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Anoraris

st pobora posmupioe MorphoNAS, dpeitMmBopk MOpGOreHeTHIHOTO 110~
YKy HEeMPOHHUX apxiTeKTyp, BLJI JIBOBUMIPDHUX /IO TPUBUMIPHUX IPOIECIB
PO3BUTKY. Po3mmpenns 3aMiHIO€ MJIOCKY CITKY 32 X 32 Ha 00’€MHY PENriTKYy
10 x 10 x 10, 36iabIIyIOUN JIOKAJIBHY 3B A3HICTDH 3 8 710 26 CyCiaHiX KJITHH.
Macmrabnnit nopiBusibnnit exkcriepuMenT 13 1000 He3a/1eKHUX eBOJTIONIITHNX
saryckiB (50 miboBux KoHdirypariit, 10 BunakoBux iximiasizaniit koxna, 292,7
POJIH OOYNC/ICHD) HAJIAE CBITUEHHSI TOTO, 10 TPUBUMIPHUIT MOP(hOreHeTHIHIil
PO3BUTOK IlepeBepIIy€e JIBOBUMIPHUIT 3a KlJIbKOMa MeTpUKaMU: 3araJibHuil pi-
BeHb yeminmaocti (68,6% mpotu 60,0%, p = 0,006), ymMoBHUIT piBeHb yCHiNTHOCTI
cepejt 3aryckiB 6e3 Bigmos (77,6% mporu 66,2%, p = 0,0002), piBenb crarxaril
(19,8% nporu 30,6%, p =0,0001) ra mBuakicTs 30izkH0CTI (B cepeaabomy 114
npotu 138 nokostiab, p = 0,048), Toxi sik piBHI BiIMOB HE MAIOTh CTATUCTHIHO
snaaymol pisaul (p = 0,302). Pospobieno ymoBHuIii crarucrnanmii ppeiiMBopK
JUIS aHaJI3y OIMOJIaJIbHUX PO3IIOILIIB IPUCTOCOBAHOCTI, 38 AKUX CTaHIapTHI
paHroBi KpuTepil JarTh XUOHI Pe3y/IbTaTH.

[H2KeHepHUil BHECOK II0JIsiTa€ Y €I1MHil KOIoBiil 0a3i, B siKiit pexkumu 2D Ta
3D cHiBicHYIOTH 13 TOBHOIO 3BOPOTHOIO CYMICHICTIO, TOMY 1CHYIOUl €KCIIepUMEHTH
He IOTPeOYIOTh 3MiH. Po3mmpenHs: OXOILIIOE OCHOBHY CHUMYJISIIIIIO, cepiaJii3a-
I[II0 T€HOMY, €BOJIIOIIIITHI OllepaToOpy Ta eKCIIePUMEHTAJIbHY 1H(PPaCTPyKTYPY.
Okpemuii KOHBeep Bisyastizaliil, ooy oBaHuii Ha aHiMaliiiHoMy pyiil Manim,
JIO3BOJISIE TIeperiisijiaTu 00’ eMHI 1101t MOpOreHiB, BijIoOparkaTu OPpTOrOHAJbHI

MPOEKIIIl Ta aHIMYBaTU MITPAIlI0 HEIIPOHIB KPI13b PEIIITKY PO3BUTKY.



Abstract

This thesis extends MorphoNAS, a morphogenetic neural architecture search
framework, from two-dimensional to three-dimensional developmental processes.
The extension replaces the flat 32 x 32 grid with a volumetric 10 x 10 x 10 lattice,
increasing local neighborhood connectivity from 8 to 26 cells. A large-scale
comparative experiment comprising 1,000 independent evolutionary runs (50 target
configurations, 10 seeds each, 292.7 hours of computation) demonstrates that
3D morphogenetic development outperforms 2D across multiple metrics: overall
success rate (68.6% vs. 60.0%, p = 0.006), conditional success rate among non-
failed runs (77.6% vs. 66.2%, p = 0.0002), stagnation rate (19.8% vs. 30.6%, p =
0.0001), and convergence speed (mean 114 vs. 138 generations, p = 0.048), while
failure rates show no statistically significant difference (p = 0.302). A conditional
statistical framework was developed to address bimodal fitness distributions that
render standard rank-sum tests misleading.

The engineering contribution is a single codebase in which the 2D and 3D
modes coexist with full backward compatibility, so existing experiments require
no modification. The extension touches the core simulation, genome serialization,
evolutionary operators, and experiment infrastructure. A separate visualization
pipeline was built on the Manim animation engine to inspect volumetric morphogen
fields, display orthogonal projections, and animate neuron migration through the

developmental lattice.



1. Introduction

Relevance. Neural architecture search (NAS) automates the design of neural
networks, but conventional approaches rely on explicit architecture descriptions
and gradient-based or reinforcement-learning search over hand-crafted search
spaces. Early reinforcement learning-based approaches required approximately
22,400 GPU-days [1], while evolutionary algorithm approaches like AmoebaNet
consumed up to 3,150 GPU-days [2]. Morphogenetic NAS is a distinct paradigm:
compact genomes encode biological developmental rules, and neural architectures
emerge through self-organization on a spatial grid. MorphoNAS demonstrated
this approach in two dimensions, achieving 100% success on structural targeting
tasks [3]. Extending morphogenetic development to three dimensions is motivated
by biological evidence that dimensionality strongly affects cell signaling, spatial
patterning, and emergent tissue organization [4, 5]. Despite advances in 3D neural
cellular automata [6] and 3D evolutionary NAS [7], 3D morphogenetic development
has not yet been applied to neural architecture search.

Goals and objectives. The goal of this thesis is to extend the MorphoNAS
framework to three-dimensional developmental processes and to empirically evalu-
ate whether the additional spatial dimension improves the evolutionary search for
neural architectures. The objectives are:

1. Extend MorphoNAS from 2D to 3D within a single codebase, maintaining
full backward compatibility.

2. Design and conduct a large-scale comparative experiment (1,000 runs) with
fair, unbiased initialization conditions.

3. Develop a conditional statistical framework suitable for the bimodal fitness
distributions observed in evolutionary NAS.

4. Build a 3D visualization pipeline for volumetric morphogen fields and neuron
migration.

Object of research: the MorphoNAS morphogenetic neural architecture
search framework and its extension to three-dimensional developmental processes.

Subject of research: the effect of spatial dimensionality on the efficiency

and reliability of morphogenetic neural architecture search.
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Methods. The research employs evolutionary optimization via a genetic
algorithm with tournament selection and block-preservation crossover, developmen-
tal simulation on toroidal grids with reaction-diffusion dynamics, non-parametric
statistical analysis (Mann-Whitney U, Fisher’s exact test, Cliff’s delta), and 3D
scientific visualization using the Manim animation engine.

Scientific novelty. This thesis extends the morphogenetic neural architec-
ture search paradigm from planar to volumetric development by implementing
MorphoNAS on a fully three-dimensional toroidal lattice, while preserving the
compact, biologically inspired genome representation introduced in the original 2D
framework [3]. Unlike existing 3D NAS methods, which operate over explicitly pa-
rameterized search spaces for convolutional backbones [8, 9, 7], our system derives
complete neural architectures as emergent products of a 3D morphogen-guided
developmental process. At the same time, it differs from prior 3D self-organizing
systems such as neural cellular automata, which grow volumetric artefacts but do
not perform task-driven architecture search [6]. The thesis further introduces a
conditional statistical analysis framework tailored to bimodal fitness landscapes in
evolutionary NAS, decomposing outcomes into failure, conditional success, and
stagnation components and thereby avoiding the misleading conclusions that arise
when standard rank-based tests are applied to such mixtures [10, 11, 12].

Practical significance. The engineering contribution is a reusable, backward-
compatible 3D extension of the MorphoNAS codebase. The 3D visualization
pipeline provides tools for inspecting volumetric developmental dynamics. The
conditional statistical framework is applicable to any evolutionary optimization

comparison with bimodal outcome distributions.

1.1. From Traditional NAS to Morphogenetic Discovery

White et al. [13] conducted a comprehensive survey analyzing over 1,000
NAS papers, categorizing approaches by search strategy, search space design,
and evaluation mechanisms. They revealed that while early NAS required thou-
sands of GPU-days, modern techniques reduced costs dramatically through weight
sharing and performance prediction. Critically, their analysis showed that search
space design fundamentally constrains which architectures can be discovered, since

cell-based spaces enable transferability but may sacrifice novelty [13]. This obser-



11

vation motivates exploring alternative search spaces fundamentally different from
conventional cell-based or layer-based designs.

On the other hand, MorphoNAS [3] abandons explicit architecture design
entirely. Instead, it encodes biological developmental rules in compact genomes
that specify only morphogen parameters (diffusion properties, secretion rates, cross-
inhibition) and cellular response thresholds. Operating on a 2D toroidal grid, a
single progenitor cell self-organizes into complete neural networks through local
interactions governed by chemical gradients. Despite this genomic simplicity,
MorphoNAS achieved 100% success on structural targeting for graphs with 8-31
nodes and 94% on CartPole control, with 72% of solutions using only 6-7 neurons
when optimizing for compactness [3]. This demonstrated that morphogenetic self-
organization produces both complex and efficient architectures, establishing the

foundation upon which we build.

1.2. Scaling Morphogenesis to Higher Dimensions

The question naturally arises of what happens when we extend morpho-
genetic development beyond 2D. Biological evidence suggests this transition is
fundamental, as studies comparing 2D and 3D tissue organization demonstrate that
dimensionality profoundly affects cell signaling pathways, behavior, and emergent
structures [4]. Sudhakaran et al. [6] addressed this for neural cellular automata
(NCAs), extending them to 3D using 3D convolutional kernels. Their system grew
complex volumetric structures in Minecraft environments with over 3,000 blocks.
Remarkably, these 3D structures retained regenerative properties and could regrow
when damaged through continued local iterations [6].

