ADAPTIVE MODULARITY: DEEP REINFORCEMENT

LEARNING FOR OPTIMIZED MODULAR HOUSING MASSING

A THESIS SUBMITTED TO
THE GRADUATE SCHOOL OF ENGINEERING AND SCIENCE
OF BILKENT UNIVERSITY
IN PARTIAL FULFILLMENT OF THE REQUIREMENTS FOR
THE DEGREE OF
MASTER OF SCIENCE
IN

ARCHITECTURE

By
Betiil Keles Ekici

July 2025



To my family



ADAPTIVE MODULARITY: DEEP REINFORCEMENT
LEARNING FOR OPTIMIZED MODULAR HOUSING MASSING

By Betiil Keles Ekici
July 2025

We certify that we have read this thesis and that in our opinion it is fully adequate, in
scope and in quality, as a thesis for the degree of Master of Science.

Burcu Senyapili Ozcan (Advisor)

Nuri Cihan Kayagetin

Basak Ucar

Approved for the Graduate School of Engineering and Science:

Orhan Arikan
Director of the Graduate School

il



ABSTRACT

ADAPTIVE MODULARITY: DEEP REINFORCEMENT

LEARNING FOR OPTIMIZED MODULAR HOUSING MASSING

Betiil Keles Ekici
M.S. in Architecture
Advisor: Burcu Senyapili Ozcan

July 2025

The advancement of prefabrication technology has positioned modular housing as a
precise, sustainable construction method that reduces greenhouse gas emissions and
resource intensiveness while enabling a circular economy and fostering energy
efficiency in meeting increasing housing demands. The design of massing
configurations from modular units presents challenges due to the complexity of
optimizing spatial arrangements to simultaneously balance architectural, structural,
and environmental performance criteria and constraints. This thesis addresses the
challenge of modular housing design, tackling the considerable complexity of
optimizing spatial arrangements. The aim is to improve the design process through
Deep Reinforcement Learning (DRL) to balance architectural criteria and constraints.
The thesis investigates how DRL can enhance modular housing design by optimizing

spatial configurations, overcoming the limitations of human-driven iterations, and
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leveraging the benefits of a feedback-driven system. It proposes a simulation
environment based on a Cellular Automata (CA) voxel space, where an Al agent,
trained using the Proximal Policy Optimization (PPO) algorithm, autonomously
places massing cells to generate optimized housing configurations. These
configurations are evaluated based on multiple performance objectives, such as
ensuring efficient space utilization by maximizing the number of housing units
within the buildable area, minimizing circulation space while maintaining
accessibility to all units, and promoting the creation of housing units that are more
compact in shape. This thesis focuses on the effort to optimize modular mass
configuration for housing design. It outlines the steps taken in the process, the
challenges faced along the way, and evaluates the success of the final configurations

that were developed.

Keywords: Modular Housing Design, Deep Reinforcement Learning, Cellular

Automata, Agent-Based Systems, Multi-Objective Optimization



OZET

UYARLANABILIR MODULERLIK: OPTIMUM MODULER
KONUT KUTLE YERLESIMI iCiN DERIN PEKISTIRMELI

OGRENME

Betiil Keles Ekici
Mimarlik, Yiiksek Lisans
Tez Danismani: Burcu Senyapili Ozcan

Temmuz 2025

Prefabrikasyon teknolojilerindeki ilerlemeler, modiiler konutu, artan konut talebini
karsilarken sera gazi emisyonlarini ve kaynak kullanimini azaltan, dongiisel
ekonomiyi destekleyen ve enerji verimliligini artiran hassas ve siirdiiriilebilir bir
insaat yontemi olarak konumlandirmistir. Ancak, modiiler birimlerden kiitle
yerlesimlerinin tasarimi, mekansal diizenlemelerin mimari, yapisal ve ¢evresel
kriterler ile kisitlamalar1 eszamanli dengeleyecek sekilde optimize edilmesindeki
karmasiklik nedeniyle zorluklar barindirmaktadir. Bu tez, modiiler konut
tasarimindaki bu zorluga odaklanarak mekansal diizenlemelerin optimizasyonundaki
karmasiklig1 ele almaktadir. Amag, mimari kriterler ve kisitlamalar arasinda denge
kuran bir tasarim siirecini Derin Pekistirmeli Ogrenme (DRL) ile gelistirmektir. Tez,
DRL’in mekansal konfigiirasyonlar1 optimize ederek, insan tarafindan yiiriitiilen

yinelemeli siireglerin sinirliliklarin1 agma ve geri bildirim temelli sistemlerden
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yararlanma potansiyelini arastirmaktadir. Bu kapsamda, Hiicresel Ozdevinim (CA)
tabanli voksel bir simiilasyon ortami1 6nerilmistir. Bu ortamda, Proximal Policy
Optimization (PPO) algoritmasiyla egitilen bir yapay zeka ajanu, kiitle hiicrelerini
ozerk bigimde yerlestirerek optimize edilmis konut konfigiirasyonlar iiretmektedir.
Bu konfigiirasyonlar; insa edilebilir alan i¢inde birim sayisin1 maksimize etme,
sirkiilasyon alanlarin1 minimize ederken tiim birimlere erisimi saglama ve daha
kompakt formlara sahip konut birimleri olusturmay1 tesvik etmek gibi ¢oklu
performans kriterlerine gére degerlendirilmektedir. Bu tez, konut tasariminda
modiiler kiitle konfigiirasyonunun optimizasyonuna yonelik ¢abay1 merkezine
almakta; siirecte izlenen adimlari, karsilasilan zorluklar1 ve elde edilen nihai

konfigiirasyonlarin bagarisini degerlendirmektedir.

Anahtar Kelimeler: Modiiler Konut Tasarimi, Derin Pekistirmeli Ogrenme,

Hiicresel Ozdevinim, Ajan Tabanli Modeller, Cok Amagl Optimizasyon
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CHAPTER 1

INTRODUCTION

Machine learning methodologies are increasingly adopted by architecture and there
is a quest for useful applications of these algorithms to design (Wang & Snooks,
2021). Among them, Reinforcement Learning (RL) stands out since it has a similar
procedural nature to the design process. Both design and RL consist of repetitive
processes in which an agent (or designer) engages with the environment to enhance a
specific objective (Kakooee & Dillenburger, 2022). Recent studies (Wang & Snooks,
2021; Akizuki et al. 2020 ; Zhu et al., 2023; Kakooee & Dillenburger, 2025; Hosmer
et al., 2020) show that RL-based generative design (GD) systems can tackle
complex, multi-constraint design tasks yet its application in the design process

remains relatively unexplored.

One such challenging design problem is modular housing, as it includes numerous
constraints related to the nature of modular construction (mc). Mc requires early
design commitment, integration between off-site and on-site workflows, and involves
multiple stakeholders and often conflicting constraints. In addition to this
complexity, modular housing design brings a paradigm shift in design that many
architects are not yet familiar with. Modular housing design is better described as a
configure-to-order problem, where designers work with predefined modules and

must explore a wide range of spatial arrangements within fixed constraints. Since the



evaluation of design options for modular housing is a highly iterative process,

automation becomes necessary to develop design alternatives (Wei et al., 2021).

This thesis offers a novel generative approach that augments RL with a Cellular
Automata (CA) framework for the GD of modular housing massing configuration.
The study investigates how DRL can enhance modular housing design by optimizing
spatial configurations, overcoming the limitations of human-driven iterations, and

leveraging the benefits of a feedback-driven system.

1.1 Research Problem Statement

The mc concept has been brought back into focus by the latest technological
developments, allowing the construction of a variety of building forms with modular
units (Sharafi et al., 2017). Mc is promising due to its potential to address the
increasing housing demands through enhanced construction speed, sustainability, and
environmental benefits (Muradov & Grabovyy, 2024). Sajid et al. (2024) indicate
that mc can alleviate the climate crisis by reducing greenhouse gas emissions,
enabling a circular economy, decreasing resource intensity, promoting energy
efficiency, and supporting resource-based land use and management in the
construction industry. However, the design of massing configurations from modular
units presents challenges due to the considerable complexity of optimizing spatial
arrangements to simultaneously balance architectural, structural, and environmental

performance criteria along with contextual constraints.

The emergence of artificial intelligence (Al) applications in architecture introduces
considerable potential in addressing complex design problems. GD, in particular,

allows for design exploration and increases productivity compared to traditional



methods by rapidly producing large numbers of customized designs. GD in
architecture utilizes computational techniques to automate and optimize the creation
of architectural forms, enabling more efficient and innovative design processes.
Recent studies emphasize the use of algorithms, deep learning, and evolutionary
strategies to support the exploration of diverse design alternatives and facilitate more
informed decision-making (Ashour & Gogo, 2024). Although it holds considerable
potential, GD has not yet achieved widespread adoption in practical applications
(Mukkavaara & Sandberg, 2020). This is explained by the limited integration of GD
solutions into the iterative nature of established design processes, particularly

regarding the role of human experts in the design loop (Zhao et al., 2023).

Attempts to address the modular housing design problem through GD methods have
been explored in recent literature (El-Zanfaly, 2009; Araghi & Stouffs, 2015;
Almeida et al., 2016; Mekawy & Petzold, 2017; Sharafi et al., 2017; Ghannad & Lee,
2022; Bonafede & Erioli, 2022; Zhao et al., 2023; Liu et al., 2024). While some
studies focus on the automatic generation of 2D floor plan layouts or apartment unit
arrangements (Almeida et al., 2016; Liu et al., 2024), others investigate full 3D
modular building assemblies and multi-story massing configurations (El-Zanfaly,
2009; Araghi & Stouffs, 2015; Mekawy & Petzold, 2017; Sharafi et al., 2017;
Ghannad & Lee, 2022; Bonafede & Erioli, 2022 Zhao et al., 2023). Despite these
advancements, existing generative approaches present several limitations. Many rely
on fully predefined rule sets or large training datasets derived from existing
architectural solutions, which can limit their generalizability and variation.

Given the importance of a feedback-driven system in design, Deep Reinforcement
Learning (DRL) presents a promising approach to bridge this gap. Unlike other

machine learning methods that depend on existing data or human input, RL helps



machines learn by doing and gaining experience through trial and error (Wang &

Snooks, 2021).

Particularly in housing design, balancing numerous conflicting objectives can render
the manual processes tedious and time-consuming. DRL offers a solution by
effectively managing complex design solution spaces while dynamically refining
spatial arrangements through iterative feedback loops. This study investigates how
DRL can improve modular housing design by optimizing spatial configurations
effectively, addressing the limitations inherent in traditional design processes while

integrating human expert feedback within a feedback-driven system.

1.2 Aim of the Study and Research Questions

The thesis aims to investigate how computational tools, particularly DRL, can be
utilized to solve complex design problems by optimizing spatial mass configurations
of modular housing. It offers a GD approach that augments RL with the CA
framework. The study explores how DRL can enhance modular housing design by
overcoming the limitations of human-driven iterations, and leveraging the benefits of

a feedback-driven system.

The aim of this thesis is not to achieve a perfect modular housing design, nor to
define the ideal set of parameters, constraints, or reward structures. Instead, the main
objective is to provide a fundamental example for implementation of how DRL can
be applied to modular mass configuration problems. This thesis intends to examine
the limitations, challenges, and potentials of DRL in this context and offer a baseline
for future research. More broadly, it attempts to contribute to the expansion of the

range and impact of Artificial Intelligence applications in architecture. For



architectural practice, this means that RL can be considered not only as an
optimization tool but as a generative partner, capable of expanding the design space

and challenging predefined modular logics.

The first question of this thesis is “To what extent DRL offers potential to enhance
modular housing design?” To answer this question, this thesis first provides a
critical review of existing GD approaches in modular housing. This analysis helps to
frame the design space and identify the gap where alternative computational
strategies may offer added value. In parallel, the thesis examines the nature of RL as
a design method, and provides a theoretical justification. This theoretical foundation
is further supported by the practical implementation to improve modular housing
design. In doing so, the thesis contributes not only a working implementation but
also a grounded understanding of where and how DRL can be meaningfully applied

in modular housing design and similar GD problems.

The second question is “How can the design problem of modular massing be
reformulated into a machine-readable format suitable for the RL environment
by utilizing CA?” This question is addressed in Section 4, where the design problem
is systematically translated into a computable structure using a CA framework. The
section explains how CA is employed not only to define the spatial logic of the
environment, but also to structure the constraints and formulate certain components
of the reward system. The reasons behind selecting CA for this specific problem are
also mentioned. By illustrating how a complex architectural problem can be made

compatible with an RL environment, the thesis offers a reference point for future



studies aiming to develop machine-readable design models in similarly constrained

generative contexts.

The third research question is “How should the components of a RL environment
be structured to optimize mass configurations of modular housing by balancing
multiple design criteria and constraints?” This question is addressed by
explaining how the design problem is formulated as a Markov Decision Process
(MDP), and how the main components of the RL environment (state space, action
space, transition dynamics and reward structure) is defined in response to the specific
requirements of the modular housing context. The working logic of these
components is explained, reflecting how their configuration is closely tied to a clear
understanding of the problem structure itself. By illustrating how the RL framework
can be adapted to a domain-specific architectural task, the thesis offers a practical
example that may guide the development of RL environments in future GD studies

on modular housing.

The last research question is “What are the limitations and generalization
capabilities of a RL-based system when applied to different modular housing
scenarios or varying design environments?” This thesis addresses this question by
providing a detailed account of the development process, including the challenges
encountered during training and how they were addressed. By examining the causes
of these issues and reflecting on the system’s performance throughout the
experiments, the study offers insights into the scalability and adaptability of the
proposed RL-based approach. The step-by-step evaluation of the model’s progress

helps to understand to what extent the method can be applied to different design



contexts. In particular, errors and limitations observed during the process are
discussed explicitly, aiming to inform and guide future research that aims to apply

RL to other architectural design problems.

1.3 Methodology of the Research

This thesis follows an applied, experiment-based methodology that combines CA
with DRL. A modular housing massing problem is first abstracted into a
three-dimensional CA voxel space to ensure a structured and machine-readable
design environment. Within this environment, a single-agent DRL model, trained
using the Proximal Policy Optimization (PPO) (Schulman et al., 2017) algorithm, is
developed to generate and optimize spatial configurations. The agent interacts with
the environment step by step, receiving feedback through a shaped reward signal
aligned with architectural design goals. The RL environment is formally defined as a
Markov Decision Process (MDP), including definitions of state, action, transition,
and reward components. Even though both settings address the same design problem
under identical spatial constraints and environment structure, they differ in terms of
certain technical implementations. The main differences include changes in the
action space representation and modifications to the reward policy related to
Potential-Based Reward Shaping (PBRS). These adjustments aim to improve agent
behavior and training stability by addressing issues observed in the initial setting.
Training is conducted within a customized Gymnasium environment.
Hyperparameter tuning is performed with Optuna, and learning progress is tracked
through TensorBoard metrics. The results are evaluated based on defined design

criterias. The evaluation also includes an analysis of training metrics recorded in



TensorBoard, such as episodic rewards, episode length to better understand the
agent’s learning process. The methodology also includes reflections on observed

challenges and model limitations to inform future studies.

