing interpretable feed-
back that facilitates on-the-fly adjustments to optimise both the training pro-

cess and the end-user experience.

The remainder of the chapter is structured as follows. Section 2 reviews existing

methods for game flow, social modelling, generative models, and Al-based strategy
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exploration. In Section 3, we present details for the proposed methodology, including
the flow-based SER framework, difficulty mapping, and skill measurement. After
that, we demonstrate details about our digital environment and the experimental
results in Section 4. Finally, we place important conclusions and discuss possible

future works in Section 5.

5.2 Related work

5.2.1 Related tasks and Applications

Game flow refers to the application of flow theory in game design, where the optimal
balance between challenge and skill creates immersive, engaging, and satisfying ex-
periences for players [346]. Early work extended Csikszentmihélyi’ s framework into
digital cooperative contexts, with Kaye [365] demonstrating that cooperative gaming
not only promotes individual immersion but also stimulates collective engagement
through social mechanisms. Building on these foundations, recent studies have in-
corporated blockchain technology to enhance gameplay by streamlining secure and
transparent in-game transactions [366], while virtual reality has reinvigorated re-
search into immersive experiences, with Wehden et al. [367] and Shelstad et al. [368]
highlighting VR’ s potential to deepen immersion despite challenges like cybersick-
ness. Concurrently, advances in artificial intelligence have transformed game design
by enabling adaptive experiences and dynamic interactions with non-player charac-
ters, as evidenced by Jagli et al. [369], which underscores AT’s role in maintaining the
critical balance between challenge and skill. Moreover, developments in game engine
technologies, as detailed have provided robust frameworks for building both 2D and
3D games that incorporate real-time adaptive mechanisms, a trend further supported
by educational game research in STEM contexts [192] [370]. Finally, emerging mul-
tiplayer platforms [371] illustrate how integrated digital infrastructures facilitate
smooth gameplay and effective collaboration, collectively demonstrating that mod-
ern game design is increasingly technology-driven and focused on optimising game
flow through innovative computational techniques.

Social modelling in social psychology has achieved significant milestones by lever-
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aging advanced computational capabilities and algorithmic techniques that inte-
grate concrete technologies with interdisciplinary approaches. Agent-based mod-
elling (ABM) has become a cornerstone for simulating emergent social phenomena
—from micro-level interactions to macro-level dynamics—as demonstrated in early
works [372] [373] and further enabled by software toolkits that integrate heteroge-
neous data and theoretical constructs [374]. Interdisciplinary collaborations have
enriched these models by incorporating insights from cognitive science, sociology,
and network theory [375], exemplified by frameworks that merge social practice the-
ory with ABM to capture habituality and interconnectivity [376] and socio-cognitive
models that integrate cultural and affective dimensions [377]. The application of
multiobjective genetic programming has advanced mechanism-based models by sys-
tematically exploring causal rules behind social patterns [378], while innovations
in machine learning, such as graph convolutional networks, have enabled detailed
analyses of friend selection and digital diffusion processes [379]. Additionally, recent
developments in modular simulation architectures have standardised the modelling
process, facilitating robust comparisons between theoretical predictions and empir-
ical observations—a critical step for policy-oriented research [380]. Finally, studies
addressing phenomena like filter bubbles and echo chambers [381] and efforts to
bridge computational models with socially interpretable explanations using explain-
able Al [382] underscore the ongoing evolution of social modelling through concrete
technological advances.

Gamification and automated game design demonstrate significant potential by
integrating sophisticated algorithms and data-driven techniques to enhance user
engagement, personalisation, and system efficiency. Broadly defined as the incorpo-
ration of game design elements in non-game contexts [383], gamification has evolved
into systems where automated processes adjust motivational triggers and tailor in-
tervention strategies across diverse domains such as education, healthcare, and e-
commerce [384] [385]. Notably, the development of recommender systems and au-
tomated personalisation engines—exemplified by Rodrigues [386], who proposed a
system that adapts gamification elements based on multidimensional user character-

istics—has accelerated the move toward dynamic, user-centred design. Additionally,
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topic modelling approaches have been employed to map trends in gamification re-
search, highlighting an emerging focus on automating design processes and system-
atically analysing gamification intensity [387] [388]. Early work classifying reward
systems in games like World of Warcraft [384] laid the foundation for later stud-
ies that extended these classifications into automated contexts, enabling systems to
adjust game parameters in real time based on user feedback and performance met-
rics [B89]. This convergence of techniques from computer science, human-computer
interaction, and psychology has not only facilitated the creation of adaptive gamified
environments but also underscored the scalability and efficiency of automated de-
sign in applications ranging from educational simulations to corporate engagement
and social marketing initiatives [390] [391] [385]. Our automated rule design study
begins with identifying key elements of general rule design and establishes a machine

learning-based framework, demonstrating the potential for complex rule creation.