This work proved that self-organizing developmental processes scale to volu-
metric spaces despite increased computational complexity. However, their focus
was visual pattern generation rather than functional neural architectures. Concur-
rently, Yang et al. [7] tackled 3D architecture search from a different angle through
SHSADE-PIDS, combining Success-History-based Adaptive Differential Evolu-
tion with Point Interaction Dimension Search for 3D point cloud processing. Their
key innovation was encoding discrete architecture choices into continuous vectors
suitable for evolutionary optimization, achieving 64.51% mloU on SemanticKITTI

with only 0.55M parameters (22-26x reduction vs. competitors) [7]. Together,
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these works establish that both morphogenetic systems and evolutionary NAS scale
effectively to 3D, suggesting their combination is computationally feasible.

Yet a critical question remains unanswered, namely whether 3D morpho-
genetic development produces qualitatively different and superior neural archi-
tectures compared to 2D? The biological evidence suggests it should. Gui et al.
[5] studied morphogen signaling during Drosophila wing development and found
that the transition from 2D to 3D tissue architecture fundamentally alters how
signals propagate between cells. This demonstrates that 3D morphogenesis is not
merely more complex, but enables fundamentally different developmental phenom-
ena. Applied to neural development, 3D space enables novel network topologies,

hierarchical layering, and spatial organization impossible in 2D.

1.3. Introducing Neuron Migration

Beyond dimensionality, biological neural development incorporates mecha-
nisms entirely absent from MorphoNAS, most notably neural migration. During
embryonic development, neurons undergo extensive migration along chemical
gradients (chemotaxis) to reach their functional destinations, a process mediated
by chemoattractant and chemorepulsive signals [14, 15]. This process is crucial
for forming layered structures, achieving wiring economy, and enabling proper
circuit formation. The biological importance of migration raises a complementary
question of whether incorporating neuron migration into morphogenetic NAS could
enable more efficient network organization and better performance.

Current morphogenetic NAS systems, including MorphoNAS, treat cells
as static once placed in the developmental field. This assumption contradicts
biological neural development, where migration is a fundamental developmental
process. The gap in the literature is notable: while 3D cellular automata have been
explored [6] and 3D NAS methods have been developed [7], none of these systems
incorporate neuron migration into a morphogenetic developmental process. This
thesis takes a first step toward addressing this gap by building a 3D visualization
pipeline that simulates migration dynamics (Section 4.6), while leaving integration

into the evolutionary framework as future work (Section 7.3).
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1.4. Scope and Contributions

This thesis addresses the gap by extending MorphoNAS to three-dimensional
development and empirically validating whether the additional spatial dimension
improves the evolutionary search for neural architectures. The 3D extension is the
first step toward the broader program of multidimensional developmental processes
suggested by the thesis title. Neuron migration, the second such process, was
explored through a custom 3D visualization system built with Manim (Section 4.6)
and 1s discussed as future work (Section 7.3), but was not integrated into the
evolutionary framework for this thesis.

The core engineering contribution is a single-codebase 3D extension main-
taining full backward compatibility with existing 2D experiments. The core scien-
tific contribution is a comparative experiment demonstrating that 3D development
outperforms 2D in success rate, convergence speed, and stagnation avoidance, while
failure rates show no statistically significant difference under fair experimental

conditions.

1.5. Research Hypotheses

This thesis tests the hypothesis that extending MorphoNAS from two-dimensional
to three-dimensional development will improve the evolutionary search for neural
architectures. Specifically, we predict that the 3.25-fold increase in neighborhood
connectivity (26 neighbors in 3D vs. 8 in 2D) will allow the developmental process
to produce target architectures more reliably and with faster convergence, because
the richer spatial structure provides more degrees of freedom for morphogen-guided
self-organization.

This hypothesis is grounded in biological observations that three-dimensional
morphogenesis fundamentally shifts spatial relationships and diffusion dynam-
ics, enabling qualitatively different tissue organizations compared to 2D sys-
tems [5]. MorphoNAS demonstrated that compact genomic encodings combined
with reaction-diffusion dynamics can generate complex neural architectures through
self-organization in 2D, achieving 100% success rates on structural targeting tasks
and 94% on CartPole [3]. Extending the developmental field to 3D introduces ex-

ponentially more geometric possibilities for cellular arrangement and connectivity
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patterns, while maintaining the same compact genome representation. We test this
through a large-scale comparative experiment (1,000 runs) with fair experimental
conditions designed to isolate the effect of dimensionality from other confounds

such as initialization bias.

1.6. Thesis Structure

The remainder of this thesis is organized as follows. Chapter 2 reviews
background literature and theoretical foundations, covering neural architecture
search, morphogenetic approaches, and the biological principles underlying the
developmental model. Chapter 3 presents the software design and architecture of
the 3D extension. Chapter 4 details the mathematical formalization and engineering
implementation. Chapter 5 describes the experimental methodology, including the
benchmark task, developmental environments, and statistical analysis framework.
Chapter 6 presents the results of the 1,000-run comparative experiment. Chapter 7
discusses the interpretation and limitations of the findings. Chapter 8 concludes

with a summary of contributions and directions for future work.
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2. Background and Theoretical Foundations

This chapter presents the background material on neural architecture search
methodologies, morphogenetic design principles, multidimensional search spaces,
and biological mechanisms relevant to three-dimensional development, followed by

the core theoretical principles underlying the MorphoNAS developmental process.
2.1. Neural Architecture Search: Foundations and Evolution

Neural architecture search has emerged as a critical subfield of automated
machine learning, aiming to automate the design of optimal neural network ar-
chitectures tailored to specific tasks and datasets [16]. The most fundamental
challenge in NAS is to navigate vast combinatorial search spaces efficiently while
discovering high-performing architectures without prohibitive computational costs
[13, 17].

2.1.1. Search Strategies in NAS

The evolution of NAS methodologies can be broadly categorized by their
search strategies. Early approaches utilized reinforcement learning (RL), where
controllers generate architecture descriptions and receive rewards based on val-
idation performance [1]. However, these methods often required thousands of
GPU-days for a single search (for instance, the original NAS method consumed
22,400 GPU-days [1]), necessitating the development of more efficient alterna-
tives. Evolutionary algorithms have emerged as a particularly promising alternative
due to their population-based search mechanism, which naturally suits exploring
vast combinatorial spaces of neural architectures [16]. Notable evolutionary NAS
techniques include NeuroEvolution of Augmenting Topologies (NEAT), Genetic
CNN, and AmoebaNet [2], which have demonstrated the ability to discover highly
competitive architectures with greater stability, lower computational requirements,
and less hyperparameter tuning compared to RL-based methods [13].

More recent paradigms have shifted toward efficiency through weight-sharing
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and gradient-based optimization. Differentiable architecture search (DARTS)
formulates NAS as a continuous optimization problem, treating the architecture
search space as a continuous domain where operations are mixed and gradually
discretized [18]. This approach dramatically reduced search costs from thousands
of GPU-days to approximately 0.2—4 GPU-days [18, 19], a reduction of several

orders of magnitude.

2.1.2.  Search Space Design

The design of the search space itself has proven to be a critical factor in
NAS effectiveness [13]. Cell-based search spaces, where small computational
cells are discovered and then stacked to form the full network, dominate the NAS
literature due to their transferability across datasets [13]. However, recent work
has demonstrated that these cell-based spaces may inadvertently constrain the
diversity of discoverable architectures, as the fixed stacking pattern limits the

overall topology to repeated motifs [16].

2.2. Morphogenetic Approaches to Neural Network Design

The application of morphogenetic principles to neural network design rep-
resents a paradigm shift from explicit architectural specification to emergent self-
organization [3]. Rather than defining network components directly, morphogenetic
approaches encode developmental rules, and the architecture emerges as the result

of a simulated biological growth process.

2.2.1. MorphoNAS Framework

MorphoNAS introduces a morphogenesis-inspired NAS that uses compact
genomes to specify reaction-diffusion parameters (diffusion rates, secretion profiles,
cross-inhibition matrices) and thresholds for cell behaviors (division, differentiation,
axon growth) [3]. A developmental simulation on a 2D toroidal grid starts from
a single progenitor cell. Over many timesteps morphogens diffuse, cells divide
to fill space, differentiate into neurons, and extend axons, eventually producing a

complete neural network. The approach achieved 100% success on graph-property
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targeting (8-31 nodes) and 94% on CartPole, with the majority of solutions using
compact architectures (6—7 neurons) [3].

The MorphoNAS search space is fundamentally different from conventional
NAS: instead of choosing from predefined operations, the genome encodes physical
parameters of a biological-like process. This means the search space is continuous
and the architecture is an emergent property of the developmental dynamics rather
than a directly specified design.

The framework was designed with an abstract optimizer interface, allowing
different search strategies to be substituted without modifying the developmental

simulation or fitness evaluation pipeline.

2.3. Multidimensional NAS and Spatial Architectures

2.3.1. 3D Neural Architecture Search

The adaptation of NAS to 3D domains has gained traction, particularly for
applications in medical imaging, LiDAR-based perception, and volumetric data
analysis. Methods such as C2FNAS (Coarse-to-Fine NAS) [8] and NG-NAS (Node
Growth NAS) [9] have been developed specifically for 3D medical image seg-
mentation, incorporating specialized 3D convolution operators and search spaces.
However, these approaches typically search for optimal 3D convolutional archi-
tectures through conventional NAS paradigms rather than through developmental
processes [9].