1.4 Structure of the Thesis

This thesis is composed of five chapters:

The first chapter introduces the research topic, outlines the aim and scope of the
thesis, presents the research questions, and explains the methodological approach. It

also provides an overview of how the thesis is structured.

The second chapter focuses on the concept of modular architecture for housing,
examining its growing relevance in response to the global housing demand. It
reviews the advantages of mc and discusses the key challenges associated with
modular housing design, including the need for early design commitment, the
complexity of on-site and off-site integration, and the tension between
standardization and spatial flexibility. The chapter also highlights the paradigm shift
from conventional building logic to configure-to-order systems in modular housing.
In this context, the chapter discusses how the challenges and the paradigm shift in
modular housing design have led to the need for new design approaches that can
operate within complex constraints while preserving spatial quality. As a response to
this, GD systems are briefly introduced as a promising direction for enhancing
variety and efficiency in modular housing design, setting the stage for a deeper

exploration in the following chapter.



The third chapter provides the theoretical background of the study. It defines GD
within the architectural context and presents a focused overview of RL. RL has been
introduced as a response to the existing challenges of GD, offering a new approach to
overcome its limitations. The chapter explains how RL operates, and reviews

existing applications of RL in architectural, spatial and object design domains.

The fourth chapter presents the proposed DRL-based design framework developed in
this research. It introduces the voxel-based simulation environment and explains the
role of the CA system in structuring spatial rules and constraints. The design task is
formulated as a Markov Decision Process, and the core components of the RL
environment (state, action, reward, and transition) are defined. The chapter includes
two experimental settings, highlighting key differences in action representation and
reward shaping (PBRS). The training outcomes and generated spatial configurations

are discussed based on both visual outputs and training metrics.

The fifth chapter concludes the thesis by summarizing the research findings and
discussing the strengths and limitations of the proposed method. It reflects on the
performance of the trained DRL agent in generating modular housing configurations
and offers suggestions for future research, including potential extensions of the

framework and further integration of architectural performance criteria.



CHAPTER 2

MODULAR ARCHITECTURE FOR HOUSING

The concept of assembling buildings from prefabricated parts has existed for over a
century, but modern mc has evolved through several key phases. Early examples of
prefabrication emerged in the 19th century (Goulding et al., 2014). The Crystal
Palace, designed by Joseph Paxton for the 1851 Great Exhibition in London, can be
shown as one of the most prominent examples. This structure, composed of
mass-produced iron and glass components, was fabricated off-site and rapidly
assembled on-site. The entire construction process was accomplished in about six
months, a timeline that would still be ambitious today (Chilton, 2000; Young et al.,
2020). The building was also later dismantled and relocated, which proves the

flexibility and efficiency of early industrialized construction techniques.

i
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Figure 2.1 CONSTRUCTION of the Crystal Palace took only 17 weeks largely because the structure
was built by highly organized crews assembling a variety of prefabricated modules. In the foreground
crews lift trusses to be connected to hollow cast-iron columns. On the roof are six carts called

traveling stages, which were used to install the glass panes. Reproduced for academic purposes from
Kihlstedt (1984, p.10).

In the early 20th century, the Bauhaus movement further advanced the idea of
standardization in design. Walter Gropius (the founder of Bauhaus) and others
emphasized mass production and modular coordination as keys to addressing
housing shortages. Le Corbusier's "Modulor" system (Le Corbusier, 1954)
exemplified efforts to standardize building components based on human proportions,

anticipating future applications in mc (Giinay, 2025).

In the 20th century, wars and social needs accelerated the development of off-site
construction. After World War II, for instance, the UK and other countries faced
housing shortages and deployed prefabricated housing programs, factories turned out
standardized housing units that could be transported and erected quickly to shelter
populations (Young et al., 2020). After World War II, the UK's housing crisis led to
the mass production of temporary bungalows and portal houses (O'Neill & Organ,
2016, as cited in Young et al., 2020). While these post-war "prefabs" met urgent
needs, they were often rudimentary in quality and durability. Many early
prefabricated homes had issues such as poor thermal performance or short lifespans,
contributing to a public perception during the mid-20th century that factory-made
buildings were inferior to traditional masonry or timber homes (Young et al., 2020).

This stigma slowed the acceptance of modular approaches for a time.

In the 1960s, architects experimented with radical modular designs, a well-known
example is Habitat 67 in Montreal (built for the 1967 World Exposition), which

stacked 354 identical prefabricated concrete modules into a striking multi-story
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housing complex. That project gained international attention and showed that

modular units could create iconic architecture.

Figure 2.2 Habitat 67, designed by Safdie Architects, exemplifies an iconic project where volumetric
and modular systems were used. Reproduced from Safdie Architects (n.d.), Habitat 67. Retrieved from
https.//’www.safdiearchitects.com/projects/habitat-67

Figure 2.3 Noritaka Minami, Facade I, 2011, Tokyo, Japan. Courtesy of the artist. From the 2015
Individual Grant to Noritaka Minami and Ken Yoshida for 1972-Nakagin Capsule Tower.
(Reproduced from Graham Foundation, 2015, p.1)

From the 1960s to 1980s, volumetric and modular systems were used in other iconic
projects as well like the Nakagin Capsule Tower and other Metabolist experiments,
which aimed to explore modularity in dense urban contexts (Lawson et al., 2014; El
Messeidy, 2018). Although these projects were often expensive and complex, they
paved the way for future applications of modular design. By the late 20th century,
technology and materials had advanced, successful examples began to change
perceptions, and mc had moved beyond temporary or low-rise buildings. Since the
1990s, load-bearing modular units have been employed in mid- and high-rise
structures, including student housing and residential towers (Lawson et al., 2014;
Sharafi et al., 2017; Ferdous et al., 2019).Technological developments improved mc
by enabling flexible design, high precision, and better integration with modern
building systems (Sharafi et al., 2017; Young et al., 2020). These developments also
supported the wider use of mc in various sectors such as healthcare, education, retail,

and government (AIA, 2019).
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Today, mc is seen as a strong alternative to traditional methods. It offers advantages
in speed, quality, and sustainability. Kamali and Hewage (2016) note that it is widely
implemented in North America, Japan, and parts of Europe. Volumetric
prefabrication is now utilized in various building types, from schools and hospitals to
offices, supermarkets, and high-rise housing (Lawson et al., 2014). The growing
demand is largely driven by the off-site nature of production, which offers
measurable economic and environmental advantages. In 1998, the UK government
report Re-thinking Construction called for a change in the thinking of clients and the
supply chain toward a partnership and less adversarial relationship, which has
encouraged longer-term investment in manufacturing facilities and in developing
new ways of building, which has led to an interest in the use of prefabricated

construction technologies. (Lawson ef al., 2014).

2.1 Modular Construction

Mec is a building method in which major components of a structure are manufactured
in an off-site factory and then assembled on-site. Mc typically employs large,
pre-engineered, volumetric building modules that are delivered to and assembled at
the construction site, forming integral elements of the completed building (Sharafi et
al., 2017; Sajid et al., 2024; Lawson et al., 2014). This process differs from
traditional methods, where construction occurs entirely on-site from the ground up.
Typically, mc involves the production of large, three-dimensional volumetric units,
also known as modules. These modules are either fully or partially completed in the
factory and are designed to meet the same codes, standards, and design intent as the
on-site constructed buildings. Once transported to the site, they are assembled into
full structures, while not compromising from quality or aesthetics (Lawson et al.,

2014; Sajid et al., 2024; AIA, 2019).
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Almashagbeh & El-Rayes (2021) state that the mc process integrates both off-site
and on-site activities, combining prefabricated modules produced in a factory
environment with structural elements constructed on-site, such as steel frames,
elevator shafts, and staircases. Modules are generally finished or nearly finished
within factory settings and subsequently transported to sites as primary structural
components. Depending on the design, modules can be either fully enclosed or
partially open-sided, allowing combinations to create larger, cohesive spaces upon
assembly (Lawson et al., 2014). Nam et al. (2020) support the idea that mc involves
minimal on-site effort to assemble the modules. Sajid et al. (2024) claim that up to
75% of the construction can occur off-site. By doing so, mc substantially reduces the
construction time by approximately half that of on-site construction methods.

In essence, mc relocates much of the labor and fabrication from the field to a factory,
leveraging prefabrication and assembly-line techniques. It is often considered a
subset of off-site construction or part of the so-called modern methods of
construction (MMC) that aim to improve efficiency through industrialization

(Lawson et al., 2014).

2.2 Advantages of Modular Construction

Mec offers several well-recognized benefits that position it as an increasingly
considered method in the building industry as an alternative to conventional on-site
building methods. The modular building promises improved speed, quality, and
resource efficiency compared to traditional on-site building approaches by shifting
construction into a controlled environment. By producing building components
off-site under controlled factory conditions, MC offers reduced project timelines,

improved quality, increased control of costs, enhanced safety, and substantial
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environmental benefits (Ghannad & Lee, 2022; Nam et al., 2020; Almashagbeh &

El-Rayes, 2021; Choi et al., 2017; Shahi et al., 2021; AIA, 2019).

One of the main advantages of mc is its potential to accelerate project completion
significantly. Overall construction periods are compressed since site preparation, and
module fabrication can be done in parallel. Moreover, completing most of the
production in a factory environment helps avoid delays caused by weather and site
conditions or labor shortages (Adeyemi et al., 2024; Almashagbeh & El-Rayes,
2021; Gibb & Isack, 2003). As reported in many studies, the time saving can reach
up to 30-50% depending on the project type and complexity. (Lawson et al., 2014;
AlA, 2019; Gibb & Isack, 2003). Sajid et al. (2024) claim that in order to reduce the
project completion time by up to %50, planning and execution of the work packages
play a crucial role. Off-site production processes reduce site-related disruptions such
as noise, theft, or material loss while speeding up construction (Kamali & Hewage,
2016). In addition to that, the need for on-site labor, equipment transport, and site
overhead is significantly lower in off-site construction compared to traditional

construction (Lawson et al., 2014; Choi et al., 2017).

The overall project cost of mc is generally more predictable. However, it may not
necessarily be lower than that of traditional methods. As with conventional
construction, the cost of a modular project depends on numerous variables. Although
initial costs can vary, modular methods generally offer better cost-efficiency to create

value in the long term if implemented properly (AIA, 2019).

In principle, modules can be disassembled and reused, allowing buildings to be
relocated, extended, or reconfigured in different contexts (Lawson et al., 2014; The

American Institute of Architects, 2019). The dismantle and reuse ability of the
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modular components helps to maintain the asset value and allows for better
long-term planning, especially in urban or rapidly changing areas (Choi et al., 2017).
Moreover, factory production strengthens this adaptability by optimizing material
use, minimizing waste, and making surplus easier to recycle than on conventional
sites (Adeyemi et al., 2024). When modular projects are deliberately designed for
disassembly, the same modules and materials can cycle through multiple uses,
cutting lifecycle impacts by up to 88% and supporting circular economy goals, while
routine maintenance, repair, and future upgrades become simpler (Shahi et al., 2021).
Standardized "plug-and-play" connections let buildings evolve in manageable
increments, and even if modules are not reused, their controlled deconstruction

generates far less environmental disruption than traditional demolition (AIA, 2019).

Besides minimizing waste, mc supports environmental sustainability by improving
energy efficiency both during the construction phase and throughout the building's
lifecycle, thanks to tighter envelopes and better thermal performance (Liu et al.,
2022). Quality is another area in which mc offers strong advantages. Since modules
are built in factories using advanced tools and machines, there is more control over
the precision and consistency of the components (Razkenari et al., 2020; Adeyemi et
al., 2024). Repetitive processes, standardization, and the use of specialized workers
help improve the overall quality of the buildings. (Lawson et al., 2014; AIA, 2019).
Moreover, factory settings offer more organized operations and allow for better
planning and supervision. This reduces the reliance on low-skilled on-site workers
and increases output efficiency (Ghannad & Lee, 2022; Ferdous et al., 2019). In
terms of safety, working in a controlled factory environment means less exposure to
dangerous tasks, extreme weather, and on-site accidents (Choi et al., 2017; AIA,

2019).

16



In summary, mc can improve project outcomes in many ways. It shortens
construction time, reduces costs, improves quality and safety, and offers significant
environmental benefits. Its flexibility also allows buildings to be more adaptable and
reusable over time. Because of these features, mc is considered a reliable and
sustainable solution for modern building challenges, given that it is applied in the
appropriate context, for the well-justified reasons, and with a clear understanding of

its limitations (Adeyemi et al., 2024; Nam et al., 2020; Ghannad & Lee, 2022).

2.3 Modular Housing

Mec has evolved significantly over centuries from colonial shelters to high-rise
towers. Its role in the residential sector remains particularly critical. As the global
demand for sustainable, affordable, and rapidly deployable housing increases,
modular approaches are increasingly seen as a viable solution to this crisis. While
standardization and industrialization offer efficiency, they also introduce certain
challenges. Those challenges are particularly related to design variation, adaptability,
and spatial optimization. In this section, the focus shifts specifically to modular

housing, its applications, and the design complexities it presents.

2.3.1 Modular Housing as a Response to Housing Shortage

Mec has become increasingly prominent in response to evolving social,
environmental, and economic demands. One of the most urgent drivers of this
renewed importance is the global housing shortage, which challenges both traditional

and mc methods regarding speed, affordability, and adaptability.

The global shortage of affordable and adequate housing has become a growing

concern across both developed and developing countries. This crisis is mainly shaped
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by factors such as rapid urbanization, population growth, increasing land and
construction costs, and the limited capacity of conventional building practices to
meet current demands (Adeyemi et al., 2024; Li et al., 2023; Goodier & Gibb, 2007).
In cities like Dhaka, for instance, where the population is projected to double by
2035 within an already dense metropolitan area, the pressure on housing
infrastructure is becoming increasingly unsustainable (Aman et al., 2021). Similar
trends are visible in many parts of the world. In the United Kingdom, persistent
challenges such as unaffordability, supply deficits, and rising rents have kept the
housing issue at the center of political and policy discussions ( Li et al., 2023). In the
United States, decades of underproduction have resulted in a shortfall of millions of
affordable housing units, with some states like California annually falling behind by

over 100,000 units (MBI, 2019).

The benefits of mc are particularly relevant to residential applications, where
standardization and scalability are critical. Modular units are well-suited to
multi-family housing developments such as apartment buildings, dormitories, and
public housing projects. These systems enable repeatable configurations that can be
efficiently produced and customized to local needs (Kamali & Hewage, 2016;
Ferdous et al., 2019). Globally, countries like Japan, Germany, and Scandinavian
nations have widely adopted mc in the residential sector. The UK and US have begun
to integrate these methods into their affordable housing strategies (Young et al.,
2020). Public initiatives such as London's investment in modular apartment
developments and New York City's policy to require mc in new affordable housing

illustrate a gradual shift. (AIA, 2019).

In addition to speed and productivity, mc supports broader systemic improvements
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that extend across the housing supply chain. Modular systems provide resilience
against labor shortages and scheduling delays by decreasing dependence on on-site
labor. It allows more efficient project coordination. As land and labor costs continue
to rise, modular methods also offer developers financial predictability and
opportunities for early occupancy, which are the factors that significantly improve
project applicability, particularly in dense urban settings (Bertram et al., 2019; MBI,

2019).