5.2.2 Related Learning Paradigms

Generative models are machine learning architectures that learn the underlying data
distribution to synthesise new, high-fidelity samples across diverse modalities, en-
abling advances in diverse fields like image synthesis and natural language process-
ing. The introduction of GANs by Goodfellow et al. [39] catalysed major innovations
in image synthesis and feature manipulation, with contemporary methods in deep
convolutional GANs further enhancing high-resolution image quality [392]. Kingma
et al. [393] laid the groundwork with semi-supervised deep generative models using
explicit density models, setting new standards for model scalability and efficiency.
Hybrid approaches such as DiffuseVAE, which combine the latent space advantages
of VAEs with the efficient sampling of diffusion models, exemplify the trend towards
controllable, high-fidelity generation [394], while Wang et al. [395] extend the versa-
tility of gated convolutional VAEs to non-traditional domains. Moreover, practical
applications have broadened into multimodal content generation, as highlighted by
Xu [396], with models like DALL-E 3 and Parti enabling cross-modal synthesis,
including high-definition video generation. Domain-specific adaptations further un-
derscore the interdisciplinary impact of these technologies, with applications ranging

99



from economic data analysis [397] to natural language processing, where data-to-text
generation frameworks integrate content planning for coherent text synthesis [398].

Al strategy emphasises developing adaptive, intelligent systems, with reinforce-
ment learning emerging as a critical methodology to achieve these objectives through
foundational algorithmic innovations and diverse, high-impact applications. Early
overviews [12] [399] established the integration of deep learning with RL by detail-
ing key techniques, such as learning from demonstration, Monte Carlo tree search,
and actor—critic methods—that powered breakthroughs like AlphaGo. Subsequent
research has refined these approaches by advancing both value-based and policy-
based paradigms [400] and emphasising hierarchical decision-making processes [401].
Domain-specific applications further demonstrate RL’s potential, from controlling
plasma behaviour in tokamak reactors [402] and formulating tactical strategies in
wargames [403] to enabling rapid, adaptive decision-making in real-time strategy
games like MicroRTS [404] and enhancing episodic exploration in StarCraft mi-
cromanagement [405]. Moreover, innovations in Al game design—including devel-
opments in modular architectures for StarCraft II [406], advanced deep RL-based
game players [[106], and the application of RL in traditional board games such as
Gomoku [407]—underscore its versatility in competitive environments. Beyond gam-
ing, RL has been successfully applied to optimize real-world systems, such as regu-
lating distributed energy resources [408]) and driving algorithmic trading strategies
through multi-agent frameworks [409]. Collectively, these contributions reflect an
enduring research interest in leveraging RL to build adaptive, intelligent, and strate-
gic Al systems across a broad range of high-stakes applications.

The proposed Flow-based SER framework defines a novel machine learning task
within the generative model domain. This framework employs deep neural networks
as backbone models for rule generation while integrating reinforcement learning to
stimulate Al agent behaviour, thereby enabling the evaluation and evolution of both
rules and the generated environment. By leveraging flow theory, the system cap-
tures the dynamic interplay between perceived challenge and agent skill, facilitating
adaptive intrinsic motivation for players and corresponding extrinsic rewards for

agents. Rather than focusing on the shortcomings of specific models, this work in-
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Figure 5.2: An illustration of the rule generation framework. The rule designer learns
to create rules according to the embedded expectation and evaluates the results. The
generated rule vector is then sent directly to the evaluator and translated into an
executable parameter for the environment. The evaluator learns to validate the rules
individually. The RL model learns strategies by exploring the environment. The
controllability is tested on both the environment and the rule designer.

troduces a new paradigm that incorporates dynamic difficulty modulation via rule
evolution and real-time flow visualisation, ultimately redefining rule generation as

an adaptive, flow-based process.