The work by Yang et al. on SHSADE-PIDS [20] represents a significant
contribution to evolutionary NAS for 3D point cloud analysis. This framework
bridges discrete and continuous optimization spaces by encoding discrete neural
network architectures into continuous vectors suitable for differential evolution.
The system achieved state-of-the-art results on 3D semantic segmentation (64.51%
mloU on SemanticKITTI with only 0.55M parameters) and classification (93.4%
accuracy on ModelNet40 with 1.31M parameters), demonstrating that evolutionary
algorithms can effectively navigate complex 3D architecture search spaces while

optimizing for both performance and efficiency.
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2.3.2.  Challenges in High-Dimensional Search Spaces

Extending NAS to higher-dimensional spaces introduces several challenges.
The search space grows exponentially with dimensionality, making exhaustive
or even comprehensive sampling infeasible [7]. Computational costs increase
substantially as 3D operations (convolutions, pooling, etc.) require significantly
more memory and computation than their 2D counterparts, necessitating special-
ized hardware-aware search strategies [21]. Evaluation becomes more expensive,
necessitating more sophisticated performance predictors or zero-shot proxies. Addi-
tionally, the increased representational capacity of 3D networks may require larger

training datasets to avoid overfitting, further complicating the search process.
2.4. Biological Mechanisms in Morphogenesis and Development
2.4.1. 3D Morphogenesis and Spatial Patterning

Biological morphogenesis inherently occurs in three dimensions, with the
spatial organization of cells fundamentally shaping tissue and organ function.
Studies comparing 2D and 3D tissue organization demonstrate that dimensionality
profoundly affects cell signaling pathways, behavior, and emergent structures
[4]. Gui et al. [5] showed that the transition from 2D to 3D tissue architecture
during Drosophila wing development fundamentally alters how morphogen signals
propagate between cells.

Sudhakaran et al. [6] demonstrated that neural cellular automata can be
extended to 3D, growing complex volumetric structures with over 3,000 blocks
in Minecraft environments while retaining regenerative properties. This estab-
lished that self-organizing developmental processes can scale to volumetric spaces,
though their work focused on visual pattern generation rather than functional neural
architectures.

Three-dimensional Turing patterns exhibit different behaviors compared to
their 2D counterparts. Pattern formation in 3D depends more critically on initial
conditions and domain growth, with mode competition playing a more significant
role [22, 23]. The additional spatial dimension enables richer pattern diversity and

more complex spatial hierarchies, but also increases the parameter sensitivity of
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pattern formation [24].
The following sections present the core theoretical principles underlying the

MorphoNAS developmental process.

2.5. Free Energy Principle in Morphogenesis

The Free Energy Principle (FEP) formalizes the tendency of living systems to
minimize variational free energy, defined as the discrepancy between predicted and
sensed signals, in order to maintain homeostasis [25]. This principle establishes
that physical systems minimize surprisal (the negative log probability of outcomes)
by maintaining internal models that predict sensory inputs through hierarchical
predictive coding [26]. Within a morphogenetic setting this provides a normative
lens for understanding how cells evaluate their local environment and elect the
actions that reduce surprise. MorphoNAS leverages this idea by encoding thresholds
that represent expected morphogen concentrations. When observations diverge
from those expectations, progenitor cells respond by dividing, differentiating, or
remaining quiescent, while neurons adjust secretion profiles or initiate growth. This
implicit minimization of surprise guides the developmental trajectory toward low-

entropy anatomical configurations without requiring explicit global coordination.

[3]

2.6. Reaction-Diffusion Systems

Reaction-diffusion (RD) systems capture how interacting diffusive chemicals
can spontaneously break symmetry and produce spatially structured patterns [27].
Originally proposed by Alan Turing in his seminal 1952 paper ‘The Chemical
Basis of Morphogenesis,” this mechanism demonstrates how morphogen gradients
with differential diffusion rates can generate periodic patterns such as stripes
and spots from initially homogeneous states [22]. MorphoNAS instantiates RD
dynamics by allowing each cell type to secrete morphogens with configurable
diffusion coefficients, decay rates, and cross-inhibition matrices. The resulting
concentration gradients provide positional information that cells exploit when
evaluating developmental rules. Because gradients emerge from local interactions,

complex organizations such as layered or modular tissues can arise from compact
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genomic encodings, and extending the developmental field to three dimensions

simply augments the spatial degrees of freedom over which these gradients form.

2.7. Gene Regulatory Networks

Gene regulatory networks (GRNs) interpret morphogen cues and trigger dis-
crete developmental programs. [3] In MorphoNAS the genome specifies GRN-like
logic through thresholded response functions: when morphogen concentrations
fall within certain intervals, cells adopt new identities, alter secretion behavior, or
initiate axonal extension. [3] This abstraction captures the essence of transcriptional
regulation while remaining computationally tractable. By coordinating RD-guided
positional information with GRN decision boundaries, the framework can orches-
trate multistage development and synthesize neural architectures whose topology

and connectivity reflect the encoded developmental rules.

2.7.1. Chemotaxis and Neuronal Migration

During embryonic neural development, neurons undergo extensive migration
along chemical gradients (chemotaxis) to reach their target destinations. This
process involves multiple mechanisms: radial migration, where neural progenitors
move outward from the neural tube; tangential migration, where neurons move
parallel to the brain surface guided by chemotactic gradients [14]; and chain mi-
gration, where neurons follow pathways established by pioneer cells. Chemotaxis
1s mediated by chemoattractant and chemorepulsive signals that create concentra-
tion gradients guiding cell movement, with neuronal responses exhibiting gradient
steepness-dependent regulation [28].

The biological rationale for neuronal migration is multifaceted. Migration
enables cells born in one location to function in another, allowing developmental
programs to separate neurogenesis sites from final functional positions. This sepa-
ration facilitates the formation of laminar structures (like the six-layered neocortex)
where neurons born at different times migrate past earlier-born neurons to form
inside-out or outside-in layers [29]. Migration also contributes to wiring economy
by allowing neurons to position themselves optimally relative to their synaptic

partners, minimizing axonal wiring lengths [14].
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3. Software Design and Architecture

This chapter describes the software engineering aspects of the three-dimensional
MorphoNAS extension, including the requirements that drove the design, the sys-
tem architecture, technology choices, key design decisions, and the approach to

testing and validation.
3.1. Requirements Specification

The 3D extension was designed to satisfy the following functional and non-
functional requirements.
Functional requirements:

FR1: Support three-dimensional developmental grids with 10 x 10 x 10 toroidal lat-
tices, including 3D morphogen diffusion, 26-neighbor Moore neighborhoods,
and volumetric cell positioning.

FR2: Maintain full backward compatibility with existing 2D experiments, so that
all prior results remain reproducible under the same codebase.

FR3: Enable large-scale comparative experiments between 2D and 3D develop-
ment with configurable target specifications, random seeds, and evolutionary
parameters.

FR4: Provide 3D visualization of volumetric morphogen fields, neuron positions,
connectivity, and neuron migration trajectories.

Non-functional requirements:

NFR1: Single codebase: both 2D and 3D modes must be supported by the same
source files, with no code duplication across separate implementations.

NFR2: Reproducibility: all experiments must be deterministic given a fixed random
seed and configuration file.

NFR3: Reasonable performance: a single evolutionary run (500 generations, popula-

tion size 50) should complete within 30 minutes on commodity hardware.
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3.2. System Architecture

The MorphoNAS system is organized into six major modules, illustrated in
Figure 3.1. The is_3d flag, set when the grid depth exceeds one, controls data
shapes throughout the system.

Grid manages the developmental field, including morphogen concentration
tensors, cell occupancy arrays, and neighbor offset tables. In 2D the morphogen
tensor has shape (K, Ny,Ny); in 3D it becomes (K, Ny, Ny, N;).

Genome encodes all developmental parameters as a structured collection
of scalars, vectors, and tensors. The genome supports flattening to a continuous
vector for optimizer consumption and reconstruction back to structured form, with
the flattening length varying by dimensionality.

DevelopmentalSimulation executes the morphogenetic process: morphogen
secretion, cross-inhibition, diffusion, cell division, cell differentiation, and axon
growth. Each operation reads from and writes to the Grid.

FitnessEvaluation extracts a neural network graph from the final develop-
mental state and computes fitness as the weighted deviation from target graph
properties (neuron count, connection count, source count).

Optimizer implements the evolutionary search. The abstract base class
supports pluggable strategies; this thesis uses a genetic algorithm (GA) with tour-
nament selection and block-preservation crossover.

ExperimentRunner orchestrates multi-configuration, multi-seed experi-
ments, managing parallel execution, result aggregation, and progress logging.

The data flow proceeds as follows: the ExperimentRunner loads a JSON
configuration specifying target graph properties and grid parameters, then invokes
the Optimizer. Each fitness evaluation creates a Grid from the Genome, runs the
DevelopmentalSimulation for a fixed number of timesteps, and passes the result
to FitnessEvaluation. The Optimizer receives fitness scores and produces the next
generation of genomes. Figure 3.2 shows the sequence of operations within a single

developmental timestep.
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Software Architecture with is_3d Branching

experiment_runner.py
Load config, dispatch runs

configure
& launch

genetic_algorithm.py
Tournament selection, crossover, mutation

create, crossover,
mutate

is_3d controls:
genome.py kernel shape 3x3 / 3x3x3

Structured genome with is_3d fla flatten vector length
dim mutation -> regen kernels

instantiate
developmental field

is_3d controls:
grid.py tensor shape (K,X,Y) / (K,X,Y,Z) fitness

Morphogenetic simulation neighbors 8 / 26 score
position tuples (2) / (3)

extract
network

neural_propagation.py
Extract neural network from grid

evaluate
topology

fitness.py
Dimension-agnostic topology comparison

Figure 3.1. Software architecture. The is_3d flag controls data shapes in the genome and grid
layers.
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One Developmental Timestep

Progenitor and neuron cells
Morphogen Secretion release morphogens into
their local grid positions

/
Convolution with species-specific
Morphogen Diffusion kernels (3x3 in 2D, 3x3x3 in 3D)
using toroidal boundary conditions

If M_div(p) > theta_div,

/
Cell Division plgce dagghter progenl.t(.)r in
neighboring empty position

with highest morphogen

/
If M_diff(p) > theta_diff,
Cell Differentiation progenitor transforms
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/ Neurons extend axons

along morphogen gradients;
form synaptic connections

upon encountering other neurons

Axon Growth

NONEEOE

/

yes/ t < max_growth_steps no
“\AND fitness <1.0?