The growing integration of mc into residential development supports global
sustainability goals. Its potential to rapidly deliver durable, safe, and cost-effective
housing aligns with the United Nations Goal 11 for inclusive, safe, and sustainable
cities (UN, 2015; Goodier & Gibb, 2007). Thus, modular housing emerges as a
strategic approach that can help address deeper structural challenges within the
construction and housing sectors. This growing interest in modular housing
highlights a closer examination of the limitations that prevent its wider use in

architectural practice, despite its potential role in addressing the housing crisis.

2.3.2 Challenges in Modular Housing

The wider adoption of mc faces several barriers. Ghannad and Lee (2022) note that
one frequently cited reason for hesitation is the complexity and length of the design
process. The design process for modular housing may be costly and time-intensive
due to the repeated revisions needed to meet both project-specific and mc
requirements. Achieving all functional goals within a limited budget remains a
significant challenge (Ghannad and Lee, 2022). Below are the challenges faced in the

design of modular housing.
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Need for early commitment:

In mc, important design and planning decisions must be finalized at earlier stages
compared to traditional methods. Effective implementation of mc therefore depends
on committing to early planning from the very start of the project. If a modular
strategy is adopted only after design development, many of its advantages can be
lost. Modularization is more than cutting up a conventional design into parts. It calls
for a modular mindset from the start, integrating geometry, materials, transportation
logistics, shared scope, and coordination into a single process. Far more decisions
must be made up-front in a modular approach when it compares to traditional ones
(AIA, 2019 ; Bertram et al.,2019). As a result, mc requires a notably longer “lead-in
time” during pre-planning and design. Goodier and Gibb (2007) report that for the
contractors the long preparation time required for off-site construction can be seen as
a disadvantage. Jaillon and Poon (2010) likewise identify that the longer design
period is a major constraint for using prefabrication . If this extended lead-in period
1s not managed effectively, mc may increase early project costs and delay the start of
construction. Such delays can eliminate the expected time savings and other benefits

during the construction phase.

Another critical barrier that increases the difficulty and complexity of the design
process is the lack of a systematic approach to module configuration. The design
process requires a high level of design and production integration (AIA, 2019).
Although the planning and design stages of modular and traditional construction
share similarities, project teams unfamiliar with mc must account for key differences.
Unlike conventional design practices where flexibility and customization are

relatively accessible, modular design demands early, critical decisions that impact
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everything from fabrication to assembly. These decisions are tightly interlinked, and
errors in the early design stages may lead to costly revisions, fabrication conflicts, or
unbuildable modules (Bertram et al.,2019; Ghannad & Lee, 2022; Sharafi et al.,

2017).

Need for on-site and off-site integration:

Since a substantial amount of work is completed off-site, it is important to consider
the requirements of both on-site and off-site construction processes during the design
stage. This also can create need for effective coordination among stakeholders
essential, particularly regarding construction tolerances and project scheduling (AIA,
2019). Zhang et al. (2018) note that the need for early collaboration among
architects, contractors, and suppliers in prefabrication also is a factor that lengthens

the design process.

Ghannad and Lee (2022) claims that architects need a deep and specialized
knowledge of the production and assembly process to design modular housing which
meets multiple requirements, including user needs, building codes, and regulations.
In addition, designing modular buildings requires managing a complex relationship
among various objectives, such as functionality, uniqueness, standardization,
manufacturability, and constructability, which can conflict to some extent (Sharafi et
al., 2017). This complexity often leads to problems in mc, such as a lack of design

flexibility and weak coordination between design and production processes.

Standardisation, flexibility and spatial complexity:

Modular design usually adheres to manufacturing constraints from the beginning. In

addition to that, modules should comply with strict transport requirements, resulting
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in standardized unit sizes. (Sharafi et al., 2017). It is argued that using standardized
block designs can improve buildability and shortens construction time (Jaillon &
Poon, 2010). On the other hand, this high degree of standardization, while beneficial
for lowering production cost, may reduce flexibility in the design process (Ghannad
& Lee, 2022). While standardization offers logistical advantages, it leads to an
inherently rigid spatial logic and grid systems. This can limit design flexibility and
may result in repetitive layouts that are unable to adapt to user needs, diverse site
contexts, or evolving programmatic demands (El-Zanfaly, 2009). According to AIA
(2019), some architects may assume that mc reduces design flexibility or limits their
control. Li et al. (2023) argue that standardized construction production can further
constrain design flexibility and, despite its efficiencies, may still demand substantial
on-site labour. Studies have identified this as one of the main reasons behind the slow
adoption of modular systems in the residential sector (Ghannad & Lee, 2022;
El-Zanfaly, 2009). The configuration of functional spaces is constrained by
volumetric modular units, transport requirements, and assembly logistics (Sharafi et
al., 2017; Ghannad & Lee, 2022). These constraints may lead to limited variations of
modular buildings beyond the loss of flexibility in design during the architectural
workflow. El-Zanfaly (2009) argues that modular housing arrangements offer limited
variety. The limited spatial variety in many modular housing projects can be shown
as another reason which reduces their architectural appeal and weakens their ability

to adapt to changing user needs over time.

2.3.3 The Paradigm Shift in Design for Modular Housing

Designing a house that meets all functional requirements while staying within a

reasonable budget presents a significant challenge and entails a time-consuming
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iterative process (Nauata et al. 2020). Sharafi et al. (2017) describe modular building
design as a complex interplay among the intended space, the functionality of the
building, and the efficient use of similarly sized modules. A fundamental challenge
in modular housing lies in the required paradigm shift from traditional
engineer-to-order approaches toward configure-to-order and select-variant-to-order
systems. This change requires a modular mindset and a cultural break from the
“one-off” design mentality typical of conventional architecture, adding complexity to
the design process (Ghannad & Lee, 2022). In conventional construction, projects are
unique and this uniqueness generally makes them integral which limits the feasibility
of modularization. This presents a challenge for moving toward modular design
within the traditional way of working in construction. Adeyemi et. al (2024) pointed
out that there might be a need for a different approach to design and building for mc.
For example, modular units should be tailored to the site’s specific constraints while
also satisfying local building codes. This calls for considerable flexibility and
creativity from the design team. Likewise, mc may require adjusting the site layout
and foundation design to accommodate the prefabricated units. These examples show
that being willing to adapt the design and construction processes to a project’s

specific needs is often crucial for successfully applying modular building methods.

In this context, research-through-design provides a useful methodological lens:
Djukanovi¢, Alegre & Bastos (2025) argue that treating design and research as an
integrated, iterative loop where conceptualisation, experimentation, and refinement
happen together helps designers tackle such “wicked” modular problems and

generate knowledge while they create solutions.

Modular housing can offer fast, cost-effective, and higher-performance housing due
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to its requiring less labor, fewer mistakes, and less waste of materials than traditional
construction methods. At the same time, El- Zanfaly (2009) claims that many current
applications show limited variety in their configurations. GD systems provide a
promising way to address this by easing the design process, reducing time in early
stages, and offering unexpected alternatives within well-defined constraints.
Adeyemi et al. (2024) argue that further research and practical initiatives are
essential to strengthen the use of modular and prefabricated construction in
affordable housing. They stress that these studies should concentrate on streamlining

design and manufacturing workflows to lower costs and improve overall efficiency.

In the next chapter, GD systems will be discussed as a potential solution to the
challenges in modular housing design. The discussion will cover the aspects in which
these systems provide effective solutions, as well as the areas where they remain
limited. Applications of generative systems in the existing literature will be
reviewed, and within the framework established by these studies, the positioning of
this thesis will be clarified. The reasons for selecting DRL as a suitable approach for
this study, along with the advantages it offers for addressing design problems, will be
explained with reference to relevant works and debates in the literature. In this thesis,
rather than emphasizing the shortcomings of modular housing alone, the focus is on
exploring how RL within a generative framework can turn these limitations into

opportunities for producing more diverse and adaptable design outcomes.
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CHAPTER 3

REINFORCEMENT LEARNING IN GENERATIVE DESIGN

Mc offers advantages in terms of speed, cost, and performance. At the same time,
modular outcomes sometimes face challenges of limited spatial and visual diversity.
This is mostly due to the standardized nature of prefabricated modules, which can
lead to repetitive housing typologies and limited adaptability to different user needs
and site conditions (Araghi & Stouffs, 2015). While modularity introduces
constraints related to uniform dimensions and standard components, it also creates
new design opportunities through mass customization and flexible configurations
(Laovisutthichai et al., 2020; Lee & Widrig, 2020). These opportunities are
promising but not always fully realized, as the complexity of modular housing design

can restrict the exploration of diverse alternatives.

Designing modular massing requires balancing architectural, structural,
environmental, and contextual criteria simultaneously. This complexity can increase
as more realistic constraints are introduced. Due to constraints in time and resources,
architects are often compelled to narrow down solutions prematurely, limiting their
ability to explore a broader spectrum of viable alternatives (Ghannad & Lee, 2022;
Mukkavaara & Sandberg, 2020). In this sense, automation in the early design process
becomes valuable as an augmentation of architectural decision-making. The
evaluation of modular design options is inherently iterative, and manual methods are

not sufficient to explore the full design space efficiently (Wei et al., 2021). Errors and

25



inefficiencies in the design phase may occur, especially in complex scenarios such as
modular high-rise residential buildings. Automated systems, including floor plan
generation tools, can reduce these errors and improve productivity across the

architecture, engineering, and construction sectors (Liu et al., 2024).

GD systems can offer a promising direction for addressing these challenges. These
systems use algorithms to generate a wide range of design alternatives within
predefined constraints. This enables designers to explore unexpected yet valid
solutions early in the process, without being limited to a narrow set of manual
decisions (El-Zanfaly, 2009). Even simple generative approaches can support
decision-making by integrating quantifiable parameters into the design workflow
(Araghi & Stouffs, 2015). As computational design continues to evolve, scripting
and algorithmic thinking have become essential tools for navigating both
well-defined and ambiguous design problems. These approaches expand the role of
the designer by combining computational logic with creative decision-making

(Terzidis, 2006; Song et al., 2016).

Due to its repetitive and parametric nature, mc is especially suitable for the
integration of generative methods. The ability to define flexible parameters and
automatically generate varied yet buildable solutions makes GD a natural fit for
prefabricated systems (Banihashemi et al., 2018; Pasetti Monizza et al., 2018; Wei et
al., 2021). Yet many existing digital tools remain limited in scope. Several studies
note that they may overlook structural and constructional aspects or struggle to
integrate stakeholder input from the early stages (Ghannad & Lee, 2022; Mekawy &

Petzold, 2017). To improve the design-to-production pipeline, further research is
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needed to develop more integrated, informed, and adaptable computational tools for

mc (Adeyemi et al., 2024).

3.1 Generative Design and Applications in Architecture

In this section, the concept of GD will be reintroduced, along with examples of its
applications. The discussion will highlight the limitations identified in the literature,
particularly when workflows are data-driven or heavily based on predefined
constraints. The limitations in terms of restricted variation and generalizability will
be addressed, and in cases where Al is not involved, the absence of learning
capability has been discussed as an important limitation. Following this critique, the
use of DRL in this study will be presented as a potential response to these

limitations.

The concept of GD can be traced back to the 1870s, when it was initially described
as systems designed to produce possible answers to a specific problem. (Zhang et al.,
2021). Since the late 20th century, computational methods have been extensively
applied to address design challenges within the Architecture, Engineering, and
Construction (AEC) industries. The adoption of programming within architectural
workflows has positioned Computational Design (CD) as a crucial tool in tackling
modern architectural issues. This advancement has led to the rise of related concepts

such as parametric design, GD, and algorithmic design. (Samadi et al., 2025)

GD is defined as a method where a designer collaborates with an autonomous system
to develop solutions to design problems. It allows designers to utilize computational
power to explore, generate, and evaluate a wide range of alternatives within

predefined constraints. Compared to traditional methods, it enables rapid iteration,
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expands the design space, and increases overall productivity (Mukkavaara &

Sandberg, 2020; Samadi et al., 2025).

In recent years, it has been particularly relevant in architectural design. GD is
described as a process where architects work through generative systems instead of
directly shaping materials or forms. It enables the automatic production of diverse
design options through iterative algorithms under predefined constraints. They are
commonly used for form generation, spatial layout strategies, and early-stage

exploration (Zhang et al., 2021; Ghannad & Lee, 2022).

Technological enhancement has transformed how architects operate, demanding
updates in knowledge and workflows. In response, digital GD has become a
prominent research focus. CA, genetic algorithms, L-systems, shape grammars, and
swarm intelligence have been categorized as key generative strategies within this
field (Zhang et al., 2021). These systems support designers in rapidly exploring
potential solutions, reducing time and effort during the process, and assessing
alternatives based on specific design requirements. Such methods play a crucial role
in enhancing decision-making in design, where continuous evaluation of information
and relationships is essential. GD is commonly used in contemporary design
practices, particularly for form generation, spatial layout strategies, and exploring

architectural alternatives.

The growth of artificial intelligence (AI) applications in architecture introduces
considerable potential in addressing complex design problems (Ashour & gogo,
2024). (Mukkavaara & Sandberg, 2020; Samadi et al., 2025). By leveraging the
superior processing capabilities of computers, this approach allows for a deeper

exploration of complex design scenarios. Traditionally, it has been applied to
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optimize models for specific performance goals. Furthermore, generative systems
can reveal novel or unexpected design solutions and shed light on underexplored

areas of the design space. (Samadi et al., 2025)

Contemporary research showcases how computational techniques, such as deep
learning, algorithms, and evolutionary strategies are being used to facilitate
architectural design processes and expand the exploration of design options (Ashour
& Gogo, 2024). GD has found diverse applications across multiple fields such as

construction, urban planning, and manufacturing (Wei et al., 2021).

In recent decades, numerous studies have investigated automated building design and
spatial layout generation, demonstrating their considerable potential to enhance
architectural design processes. (Ghannad & Lee, 2022). Although it holds
considerable potential, GD has not yet achieved widespread adoption in practical
applications (Mukkavaara & Sandberg, 2020). This is explained by the limited
integration of GD solutions into the iterative nature of established design processes,
particularly regarding the role of human experts in the design loop. (Zhao et al.,

2023).

3.1.1 Generative design applications in modular housing design

Attempts to solve the modular housing design problem through GD have been
documented in the literature (Araghi & Stouffs, 2015; Almeida et al., 2016; Mekawy
& Petzold, 2017; Sharafi et al., 2017; Ghannad & Lee, 2022; Zhao et al., 2023 ; Liu
et al., 2024 ). Some of these studies focus on automatically generating 2D floor plan
layouts or apartment unit configurations (Almeida et al., 2016; Liu et al., 2024),

while others explore full 3D modular building assemblies and multi-story
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configurations (Araghi & Stouffs, 2015; Mekawy & Petzold, 2017; Sharafi et al.,
2017; Ghannad & Lee, 2022; Zhao et al., 2023). Together, these contributions show
how generative approaches can broaden the early search space of modular design.

However, they also reveal challenges.