5.3 Methodology

The goal of our flow-based rule generation research is to incorporate game flow into
the rule generation task to provide players with intrinsic rewards while simulta-
neously generating rules that align with the agent’s flow state to achieve dynamic
difficulty adjustment. The core premise of flow theory is that when a player’ s skill
level matches the game’ s difficulty—i.e., when the challenge falls within the “flow

zone” —the player naturally enters a state of flow, which enhances performance and
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efficiency. This immersive experience serves as an intrinsic reward for the player,
while the generated game rules act as extrinsic rewards for the agent.

Our flow-based rule generation framework, shown in Fig. @, comprises several
key components that form the core of the SER system: a rule designer, an evaluator,
and a game Environment. In addition, the framework integrates a large language
model (LLM) for rule deconstruction within the environment, a flow-based intrin-
sic reward manager, and an interactive interface. Together, these modules enable
the system to generate rules that dynamically adjust game difficulty in accordance
with the player’ s flow state, thereby enhancing both user experience and agent

performance.

5.3.1 Preliminaries

This section presents and explains the definitions and notations of rule generation
below.

Rule: Defined as principles guiding game elements (players, maps, etc.), rules
undergo creation, deletion, or modification, impacting the rule set R, a matrix in
RN>Dr - These actions influence the quantity (N,) and dimensions (D,) of rules,
with the updated set represented as R’. Strategies: These are comprehensive algo-
rithms (S € RY*P+) players adopt within game rules to determine outcomes. The
strategy’s scope, determined by the game’s information completeness, affects the to-
tal strategies (V) and their stages (Ds), and can be developed by both humans and
AT based on rewards. Evaluation: Game evaluation is associated with high-level
heuristics, including spontaneity, interruptability, and continuity [310], measured
via parameters (E in RYe*Pe) Each evaluation metric (e in E) provides an assess-
ment angle, dependent on game rules but manifested through agent strategies in
gameplay, formulated as £ = f(R,S).

Automated Rule Design. Automated rule design begins with an initial rule
set, R, foundational to the game environment. Players or agents then formulate
strategies, denoted as S, which are essentially algorithms or behaviours tailored to
optimise outcomes within the confines of R. Subsequent evaluations expressed as

E = f(R,S), represent gameplay metrics such as efficacy and fairness. Drawing
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from &, the system discerns areas for rule modification in R to enhance gameplay
or meet specific objectives. This cycle of strategy formulation, evaluation, and rule
refinement iteratively progresses until the system meets predetermined performance

or balance benchmarks.

5.3.2 Frameworks

Figure presents the flow-based SER framework, composed of three core compo-
nents: the designer, the Evaluator, and the Environment. The designer generates
rule vectors based on an input expectation ¢, expressed as a set of linguistic descrip-
tions. These rule vectors are then passed to the Evaluator for outcome prediction and
simultaneously translated into accessible parameters for the game platform. Within
the Environment, reinforcement learning agents, non-player characters (NPCs), and
human players engage in strategy exploration under the generated rules, produc-
ing gameplay statistics that serve as the ground-truth results for rule evaluation.
A web-based interface enables researchers to input expectations into the designer
and visualise real-time metrics. To further expand rule possibilities, the system
integrates a large language model (LLM) that analyses textual descriptions of the
Environment, identifies rule elements, and proposes new, meaningful rules, such as
extrinsic rewards for specific behaviours, thereby extending the rule vector’s dimen-
sionality. Unlike earlier SER implementations, this flow-based version transforms
agent strategies into skill levels and rule configurations into difficulty levels, map-
ping both into the concept of game flow. Consequently, the framework dynamically
balances skill and difficulty, ensuring that new rules align with an optimal challenge—
skill equilibrium. This design not only supports adaptive game difficulty but also
fosters a deeper understanding of how rule evolution and strategy interact to shape

the overall gameplay experience.

5.3.3 Environment and Task

This chapter presents a digital game environment for rule demonstration, referred to

as Trust Evolution (TE), purposed to demonstrate the practicability of rule genera-
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tion with judicious utilisation of computational resources. TE serves as a fusion of
artificial life and rule-generation tasks, as it simulates cooperative behaviour among
individuals in a society.