Next timestep t+1

Return developed
neural network

Figure 3.2. One developmental timestep: secretion, diffusion, division, differentiation, and axon
growth.
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3.3. Technology Stack

The system is implemented in Python, chosen for compatibility with the
existing MorphoNAS codebase and the scientific computing ecosystem.

NumPy provides the foundation for all array operations, including mor-
phogen tensors, cell occupancy grids, and vectorized neighbor lookups. The
transition from 2D to 3D required no changes to the NumPy-based computation
patterns because NumPy natively supports n-dimensional arrays.

SciPy is used for morphogen diffusion via scipy.ndimage . convolve, which
accepts kernels of arbitrary dimensionality and supports wrapping boundary con-
ditions. This replaced a 2D-specific convolution function from scipy.signal,
eliminating the need for dimension-dependent branching in the diffusion step.

Manim (manimgl). The 3D visualization pipeline uses the original manimgl
version of the Manim animation engine rather than the community fork, for two
reasons: native OpenGL-based 3D scene support with built-in camera control, and
real-time preview capability essential for iterative visualization development. The
community fork primarily targets 2D animations and offers limited support for

interactive 3D scenes.

3.4. Design Decisions

Dimensional branching via is_3d flag. Rather than creating a separate 3D
implementation, a single codebase serves both dimensionalities. A boolean flag, set
when the grid depth exceeds one, controls all dimension-dependent behavior: data
structure shapes, neighbor offset tables, and diffusion kernel sizes. This ensures bug
fixes apply to both modes and guarantees identical code paths for the 2D baseline in
comparative experiments. The implementation details are presented in Chapter 4.

Backward-compatible JSON serialization. The genome serialization for-
mat was extended with a depth parameter that defaults to one, so existing 2D
experiment files load correctly without modification. The binary and flat-vector
representations were likewise extended with variable-length encoding (Section 4.2).

Grid size matching. For fair comparison, grid dimensions were chosen
to yield approximately equivalent total positions: 32 x 32 = 1,024 in 2D versus
10 x 10 x 10 = 1,000 in 3D. This controls for total developmental capacity while
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allowing the neighborhood connectivity difference (8 vs. 26) to be the primary
experimental variable.

Self-describing flat genome encoding. The genome is flattened to a con-
tinuous vector for optimizer consumption, with scalar parameters first in a fixed
order followed by array parameters. The vector length varies by dimensionality; the
reconstruction procedure determines genome structure from the vector length and
known dimensionality alone, without external metadata. The full genome structure

is illustrated in Figure 3.3.

Genome Structure

Genome

Scalars | 13

Secretion | 2K rates

Inhibition | K x K matrix
Diffusion | K patterns

13 Scalar
Grid size_x, size_y, size_z
D max_growth_steps Inhibition Matrix Diffusion Patterns
Secretion Rates -
Size KxK 2D mode | K kernels of 3 x 3 (9 values)
Entry (i,j) | how morphogen i suppresses j 3D mode | K kernels of 3 x 3 x 3 (27 values)

Diffusion | diffusion_rate (alpha)
Thresholds | div, diff, axon
Axon max_length, connect_threshold

Progenitor l K rates (one per

Neuron | K rates (one per

Range | [0, 1] Constraint | each kernel sums to 1

Connectivity | self_connect_iraction
Weights djustment_target, L_rate

For K=3 morphogens:
2D total = 13 + 6 + 9 + 27 =55 params
3D total = 13 + 6 + 9 + 81 =109 params

Figure 3.3. Genome structure. For K=3 morphogens: 55 parameters in 2D, 109 in 3D.

3.5. Testing and Validation

Backward compatibility is ensured by design: the single codebase means
that 2D experiments execute the same code paths as before the 3D extension, with
the is_3d flag set to false. All prior 2D experiment configurations were re-run
after the extension to verify identical results.

Correctness invariants. The diffusion kernel normalization constraint
(X j1Dkli, j,1] = 1) is enforced at genome construction time, ensuring mass con-
servation. Toroidal boundary conditions are verified by checking that cells at grid
edges correctly wrap to the opposite side. Neighbor offset generation is validated
by confirming that 2D produces exactly 8 offsets and 3D produces exactly 26.

Reproducibility. All experiments use fixed random seeds specified in JSON
configuration files. The experiment runner logs the full configuration, random
seed, and software version for each run, enabling exact reproduction of any result.

Genome checksums (via binary serialization and hashing) provide an additional



verification layer.
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4. Implementation

This chapter details the mathematical formalization and engineering imple-
mentation of the three-dimensional extension to MorphoNAS. The developmental
process, genome representation, evolutionary search, and visualization pipeline are

described in turn.
4.1. Extension to Three-Dimensional Development

Moving from a flat grid to a volumetric one changes more than just the shape
of the developmental field. It alters how cells perceive their surroundings, how
chemical signals spread, and ultimately what network topologies can emerge. We
formalize these changes below.

The developmental field is defined as a discrete lattice Q C Z? where d €
{2,3} denotes the spatial dimensionality. For three-dimensional development, the
domain takes the form Q@ = {0,1,... ,Ny— 1} x{0,1,...,N, — 1} x {0,1,...,N, —

1} with toroidal boundary conditions implemented through modular arithmetic:
(x,¥,2) ~ (x mod Ny, y mod Ny, z mod N,) (4.1)

This periodic boundary eliminates edge effects that would otherwise introduce
artificial spatial biases into the developmental process. For comparative experi-
ments, grid dimensions are chosen to yield approximately equivalent total positions:
the two-dimensional configuration uses a 32 x 32 grid providing 1,024 positions,
while the three-dimensional configuration uses a 10 x 10 x 10 grid providing 1,000
positions.

The transition to three dimensions fundamentally alters the local connectivity
available to developing cells. In two dimensions, the Moore neighborhood of a

position p comprises all positions within Chebyshev distance one:

M) ={qcQ:[p—q|-=1, q#p} (4.2)

yielding | 43| = 8 neighbors. The three-dimensional generalization extends this to
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a cubic neighborhood:

M6(P) =19 €Q:|[p—qll-=1,q#p} (4.3)

with |#56| = 26 neighbors, a 3.25-fold increase in local connectivity. This expan-
sion has profound implications for developmental dynamics, since progenitor cells
have more candidate division sites, differentiating neurons can establish connec-
tions with a larger pool of neighbors, and morphogen gradients propagate through
a richer spatial structure.

Morphogen concentrations are represented as a tensor M € REXNoxXNyxNe
where K denotes the number of distinct morphogen species. Each morphogen k
diffuses according to a species-specific kernel Dy € R3*3*3 subject to the normal-
ization constraint ) ; j,le[i, J,1] = 1 to ensure mass conservation. The diffusion

update at each developmental timestep follows:
M = (1— )M} + o (M}« Dy) (4.4)

where * denotes convolution with periodic boundary conditions and & € [0, 1] is
the diffusion rate controlling the balance between retention and spreading. When
o = 0, concentrations remain stationary; when o = 1, the field is entirely replaced
by the convolved result. The implementation employs scipy.ndimage.convolve

with mode=’"wrap’ to handle toroidal boundaries efficiently.
4.2. Genome Representation and Parameter Space

The genome encodes all parameters governing the developmental process as
a structured collection of scalars, vectors, and tensors. A binary flag is_3d is set
when N, > 1, triggering three-dimensional behavior throughout the system. Key
parameters include grid dimensions (Ny, Ny, N;), diffusion rate (), thresholds for
division, differentiation, and axon growth (84iy, B4iff, Oaxon), maximum axon length
(Lmax), and morphogen count (K).

The diffusion kernels constitute the largest component of the genome. In
two dimensions, each morphogen requires 9 coefficients for its 3 x 3 kernel; in
three dimensions, this increases to 27 coefficients for the 3 x 3 x 3 kernel. For K

morphogens, the three-dimensional representation thus requires 18K additional
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3D Morphogen Distribution (Step 108)
MO: 95.83 M1: 37.18 M2: 42.29

urid: 10x10x10 Steps: 108 | Iteration: 108 | Morphogens: 3

Thresholds
D1v15101

8.572 Ditferentintion: 6.350  Axon Growth: £.558
8

=
Axon Connect: 6.31 Max Axon Length: 8

Secretion Rates:
Progenitor: §.411 0.353 8,286
Neuron €.422 9,403 8,510

Inhibition Matrix:
MO: 9,411 9,193 9,830
Nl: 0.639 9.9 0.439
N2: 6.299 9.647 0.214

Figure 4.1. 3D morphogen distribution with neurons and connections on a 10 x 10 x 10 grid.

parameters compared to the two-dimensional case. Additionally, the genome
encodes morphogen secretion rates for each cell type (progenitor and neuron),
yielding 2K secretion parameters, and a K X K cross-inhibition matrix governing
morphogen interactions.

For evolutionary optimization, the genome is flattened into a continuous
vector suitable for derivative-free optimization algorithms. Integer parameters
are normalized to the unit interval via linear scaling, while array parameters are
concatenated in a fixed order: scalar parameters, progenitor secretion rates, neuron
secretion rates, inhibition matrix elements, and finally diffusion pattern coefficients.
This flattening enables the application of continuous optimization methods while
the reconstruction process ensures valid discrete parameters through appropriate

rounding and clamping. The full genome structure is shown in Figure 3.3.

