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1. Introduction

A core challenge in game development is the
resource-intensive nature of design and content
production. Depending on the context, creat-
ing new content can become a major bottle-
neck in development cycles. Modern games de-
mand varied, replayable content without incur-
ring prohibitive production costs and time con-
straints. Procedural Content Generation (PCG)
addresses this by automatically creating digi-
tal assets through algorithmic methods [5, 13].
This automation acts not merely as a substi-
tute for human effort, but allows developers to
rapidly prototype, test, and design at a scale
beyond traditional production limits. Further-
more, the ability of PCG methods to algorithmi-
cally generate high-quality content enables the
exploration of novel game mechanics and inno-
vative design paradigms.

A key challenge in PCG is generating content
that is both engaging and meaningfully varied.
Traditional Search-Based PCG and standard op-
timisation algorithms typically aim to converge
on a single, globally optimal solution. However,
in game and level design, discovering a single
global optimum is rarely the goal. To accom-
modate diverse player preferences and varying

design needs, developers require a broad portfo-
lio of high-quality solutions. Quality-Diversity
(QD) optimisation techniques are specifically
designed to address this requirement [3]. Rather
than searching for a singular optimum, QD al-
gorithms apply evolutionary techniques to ex-
plore the design space by discovering a vast,
structured set of solutions that are simultane-
ously high-performing (quality) and fundamen-
tally distinct from one another across a defined
behavioural space (diversity).

This thesis investigates the application of
Quality-Diversity algorithms to the procedu-
ral generation of racing tracks. Specifically,
this research proposes a data-driven pipeline
based on Novelty Search with Local Competi-
tion (NSLC). Instead of relying on hand-crafted
heuristics, the system operates within a be-
havioural space that is autonomously learned
and dynamically maintained through unsuper-
vised representation learning, utilising the deep
neural architecture of a Variational Autoencoder
(VAE) [10].

2. Methodology

To autonomously discover a diverse set of racing
circuits, the system integrates a geometry gen-



erator, a physics-based simulation environment,
and an evolutionary pipeline that adapts its own
definition of "diversity" over time.

2.1. Track Generation and Simula-
tion

Our procedural approach synthesises tracks us-
ing Voronoi diagrams [6] and Catmull-Rom
spline interpolation [1]. Generating boundaries
from subsets of Voronoi cells ensures that the
resulting tracks are structurally contiguous and
form closed loops. The generated points are con-
verted to XML formats natively supported by
The Open Racing Car Simulator (TORCS) [14].
Mathematical closure solvers and engine patches
are applied to eliminate discontinuities and po-
sition gaps inherent to TORCS’s sequential gen-
eration logic.

Tracks are evaluated inside headless Dockerised
[4] instances of TORCS. For each track, the sys-
tem executes automated multi-agent race simu-
lations. The fitness objective is established as
the Total Overtakes recorded during the race,
optimising the geometries to favor dynamic,
arcade-style gameplay.

Figure 1: Two tracks generated starting from
the Voronoi diagram.

2.2. Dynamic Representation Learn-
ing

Traditional QD algorithms require human ex-
perts to define the Behavioural Descriptors
(BDs) manually. Inspired by the AURORA
framework for autonomous skill discovery in
robotics |2], our architecture delegates the task
of mapping behavioural space to a Variational
Autoencoder (VAE) [10].

The BD is derived not from static geomet-
ric shapes, but from the raw driving telemetry
(speed, steering angle, and distance from the
track boundary) extracted during a benchmark

lap. To accommodate variable-length teleme-
try without zero-padding, the VAE leverages
1D Circular Convolutional Residual Blocks [9],
preserving the continuous-loop topology of the
track. A summary of the architecture is pro-
vided in Figure 2.

A major challenge in cyclic sequences is start-
ing point bias. To guarantee a strictly shift-
invariant embedding, the encoder projects the
feature map via a custom Discrete Fourier
Transform (DFT) Power Pooling layer, purpose-
fully discarding phase information. This allows
the VAE to map identical tracks with different
starting coordinates to the exact same point in a
dense, 32-dimensional latent space. The model
is trained using a weighted cross-correlation
aligned reconstruction loss coupled with cyclical
KL divergence regularisation |7, 11]:
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Figure 2: VAE architecture summary.