Trust Evolution. In the Trust Evolution environment, game rules are defined
by parameters such as payoff, population size, round number, reproduction rate,
and mistake probability. The mistake probability quantifies the likelihood that a
player will choose an action opposite to their intended behaviour, while the round
number indicates the number of trades each agent conducts. In each match, players
aim to accumulate coins through trade, choosing between two actions: cheat or
cooperate. The payoff function maps these actions to trade outcomes. Six distinct
types of NPCs—random, cheater, cooperator, copycat, grudger, and detective—are
incorporated to represent various personality archetypes. Specifically, the first three
types consistently exhibit random, cheating, or cooperative behaviour, respectively;
copycats initiate cooperation and subsequently mirror the opponent’s last action;
grudgers continue to cooperate until betrayed; and detectives follow a fixed sequence
of cooperation, cheat, cooperation, and cooperation, switching to copycat behaviour
if their cheating is reciprocated. At the conclusion of each match, a selection process
eliminates low-performing players and replicates top performers.

In addition to these classic rule components, two types of roles—AI and Human
—are introduced. Al agents employ reinforcement learning for strategy exploration,
whereas human roles may either be player-controlled or guided by human-designed
strategies. Furthermore, an LLM (e.g., ChatGPT 03 mini) is integrated to extend
the classic rule set by generating an Fxtrinsic reward rule. This extrinsic reward is
represented as a two-dimensional vector: the first dimension provides feedback for
cooperative behaviour, and the second for cheating behaviour. These rewards are
applied directly to all players and are combined with the trade outcomes, thereby

influencing overall player behaviour.

5.3.4 Difficulty and Skill

A 17-dimensional rule vector is generated, consisting of three groups of parame-
ters: (1) Initial Population (8 dimensions), (2) Trade Rules (6 dimensions), and (3)
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Other parameters—namely, Round Number, Reproduction Number, and Mistake
Possibility. Our key idea is to translate these rules into a one-dimensional difficulty
measure, which is empirically proxied by the final income obtained by the agents.
In our experiments, we maintain a fixed agent skill level so that variations in fi-
nal income directly reflect changes in environmental difficulty. This approach is
consistent with the dynamic difficulty adjustment literature.

Correlation Analysis

For each of the 17 parameters, we compute the Pearson correlation coefficient, r,

between the parameter values and the corresponding final income, using the formula:

_ > iz (@i — @) (yi — 9)
\/Z?ﬂ(fi - 5)2\/2?:1(%‘ —¥)?

r

(5.1)

where x; and y; denote the values of the rule parameter and income, respectively,
and T, y are their sample means.

Let d € [0, 1] denote the normalised difficulty level, with d = 0 representing the
easiest (i.e., highest income) state and d = 1 the hardest (i.e., lowest income) state.
For each parameter with value range [a, b] and corresponding correlation coefficient

r, we define the mapping function f(d) as follows:

(

a+(b—a)d, ifr>4,

f(d)=Sb—(0b-a)d, ifr<-—6, (5.2)

atd if |r] <6,

where 6 is a small threshold (set to 0.1) to distinguish significant correlations.

We categorize difficulty into six levels: Very Fasy (d = 0.0), Easy (d = 0.2),
Medium (d = 0.4), Hard (d = 0.6), Very Hard (d = 0.8), and Eztreme (d = 1.0).
Thus, for each parameter, we obtain a table where each row corresponds to a dif-
ficulty level and each column to one of the 17 parameters. This table provides a
comprehensive mapping from the rule vector to the difficulty measure.

By evaluating the agent’ s performance under a fixed difficulty level, we obtain a

proxy for its skill that is decoupled from environmental variations. Formally, let the
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agent’ s strategy be represented by a vector s € R™, and denote its resulting income
by I(s). To ensure comparability across different strategies and to eliminate direct
dependence on difficulty, we first identify the minimum and maximum incomes ob-
served among all candidate strategies: Iy, = minges I(8), Inax = maxyes I(s),
where § is the set of strategies under evaluation. We then normalize the raw income

I(s) into the interval [0, 1] via

I(S) — Imin

[max - [min

Skill,,(s) = e [0,1]. (5.3)

Ethical Analysis. In the realm of automated game design, the generation of
rules through artificial intelligence introduces the possibility of inadvertently em-
bedding biases into the gaming experience. This chapter presents an ethical exami-
nation of our flow-based rule generation system. Throughout the development of the
flow-based SER framework, we proposed the Trust Evolution game environment. It
is important to highlight that players’ roles within these games are devoid of any
attributes related to sex, age, race, or similar socio-cultural factors. In TE, the six
distinct personalities are purely representative of various NPC behavioural patterns,

further emphasising our commitment to unbiased game design.