4.3. Developmental Dynamics in the Extended Framework

The developmental process unfolds through iterative application of cell

behaviors governed by local morphogen concentrations. At each timestep, cells
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evaluate their chemical environment and execute appropriate responses according
to genomically-encoded thresholds.

Cell division occurs when the local concentration of the division morphogen
exceeds the division threshold: Mgy (p) > 6O4iy. Upon meeting this condition,
the progenitor cell at position p selects a target position from its neighborhood
according to:

p" =arg max Myiv(q (4.5)
qe-A (p), empty(q) /@)

where empty(q) indicates that position ¢ contains no cell. The daughter pro-
genitor is placed at p*, inheriting the same developmental potential as its parent.
In three-dimensional development, the expanded 26-cell neighborhood provides
substantially more candidate positions for division compared to the 8-cell neighbor-
hood in two dimensions, potentially enabling faster tissue growth and more varied
spatial arrangements.

Differentiation transforms progenitor cells into neurons capable of forming
synaptic connections. This transition is triggered when the differentiation mor-
phogen concentration exceeds the differentiation threshold: My;g(p) > Ogigr- Unlike
division, differentiation depends only on the local concentration at the cell’s posi-
tion rather than on neighborhood properties. The mechanism operates identically
in two and three dimensions, ensuring that the spatial complexity introduced by
volumetric development does not alter the fundamental biochemical logic of cell
fate determination.

Neurons extend axons through chemotactic guidance along the axon mor-
phogen gradient. At each growth step, the axon tip moves toward the neighboring
position with highest morphogen concentration, provided it exceeds the growth
threshold 0,xon. Growth continues until the axon reaches its maximum length
Lmax or encounters another neuron. In the latter case, a synaptic connection forms
with weight determined by the local morphogen concentration and the Euclidean
distance between the connected neurons. The 26-directional choice available in
three-dimensional development enables substantially richer connectivity patterns
than the 8-directional choice in two dimensions, potentially yielding network
topologies with greater architectural diversity. The full developmental timestep

sequence is shown in Figure 3.2.
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4.4. Evolutionary Search with a Genetic Algorithm

The search for optimal genomes employs a custom genetic algorithm (GA)
with tournament selection, block-preservation crossover, and multi-type mutation
operators. The framework is built around an abstract Optimizer base class with
pluggable strategy components, allowing different optimization strategies to be
used without changing the rest of the pipeline. All experiments in this thesis use
the GA because it operates on structured genomes directly, preserving functionally
coupled parameter groups during crossover, which is more appropriate when
genome parameters have strong interdependencies (e.g., spatial dimensions must
remain consistent).

Each generation proceeds through four stages. First, parents are selected via
tournament selection, where a small subset of the population is sampled and the
fittest individual is chosen as a parent. Second, pairs of parents undergo block-
preservation crossover, which groups functionally related parameters (grid width,
height, depth, and maximum growth steps) into an atomic block inherited from
a single parent, preventing offspring with mismatched dimensional parameters.
Third, offspring are mutated through several operators: parameter mutation (small
perturbations to scalar values), morphogen count mutation, diffusion matrix mu-
tation, and growth step mutation, each with configurable probability. Fourth, the
developmental simulation runs for each individual, producing a neural network
whose fitness is evaluated against the target specification (detailed in Section 5.1).

Evolutionary parameters were chosen based on preliminary experimentation.
The population size of 50 individuals balances exploration breadth against compu-
tational cost. Evolution proceeds for a maximum of 500 generations, with early
termination when fitness reaches 1.0 (perfect match). Elitism preserves the best

individual across generations to prevent regression.

4.5. Engineering the 2D-to-3D Extension

While the mathematical formulation of the three-dimensional extension was
presented in Section 4.1, this section describes the practical software engineering
work needed to implement it. The changes span the core simulation, genome

representation, evolutionary operators, and experiment infrastructure.
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Figure 4.2. Genetic algorithm pipeline with early termination on perfect fitness.
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4.5.1. Diffusion and Neighbor Operations

The morphogen diffusion step required swapping the 2D-only convolution
function from SciPy’s signal processing module for a more general one from
SciPy’s n-dimensional image processing module. The replacement accepts kernels
of any dimensionality and supports wrapping boundaries, so the same code works
for both 3 x 3 and 3 x 3 x 3 diffusion kernels without any branching.

The neighborhood calculation, by contrast, did need explicit branching. In
two dimensions, the Moore neighborhood has 8 offsets; in three dimensions this
grows to 26, generated by iterating over all combinations of {—1,0,1} across
three axes and excluding the origin. The cell division operation, which is the most
performance-sensitive part, uses NumPy broadcasting to avoid slow Python loops:
all eligible cell positions are combined with the offset array at once to produce a full
table of neighbor coordinates, and modular arithmetic handles toroidal wrapping.
Array indexing then gathers morphogen concentrations and occupancy for all
neighbors of all eligible cells in one step. This vectorized approach keeps the 3D

extension fast despite the 3.25-fold increase in neighbors per cell.
4.5.2.  Genome Serialization

The genome gained a depth parameter alongside width and height, increasing
the total number of evolvable parameters. The biggest expansion is in the diffusion
kernels, where each morphogen species needs 9 coefficients for a 3 x 3 kernel in
2D but 27 for the 3 x 3 x 3 kernel in 3D. With three morphogen species, that means
54 extra parameters in the genome.

Saving and loading the genome required changes at multiple levels. The
binary format (used for hashing and checksums) was extended with an extra
integer field and conditional packing for the diffusion patterns. The JSON format
added the depth parameter with a default value of one for backward compatibility,
so existing 2D experiment files still load correctly. The trickiest part was the
flattening operation that converts the structured genome into a flat vector for the
optimizer, since the diffusion section now has a variable length. Going the other
way, converting a flat vector back into a structured genome, requires knowing the

dimensionality before the number of morphogens can be determined. The solution
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reads the depth parameter first, uses it to decide the pattern size (9 or 27), and then

solves a quadratic equation to figure out how many morphogens the vector encodes.

4.5.3. Evolutionary Operator Adaptations

Grid dimensionality is fixed for the entire evolutionary run: all genomes in
a population share the same grid depth, set at initialization. Diffusion kernels are
sized accordingly (3 x 3 for 2D, 3 x 3 x 3 for 3D) and remain consistent throughout
evolution.

Crossover operators group the three spatial dimensions (width, height, depth)
together with the maximum growth steps as a “Size and Growth” block that always
comes from one parent, preventing offspring from getting mismatched dimensional
parameters. The diversity maintenance strategy, which replaces weak individuals
with random genomes to avoid premature convergence, was also updated to pass
the depth parameter to the random genome generator, so replacement genomes

match the population’s dimensionality.

4.5.4. Experiment Infrastructure

A dedicated script was created to generate three-dimensional experiment
configurations. It produces randomized target graphs (varying numbers of neurons,
connections, and source nodes) and pairs them with 3D grid parameters: a 10 x
10 x 10 grid with 1,000 positions, chosen to be comparable to the 32 x 32 grid
(1,024 positions) used in 2D experiments. Each configuration is saved as a JSON
file that the experiment runner loads at runtime.

The experiment runner itself needed several 3D-specific changes. The exist-
ing 2D morphogen display, which shows concentration fields as a colored heatmap,
cannot handle three-dimensional data and was disabled for 3D grids. Two new
visualization modes replaced it: 3D scatter plots showing each morphogen species
as a separate colored point cloud, and 2D projection views that average concen-
trations along each axis to produce XY, XZ, and YZ heatmaps. Progress logging
was updated to show dimensions in the right format, and the convergence strategy
gained a minimum fitness threshold to avoid stopping too early on zero-fitness runs,

which happen more often in 3D because the larger parameter space makes bad
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initializations more likely.
4.6. 3D Visualization Engineering

Visualizing three-dimensional morphogenetic development presents signifi-
cant engineering challenges that required custom tooling. While two-dimensional
developmental fields can be rendered straightforwardly using standard plotting
libraries, volumetric morphogen gradients with simultaneous cell positioning and

connectivity demand specialized 3D animation capabilities.

3D Neural Development ® 10 (fed) - NeUrons=foL

® M1 (Green)
® M2 (Blue)

@ Neuron

Frame: 49

Figure 4.3. 3D morphogenetic development visualization with morphogen concentrations, neurons,
and projection panels.

4.6.1. Manim Library Challenges

The visualization system was built using Manim, the mathematical animation
engine originally developed by Grant Sanderson for the 3Blue1 Brown educational
mathematics videos. Two versions of Manim exist: the original manimgl (OpenGL-
based) and the community fork manim (Cairo-based). Neither version was designed
for scientific volumetric visualization, presenting several obstacles.

The community edition suffered an infrastructure compromise in which the
project’s GitHub organization, Discord server, and social media accounts were
hijacked, raising concerns about the integrity of community-maintained releases.

This, together with the original manimgl version’s native three-dimensional scene
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support with built-in camera control and OpenGL-accelerated rendering, motivated
our adoption of manimgl despite its less extensive documentation. The community
fork primarily targets two-dimensional animations and offers limited support for
interactive 3D scenes. The OpenGL renderer also enables real-time preview, which
proved essential during iterative visualization development where rapid feedback
on camera angles and object placement significantly reduced the design cycle.

The manimgl API differs substantially from the community edition’s widely-
documented tutorials, creating a steep learning curve. Key differences include how
objects are pinned to screen coordinates so they do not rotate with the 3D camera,
how numeric trackers drive animation progress, and how objects receive per-
frame update functions. These differences meant that most community-maintained
examples were not directly applicable, requiring extensive experimentation with
the less-documented original API.