Several studies note that existing generative methods often remain tied to predefined
constraints or large training datasets, which can reduce their adaptability to new
design criteria (Araghi & Stouffs, 2015; Ghannad & Lee, 2022 ; Zhao et al., 2023).
Approaches that generate 3D layouts tend to converge on a narrow set of solutions,
producing limited variation and focusing on optimizing a single outcome (Sharafi et
al., 2017; Ghannad & Lee, 2022). Many frameworks also assume standardized
module sizes and shapes, which makes it difficult to capture irregular geometries or

more diverse unit dimensions.

Beyond these geometric limitations, some frameworks also treat modules as generic
blocks rather than differentiated dwelling units. As a result, issues of program
richness, spatial diversity, and architectural meaning remain underexplored. Unlike
these static approaches, DRL introduces a feedback-driven mechanism that can
iteratively adapt to new contexts, improve performance, and balance multiple design

goals without manual reprogramming.

Araghi and Stouffs (2015) investigate the use of CA as a GD method for
high-density residential building form generation. Their aim is to develop a
computational tool that translates architectural requirements, such as accessibility
and natural light, into CA rules, enabling the creation of diverse and complex spatial
configurations at the early stages of the design process. The method relies on

diagrammatic rule definition and rule-based iteration within a 3D voxel lattice, using
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fixed housing types (e.g., studio, one-bedroom, two-bedroom units) and

neighborhood-based criteria.

One bedroom (double unit)

Studio (single unit) .i i i

Two bedrooms (thre units)

Accessibility unit
Figure 3.1. Types of dwellings including studio, one- and two-bedroom apartments. Reproduced for

academic and illustrative purposes from Araghi and Stouffs (2015, p. 4), Exploring cellular automata
for high density residential building form generation, Automation in Construction.

While this approach aligns conceptually with modular massing, particularly in its use
of voxel grids and modular logic, it operates deterministically and depends on
pre-defined rules. As a result, the method can produce meaningful patterns but lacks
the adaptability and iterative learning capacity that more advanced Al-based systems
allow. In this sense, its contribution is in showing how architectural requirements can
be encoded into computational rules, though its scope remains limited to behaviors

explicitly modeled by the designer.

. Circulation cells
- First round cells

Second round cells

Figure 3.2.3D illustration of neighborhood patterns in a 5 % 25 grid of cells. Reproduced for
academic and illustrative purposes from Araghi and Stouffs (2015, p. 5), Exploring cellular automata
for high density residential building form generation, Automation in Construction.
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Sharafi et al. (2017) introduce a unified matrix-based framework for the automated
spatial design of multi-story modular buildings. This approach addresses a critical
need in mc: optimizing layout configurations early in the design process while
accounting for structural, architectural, and constructional constraints. UMM tackles
the harder question of how to place those modules floor-by-floor under multiple,
often conflicting, criteria. The proposed method models modular design as a
three-dimensional assignment problem, using a design structure matrix (DSM) to
represent module placements and their interconnections. Their framework integrates
architectural, structural, and constructional aspects early in the design process, to
represent spatial configurations and interconnections between modular units. The
aim is to generate cost-effective, structurally stable, and energy-efficient building
forms by minimizing objective functions such as plan irregularity, energy
inefficiency, and height-dependent construction cost. The method assumes a discrete
grid space where module placements are optimized using combinatorial logic and
constraint-based heuristics (e.g., Ant Colony Optimization). A case study on a
three-story modular tourist accommodation demonstrates the method’s effectiveness
in producing Pareto-optimal configurations that reduce construction costs by
approximately 30%, improve plan regularity, and minimize facade area to enhance
energy efficiency. This integrated design approach proves especially beneficial
during early-stage decision-making, where design choices significantly impact the

project's lifecycle performance and feasibility.
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Figure 3.3. Three optimal solutions for the spatial design of the case study. Reproduced for academic
and illustrative purposes from Sharafi et al. (2017, p. 11). Automated spatial design of multi-story
modular buildings using a unified matrix method. Automation in Construction, 82, 31-42.

Sharafi et al. (2017)’s study is a valuable reference for modular housing design and
performance optimization discussed in this thesis. However, its reliance on
pre-defined cost functions, heuristics, and deterministic optimization means that
while it integrates multiple criteria effectively, it does not evolve or generalize
beyond the scenarios encoded at the start. Their method uses deterministic
optimization through matrix manipulation and metaheuristics (e.g., ant colony
algorithm). In this sense, it not only demonstrates the benefits of multi-objective

modeling, but also the limits of non-learning approaches.

Ghannad and Lee (2022) propose an end-to-end workflow for automatically

generating and modularising single-storey house plans. The study aims to develop an
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integrated, automated framework that generates constructible and feasible modular
housing layouts. It addresses key challenges in mc, such as the reduced flexibility of
design, lack of automation, and the need to incorporate manufacturing,
transportation, and assembly constraints early in the design process. A rule-based
algorithm decomposes generated layouts into viable module configurations based on
geometric and constructability constraints (e.g., max dimensions, weight, ratio). A
pixel-wise algorithm translates layouts into coordination-based vector models.
Designs are filtered for functionality (connectivity, circulation, compactness).
Feasible configurations are converted into IFC-based 3D BIM models for practical

implementation.

The framework couples a generative adversarial network (CoGAN) with a rule-based
module configurator and BIM export. While this creates a strong pipeline from GD
to production, its limitation lies in being heavily data-driven and lacking
multi-objective optimization. It only filters out infeasible options, without
comparing or improving alternatives. In this sense, it is a useful step toward

automation, but it still carries typical GAN limitations such as data dependency and

lack of flexibility.
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Figure 3.4.The overview of the research methodology.Reproduced from Ghannad & Lee (2022, p.5).
Automated modular housing design using a module configuration algorithm and a coupled generative
adversarial network (CoGAN). Automation in Construction, 139, 104234.
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Figure 3.5. Example showing the vectorization process in modular housing design. Reproduced for
academic and illustrative purposes from Ghannad and Lee (2022, p.8). Automated modular housing
design using a module configuration algorithm and a coupled generative adversarial network
(CoGAN). Automation in Construction, 139, 104234.

Samadi et al. (2025) introduce a generative framework for producing floorplan
layouts within fixed linear boundaries by utilizing modular “Slices” that correspond
to functionally complete parts of housing units (e.g., bathroom, kitchen, bedroom).
This framework addresses the internal spatial configuration of the housing unit itself.
Implemented using GhPython and Grasshopper, the system allows users to define
space requirements and entrance positions, which the algorithm uses to sequentially
fill the apartment layout based on adjacency rules and spatial ratios. Each generated
solution is then automatically transformed into a 3D layout with furniture, walls, and
doors, providing not only design alternatives but also spatially legible outputs
suitable for end-user evaluation and early-stage BIM integration. The design space is
expanded through a catalog of 173 predefined modular Slices, enabling flexibility
despite the absence of data-driven learning or optimization routines. The slice-based
system creates interior layouts from modular components. The system offers variety
and clarity, but its outcomes remain fixed to a predefined library. Without
optimization or adaptive feedback, the process generates alternatives that are limited

in scope.
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a specified entrance slice .Reproduced from Samadi et al. (2025, p.7)
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Figure 3.7. a) CCategories created from 173 designed Slices based on length and common
combinations of functional spaces. Reproduced from Samadi et al. (2025, p.8)

Zhao et al. (2023) present a novel framework for designing and evaluating
architectural tilesets within the context of GD, increasingly popular in architecture
for its efficiency and potential for creativity compared to traditional methods. This
study addresses the gap in research focusing primarily on discovering designs rather
than fine-tuning tilesets themselves. By introducing metrics for evaluating generated
layouts and the tileset design space, the research facilitates practical applications and

allows architects to customize tilesets based on specific objectives. The methodology
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exemplified through double-floor single-family house tilesets utilizes the Wave
Function Collapse (WFC) algorithm for generating 3D designs and 2D layouts. This
process enables the creation of diverse design options from minimal tileset
specifications and demonstrates how fine-tuning can overcome the common issue of
grid-like monotonicity in tile-based GD methods. The framework not only simplifies
the design process by enabling the creation of tilesets with minimal specifications but
also introduces a novel approach to evaluating the quality of generated layouts and
the overall design space of the tileset. This comprehensive method supports iterative
design processes, offering a significant contribution to the field of generative
architectural design and providing a basis for further research and development in the
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Figure 3.8. WFC generates a design, by filling 3D empty slots (1), with predefined tiles (2), following
adjacency rules (3) to generate a combination (4)

Zhao et al. (2023)’ s study serves as a valuable example for the modular approach
and iteration optimization in the thesis, yet it diverges in both scale and methodology.

In the article, iterations are conducted parametrically using the WFC algorithm. WFC
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is an algorithm that can procedurally generate images, text, audio and almost
anything that follows a pattern of a simple set of initial parameters and a set of rules.
However, in this thesis, these iterations are performed using RL, employing a
reward-punishment logic to define parameters. This distinction highlights the
innovative methodological shift in the work towards leveraging advanced
computational strategies to achieve modular iterative optimization in architectural

design to serve environmental sustainability.

Liu et al. (2024) proposes a graph-constrained generative adversarial network
(GC-GAN) to automate the floor plan design process of modular high-rise residential
buildings (MHRBS). In this approach, domain-specific architectural knowledge, such
as spatial connectivity, circulation, compactness, and modular production
requirements, is first represented as a knowledge graph. This graph then guides the
GAN model to generate realistic and functional floor plans that comply with mc
standards. The generator creates segmentation-based layout outputs, while the
discriminator evaluates their validity based on both real samples and design
constraints. The generated floor plans are automatically matched with a standard
modular flat design library, and then transformed into BIM models using Revit,

making the system directly applicable to production workflows.
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Figure 3.9. a) Sample images prepared for training data and corresponding knowledge graphs.
Reproduced for academic and illustrative purposes from Liu et al. (2024, p.7), Intelligent floor plan
design of modular high-rise residential building based on graph-constrained generative adversarial
networks, Automation in Construction, 159, 105264.

To evaluate the method, the authors use a combination of expert scoring (for
realism), Frechet Inception Distance (for diversity), and graph edit distance (for
topological accuracy). Results show that the system can produce diverse and feasible
layouts that align with key design goals, and significantly reduce the
design-to-production time compared to traditional methods. This GC-GAN
framework combines architectural knowledge with generative models for modular
floor plans. It reduces design time and ensures feasibility. Its limitation lies in

dependence on large training datasets and a lack of adaptability to objectives not

encoded in the graph.

In summary, while these generative approaches represent valuable steps toward
automating modular housing design, they often operate within predefined rules or
depend heavily on existing datasets, which can make it difficult to adapt to new or
evolving design goals. This reliance frequently results in a narrow solution space
with limited variation, as noted in studies such as Sharafi et al. (2017) and Ghannad

& Lee (2022). As emphasized by Mukkavaara and Sandberg (2020), the iterative act
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of navigating between exploration and exploitation in design requires tools that can
not only generate a range of alternatives but also refine them through feedback.
Within this context, RL does not replace these approaches but extends them, offering
a stochastic, feedback-driven process that begins from random initializations and
explores diverse alternatives before converging on refined solutions. By learning
from interaction and balancing multiple objectives, RL provides an adaptive
framework capable of incorporating variation, responding flexibly to constraints, and
potentially addressing one of the central limitations of earlier GD methods. The next
section will further explore how RL can serve as a GD strategy, capable of bridging
exploration and exploitation, through its capacity to learn from interaction, adapt to

constraints, and iteratively improve design outcomes over time.

3.2 Reinforcement Learning

Unlike data-driven generative models, an RL agent can iteratively improve layouts
via feedback without requiring a pre-existing dataset or an exhaustive rule set of
constraints. This feedback-driven approach enables more flexible adaptation to
emerging design objectives and constraints, and offers more generalizable solutions.
Early studies have shown the potential of deep RL in design contexts. Building on
these advantages, this thesis proposes a RL-based GD approach that learns through
trial-and-error interactions within a simulated environment. The RL-based system in
this research dynamically learns how to configure housing massing while satisfying
overall design requirements. In summary, by addressing the limitations of generative
systems, the proposed RL generative approach aims to fill the identified research
gap, enabling more adaptive, constraint-flexible, and variety-rich solutions for

modular housing design.
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3.2.1. Artificial Intelligence, Machine Learning, and Reinforcement Learning

Artificial intelligence (Al), in the literature, in its simplest definition, is defined as
machines that can perform tasks that humans can accomplish by thinking, according
to Dorfler (2022). Artificial intelligence has evolved and developed since the
Dartmouth summer workshop, which is considered to be the founding event of
artificial intelligence. In recent years, Al technologies have rapidly progressed,
especially with the development of deep learning architectures and increased
computational power. The rise of powerful processors, GPUs, and access to
large-scale data has enabled Al systems to perform increasingly complex tasks across
domains ranging from language processing to autonomous driving (Akizuki et al.,
2020). In the field of architecture, these developments have facilitated the emergence
of computational design workflows where Al supports tasks such as spatial

optimization, energy analysis, and design automation (Akizuki et al., 2020).

The integration of Al into various domains has significantly accelerated in recent
years, primarily due to the rapid advancements in computational hardware and
algorithmic innovation (Akizuki et al., 2020). These technological improvements
have not only expanded the capabilities of Al systems but also made them more
accessible across disciplines, including architecture, where they assist in designing,

analyzing, and optimizing spatial configurations and structures (Akizuki et al., 2020).

Machine Learning models in the Al ecosystem can approach a phenomenon through
iterative exposure to large amounts of data, called ‘learning’. In this way, the model
can be used to predict or simulate the same phenomenon under different parameters
with its learning. Machine learning algorithms have already outperformed human

experts in complex strategy games. Akizuki et al. (2020) claims that this
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demonstrates the potential for ML to generate design solutions that may surpass
human capabilities, as design itself involves abstract reasoning and strategic
decision-making similar to these games. The field of architecture is increasingly
engaging with machine learning techniques, exploring how these algorithms can be

effectively applied within design processes (Wang & Snooks, 2021).

Machine learning is generally divided into three subcategories depending on the

model's training strategies: supervised, unsupervised, and reinforcement:
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Figure 3.10. Diagram of three typical types of machine learning: Supervised Learning (SL),
Unsupervised Learning (UL), and Reinforcement Learning (RL). Reproduced from Wang and Snooks
(2021), Artificial Intuitions of Generative Design, in DigitalFUTURES, Springer. Licensed under CC
BY 4.0.

In supervised learning, learning is provided by matching input-output data pairs
(labeled data). It is powerful but relies on large, carefully curated datasets that
encode the “correct” answers (Sutton & Barto, 2018). In recent years, supervised
learning (SL) has achieved remarkable advancements across various domains such as
data prediction, image generation, and natural language processing. Despite this
progress, its application in three-dimensional GD remains limited according to Wang
and Snooks (2021) . A key limitation of SL is its dependency on large, labeled
datasets, which is often inefficient and impractical in design contexts. Although some

labeling tasks can be automated, the feedback process in artificial neural networks

(ANNSs) operates in a fixed linear manner, regardless of the variability or complexity
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of the generated data. This rigid structure contrasts with the adaptive and exploratory
nature of GD workflows. Moreover, representing and manipulating
three-dimensional geometries within SL frameworks (3D GANs) poses significant
computational challenges, which further limits their effectiveness in spatial design

problems.