5.3.5 Game Flow

In the realm of video game experiences, the theory of game flow is characterised by
several critical dimensions. At the forefront, we have Concentration, represented
by C', which embodies the level of focus and engagement a player immerses in during
gameplay. Let H denote the balance of Challenge and Skills, which come into
play when considering a player’s perception of the game’s optimal challenge level and
their personal competence. The Control is L, delves into a player’s sense of freedom,
choices made, and engagement in in-game activities, reflecting the broader theme of
autonomy. As for Clear Goals, represented by (G, encapsulates the existence of well-
defined objectives or targets that guide gameplay, while Feedback B pertains to
the ongoing interaction between the game and the player, characterised by responses

and information provision. Immersion M broadens the perspective, referencing
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the depth of a player’s presence within the gaming environment. Lastly, Social
Interaction captures the dimension of engagement with other players, emphasizing
the sense of connection and interaction intrinsic to many modern games, denoted as
N.

To extract meaningful insights from the interplay of these dimensions, we can
model the overall game flow experience as a weighted sum. Given the complexity

and relationship of these dimensions, the flow can be represented as:
F=aC+BH +~vL +0G + eB + (M +nN. (5.4)

Here, «a, B, v, 6, €, ¢, and n are constants representing the relative importance
of each dimension. The goal is to understand how varying levels of these factors
collectively contribute to the overall player experience, as captured by the model.
Concentration can be measured by how the Q-values for different actions in a
given state converge. As the model becomes more confident in its learned values,
the Q-values for the optimal action(s) will stabilise, and the difference between the
Q-value of the optimal action and other actions will increase. Let Q(s,a) be the
Q-value for state s and action a. Let 7(a | s) be the policy derived from Q-values,
representing the probability of selecting action a in state s. Then, the concentration

CC over time tt can be defined as:

Clt) =1 ‘—;’ S std(n(a | ). (5.5)
acA

H represents the degree to which an agent’s normalised skill and the environment’

s normalized difficulty are aligned. Both the skill measure Skill,(s) € [0,1] and
the difficulty level d € [0, 1] have been independently mapped into the same unit
interval, ensuring that comparisons between them are meaningful. A value of H =1
corresponds to a perfect match—i.e., Skill,(s) = d—indicating that the agent’ s
competence is exactly appropriate for the current challenge. Conversely, as the
absolute difference |Skill, (s) — d| increases toward 1, H decreases linearly toward 0,
reflecting progressively greater under- or over-matching. This simple linear penalty

on the mismatch ensures that small deviations produce only modest reductions
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in H, while larger mismatches yield proportionally lower balance values, thereby
capturing in a single dimension how well the agent’ s competency aligns with the
game’ s difficulty:

H =1 — [Skill,(s) — d| € [0,1]. (5.6)

Control L quantifies a player’ s autonomy by measuring how many actions in
each state actually change the game’ s state. Let S be the set of states, A the set of
actions, and T : S x A — S the state-transition function. In state s, define the set of
effective actions F(s) = {a € A | T(s,a) # s}, and let d(s) denote the probability

of visiting s. The per-state control is

L(s) = e [0,1], (5.7)

“Clear Goals” G for an RL agent in Trust Evolution is assessed by whether the
agent reliably discovers and completes a set of predefined subgoals {gi,..., gm}-
Each subgoal g; is a binary condition on a trajectory (e.g., “sustain mutual cooper-
ation for K consecutive rounds” or “achieve average payoff above threshold P*” ).
We associate a success indicator f;(7) € {0,1} with g;, where f;(7) = 1 if trajectory
7 satisfies g;, and 0 otherwise. For a given policy 7, we estimate the empirical prob-
ability P, = Pry, [ fi(r) = 1] € [0,1] by sampling N independent trajectories

under fixed environment parameters. We then define
1 m
G=-)pr, (5.8)

so that G = 1 if and only if every subgoal is achieved almost surely under 7, and
lower values of G reflect missing or ambiguous objective signals. This single-scalar
metric thus quantifies how clearly the agent “understands” its task structure in
Trust Evolution.