Several limitations of Manim required creative workarounds. Manim does
not support split-screen or multi-viewport layouts, since the entire scene shares
a single camera. Showing flat projection panels alongside the 3D view required
generating image textures and pinning them to fixed screen positions, effectively
faking a split-screen layout within the single-camera design. Another challenge
was that transitioning between discrete evolutionary steps produced jarring visual
jumps where cells would teleport to new positions between frames. Achieving
smooth animation required separating the simulation from rendering: trajectories
are pre-computed for all cells, and a numeric tracker smoothly interpolates positions
between discrete steps using cubic spline curves. Rendering performance with large
numbers of 3D objects also posed a constraint. Each sphere at default resolution
generates roughly 200 triangles; placing 1,000 spheres for every grid position
would produce 200,000 triangles per frame, causing severe slowdown. The solution
reduced sphere detail levels for morphogen dots and neuron objects separately,
trading some visual quality for usable frame rates.

A further challenge arose when multiple morphogen species overlap in the
same region. With three or more morphogens shown as colored spheres, areas of
high combined concentration became visually opaque and indistinguishable, mak-
ing it impossible to see individual gradients. The solution was to apply selective
transparency: positions where one morphogen clearly dominates receive higher

opacity, while positions with roughly equal concentrations from multiple mor-
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phogens are made more transparent. This allows viewers to see through crowded
regions and identify the distinct colored gradients underneath, keeping the spatial
structure of each morphogen field readable even in dense parts of the developmental
field.

4.6.2. Volumetric Morphogen Rendering

Rendering morphogen concentration fields in 3D required representing up
to 1,000 spatial positions (10 x 10 x 10 grid) with RGB color encoding for three
morphogen species. A naive approach creating individual sphere objects for each
position proved computationally prohibitive for animation.

The solution employed an object pooling strategy where a fixed pool of
sphere primitives is pre-allocated at scene construction, then dynamically reposi-
tioned, recolored, and opacity-adjusted each frame based on current morphogen
concentrations. Positions with total concentration below a threshold have their
spheres hidden (opacity set to zero) rather than removed, avoiding expensive object
creation and destruction during animation.

Color blending presented additional challenges. Direct RGB mapping from
morphogen concentrations produced muddy brown regions where multiple mor-
phogens overlapped. The implemented solution applies a power-curve transfor-
mation (c?-7) to emphasize dominant colors, followed by saturation boosting that
pushes non-dominant channels toward the average, maintaining vivid distinct hues
even in regions of morphogen overlap.

Raw morphogen concentrations can vary by several orders of magnitude,
so visualizing them directly is not useful since a few extreme values wash out
everything else. To address this, values are divided by the 98th percentile rather
than the global maximum. This keeps the relative spatial structure of gradients
visible and ensures good contrast across most of the field, with only the most
extreme outliers reaching full brightness.

During longer animations, diffusion gradually blends all morphogen species
into a uniform mixture, producing a featureless brown field with no useful in-
formation. To prevent this, the visualization uses moving injection sources that
continuously emit one morphogen at a time from bouncing positions within the

grid, keeping distinct colored regions visible throughout the animation. A 5%
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per-frame decay keeps concentrations from building up endlessly while letting the

injected gradients last long enough to be seen clearly.

4.6.3. Projection Panels

To provide interpretable 2D views alongside the 3D visualization, orthogonal
projection panels (XY, XZ, YZ planes) are rendered as texture-mapped image
objects. These panels display morphogen concentrations averaged along each
axis, with cell positions overlaid as colored markers. The projections update
every fifth frame to balance visual feedback against rendering performance, using
temporary image files with unique timestamps to circumvent Manim’s texture
caching behavior.

Each projection panel is generated as an image using the Python Imaging
Library. The three-dimensional morphogen data is averaged along one axis (for ex-
ample, averaging over Z to produce a top-down view), producing a two-dimensional
heatmap. The first three morphogen species are mapped to the red, green, and blue
channels, giving a compact view of all three in a single image. Cell positions are
drawn on top as colored markers: cyan for neurons and yellow for progenitor cells,
so viewers can quickly find where cells are within the morphogen landscape.

Because Manim caches loaded textures by file path, reusing the same file-
name when updating a panel causes the renderer to show old data from the previous
frame. The workaround is to append the current frame number to each filename,
which forces the engine to load the new version. Old files are deleted after a short
delay to avoid filling up disk space during long animations.

The projection panels are placed at fixed screen positions so they stay still as
the camera rotates around the 3D scene. This creates a heads-up display alongside
the main view, letting the viewer compare flat cross-sections with the rotating vol-
ume at the same time. The three projections (top, front, and side views) are stacked
vertically along the left edge of the frame, giving complementary perspectives on

the morphogen distribution without blocking the 3D view.
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4.6.4. Neuron Migration Animation

Animating neuron migration required smooth interpolation between discrete
grid positions. Each cell object maintains a target position updated when the
underlying simulation moves the neuron. A per-frame updater function interpolates
between current and target positions using linear interpolation with a configurable
rate factor, producing fluid motion even when neurons traverse multiple grid cells
between rendered frames.

The migration direction is guided by morphogen gradients, specifically
following the concentration gradient of MO (encoded as red). A momentum system
accumulates directional bias over time, preventing erratic oscillation and producing
biologically plausible drift patterns toward high-concentration regions.

An improved version of the migration animation uses cubic spline curves to
smoothly connect discrete grid positions instead of straight-line interpolation. This
produces paths with continuous direction changes, removing the visible sharp turns
that occur at grid boundaries when using linear interpolation. The spline needs four
nearby points to calculate each curved segment; at the start and end of a trajectory
where not enough points are available, the missing ones are estimated by extending
the direction of the nearest known segment.

Rather than computing migration during rendering, which would tie the
simulation to the frame rate, complete trajectories for all neurons are calculated
across all simulation steps before the animation begins. A time tracker maps the
animation clock to trajectory progress, and each neuron’s position is interpolated
along its pre-computed path every frame. Separating the simulation from the
rendering this way ensures consistent visual quality regardless of how fast the
frames are drawn, and lets the same trajectory data be replayed at different speeds
without changing the simulation results.

The migration model combines gradient following with random exploration
and momentum. At each step, candidate positions in the 26-cell neighborhood
are scored by two things: the morphogen concentration at the target position,
which pulls neurons toward regions of strong chemical signal, and how well the
proposed move aligns with the previous movement direction, which biases neurons
to keep drifting the same way. The scores are turned into probabilities and sampled

randomly, producing drift patterns that generally head toward high-concentration



41

areas while still showing the kind of random variation seen in real biological neural

migration.
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5. Experimental Methodology

This chapter describes the experimental design used to evaluate the 3D ex-
tension, including the benchmark task, developmental environments, and statistical

analysis framework.
5.1. Benchmark Task: Graph Property Targeting

The primary benchmark task evaluates the system’s ability to evolve neural
network architectures matching specific topological properties. Following the
MorphoNAS validation approach [3], the fitness function measures how closely the
evolved network matches target graph properties, specifically the number of neurons
(Ntarget), the number of connections (Earget), and the number of input neurons
without incoming connections (Siareet). This structural targeting task provides a
controlled evaluation of the developmental process independent of downstream task
performance, enabling direct comparison of 2D and 3D morphogenetic dynamics.

The fitness function computes a weighted sum of normalized deviations from

each target:
1 [xi — 7|

f=1-3

5.1)
ic(NES) U

where x; is the achieved value, x} is the target, and 7; are tolerance parameters

(tv =5, 7g = 25, 75 = 2). A fitness of 1.0 indicates perfect matching.
5.2. Developmental Environments

The core experimental comparison evaluates morphogenetic development in
two spatial environments:

2D Environment: A 32 x 32 toroidal grid providing 1,024 spatial positions.
Each cell has 8 neighbors (Moore neighborhood), and morphogen diffusion follows
a 3 x 3 diffusion kernel. This configuration replicates the original MorphoNAS
setup [3]. Figure 5.1 illustrates the developmental field with morphogen gradients

and cellular connectivity.
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Figure 5.1. 2D developmental field (32 x 32) showing morphogen concentrations and neural
connectivity.

3D Environment: A 10 x 10 x 10 toroidal grid providing 1,000 spatial
positions (comparable volume to 2D). Each cell has 26 neighbors (3D Moore
neighborhood), and morphogen diffusion follows a 3 x 3 x 3 diffusion kernel.
The increased neighborhood connectivity fundamentally alters the developmental
dynamics by providing more potential interaction pathways. Figure 5.2 shows

orthogonal projections of the 3D morphogen field.
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Figure 5.2. Orthogonal projections (XY, XZ, YZ) of 3D morphogen fields with cell positions.

Both environments use identical evolutionary parameters: population size
of 50, maximum 500 generations, and 3 morphogen types. To ensure a fair com-
parison, all genome parameters were initialized from fully open ranges ([0, 1]),
avoiding any bias toward either dimension from previously tuned initialization

values (see Section 6.6). Fifty target configurations with varying complexity (12-25
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neurons, 19-167 connections) were each evaluated with 10 independent runs per
environment, yielding 1,000 total runs (500 2D, 500 3D) and 292.7 hours of total
computation. Non-parametric statistical tests (Mann-Whitney U [10], Fisher’s exact
[11]) were used given the non-normal distributions, with significance assessed at
o = 0.05.

5.3. Statistical Analysis Framework

Given the stochastic nature of evolutionary optimization and the non-normal
distributions typically observed in fitness outcomes, the experimental analysis
employs non-parametric statistical methods throughout.