In contrast, in unsupervised learning, the data is not matched with any output value;
that is, it is not labeled (Chaillou, 2022). The learning process is completely left to
the model, depending on the observation of data. USL focuses on identifying patterns
or associations within the unlabeled data rather than optimizing toward a defined
objective. This lack of a clear goal makes it less suitable for GD tasks that require a

directed design intention or targeted outcomes (Wang & Snooks, 2021).

In RL, the process is based on behavior update based on the reward system
(Chaillou, 2022). RL is a robust framework with various successful applications in
different fields like video games, dynamic systems control, finance, healthcare, and
self-driving cars, thanks to its capacity to solve complex sequential decision
processes. RL is a trial-and-error approach to machine learning based on a trade-off
between exploration and exploitation within a simulation environment instead of
learning from a curated dataset necessary for supervised machine learning algorithms

(Sutton & Barto,1998).

In RL, an autonomous agent learns by gaining experience through interaction with an
environment. The agent sequentially performs actions that alter the state of that
environment, and the environment in turn gives feedback in the form of a numeric
reward signal to the agent to evaluate the quality of its policy of action given a set of

objectives. The agent aims to develop a behavior or policy that maximizes its
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long-term rewards (Goodfellow et al., 2016). So, RL enables machines to learn and

make decisions autonomously in pursuit of defined objectives (Cao et al., 2021).

In GD, RL can offer some important advantages. Wang and Snooks (2021) classified
contemporary GD approaches into two as parametric-based and behavioral-based.
Parametric systems rely on manipulating parameters that follow predefined, linear
relationships with geometric outcomes. In contrast, behavioral-based systems encode
local design intentions, resulting in bottom-up, self-organizing processes. Although
both approaches can yield complex and innovative results, each has inherent
limitations. Parametric models are constrained by their predefined
parameter-geometry relationships. Behavioral systems, on the other hand, emphasize
local interactions but lack global awareness, making it difficult to embed overarching
design intentions. Also, integrating real-time material and structural performance into
these non-linear workflows remains a significant challenge due to the instability of
such systems. (Wang & Snooks, 2021) RL stands between these two methods. It uses
local actions like behavioral systems, but it also follows long-term goals through

reward signals.

As noted by Kakoee and Dillenburger (2025), RL has structural similarities with
architectural design processes, as both rely on iterative feedback. RL agents learn by
taking actions in an environment and receiving rewards, mirroring the trial-and-error
nature of design. In this way, RL also functions as a generative tool. Wang and
Snooks demonstrate how RL can generate architectural forms based on performance
goals. Unlike fixed parametric systems, RL allows agents to learn adaptive strategies,
discover non-obvious solutions, and respond to evolving constraints. Akizuki et al.

(2020) suggest that RL can balance between strict design constraints and creative
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freedom. RL operates through an agent interacting with its environment, learning an
optimal policy via feedback between observed states and reward signals formally
modeled as a Markov Decision Process. Unlike other ML methods, RL relies on
self-experience rather than predefined human knowledge. Its core structure includes
key elements: agent, states, actions, rewards, and policy. (Wang & Snooks, 2021).
RL does not only assist design, but takes an active role as a decision-maker. This is
possible because of these three basic parts of RL: actions, states, and rewards. These

elements allow both control and variation.

Kakoee and Dillenburger (2025) claims that many existing Al-based methods in
design use pixel-based or black-box systems that don’t clearly represent form,
function, or spatial logic. They pointed out that this limits their use in real design
tasks. They argue that there is a need for more intuitive and structured systems. RL is
well suited for this because it can work with performance-based rewards and

structured decision-making.

3.2.2 Reinforcement Learning and its Applications in Design

Several recent studies have explored the use of RL in architectural design,

particularly within generative workflows.

One notable example is the work by Wang and Snooks (2021) explores how RL can
be used to integrate design intentions into existing generative workflows. Instead of
replacing current systems, RL is implemented as a control mechanism that guides the
generative process through reward-based feedback. The authors compare different
machine learning types and argue that RL is more aligned with GD due to its

heuristic and sequential structure. They present a Random Walk-based experiment
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where an RL agent generates voxel-based spatial forms by learning through

predefined rewards. These rewards reflect architectural goals such as vertical growth,

structural logic, spatial connectivity, and avoiding site collisions. The agent is trained

using Deep Q-Learning, and the results show that the system gradually develops a

sense of direction and begins to produce more coherent outcomes aligned with the

design criteria.
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Figure 3.11. Selected training outcome samples from episode 0 to 9.4 k. Reproduced for academic and
illustrative purposes from Wang and Snooks (2021), Artificial Intuitions of Generative Design, in
DigitalFUTURES, Springer. Licensed under CC BY 4.0.
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While the setup is relatively simple, the experiment demonstrates how RL can be

used to embed adaptive behavior and design intuition into generative systems.

Another study by Wang and Snooks (2021), which presents a RL-based GD approach
that combines top-down and bottom-up processes within a single framework. Their
study proposes the integration of a RL agent with multi-agent behavioral systems to

overcome the limitations of local interaction logics and enable a more global design

awareness.
MAS based Bottom-UP Emergent Process
[ 1
Generative Policy Training Intuitive Generating Behavioral Formation

Agent

l
———yy & - q
Outcome 0
[ [ 5
! : Field Behaviors >
i [ o7 S I ¥

. + L L
Local Behaviors =

H - R 1/
b I PR % =h
i Sia ¢ Generative Outcome
PP,

Environment

RL based Top-Down Evolutionary Process

Figure 3.12. Overall method of structuring the RL-based intuitive generative approach. Reproduced
for academic and illustrative purposes from Wang and Snooks (2021, p. 4), Intuitive Behavior: The
Operation of Reinforcement Learning in Generative Design Processes, CAADRIA 2021 Proceedings.

The RL agent is trained using the PPO algorithm within Unity’s ML-Agent toolkit to
optimize a mesh-based geometry in response to pavilion-scale design criteria. The
training process incorporates spatial, structural, and environmental performance
goals into a set of global reward functions. The trained generative policy produces a
topological field that is later used to guide a multi-agent formation process. While the
approach shows promise in producing adaptive and intention-driven design
outcomes, the authors also highlight computational challenges and the need for more
advanced multi-agent RL methods. Overall, the study demonstrates how RL can be
used not just to generate architectural forms, but also to embed design intention and

performance logic into the generative process.
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Akizuki et al. (2020) explores the potential of using RL within the realm of GD to
produce objects that not only exhibit unique aesthetics but also adhere to specified
design and fabrication constraints. The authors aim to address challenges in the state
of the art, such as topological inconsistency, limited style variation, and design
unpredictability, by developing a machine learning framework that acts as a
sophisticated design interpreter. This framework is capable of transforming input
geometries into new forms that meet both aesthetic and practical requirements.
Through a series of experiments, including the generation of table designs, the study
demonstrates that RL can successfully generate objects that maintain topological
consistency under the given constraints. The methodology involves training an agent
to navigate within the space of an input geometry, with the goal of shaping a new
geometry that fulfills design objectives while staying within the confines of the input
shape. This approach represents a significant advancement in GD, highlighting the
power of RL as a tool for achieving design goals within specified constraints.
Although this study differs significantly from the thesis in terms of design scale, its
approach to using modular blocks and RL in a 3D environment serves as a
methodological exemplar for the thesis. The "LEGO block model" in study illustrates
the use of RL to navigate modularity in design, using a set of predefined LEGO
blocks to generate table designs within specific constraints. This approach showcases
the potential of algorithmically creating diverse and complex structures from a
limited palette of modular components, emphasizing the integration of design and

fabrication constraints within the GD process.
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Figure 3. 13.Figure 3.13. Object generation using a LEGO block-based model. Reproduced for
academic and illustrative purposes from Akizuki et al. (2020), Generative modeling with design
constraints: Reinforcement learning for object generation, presented at the 25th CAADRIA
Conference.

Kakooee and Dillenburger (2025) present a RL-based approach for architectural
space layout design (SLD), using a novel partitioning method called laser-wall. Their
method conceptualizes walls as light-emitting elements that divide space through
beam interactions, bridging pixel-based and vector-based partitioning strategies. The
study introduces two RL-compatible planning strategies for generating layouts and
focuses on iterative refinement techniques to improve spatial configurations. To
support this, the authors develop a custom OpenAl Gym-compatible simulator for
layout generation and evaluation. The RL agent, trained using the PPO algorithm,
processes image-based layout states and improves them over time through wall
movement and rotation actions. Rewards are based on both geometric constraints
(such as area and aspect ratio) and topological requirements (such as room adjacency

and entrance connection). The results show that the agent is capable of generating

coherent and functional layouts that align well with design targets.
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Figure 3.14. Agent’s action trajectory from initial random layout to final optimal layout.. Reproduced
for academic and illustrative purposes from Kakooee and Dillenburger (2025), llluminating Spaces:
Deep Reinforcement Learning and Laser-Wall Partitioning for Architectural Layout Generation, ETH
Zurich, arXiv preprint.

This study demonstrates how RL can be used not only to explore spatial alternatives
but also to refine and improve layout quality through procedural and adaptive

learning strategies.

A recent study by Zhu et al. (2023) investigates the integration of DRL into real-time
robotic assembly planning within prefabricated construction environments. The

paper addresses the limitations of traditional decision-making methods, particularly
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their inflexibility in the face of dynamic site conditions, such as changing layouts,
component variability, and uncertainty in task sequences. Instead, the authors
propose a DRL-based framework that enables robots to learn assembly strategies
autonomously through continuous interaction with a simulated environment,

modeled using a combination of BIM data and a voxel-based 3D simulator.

S

(a) Assembly work in construction (b) Assembly task in our simplified simulation

Figure 3.15. Overview of the construction simulations. Reproduced for academic and illustrative
purposes from Zhu et al. (2023), Deep Reinforcement Learning for Real-Time Assembly Planning in
Robot-Based Prefabricated Construction, IEEE Transactions on Automation Science and
Engineering, 20(3), 1515-1526.

This method is particularly effective for planning workflows in complex, real-world
construction settings, where the sequence and location of tasks are not fixed but must
adapt to spatial constraints and operational safety. By framing the assembly process
as a Markov Decision Process (MDP), the approach allows DRL agents to make
context-aware decisions for moving and placing prefabricated components under
constraints The study showcases how DRL can move beyond form generation and
be embedded in construction-level decision-making, offering new potential for

adaptive, real-time robotic workflows in architectural assembly.

In addition to layout and form-focused studies, Hosmer et al. (2020) investigate RL
in the context of construction-aware assembly. They frame building design as a

constraint-based game, where an agent learns through self-play to select and
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assemble predefined spatial parts. Each step must follow strict geometric rules while
also optimizing for design goals such as structural stability, material efficiency,

spatial connectivity, segmentation, and daylight access. The method is tested in three
case studies where the agent responds to practical constraints such as user needs, site

limitations, and robotic reconfigurability.
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Figure 3.16)  a) Spatial parts library (NoMAS 2019) b) Spatial assembly sequence (NoMAS 2019).

Reproduced for academic and illustrative purposes from Hosmer et al. (2020), DSpatial Assembly
with Self-Play Reinforcement Learning, ACADIA 2020: Distributed Proximities / Volume I: Technical
Papers, pp. 384.

In this study, WFC and RL are used together in a complementary way. WFC acts as a
local constraint solver, ensuring geometric validity by allowing only feasible part
connections. RL operates on top of this filtered action space, guiding the agent’s
decisions based on performance objectives. This layered approach where WFC
defines valid design moves and RL optimizes the sequence and strategy enables the
generation of adaptive, buildable structures. This integrated framework is closely

aligned with the approach developed in this thesis, where spatial constraints define

available actions, and an RL agent learns to optimize modular housing configurations
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through iterative design.

In summary, recent studies have explored the application of RL across a variety of
design contexts and demonstrated its potential to address complex architectural

problems. Although they differ in scope and methodology, together they establish a
foundation that clarifies both the opportunities and the boundaries of this emerging
approach. These works underline the need for design methods that go beyond static

optimization and can adapt dynamically to spatial constraints.

Building on this foundation, this thesis positions RL not only as a computational tool
but as a GD strategy. Its iterative, feedback-driven nature aligns closely with the
exploratory processes of architectural design, offering a way to balance variation,
constraint, and performance. The theoretical perspectives outlined in this chapter set
the stage for the practical implementation that follows, where DRL is applied to

modular housing massing.

The next chapter presents the proposed DRL-based design framework developed in
this study, detailing how the method is structured, how the environment is defined,
and how design-specific reward functions are constructed to guide the learning

Pprocess.
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CHAPTER 4

DESIGN OF HOUSING MASSING THROUGH MACHINE

LEARNING

In this thesis, a simulation environment composed of a discrete voxel space is
proposed, where a DRL agent can place a set of massing cells. The dynamics and
constraints of this environment are designed explicitly to help the agent learn design

policies that can gradually refine spatial arrangements through iterative feedback.

The housing massing is first abstracted using a CA framework. CA is selected for
this initial step due to its discrete, grid-based structure, which is well-suited for
modular housing systems and allows for direct spatial logic encoding. It provides a
systematic way to discretize the design space into a grid structure where each cell
can represent a building component. This abstraction enables the design problem to
be transferred into a computable format that can be processed by the algorithm. In
this context, CA functions as a problem-definition tool: it structures the design space
into a set of possible cell states and defines spatial availability, neighborhood
relationships, and adjacency rules, translating architectural constraints into a

computable environment.

The ordering is deliberate: first, the problem is defined through CA to ensure that
fundamental architectural logics are embedded into the environment. Next, the RL
framework is integrated on top of this structured problem space, allowing the agent

to interact with constraints that already reflect architectural reasoning. On top of this
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structured space, the Al agent, trained using the PPO algorithm (Schulman et al.,
2017), operates within a CA framework to autonomously generate and iteratively
refine housing configurations. Within this setup, learning is guided by reward signals
that reflect design-oriented objectives, such as maximizing the number of housing
units within the buildable area, minimizing circulation space while ensuring
accessibility, and encouraging diversity in housing unit mixtures. This setup allows
the system to iteratively search for massing solutions that balance compactness,
functionality, and variation. To clarify this choice further, it is useful to briefly revisit

the basic logic of CA.

CA offers valuable insights into how complex behaviors can emerge from simple
rules (Frazer, 1995). One to three or more-dimensioned regular arrays of cells define
a cellular automaton. The simplest version of automata includes two states (0-1,
true-false,black-white, alive-dead) for each cell, and for the more complex ones,
there can be more states. Each cell holds a single, specific state, and the system
undergoes cyclical transformations in which the states of individual cells are updated
depending solely on the previous states of its surrounding cells (known as its

"neighborhood").

A cellular automaton's state, consisting of a lattice of sites, evolves synchronously in
discrete time steps according to identical rules and the values of variables at its
“neighborhood” on the previous time step (Wolfram, 1983). In other words, the
behavior of the cellular automaton is governed by transition rules that dictate each
cell's state at any given time based on its prior state and the states of its neighboring
cells (Frazer, 1995). A voxel cell can be defined with varying neighborhood

configurations (two main neighborhood definitions are shown in Figure 1): in one
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scenario, it may have four edge neighbors, while in another, it may include eight
neighbors by accounting for diagonal connections. In three-dimensional space, a
cubic cell may have six face neighbors or up to twenty-six if adjacent edge and

vertex neighbors are included (Frazer, 1995).