Feedback B in Trust Evolution quantifies how strongly and how promptly the
game responds to an agent’ s actions via reward signals. Let r; denote the immediate
payoff received by the agent at time step ¢, and let R,.x be the maximum possible

absolute payoff in any single interaction. Over a trajectory of length T generated by

108



policy 7, we compute the normalized per-step feedback as 7, = J;—ZE € [0,1]. The

overall feedback measure B is then defined as the time-averaged normalized reward:

T

B = 12@ S > r|, Belo1] (5.9)

A higher B indicates that the agent consistently receives clear, sizable payoffs (pos-
itive or negative) in response to its actions—i.e., the environment provides strong
and timely feedback—whereas a lower B implies that rewards are sparse or minimal,
making it harder for the agent to adjust its strategy.

Immersion M quantifies how accurately the agent’ s internal predictions align
with actual outcomes across the entire state-action space. Let R(s, a) denote the
agent’ s expected immediate reward for taking action a in state s, and let Q(s,a)

be the corresponding learned action-value. We then define

M —

Q(s, a)

- STA ’ , (5.10)

seS acA

where |S| and |A| are the numbers of states and actions, respectively. Because
the absolute prediction error |R(s,a) — Q(s,a)| measures the discrepancy between
expected and actual returns, a smaller average error indicates that the agent has
formed an accurate model of the environment. Consequently, a higher value of
M (closer to 1) implies stronger alignment between expectation and experience,
suggesting deeper engagement and immersion in the game.

Social Interaction N measures the extent of cooperative engagement among
agents in Trust Evolution. In this setting, each interaction between two agents

yields a binary decision: cooperate or defect. For each agent n, let C;(n) =

Number of trust decisions made by n
Total decisions made by n

€ [0, 1]. We then compute the population-level social

interaction metric NV as the average cooperation index:

1 Trust actions by n
Ci(n : 5.11
|N| Z |./\/| 7; Total actions by n (5.11)

Here, || denotes the total number of agents. A value of N = 1 indicates that every
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agent always chooses to trust, whereas N = 0 indicates no cooperative behaviour
at all. In Trust Evolution, a higher N reflects stronger social connectivity through
cooperation.

Translating flow-theory constructs into quantitative metrics for RL agents al-
lows us to create objective experience indicators that parallel human “flow” dimen-
sions without subjective self-reports, improve algorithmic interpretability by linking
behavioural dynamics (e.g., Q-value convergence) to established psychological con-
structs, and establish a benchmark for multi-agent and human-Al collaboration
studies. These efforts build on foundational flow-theory research (e.g., Csikszentmi-
halyi [410]), extend game-industry flow assessment models (e.g., GameFlow [411],
empirical gaming studies [412]), and provide a rigorous framework for evaluating
immersion, control, clear goals, feedback, challenge-skill balance, concentration,
and social interaction in Trust Evolution. This approach grounds RL evaluation in
validated psychological theory and facilitates future comparisons of human and Al

engagement in interactive environments.

5.4 Experiment

5.4.1 Settings

The experiments target three main objectives: (1) elucidating the relationship be-
tween rule dimensions and game difficulty, (2) investigating the interplay between
strategic adaptations and player skill, and (3) dynamically generating flow-based
rules to balance skill and difficulty. The proposed flow-based SER is deployed in
diverse environments to instantiate rules for Al agents, NPCs, and human players.
The rule designer is trained using evaluation metrics that quantify both perfor-
mance outcomes and the impact of rule parameters on difficulty. Simultaneously,
the framework examines how evolving strategies correlate with player skill. The
dynamically generated, flow-based rules are demonstrated in an interactive environ-
ment that provides real-time visualisations of key statistical data.
Evaluation Criteria.

The evaluation framework adopts a multi-dimensional approach to assess the rule
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Algorithm 2 SER training algorithm

Input:

Linguistic description for rule expectation F;
Number of training epochs Ep.

Game environment Enuv.

Output:

Well-trained rule designer model: D : EF — R.
Well-trained Q-learning model: @ : S — A.

1: Initialisation: Embed the rule expectation as .

2: Add noise z to the expectation E, resulting in ¢ = ¢ + 2.

3: fort=1:FEpdo

4:  Rules generation: designer create rules R = D(E).

5. Train reinforcement learning model: translate R into R’ = T(R), learning
strategies S = Env(R');

6:  Train evaluator: use ' = Env(R’) to train the evaluator;

7. Train designer: use the evaluator’s result <ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>