Comparison of continuous metrics between two-dimensional and three-
dimensional development uses the Mann-Whitney U test, [10] a rank-based test
that assesses whether observations from one group tend to be larger than obser-
vations from the other without assuming any particular distributional form. For
binary outcomes such as success rates (achieving perfect fitness) and failure rates
(fitness below a threshold), Fisher’s exact test [11] provides exact p-values for
2 x 2 contingency tables without relying on asymptotic approximations that may
be unreliable with moderate sample sizes.

Effect sizes are quantified using Cliff’s delta, [12] a non-parametric measure
that estimates the probability that a randomly selected observation from one group
exceeds a randomly selected observation from the other group, minus the reverse
probability. Values range from —1 to +1, with magnitudes below 0.147 considered
negligible, 0.147-0.33 small, 0.33-0.474 medium, and above 0.474 large. For
location estimates, 95% bootstrap confidence intervals are computed for medians
using 10,000 resamples. All hypothesis tests use a significance threshold of o =
0.05.
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6. Results and Analysis

The experimental comparison encompasses 1,000 independent runs (500 2D,
500 3D) across 50 target configurations with 10 random seeds each, representing

292.7 hours of computation and 8.5 million fitness evaluations.
6.1. Outcome Distribution

Runs were classified into three outcome categories based on final fitness:
success (fitness > 0.95), failure (fitness < 0.1, indicating initialization failure
where development never produces a viable network), and stagnation (0.1 < fitness
< 0.95, where evolution finds a partial solution but cannot reach the target). Three-
dimensional development achieved a higher success rate (68.6% vs. 60.0%), a
substantially lower stagnation rate (19.8% vs. 30.6%), and no statistically significant
difference in failure rate (11.6% vs. 9.4%).
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Figure 6.1. Final fitness distribution. Dashed lines mark failure (< 0.1) and success (> 0.95)
thresholds. Both conditions exhibit bimodal distributions, but 3D shows fewer stagnated runs at
intermediate fitness values.

Figure 6.2 quantifies these differences directly, showing all four outcome

rate comparisons with statistical significance annotations. The overall success rate
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difference is significant (p = 0.006), while the stagnation rate difference is highly
significant (p = 0.0001). Failure rates show no significant difference (p = 0.302).

100 q
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Figure 6.2. Outcome rate comparison with Fisher’s exact test p-values. 3D shows significantly
higher success and lower stagnation, with no significant difference in failure rate.

The per-configuration breakdown in Figure 6.3 shows that 3D equals or

exceeds 2D success rates across the majority of the 50 target configurations.
6.2. Conditional Analysis

The bimodal fitness distributions make aggregate comparisons (mean or
median fitness) misleading, as low-fitness failures and high-fitness successes cancel
out in rank-based statistics. We therefore decompose the comparison into two
independent questions: (1) does 3D fail at initialization more often than 2D? and
(2) among runs that do not fail, does 3D reach the target more often?

Failure rates are not significantly different (9.4% vs. 11.6%, Fisher’s exact,
p = 0.302), indicating that 2D and 3D are equally susceptible to initialization
failures under unbiased parameter ranges. Among non-failed runs, however, 3D
achieves success significantly more often, at 77.6% vs. 66.2% (Fisher’s exact,
p = 0.0002). This 11.4 percentage point advantage represents the core finding
of the experiment. When both environments successfully initialize, 3D discovers

target architectures more reliably.
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6.3. Convergence and Stagnation

Figure 6.4 shows that 3D converges faster, with the mean trajectory reaching
higher fitness earlier in the optimization. Among successful runs, 3D required
significantly fewer generations (mean 114 vs. 138, Mann-Whitney U, p = 0.048),
though wall-clock time to success was similar (mean 516s vs. 511s, p = 0.975)
due to the slightly higher per-evaluation cost of 3D convolutions (0.131s vs. 0.119s

per evaluation).
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Figure 6.4. Mean convergence trajectories over generations with standard deviation shading.

The stagnation rate difference (30.6% vs. 19.8%, p = 0.0001) is the most
pronounced behavioral divergence between the two environments. Rather than
becoming trapped at intermediate fitness values, 3D runs tend to either converge
decisively or fail at initialization (Figure 6.5), suggesting that the 26-neighbor

connectivity creates sharper fitness gradients that prevent stagnation in local optima.
6.4. Computational Efficiency

Figure 6.6 compares computational cost across all 1,000 runs. The per-
evaluation cost of 3D development is modestly higher than 2D due to the larger
convolution kernel (3 x 3 x 3 vs. 3 X 3): mean 0.131s vs. 0.119s per fitness evalua-

tion, approximately 10% overhead. Despite this, 3D runs are faster overall: mean
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Figure 6.5. Distribution of final fitness among stagnated runs (0.1 < fitness < 0.95). 2D produces
substantially more stagnated runs across all intermediate fitness values.

7.4 thousand evaluations per run versus 9.5 thousand for 2D (1.28 x fewer), and
mean 16.3 minutes per run versus 18.9 minutes (1.16x faster).

This advantage arises because 3D’s lower stagnation rate (19.8% vs. 30.6%)
means fewer runs exhaust the full 500-generation budget. Stagnated runs con-
sume disproportionate resources without producing successful architectures, while
successful runs terminate early via the early-stopping criterion. Normalizing the
total budget by the number of successes, 3D is 1.46x more evaluation-efficient
per successful run (10,336 vs. 15,215 evaluations per success) and 1.33x more

time-efficient (1,382s vs. 1,850s per success).
6.5. Statistical Summary

Table 6.1 presents all statistical comparisons. Four metrics showed sta-
tistically significant differences: conditional success rate (p = 0.0002), overall
success rate (p = 0.006), stagnation rate (p = 0.0001), and generations to success
(p = 0.048). Failure rate and wall-clock time to success showed no significant

differences.
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Figure 6.6. Mean evaluations (left) and mean wall-clock time (right) per run across all 1,000 runs.
Despite a 10% higher per-evaluation cost, 3D completes runs faster overall because it requires fewer

evaluations.

Table 6.1. Statistical comparison of 2D vs 3D morphogenetic development (n = 1,000: 500 2D,

500 3D).
Metric 2D 3D  p-value Sig.
Outcome Rates
Success Rate (%, fitness > 0.95) 60.0 68.6 0.006 *ok
Failure Rate (%, fitness < 0.1) 94 11.6 0.302 n.s.
Stagnation Rate (%) 30.6 19.8  0.0001
Success | Non-Failure (%) 66.2 77.6  0.0002 **x
Convergence (successful runs only)
Generations to Success (mean) 138 114 0.048 *
Evaluations to Success (mean) 4986 4,179 — —
Wall-Clock Time to Success (mean, s) 511 516 0975 ns

Computational Efficiency (total budget / successes)

Evaluations per Success
Time per Success (s)

15,215 10,336

1,850

1,382

* p < 0.05; %% p <0.01; %% p < 0.001; n.s. =not significant.

Tests: Fisher’s exact (rates), Mann-Whitney U (continuous).
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6.6. Methodological Evolution

The statistical results presented above represent the culmination of an it-
erative methodological refinement process. This section documents how initial
experimental results led to misleading conclusions, how the underlying issue was
diagnosed, and how the analysis framework was corrected to yield statistically
valid findings.

Initial Experiment (n = 200). The first experimental campaign used 10 target
configurations with 10 independent runs per configuration per dimension, yielding
200 total runs. Median fitness values appeared promising, with 3D achieving
0.96 versus 0.89 for 2D. However, applying the Mann-Whitney U test to these
fitness distributions yielded p = 0.363, far from statistical significance. Similarly,
comparing overall success rates (48% vs. 41%) produced p = 0.383.

The expectation that higher medians would translate to significant p-values
proved incorrect. The fundamental issue lay in the bimodal nature of the fitness
distributions. Runs clustered into two distinct modes, complete successes (fitness
= 1.0) and complete failures (fitness < 0.1), with relatively few intermediate
outcomes. When computing rank-sum statistics, high-fitness 3D runs ranked at the
top while failed 3D runs ranked at the bottom. These opposing effects cancelled
out in the test statistic, obscuring meaningful differences.

Diagnosis: The Bimodal Distribution Problem. Closer inspection revealed
that 3D exhibited both more successes (48% vs. 41%) and more failures (23% vs.
11%) than 2D. A single summary statistic (whether median, mean, or rank-sum)
cannot capture this “high risk, high reward” trade-off. The appropriate analytical
framework must decompose the comparison into its constituent phenomena, namely
initialization reliability and performance conditional on successful initialization.

Refined Analysis: Conditional Statistical Framework. Rather than com-
paring aggregate fitness metrics, we reformulated the analysis around three distinct

questions:

1. Failure Rate: Does 3D fail at initialization more often than 2D? (Fisher’s

exact test on failure counts)

2. Success Rate | Non-failure: Among runs that successfully initialize, does

3D achieve optimal fitness more often? (Fisher’s exact test on success counts
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excluding failures)

3. Overall Success Rate: Reference metric only, expected to show reduced

significance due to bimodal cancellation

Applying this framework to the initial 200-run dataset yielded revealing
results. Failure rate showed significance (p = 0.037), and critically, success rate
among non-failures showed p = 0.042, providing statistically significant evidence
that 3D outperforms 2D when initialization succeeds.

Seed-Dependent Failure Analysis. Further investigation revealed that fail-
ures were not randomly distributed across experimental conditions. Analysis of the
intermediate experiment (n = 95) showed that all failures originated from just two
of five random seeds. Statistical testing confirmed that these “bad seeds” accounted
for the entire failure rate differential, and with problematic seeds excluded, 2D
and 3D exhibited identical 0% failure rates (p = 1.0, Fisher’s exact). This find-
ing transformed the interpretation from “3D is unreliable” to “3D is sensitive to
initialization,” a tractable engineering problem rather than a fundamental limitation.