Figure 4.1. Left: Moore neighborhood. Right: Von Neuman neighborhood. Produced by author.

To proceed with the design process within the CA framework, a grid/lattice,
neighborhood, cell states, time, and transition rules should be defined (Calisir &
Cagdas, 2020). This framework enables complex design problems to be redefined as
structured and well-defined problems, making them more suitable

(machine-readable) for computational applications. This study uses a CA
representation of the modular housing massing design problem. CA inherently
involves a certain level of complexity and randomness, regardless of the simplicity of
the rules (Wolfram, 2002, as cited in Calisir & Cagdas, 2020). In this study, a DRL
agent is placed within a CA environment to handle the inherent complexity and learn
sequential design policies of modular housing configurations guided by a set of

design objectives.

4.1 Cell Design and Spatial Configuration

The housing structure, which simultaneously serves as the environment, is modeled

as a 30m x 30m % 30m cubic building volume discretized into a three-dimensional
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grid of voxel cells, each representing a volumetric unit of 3m x 3m x 3m. Thus, the
overall voxel lattice has dimensions of 10 floors, each consisting of a 10 x 10 grid,
yielding a total of 1,000 voxels within the design space. In other words, the building
is conceptualized as a three-dimensional array, where each index indicates the
position of a voxel cell within the structure. This constitutes the mathematical and

computational basis of the building in the project.

dimX dimX
[ COOO, cOOl, s COOBI c009 ] [ C900, c901, T C908, c909 ]\
...... dimY ... dimY
[ C°9°, c09ll o> C098, c099 ] [ C990, c9‘)ll a5 C998, C‘)99 ]
dimZ

Figure 4.2. Representation of the building as a three-dimensional array. Produced by author.

Each voxel could be in one of the four following states:

e empty,
e Dbuilt-up,
e hall, or

e building core (vertical circulation).
Built-up cells represent the housing units within the structure, hall cells provide
horizontal access from the units to the core, and core cells provide vertical

circulation.

Figure 4.3. Cell types, from left to right: Empty Cell, Built-up Cell, Core Cell, and Hall Cell.
Produced by author.
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Initial state of the environment:

Initially, all cells are set to empty, ready for the agent's placement, with a set of cells
forming a central vertical circulation core. The mid-four cells in the lattice for each
floor are defined as the core cells, while others stay empty when the environment is
initialized. While empty and core cells are allocated at the initial state of the building
structure, the placement of built-up and hall cells is left to the RL agent to decide.

The initial state of the building:

dimX dimX
( 0, 0, .., O, O] [ 0, 0, .., 0, O]
...... dimY e T dimY
( 0, 0, .., 0, O] [ 0, 0, .., 0, O]
dimZ

Cellular Automata Constraints:

In this framework, two layers of constraints are applied. At the environment level,
adjacency-based rules derived from the CA ensure connectivity and accessibility,
functioning as hard constraints that cannot be violated. At the reward level,
additional design goals such as built-up and hall ratios, unit size limits, and
compactness are incorporated as soft constraints. These are not enforced directly, but
guide the agent’s behavior through the reward structure. Together, this combination
ensures that basic architectural feasibility is preserved while allowing the RL agent

to explore diverse massing solutions within defined performance boundaries.
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STATIC “RULE LAYER"
Cellular Automata (CA)
10x10x10 = 1,000 voxels
Cell states: Empty | Built-up | Hall | Core
VonNeumann neighbourhood (adjacency)
Availability logic & unit-formation rules
Compactness metric (loU)

Figure 4.4. Static Rule Layer. Produced by author.

The CA framework prepares the ground for defining spatial rules and local
interactions. A von Neumann neighborhood is employed, where each voxel's
adjacent edge-connected neighbors in the same plane inform cell availability and
placement decisions (Frazer, 1995). This local neighborhood definition ensures that
design decisions remain computationally tractable while reflecting realistic
adjacency-based spatial logic in architecture. This is essential to establish the
decision environment for the RL agent.
To ensure that all housing units have access to the vertical core and to allow the agent
to concentrate on cell placement decisions, the availability of cells within the
building structure for built-up and hall cells is closely monitored. This availability
status is checked according to the neighbor cells' condition:
For a cell:
1. If any adjacent neighbors are hall or core cells, the cell is available for either hall
or built-up placement
2. If none of the adjacent neighbors are hall or core cells, but one or more neighbors
are built-up cells, the cell's availability depends on the housing units to which the
built-up neighbors belong:

- If any housing unit has not yet reached its maximum limit for built-up cells,

the cell is available for a built-up placement. However, it is not available for

hall placement.
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Figure 4.5. An instance of the rules for cell availability for placement. Produced by author.

These rules determine the availability of cells for built-up and hall placements. They
help to ensure that all housing units remain accessible within the building structure

via vertical and horizontal circulation.

In addition, the organization of housing units is governed by predefined rules and
constraints based on neighboring conditions. By doing so, the model remains less
complex, providing the agent with a clear and structured learning environment that
minimizes confusion. If the definition of housing units were left entirely to the
agent's decisions, the action space would become unstable. This is because the exact
number of housing units is unknown at the initial state, making it impossible to
define a fixed action space for decisions. This would lead to an unstable action space,
which would significantly increase the complexity of the agent’s learning process.
Therefore, a rule-based approach ensures the agent operates within a well-defined

and controlled environment, facilitating more effective learning.

When a built-up cell is placed:
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e Its placement is based on the availability conditions. This means it is either
placed due to being adjacent to a core or hall cell, or it is placed because it is
adjacent to a housing unit that has not yet reached its maximum number of

built-up cells.

After placement, the neighbouring cells of this built-up cell are checked:

e If the cell has no neighbouring housing unit that is below its maximum
built-up cell limit, but it is adjacent to a core or hall cell, then this cell is
defined as a new housing unit.

e If it is adjacent to only one housing unit that has not yet reached its maximum
number of built-up cells, it directly becomes part of that housing unit.

e Ifit is adjacent to multiple housing units that have not yet reached their
maximum built-up cell limits, the potential compactness rate of each unit is
calculated as if the new cell were added to it. The cell is then assigned to the

housing unit where its inclusion results in the highest compactness.

To quantify compactness, a calculation method devised by inspiration from

Intersection-over-Union (IoU) Index.

Intersection over Union (IoU) which is also called the Jaccard Index (Jaccard,
1901), measures the similarity of two sets by dividing the size of their intersection by
the size of their union: It is widely used in computer vision to judge how well a
predicted bounding box or segmentation mask matches the ground-truth label

(Rezatofighi et al., 2019).

Formally:
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In this study, each housing unit is first projected onto the horizontal plane so that its
occupied cells form a 2-D footprint. The footprint compared against predefined

“ideal” shapes (e.g., 2x3 rectangle for six cells).

>

loU=2/2=1 loU=2/6=0,33 loU=5/7=0,71

4

Figure 4.6. Instances of loU calculations. Produced by author.

The IoU between the generated unit and each ideal reference provides a compactness

Score:

e JoU =1 — perfect overlap, maximal compactness.

e JoU <1 — increasing deviation, indicating elongated or irregular layouts.

4.2 Experiment Setting as Markov Decision Processes (MDPs)

RL is a computational approach to learning from interaction, rooted in the field of
optimal control and dynamic programming (Sutton & Barto, 2018; Puterman, 1994).
In RL, an agent aims to discover an optimal policy by continuously interacting with

its environment, using feedback signals to guide its decisions over time.
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This interaction is formally modelled as a Markov Decision Process (MDP), which
provides a mathematical framework for sequential decision-making under
uncertainty (Puterman, 1994) . It is defined by a tuple (S,A,P,R,y). The Markov
property states that the next state s’ depends only on the present state s and action a,
not on any earlier history (Puterman, 1994; Sutton & Barto, 2018). In this research,
the computational design problem of optimizing modular housing mass
configurations is formulated as a MDP to optimize modular housing mass
configurations within a defined three-dimensional voxel-based simulation
environment. The MDP formulation enables the integration of design objectives,
spatial constraints, and sequential decision-making into a single optimization

paradigm suitable for RL. An MDP consists of the following key components:

State (S): Represents the current situation or configuration of the
environment. It summarises all relevant information needed for
decision-making at a given time.

e Action (A): Denotes the set of all possible moves or decisions the agent can
make to influence the state of the environment.

e Reward (R): A scalar feedback signal received after taking an action,
indicating the immediate benefit or cost associated with that action. It
measures how desirable a particular state-action outcome is.

e Policy (m): Defines the agent’s strategy. It is a mapping from states to actions,

specifying the probability of selecting each action in a given state to

maximise cumulative reward (Sutton & Barto, 2018).
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In addition to this four-tuple, the discount factor 0 <y <1 is introduced to adjust the
influence of future rewards on present decisions. The objective is to find a policy n:

S — A that maximizes the expected total discounted reward (Puterman, 1994).

“The policy is the core of the agent’s behaviour, determining how it acts based

on its current knowledge and experience.” (Sutton & Barto, 2018, p. 51)

Agent

state reward action
S, R, A,
E Rr+l (
4 .
<< Environment |
\_

Figure 4.4. Reinforcement Learning: An Introduction 2nd Edition, Richard S. Sutton and Andrew G.
Barto. Reproduced from Sutton &Barto (2018, p.54 )

In summary, RL uses the MDP framework to formalise the process of learning
optimal behaviour through trial-and-error interactions with the environment, guided
by rewards that evaluate each action’s effectiveness (Puterman, 1994; Sutton &
Barto, 2018). This framework reduces complex multi-objective design goals into a
single numerical feedback signal, enabling the application of both classical

optimisation and learning-based algorithms.
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Figure 4.7. Dynamic, decision layer. Design probem within MDP framework. Produced by author.

By structuring the modular housing design problem within an MDP framework, it
becomes possible to leverage RL algorithms such as PPO to autonomously generate
and refine massing configurations through iterative, feedback-driven learning

processes (Schulman et al., 2017).

4.3 Description and Results of Experimental Settings

This study includes two experimental settings developed for the same design task.
Both use the same initial environment configuration and rule-based constraints. Most
components of the RL environment remain the same. The observation space is
identical. The reward structure also follows the same design goals, with some key

updates to improve agent behaviour.
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The second setting was introduced after analysing the outcomes of the first. In the
first setting, the agent showed a strong tendency to take no action. This behaviour
was caused by the way the reward signal was shaped, especially due to the use of

original PBRS, and other implementation choices.

To address this, several updates were made in the second setting. These include
changes in the reward calculation, the action space definition, and the way the
environment responds to invalid moves. Together, these changes aimed to prevent

passive behaviour and support more effective learning.

This section presents both experimental setups. It also explains the reasons behind
the updates, and discusses their outcomes in terms of learning performance and

design quality.

4.3.1 Experimental Setting I

This section introduces the first experimental setup used to evaluate the RL model. It
includes the RL environment setup, the application of potential-based reward shaping

(PBRS), and the results and discussion of the experiment.

4.3.1.1 RL Environment Setup for Experimental Setting I

There are four distinct components that define the RL environment. This subsection
presents how each of these components is formulated specifically for the first
experiment.

RL State (Observation) Space (S) Definition:

The state space in this experiment captures the complete configuration of the

three-dimensional voxel environment at each timestep. It is represented as a flattened
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one-dimensional array encoding the status of every voxel in the building.
Specifically:
e The voxel grid has dimensions 10 x 10 x 10, resulting in 1,000 voxel cells in
total.
e For each voxel, four features are recorded:

1. The cell type encoding for each voxel (empty, built-up, hall, core),

2. Built-up availability: indicating if the voxel is eligible for built-up
placement,

3. Hall availability: indicating if the voxel is eligible for hall placement,

4. Unit ID: specifying the housing unit to which each voxel belongs.
Given the environment dimensions of 10 x 10 x 10 voxels, and four features per
voxel, the total observation vector has a dimension of 4,000.
The state space is defined in the environment as a continuous Box space with

minimum and maximum bounds for each observation dimension:

self.observation space = Box(
low=self.min obs,
high=self.max obs,
shape=(self.obs dim,),
dtype=np.float32

dimX dimX
[ CDOOV COO\' R COOE’ cﬂﬂg] [CQM’ CUO\, o CK)OB, C‘)OU]
...... dimY dimY
[ CUQ()( c09\l o CO‘)BI CU‘)‘J ] [ C‘JWI' cq‘)‘l cass c‘)‘)ﬂ( c‘)‘Jg ]
dimZ dimZ
P type[0,1,2,3], ‘
<l availability_for_built-up [0, 1,
R BRI EE e ] -~ availability_for_hall [0, 1],
N P . < housing_unit_ID
W | o . | P
~ X -
dimX o~ 7 dimY

Figure 4.8. RL State (Observation) Space (S). Produced by author.

This detailed representation provides the agent with comprehensive spatial
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awareness, enabling decisions that respect architectural constraints such as

adjacency, circulation, and unit formation logic.

RL Action Space (A) Definition:
The action space, which is an important component of the RL environment, defines
the set of placement decisions that the agent can take at each timestep,enabling it to
interact with and modify the voxel-based design environment effectively. Also taking
into account adjacency and accessibility constraints.
In the first experimental setting, a continuous Box action space was used,represented
as a four-dimensional vector for each action:

1. Floor index (z): Normalised between [0,1] to cover the 10 building floors.

2. Row index (y): Normalised between [0,1] to cover the 10 rows per floor.

3. Column index(x): Normalised between [0,1]to cover the 10 columns per row.

4. Cell type selection scalar: Normalised between [0,1], interpreted as a binary
choice between built-up or hall placement.

This action vector is defined in the environment as:

self.action dim = 4

self.action space = Box(
low=self.min action,
high=self.max action,
shape=(self.action dim,),
dtype=np.float32

)

These continuous outputs are subsequently discretised within the environment to
map onto the voxel grid indices and cell type assignments. The first three
components represent the coordinates within the building structure (floor, row,
column numbers) where the action will take place. The last action component serves
as a selection mechanism for the cell type (hall / built-up) to be allocated at each

timestep.
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Figure 4.9. RL Action (4) Space (S). Produced by author.

RL Transition Dynamics (P) Definition:

Transition dynamics (P) define how the environment changes from one state to
another after an action is taken. In this experimental setting:
e Executing an action updates the voxel environment state based on the
placement decision logic.
e When the agent selects a voxel location and cell type:
- If the placement satisfies availability rules, the voxel’s state is updated
accordingly (action performed) (e.g., from empty to built-up or hall).
- Ifthe placement is invalid, the state remains unchanged (action is not
performed), and a time penalty is imposed, reducing the incentive for
wasted actions.
When the agent selects a specific location and cell type for an action, the availability
of the targeted cell is verified. If the cell is available for the chosen type, the action is
performed. If the cell is not available, the action is not performed, and the agent

incurs a time penalty, as a wasted step, within the step-limited RL environment
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results in no reward. This availability logic ensures that every placement action
contributes meaningfully to spatial connectivity, prevents isolated built-up
placements, and maintains an accessible, coherent massing configuration. Finally,
housing units are updated after each action if the new placement to be performed is a
built-up type. They can vary in form and size within defined limits and are visually

distinguished by different color coding.