2.3. The Evolutionary Loop

The algorithm manages a continuous "Ask-
Evaluate-Tell" sequence powered by the Pyribs
framework [12].  Candidate geometries are
evolved via structural mutation and spatial
crossover. Once a track’s telemetry is evalu-
ated and its coordinates in the latent space are
mapped by the VAE, it attempts insertion into
an unstructured Proximity Archive. A candi-
date survives if its latent Euclidean distance to
its k-Nearest Neighbours exceeds an adaptively
scaled novelty threshold, or if it outcompetes lo-
cal neighbours in overtakes [8|.
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Figure 3: Evolutionary pipeline loop.

Periodically, a Representation Update Routine
freezes the evolutionary search to fine-tune the
VAE on the newly discovered elites. After fine-
tuning, the archive is entirely re-encoded and
remapped to the updated latent manifold. A
summary of the pipeline is provided in Figure 3.

3. Experiments and Results

The VAE was initially pre-trained on a robust
dataset of 20,000 diverse geometries, achieving

high structural reconstruction quality with no
posterior collapse across its 32 active dimen-
sions.

To evaluate the pipeline, two primary 1,100-
iteration configurations were executed and com-
pared: base-NS (where the pre-trained VAE re-
mains static) and finetune-NS (where the VAE
is dynamically fine-tuned every 100 iterations).

3.1. Archive Growth and Fitness Im-
provement

Both setups utilised an adaptive novelty thresh-
old targeting an archive size of roughly 500
elite solutions. The finetune-NS configuration
exhibited a highly dynamic, saw-tooth archive
growth curve, periodically purging sub-optimal
solutions during latent space remapping cycles.
Crucially, the dynamic configuration yielded a
substantially faster acceleration in global fit-
ness (as observable in Fig. 4). Refining the la-
tent space actively consolidates high-performing
elites, ensuring subsequent genetic operations
breed from higher-quality populations.
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Figure 4: Archive growth and mean fitness
graphs for a run of the finetune-NS configu-
ration.

3.2. Mitigation of Clone Solutions

A major limitation observed in the base-NS con-
figuration was the accumulation of geometric
"clones". When the evolutionary search pushes
deep into unseen design space, static VAEs of-
ten fail to properly cluster these novel solutions
due to large unmapped voids in the pre-trained
space. Consequently, minor genetic mutations
generate highly similar tracks that the static
VAE perceives as highly distinct, bypassing lo-
cal competition and polluting the archive with
redundancies.

In stark contrast, the finetune-NS architecture
substantially mitigated this problem. By contin-
ually adapting the encoder to the newly discov-
ered out-of-distribution trajectories, previously
isolated "outlier" tracks are properly contextu-
alised and clustered. This guarantees that only



genuinely distinct geometries are rewarded with
novelty scores, yielding an elite repertoire of
drastically improved diversity.

3.3. Latent Manifold Stability

Despite the low volume of samples provided
during periodic fine-tuning routines, the model
managed to avoid catastrophic forgetting and
posterior collapse. The KLD metric remained
stable and strictly aligned with pre-training
baselines. Visualisations of time-domain recon-
structions confirmed that the dynamic VAE reli-
ably captures novel, high-frequency behavioural
phenomena that the static model failed to rep-
resent.

4. Conclusions

This research successfully bridges Quality-
Diversity optimisation, unsupervised represen-
tation learning, and autonomous skill discovery
to advance the procedural generation of func-
tional game content. By defining diversity via
physics-driven simulation telemetry rather than
arbitrary mathematical shapes, the pipeline un-
covers track designs inherently linked to experi-
ential vehicle dynamics.

Deploying an AURORA-style architecture elim-
inated the dependency on human-crafted heuris-
tics. Furthermore, comparative experiments in-
dicated that dynamically fine-tuning the VAE
is essential for sustained evolutionary search.
Adapting the behavioural space curtails the sur-
vival of redundant track clones and ensures the
algorithm’s continuous mapping of the shifting
phenotypic frontier.

Future work may aim to incorporate more ad-
vanced continual learning techniques into the
VAE fine-tuning process to further stabilise the
loss manifolds, and introduce more sophisticated
multi-agent Al controllers to generate richer
phenotypic data.

5. Source Code

This thesis is supported by a full implemen-
tation of the procedural content generation
pipeline. The complete source code, including
the Novelty Search implementation, track gen-
eration algorithms, Docker configurations, and
telemetry analysis tools, are publicly available
at the following GitHub repository:
https://github.com/zibasPk/

Novelty-Search-for-Racing-Track-Design
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