Balanced Initialization Pilot. To test whether initialization bias was respon-
sible for the performance differential, we conducted a small pilot experiment (n =
30) with modified genome initialization ranges designed to prevent the “Pattern B”
failure mode. The results showed both 2D and 3D achieving identical 60% success
rates with 0% failure rates. However, due to the small sample size and the fact that
constraining parameter ranges artificially limits the search space, we concluded
that a fairer comparison would use unrestricted parameter ranges with increased
maximum growth steps, allowing both dimensions sufficient evolutionary budget
to overcome initialization challenges organically.

Extended Experiment with Tuned Ranges (n = 300). Based on these
insights, we conducted a larger experiment with 30 target configurations and 5
runs each, yielding 300 total runs. The results confirmed the conditional success
advantage with high significance (p = 0.001) and also confirmed the higher 3D
failure rate (p = 0.005). An unexpected pattern emerged as 3D showed dramatically
lower stagnation (3.3% vs. 19.3%), suggesting that 3D’s richer connectivity creates
sharper fitness gradients. The 21.5 percentage point conditional success advantage
(69.7% vs. 48.2%) was substantial, while the persistent failure rate differential

(18.7% vs. 7.3%) remained a concern.
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Discovery of Initialization Bias. The persistent failure rate differential
raised a question: was 3D genuinely more fragile, or were the initialization param-
eter ranges, originally tuned for the 2D MorphoNAS system [3], systematically
disadvantaging 3D? Analysis of the “Pattern B” failure mechanism (developmental
deadlock where secretion rates are too low to exceed differentiation thresholds)
showed it occurred disproportionately under the 2D-tuned ranges. The balanced ini-
tialization pilot had already hinted at this: with constrained ranges, both dimensions
achieved identical 0% failure rates.

Fair Comparison with Open Ranges (n = 1,000). To eliminate initialization
bias, we designed a definitive experiment with fully open parameter ranges ([0, 1]
for all genome parameters), allowing evolution to discover optimal values for each
dimension independently. The experiment used 50 target configurations, initially
with 3 random seeds each (n = 300). Preliminary results were striking: the failure
rate differential reversed (2D now failed more often than 3D: 22.0% vs. 15.3%,
p = 0.182), while 3D’s conditional success advantage persisted (p = 0.013). To
ensure these findings were not artifacts of the small seed count, we extended the
experiment to 10 seeds per configuration, yielding the 1,000-run dataset reported
in the preceding sections. The extended results (Table 6.2) confirmed all findings:
failure rates equalized (p = 0.302), while 3D’s conditional success advantage
strengthened (p = 0.0002). This established that the previously observed 3D
failure disadvantage was an initialization artifact, while its performance advantage
1S genuine.

Figure 6.7 shows an example neural network evolved through 3D morpho-

genetic development.
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Table 6.2. Experimental progression from biased to fair comparison. All p-values: Fisher’s exact

test.

Metric Pilot Tuned Ranges Fair (3 seeds) Fair (extended)
(n=200) (n=300) (n=300) (n=1000)

Configs / Seeds 10/10 30/5 50/3 50/10
Init. Ranges 2D-tuned 2D-tuned Open [0, 1] Open [0, 1]
Failure Rate (fitness < 0.1)
2D /3D 11% /23% 7% I 19% 22% / 15% 9% I 12%
p-value 0.037* 0.005** 0.182 0.302
Success | Non-Failure
2D /3D 46% 1 62%  48% | 70% 67% | 81% 66% | 718%
p-value 0.042* 0.001** 0.013* 0.0002***

Stagnation Rate
2D /3D — 19% / 3% 24% [ 13% 29% 1 19%

*p <0.05; " p <0.01; **p < 0.001. Values shown as 2D / 3D.

Under 2D-tuned ranges, 3D fails significantly more often. Under open ranges, failure rates equalize
while the conditional success advantage persists, confirming that the bias was in initialization, not
in the developmental process.

Neural Network Graph (Nodes: 23, Connections: 49)
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Figure 6.7. Neural network graph evolved via 3D morphogenesis (23 nodes, 49 connections).
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7. Conclusion and Future Work

7.1. Summary of Contributions

The main engineering contribution of this thesis is a complete extension of
the MorphoNAS framework from two-dimensional to three-dimensional develop-
ment. The 2D and 3D modes share a single codebase, with a dimensionality flag
controlling the behavior of each subsystem. All existing 2D experiments continue
to work without modification.

A comparative experiment of 1,000 independent evolutionary runs (50 tar-
get configurations, 10 seeds each, 292.7 hours of computation) showed that 3D
morphogenetic development outperforms 2D in success rate (p = 0.006), condi-
tional success rate (p = 0.0002), stagnation rate (p = 0.0001), and convergence
speed (p = 0.048), while failure rates show no statistically significant difference
(p = 0.302). These conclusions were reached after identifying an initialization bias
in the experimental setup. Parameter ranges originally tuned for 2D development
put 3D at a disadvantage, producing bigger failure rates for 3D. Switching to fully
open initialization ranges eliminated this failure-rate differential.

The thesis also contributes a conditional statistical framework for comparing
evolutionary runs when fitness distributions are bimodal, where standard rank-
sum tests tend to give misleading results. A 3D visualization pipeline built on
the Manim animation engine renders volumetric morphogen fields and animates

neuron migration paths through the developmental lattice.

7.2. Principal Findings

Under fair experimental conditions with open parameter ranges, 3D morpho-
genetic development outperforms 2D. The overall success rate rises from 60.0%
to 68.6% (p = 0.006), and among runs that successfully initialize, the gap widens
further to 77.6% vs. 66.2% (p = 0.0002). This advantage does not come at the
cost of reliability, as failure rates are statistically indistinguishable between the two
conditions (11.6% vs. 9.4%, p = 0.302). The higher 3D failure rates seen in earlier
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experiments turned out to be an artifact of initialization ranges tuned for 2D, not a
property of three-dimensional development itself.

The 3D condition also converges faster, reaching success in a mean of 114
generations compared to 138 for 2D (p = 0.048), and stagnates far less often
(19.8% vs. 30.6%, p = 0.0001). The 26-cell neighborhood available in 3D appears
to create sharper fitness gradients that help the evolutionary search escape local

optima where 2D runs tend to get stuck.

7.3. Future Work

The most promising direction for future work is running the developmental
simulation on the GPU using CUDA. The current CPU implementation takes about
one week to finish 50 configurations with 3 random seeds each. An existing CUDA
version of the two-dimensional MorphoNAS, maintained by the thesis advisor,
achieves speedups from 600x to 27,000x depending on grid size. Applying the
same 2D-to-3D changes to the CUDA codebase would make it possible to run
experiments with 20 or more seeds per configuration in days instead of weeks,
providing enough statistical power for publication-quality results.

The simulation runs six operations each timestep: morphogen secretion,
cross-inhibition, diffusion, cell division, cell differentiation, and axon growth.
Of these, diffusion is the heaviest, applying a 3 X 3 x 3 convolution across the
entire grid, and it maps naturally to standard GPU convolution routines. Secretion,
inhibition, and differentiation are simple per-position operations that are easy to
parallelize with one GPU thread per cell. Cell division needs neighbor searches
with conflict handling when two cells try to occupy the same empty spot, which
requires atomic operations but is still well-suited for GPUs. Axon growth is the
hardest to port, since it processes neurons one at a time with branching logic and
possible conflicts when two growing axons reach the same target cell.

The changes needed to go from the 2D CUDA code to 3D would follow the
same pattern as the CPU extension: expanding arrays to include a third dimension,
growing the neighbor offset table from 8 entries to 26, and adding a third coordinate
to all indexing. Since the core simulation only has about 70 lines of dimension-
dependent logic, this port appears manageable as a focused engineering task.

Beyond GPU acceleration, several other directions are worth exploring. First,
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while failure rates show no statistically significant difference under open initializa-
tion ranges (11.6% for 3D vs. 9.4% for 2D, p = 0.302), both could potentially be
reduced through smarter initialization strategies or parameter constraints that steer
away from regions of the search space that consistently produce zero-fitness results.
Second, testing on functional tasks like CartPole control instead of just structural
graph matching would show whether the architectural benefits of 3D development
actually lead to better-performing networks. Third, while neuron migration was
explored in the visualization system, adding it as a real developmental operation
in the evolutionary framework could let neurons organize themselves into layered
structures similar to cortical layers in biological brains, potentially producing more
efficiently wired architectures. Finally, running a profiler on the simulation at the
operation level would give a clearer picture of where computational time is actually
spent, complementing the wall-time comparisons in this work and helping prioritize

what to optimize in the CUDA version.
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Al Tools Usage

During work on this thesis, Anthropic Claude (accessed through Claude
Code) and Perplexity were used as assistive tools. Claude Code supported iterative
development of the 2D-to-3D extension of the MorphoNAS framework—helping
debug the Python implementation of the developmental simulation, write and review
unit tests, build the statistical analysis pipeline and the figure-generation scripts
used throughout the thesis, and get the IXTEX formatting right across all chapters.
It also assisted with translation between Ukrainian and English and reviewing
the academic register of the written text. Perplexity was used to navigate and
cross-reference the research literature, helping identify relevant sources and check
consistency between the thesis text and cited work. All generated or suggested
content was reviewed, tested, and rewritten where necessary before inclusion in the
final thesis. The research itself—the experimental design, architectural decisions,

interpretation of results, and conclusions drawn—is entirely the author’s work.
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Source Code Availability

The source code for this thesis is publicly available at: https://github.
com/ukma-morphonas-1lab/MorphoNAS-3DM. The repository contains the full
computational framework, the 2D and 3D experiment configurations (STUB configs
together with the generators that produce per-run configurations), the statistical

analysis scripts, and instructions for reproducing the results reported in this thesis.
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