RL Reward (R) Definition:

For the generation process the rules are transferred into the RL environment. The
environment dynamics follow this set of general rules to direct the building
configuration generation:
e Connectivity Constraint: All housing units in the building structure must be
connected to the vertical core cells, either directly or through hall cells.

e Housing Unit Size Constraint: Housing units can vary in form and size,
consisting of a minimum of two and a maximum of six built-up cells.
During the generation process, actions are only performed when the agent selects an

available cell for the chosen type. Reward shaping is used to improve the learning
performance of the agent by encouraging it to reach higher rewards with
supplemental immediate rewards. It is important to apply them in a way that directs
the learner to the intended goals in the environment. Otherwise, the learner adopts a
policy that is optimal in reference to the reward function but suboptimal with respect
to the original design task.
Rewards are defined to direct the agent's action as:

e Built-up Cells Ratio Reward (R1) : The agent is encouraged to maintain the

floor area ratio within the prescribed limits for built-up cells.
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e Hall Cells Ratio Reward (R2) : The agent is encouraged to maintain the floor
area ratio within the prescribed limits for hall cells.

e Housing Units Size Reward (R3): The bigger housing units generated in
between 2-6 cells in size, the greater positive reward the agent receives.

e Housing Units Compactness Reward (R4): The agent is encouraged to create

housing units that are more compact in shape ( with higher IOU rate).

Terminal Condition: If any housing unit consists of only a single built-up cell and
cannot be extended further, it triggers a terminal state for the environment and a
negative value will be added to the Reward.

Further details regarding the RL environment setup are provided in Appendix A.

4.3.1.2 Potential-Based Reward Shaping (PBRS)

In this study, the reward function was designed using Potential-Based Reward
Shaping (PBRS), a widely recognised reward engineering technique to improve the
learning efficiency of RL agents. PBRS works by augmenting the environmental
reward with an additional shaping term at each timestep, calculated as the difference
in a designer-defined potential function between consecutive states (Ng, Harada &
Russell, 1999). The potential function, O(s), is a scalar measure of how “good” a
particular state is according to the task’s objectives. In this project, ®(s) represents
the building’s spatial performance score calculated after each action, encompassing
criteria such as the number of housing units, circulation efficiency, and compliance
with design constraints.

Formally, PBRS is expressed as:

F(st,at,st+1)=yD(st+1)—D(st),
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where vy is the discount factor that reflects how much the agent values future rewards
relative to immediate gains. The theoretical foundation of PBRS ensures that adding
this shaping term to the reward function does not alter the optimal policy that the
agent can learn, a property known as policy invariance (Ng et al., 1999). Instead, it
accelerates the convergence towards this optimal policy by providing the agent with
more frequent and informative feedback about the consequences of its actions,
thereby reducing the reliance on sparse terminal rewards that may only become

available at the end of an episode (Wiewiora, 2003).

In the context of this project, PBRS plays a critical role. The building mass
configuration task involves a complex voxel-based environment where overall design
performance depends not on a single isolated action but on a sequence of
interdependent moves. If only final episodic rewards were used (e.g. a single reward
signal after the full building configuration is completed) the learning process would
become extremely slow and unstable. This is because the agent would struggle to

identify which specific action led to improvement or deterioration in performance.

To address this, PBRS was integrated to provide dense, step-wise feedback by

calculating the difference in building performance before and after each action.

4.3.1.3 Results and Discussion for Experimental Setting I

The results show that the RL environment has been created in a manner suitable for
automatically learning a massing configuration generation policy according to the
criteria set in this study. In the initial implementation of this approach for the

experimental setup I, the shaping reward was formulated as:

Rt(step)=y - Rt—R(t—1)
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where Rt represents the building’s performance score at timestep t. While this
formulation aimed to reflect the discounted change in potential between states, it was
observed to produce negative rewards even for beneficial actions due to the scaling
down effect of the discount factor y. As a result, once the training phase has been
initiated, the agent’s learning tendency has been directed towards ‘no action’ in the

process. This is because of:

Actions are executed only when they are placed in available cells, otherwise they
lead to a null reward. Also, as there are discounted changes between the states, which
results in the agent receiving negative rewards, this leads to the generation of a
negative cumulative reward constantly. When the agent receives a positive reward
and is not able to take action after several attempts, the reward drops back to
negative again. This situation has caused the agent to eventually avoid taking action,
keeping its reward close to 0 or exactly 0. Figures 4.10 and 4.11 illustrate the
learning progress.

W episode_reward_min [ episode_reward_max [l episode_reward_mean
2000

e A

-2000
-4000
-6000

-8000

checkpoint 0 checkpoint 5 checkpoint 10 checkpoint 15

Figure 4.10. Reward progress graph showing minimum, maximum, and mean rewards during training, with every
fifth checkpoint indicated. Visual outputs from these checkpoints are shown in Figure 4.11. Produced by author.
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The graph displays the minimum, maximum, and mean rewards during training,
while the visual outputs at every 5th checkpoint, as shown in the graph, enable a
comparison between the two figures. In other words, it has learned to choose
unavailable actions instead of available ones, to keep its score high. To overcome
this problem, several potential solutions are explored. First of all, reward policy

change is applied to solve this problem.
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Figure 4.11. Outputs of the model from a) checkpoint 0, b) checkpoint 5, c¢) checkpoint 10, checkpoint
15. From left to right: Outputs from steps 200, 400, 600, 800, 1000. Produced by author.
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4.3.2 Experimental Setting 11

This section introduces the second experimental setup used to evaluate the RL
model. It includes the RL environment setup, the application of potential-based

reward shaping (PBRS), and the results and discussion of the experiment.
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4.3.2.1 RL Environment Setup for Experimental Setting 11

There are four distinct components that define the RL environment. This subsection
presents how each of these components is formulated specifically for the second
experiment.

RL State (Observation) Space (S) Definition:

The state space definition in the second experimental setting remains identical to
Experimental Setting I.

RL Action Space (A) Definition:

In Experimental Setting I, the action space was defined as a four-dimensional
continuous Box space [—1,1]"4 with normalised outputs that required rescaling and
discretisation into integer floor, row, column indices and a binary cell type. This
extra conversion layer introduced rounding artefacts that can destabilise gradient
updates when the underlying decision problem is categorical (Henderson et al.,
2018).

In Experimental Setting II the same four decisions were encoded as a MultiDiscrete
space (floore{0:9}, row € {0:9}, col€ {0:9}, type = {0,1}).

Gymnasium’s documentation defines MultiDiscrete as the Cartesian product of
multiple independent Discrete spaces and notes that it is most useful when each
action dimension is an independent categorical choice (Gymnasium Docs, Spaces).
This switch eliminates the need for the rounding step. Network outputs now map
straight to discrete actions, without additional conversion layers. This direct mapping
lowers gradient variance and stabilises policy updates, improving learning reliability
(Sutton & Barto, 2018). Overall, switching to MultiDiscrete better reflects the

discrete nature of voxel placement decisions in architectural massing tasks and
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simplifies the agent-environment interaction logic.
RL Transition Dynamics (P) Definition:

In Experimental Setting II, the transition dynamics follow the same fundamental
placement logic as in Setting I. When the agent selects a voxel location and cell type:
e Ifthe placement satisfies the availability rules, the voxel state is updated

accordingly (e.g. from empty to built-up or hall).
e If the placement is invalid, the voxel state remains unchanged, and the agent
incurs a penalty.
Unlike Setting I, where invalid actions only resulted in a wasted step with no reward,
Setting II introduces a constant negative penalty for invalid actions. This penalty was
set to approximately 25% of the average per-step reward calculated from preliminary
training runs. It was implemented as an alternative to an action mask since it was
easier to implement. While action masking is often recommended due to its
scalability and theoretical validity in policy gradient algorithms (Huang & Ontafion,
2022). By applying a fixed penalty to invalid actions, the agent is discouraged from
selecting unavailable placements without requiring modifications to the action space
itself.
The overall transition dynamics therefore remain as:
1. Valid action — state updated;
2. Invalid action — state unchanged + constant penalty applied.
RL Reward (R) Definition:
In Experimental Setting II, the reward structure maintains the same core constraints
and reward definitions logic as in Setting I, with several key modifications to better
align agent behaviour with the design objectives of this study.

The rewards guiding agent actions in this setting are defined as follows:
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e Built-up Cells Ratio Reward (R1): The agent is encouraged to maintain the
built-up cell floor area ratio within the range of 50-80% for each floor.
Achieving this ratio across all floors yields a total of +1 point for entire
building.

e Hall Cells Ratio Reward (R2): Similarly, the agent is incentivised to maintain
the hall cell floor area ratio within the range of 10-20% for each floor.
Achieving this ratio across all floors yields a total of +1 point for entire
building.

e Housing Units Compactness Reward (R4): The agent is rewarded for creating
more compact housing units, measured by the Intersection over Union (IoU)
score of each unit. If all housing units in the building achieve perfect
compactness, the agent gains a total of +1 point for entire building.

Note: The Housing Units Size Reward (R3) implemented in Setting I was removed in
this setting. Promoting larger unit sizes was found to contradict the study’s objective
of maximising variation among housing units. Thus, to prioritise diverse spatial
configurations over unit expansion, R3 was excluded.

Terminal Condition:

The termination condition was also modified. In Setting I, episodes ended if any
housing unit consisted of only a single built-up cell that could not be extended
further. However, agents began exploiting this condition to terminate episodes
strategically by creating such units deliberately, thereby avoiding penalties from
invalid actions. To counteract this behaviour, the terminal condition was revised: an
episode now ends only when no available cells remain for placement, ensuring that
the agent fully explores possible configurations before termination.

Further details regarding the RL environment setup are provided in Appendix A.
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4.3.2.2 Potential-Based Reward Shaping (PBRS): Special Case of y=1

Since the structure of the problem causes many invalid actions, the discounted
reward policy is considered to be changed to:

Rt(step) = Rt —R(t—1)
to use the simpler potential difference form without applying y within the shaping
term. This adjustment aligns with the recommendation by Wiewiora (2003), who
demonstrated that using y=1 within the shaping difference preserves policy
invariance while avoiding the unintended consequence of double discounting. In
practice, this revised formulation enabled the agent to receive clearer feedback about
how each action influenced spatial performance, ultimately stabilising learning and
facilitating the development of effective placement policies within the voxel

environment.

4.3.2.3 Results and Discussion for Experimental Setting 11

To avoid the issues observed in the previous experimental setting and to ensure that
the agent’s policy was functioning effectively, initial tests in Experimental Setting II
were conducted on a simplified environment configuration. Specifically, a
single-floor building model was used during the early training runs. This
simplification allowed for a more controlled evaluation of agent behaviour by
reducing the spatial complexity and isolating fundamental learning dynamics from
multi-floor coordination challenges. Starting with a single-floor environment made it
easier to observe whether the agent could correctly learn placement rules, maintain
the required built-up and hall ratios, and generate valid housing unit configurations
without encountering early termination or invalid action loops. Once the agent

demonstrated stable learning performance in this simpler setup, the environment was
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planned to be gradually scaled up to include multiple floors and additional design
constraints. This incremental complexity strategy was adopted to ensure that the
policy generalised well and that improvements at each stage were both measurable

and interpretable within the architectural mass configuration task.

£p 115400 | R -0.025 | CumR -5.2429
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Figure 4.12. Six different outputs generated by the trained model: single-floor building with a fixed
core location. Produced by author.

The results from these preliminary runs indicated that while the agent successfully
learned to comply with placement rules and maintain targeted built-up and hall
ratios, the generated outputs displayed very limited variation across episodes. Six
sampled layouts showed highly similar configurations, with housing units clustering
around the core in nearly identical patterns (Figure 4.12). This consistency suggests
that the agent rapidly converged to a specific optimal solution given the fixed spatial

constraint.
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Figure 4.13. Training graphs: left - mean episode length, right - mean episode reward during training
for the fixed core location. Produced by author.

Training metrics further supported this interpretation: the mean episode length
remained near the maximum for most of training but decreased towards the end,
suggesting the agent was learning to reach termination conditions more efficiently
rather than exploring diverse configurations. Additionally, the mean episode reward
improved steadily, indicating policy optimization progress (Figure 4.13). This
consistent yet repetitive behaviour suggested that although the fundamental policy
logic was functional, the agent was converging to a single local optimum without
adequate exploration. To address this and encourage spatial diversity, subsequent
training runs were conducted with randomised core locations in each episode. This
modification aimed to force the agent to adapt its strategy to varying core
placements, promoting generalisable policy learning that could produce alternative

massing solutions within the design constraints of the modular housing environment.
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Ep 1151400 | R-0.025 | CumR 61186 £p 1151400 | R-0.025 | CumR -5.7531 Ep 1150400 R-0.025 | CumR 6.6726
Floor 0. HU: 0.6714 | BuiRtup: 38% -> 0.7600 | Coridor: 20% -> 1.0000 Floor 0. HU: 0.7719 | Builtup: 45% -> 0.9000 | Corridor: 18% -> 1.0000 Floor 0. HU: 0.4924 | Buitup: 38% -> 0.7600 | Corridor: 9% -> 0.9000

Figure 4.14. Three example training cases illustrating the randomly placed core cell conditions that
the agent encountered during learning. Produced by author.

When the core location was randomised at the beginning of each episode, the mass
configurations became noticeably more diverse (Figure 4.14). Unlike the fixed-core
setting where units consistently clustered in similar patterns, here the housing units
extended in multiple directions around different core positions. This indicates that the
agent was able to adjust its strategy to varying circulation cells configurations instead

of memorising a single placement routine.

Ep1 5400 | R-0.025 | CumR -5.8193 Ep 115400 | R-0.025 | CumR 58886
Ep1[5t400 | R-0.025 | CumR -5.494
Fioor 0 - HU: 0.6957 | Builtup: 48% > 0.9600 | Corridor: 13% -> 1.0000 Floor 0 - HU: 0.7214 | Builtup: 42% > 0,840 | Corridor: 20% > 10000

Floor 0. HU: 0.7560 | Builtup: 50% > 1,000 | Corridor: 20% -> 1.0000

Ep 115400 | R-0.025 | CumR -5.8171 Ep115t400 | R-0.025 | CumR -6.1757 Ep1 5400 R-0.025 | CumR -5.5888
Floor 0 - HU: 0.8279 | Bultup: 44% -> 0,880 | Corrdor: 15% -> 1.0000 Floor 0 - HU; 0.6343 | Builtup: 42% -> 0.8400 | Corridor 12% -> 10000 Floor 0. HU: 0.9362 | Bulltups d5% >

5
Columns

Figure 4.15. Six different outputs generated by the model trained with random core placement,
evaluated here in a fixed core scenario (central four cells) for direct comparison with the fixed core
model results. Produced by author.
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However, this improvement in output diversity came with several trade-offs. As
shown in Figure 4.16 (training graphs), the random core setup (red) exhibited a
slower and less stable increase in mean episode rewards compared to the fixed core
setup (blue). By the end of three million steps, the random core agent had not yet

reached the performance levels achieved in the fixed core runs.
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Figure 4.16. Training graphs: left - mean episode length, right - mean episode reward during training,
comparing fixed core (blue) and random core (ved) location. Produced by author.

The mean episode length graph shows that while the fixed core agent’s episodes
began to terminate earlier as it learned efficient policies, the random core agent
maintained near-maximum episode lengths, suggesting ongoing exploration without
converging to an optimal stopping condition. Overall, while randomising the core
location effectively enhanced spatial output diversity, the random core agent failed to
reach performance objectives defined by R1 (built-up ratio) and R4 (compactness)
within the same training horizon. To overcome this, future training stages may

extend the number of training steps.

In the second experimental setting, the agent was trained within a fixed-core scenario
for an 8-story building, where each episode consisted of 1200 steps and training was
conducted for a total of 1 million timesteps (See Appendix B for RL configuration,
best-performing hyperparameters). A trained model was sampled every 10,000 steps

for evaluation. The training curve depicting the mean episode reward (Figure 4.17)
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and 3D visualizations of episode outputs every 10k steps (Figure 4.18) were used to

analyze the progression of learning and spatial design behaviors over time.

ep_rew_mean
tag: rollout/ep_rew_mean

0.8

0 200k 400k 600k 800k ™ 1.2M 1.4M

Figure 4.17. Training graph: Mean Episode Reward over 1,5M Episodes, eight-floor building with a
fixed core location trained for 1200 steps. Produced by author.
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Figure 4.18. Outputs generated every 10k episodes by the trained model in order to demonstrate the
learning process of the model. eight-floor building with a fixed core location trained for 1200 steps.
Produced by author.
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Figure 4.19. 3D Isometric Visualization of Building Output at (left) Episode 40,000 | (right) Episode
1,100,000. Produced by author.

Figure 4.20. Floor-by-Floor Plan Views Episode at (left) Step 40,000 | (right) Step 1,100,000.
Produced by author.
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A clear upward trend in the mean episode reward is observed during the first 1.5
million steps (Figure 4.17). This early phase represents a learning window where the
agent gradually improves its performance in selecting feasible actions within the
fixed episode length. Initially, the agent struggles to populate the design space
meaningfully; however, by step ~240k, the model demonstrates significant
improvements in spatial expansion, spatial coherence, and reward optimization. This
is supported by both the increase in mean episode reward and the qualitative

improvements seen in the 3D visualizations of building outputs.

After this initial phase, a performance plateau and slight decline follow, indicating
that the agent reaches a local optimum in policy space and fails to make further
significant advances. This stagnation may result from increased combinatorial
complexity in 3D spatial decision-making, especially under multi-objective reward

constraints and limited training budget.

A detailed comparison between two selected episodes, one from an early phase
(Episode at Step 40k) and one from the more optimized phase (Episode at Step
1.IM) reveals tangible improvements in architectural layout and performance

metrics.

Early-stage output (Step 40k): The design is sparse, fragmented, and exhibits low

coverage.
Floor 7 - HU: 0.0125 | Builtup: 4% -> 0.0100 | Hall: 7% -> 0.0875
Floor 6 - HU: 0.0094 | Builtup: 6% -> 0.0150 | Hall: 4% -> 0.0500
Floor 5 - HU: 0.0367 | Builtup: 21% -> 0.0525 | Hall: 8% -> 0.1000
Floor 4 - HU: 0.0292 | Builtup: 12% -> 0.0300 | Hall: 2% -> 0.0250
Floor 3 - HU: 0.0394 | Builtup: 14% -> 0.0350 | Hall: 2% -> 0.0250
Floor 2 - HU: 0.0219 | Builtup: 12% -> 0.0300 | Hall: 4% -> 0.0500
Floor 1 - HU: 0.0219 | Builtup: 7% -> 0.0175 | Hall: 7% -> 0.0875
Floor 0 - HU: 0.0219 | Builtup: 9% -> 0.0225 | Hall: 5% -> 0.0625

Built-up cell ratios are relatively low. The total cumulative reward is also notably

low (CumR = -2.4698), indicating underperformance across all defined reward
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metrics. This is especially evident in the hall distribution, where isolated clusters fail

to achieve meaningful circulation continuity (Figure 4.20 (left)).

Later-stage output (Step 1.1M): The agent produces denser, more organized

configurations with higher built-up and hall ratios, with noticeable hall connectivity.

Floor 7 - HU: 0.0533 | Builtup: 29% -> 0.0725 | Hall: 9% -> 0.1125
Floor 6 - HU: 0.0390 | Builtup: 28% -> 0.0700 | Hall: 4% -> 0.0500
Floor 5 - HU: 0.0652 | Builtup: 29% -> 0.0725 | Hall: 3% -> 0.0375
Floor 4 - HU: 0.0429 | Builtup: 32% -> 0.0800 | Hall: 11% -> 0.1250
Floor 3 - HU: 0.0652 | Builtup: 41% -> 0.1025 | Hall: 4% -> 0.0500
Floor 2 - HU: 0.0751 | Builtup: 35% -> 0.0875 | Hall: 12% -> 0.1250
Floor 1 - HU: 0.0412 | Builtup: 25% -> 0.0625 | Hall: 6% -> 0.0750
Floor 0 - HU: 0.0869 | Builtup: 38% -> 0.0950 | Hall: 10% -> 0.1250

The total reward improves significantly to CumR = -0.9513, reflecting learning
progress, particularly in Built-up Cells Ratio (R1) and Hall Cells Ratio (R2). The
floor plans exhibit improved zoning and internal layout logic, suggesting the agent
has acquired an understanding of local adjacency and connectivity patterns to

(Figure 4.20 (right)).

Despite the agent’s improved ability to place more units over time, many of them
remain elongated or fragmented due to vertical misalignment or scattered growth,
resulting in suboptimal IoU values. This is clearly seen in the 3D isometric
visualizations where unit volumes fail to form simple geometric clusters and often

wrap around hall or core spaces inefficiently.

This limited performance in R4 underscores a key shortcoming of the current policy:
while it learns to maximize occupancy (R1) and circulation logic (R2), it does not
consistently prioritize spatial cohesion at the unit level. This could be attributed to
the challenge of reconciling compactness objectives with other competing rewards
under fixed episode length and constrained design space. Further architectural logic

may be necessary to guide the model toward generating higher-quality unit layouts

87



with better compactness.

The performance observed in this multi-story training scenario does not match the
level of success achieved in the fixed-core single-story training. This discrepancy is
likely due to the significantly increased complexity of the design problem when
extended to an eight-story configuration. While the single-floor setting enabled
clearer learning and reward optimization, the multi-story environment introduced
additional spatial and vertical coordination challenges, which appear to have limited

the agent’s learning capacity.

For this reason, the fixed-core training strategy, originally applied to enforce
standardization in the single-story scenario,was reintroduced in the multi-story
setting, in order to reduce design variability and stabilize the learning process. Given
the inherently higher difficulty of the problem, constraining the core location was
considered essential. Outputs generated under the alternative random-core setup are

included in the Appendix C for comparison purposes.

The results of Experimental Setting II indicate that the agent achieved more stable
learning compared to Setting I, largely due to the use of the PBRS special case with y
= 1. From a performance perspective, the trained agent demonstrated an improved

ability to produce massing outputs that were consistent within the given constraints.

From an architectural perspective, however, the results highlight both opportunities
and limitations. On one hand, the generated massings ensured accessibility and
compactness within the defined voxel space, and a certain degree of variation was
observed in unit mixtures. On the other hand, it did not fully learn to utilize hall cells

in the most efficient way, and the simplification of constraints limited the
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architectural richness of the results. This limitation reduces architectural richness
and suggests the need for more advanced integration of diverse design criteria into

the reward system.

These observations suggest that while the framework can provide meaningful
outputs, it should not be considered as a final or exhaustive architectural solution.
Instead, it demonstrates how RL can be positioned as a baseline exploration for
architectural massing problems. The simplifications made in this study, such as
treating the building as a mass configuration, rather than establishing inter-floor
connections, underline the methodological focus. Although the voxel grid was set up
as an eight-floor structure, vertical relationships beyond circulation were not
explicitly modeled. Future studies could extend the framework by incorporating
visual and physical inter-floor connections, as well as additional architectural

constraints such as daylight, structural performance, and environmental criteria.

In summary, Experimental Setting II demonstrated more stable learning behavior and
produced coherent spatial arrangements compared to the first setting. However, its

architectural limitations indicate the need for further development.
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CHAPTER S

CONCLUSION AND FUTURE IMPLICATIONS

This thesis introduces a framework that integrates CA and DRL to explore the
optimization of modular housing massing. The study demonstrates how the problem
of spatial configuration can be reformulated into a machine-readable environment,
enabling an RL agent to autonomously generate and refine housing layouts through
iterative feedback. Although the resulting configurations do not aim to present a
definitive or perfect architectural solution, they offer an initial step in examining how
RL can operate within architectural problem spaces as a feedback-driven generative

Pprocess.

From an architectural perspective, the outputs highlight both potentials and
limitations. On one hand, the system was able to generate massing arrangements
within architectural constraints, ensuring accessibility to all housing units and
introducing variation in housing unit mixtures under defined rules. On the other
hand, when assessed architecturally, the system did not fully learn to utilize hall cells
in the most efficient way, and the simplification of constraints points to clear
limitations that restrict architectural richness and quality. These shortcomings
underline the need for a more advanced integration of architectural criteria into
computational frameworks. In this sense, the study does not claim to resolve the
design problem exhaustively, but rather to illustrate what emerging Al tools can

begin to offer for architecture, and how they might be meaningfully incorporated into
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design processes.

Key contributions of this thesis can be summarized as:

o This study proposes a new GD framework using DRL to optimize the spatial
mass configuration of modular housing. Unlike rule-based or conventional
generative methods, the agent learns through reward feedback, making the
system more adaptable and capable of handling conflicting design objectives.

e A unique aspect of the framework is the use of CA to impose design
constraints and define spatial availability. This hybrid approach reduces the
agent’s action space while preserving spatial logic, contributing a structured
yet learnable environment design in architectural RL research.

e The study introduces a multi-faceted reward system tailored for architectural
design goals, including built-up and hall area optimization, circulation
efficiency, and housing unit compactness. These metrics bridge the gap
between quantitative RL rewards and qualitative architectural performance
indicators.

o This study reveals a critical policy failure in RL: the agent’s tendency toward
repeated “no-action” behaviors when trained with a poorly tuned shaping
term in Potential-Based Reward Shaping (PBRS). In the initial experiment,
the discount factor y applied within the shaping reward caused beneficial
actions to be undervalued, resulting in an unintended incentive where the
agent deliberately avoided actions to preserve a non-negative reward. This
unintended behavior highlighted a structural risk in applying discounted
PBRS in constrained design environments with frequent invalid actions

(sparse rewards during training). To address this, the thesis introduces a
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special case of PBRS with y = 1, based on the theoretical work of Wiewiora
(2003), preserving policy invariance while avoiding double-discounting. This
adjustment successfully mitigated the “no-action” failure mode, stabilized
learning, and significantly improved agent performance across architectural
design metrics. As a result, the PBRS tuning process and its observed effects
provide a valuable methodological case study in the application of reward
shaping within spatial design problems, offering transferable insights for

future research in constrained, rule-based RL environments.

Despite the demonstrated potential of the proposed framework, several limitations

were encountered throughout the study:

e The framework requires significant computational resources, particularly as
the spatial complexity of the environment increases. As the number of design
constraints, floors, and voxel cells grows, the training time and memory
consumption increase substantially. This poses a scalability challenge for
extending the framework to real-world design problems.

o The agent’s learning performance is highly sensitive to the design of the
reward function. Fine-tuning the reward structure requires extensive
experimentation, as even minor imbalances can lead to suboptimal or
undesired behavior (See Appendix D).

o The availability of cells, as defined by the CA model, poses challenges by
causing a high number of unperformed actions. When the agent selects an
unavailable cell, it leads to multiple attempts before a valid action is taken.
This leads to repeated failed attempts before a valid placement can be made,

producing a sequence of negative or zero rewards that dilute learning signals
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and slow policy convergence. To mitigate the learning inefficiency caused
by these invalid actions, a constant penalty was introduced in this study.
While this approach was easy to implement, it does not fully prevent the
agent from exploring non-viable actions. As a result, learning progresses
more slowly, particularly in complex multi-story configurations where the
number of available actions is significantly lower than the total voxel count.
The current implementation uses a Multi-Layer Perceptron (MLP) policy
architecture, which limits the agent’s ability to generalize across different
building sizes and topologies. Since MLPs do not encode spatial relationships
explicitly, the building dimensions were kept fixed throughout the

experiments to maintain architectural consistency.

This study serves as a foundation for future applications. Building on the findings

and limitations discussed in this thesis, several directions for future research are

proposed to enhance the scalability, efficiency, and design relevance of the presented

DRL-based framework:

Since DRL introduced adaptability and the capacity to search through design
alternatives beyond fully predefined rules. RL, as a simulation-based process,
could be further strengthened by the integration of architectural simulation
tools (e.g., daylight, energy, or environmental performance feedback). Such
an integration could enable multi-objective optimization that aligns more
closely with architectural design goals.

Vertical connections and inter-floor relationships, which were beyond the
scope of this study, can be included to investigate multi-level architectural

performance. Treating the building not only as a massing configuration but as
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a spatially and visually interconnected system would significantly enhance its
architectural relevance.

The high frequency of invalid actions observed in the current implementation
hampers learning progress and slows convergence. Future studies could
integrate dynamic action masking to prevent the agent from selecting
unavailable cells, thereby increasing reward signal clarity and training
efficiency.

In the current framework, spatial connectivity (e.g., access to the vertical
core) is enforced through hard-coded CA constraints. An alternative direction
would be to embed accessibility as a soft objective within the reward
function, allowing the agent to learn diverse spatial strategies that meet
circulation goals while optimizing other performance metrics. This may
introduce additional learning complexity but would offer greater design
flexibility.

The use of a MLP in this study constrains the agent to operate within
fixed-size voxel grids. Future work could explore more expressive
architectures such as Graph Neural Networks (GNNs) or attention-based
encoders, which can better capture spatial relationships and support
generalization across buildings of different shapes and sizes.

While the current reward structure includes basic spatial metrics (e.g.,
built-up ratio, compactness), future research can enhance the practical use of
this method by considering additional performance factors not addressed in
this study. Specifically, environmental performance factors could be

incorporated to optimize spatial arrangements.
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In conclusion, this thesis should be considered as a baseline exploration: it does not
deliver a finalized design solution, but rather opens a pathway for how RL can be
positioned in architectural research. The findings highlight the potential of RL to
contribute to design by offering new ways of navigating complexity, exploring
variation, and integrating feedback systems. Ultimately, the value of this study lies
not in the exhaustiveness of its outputs, but in showing how emerging computational
methods may reshape the questions architects can ask and the processes they can

adopt in the future.
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APPENDICES

APPENDIX A

RL ENVIRONMENT SETUP

This appendix provides further details on the RL environment setup, implementation,
and training workflow developed in this study. It aims to ensure the reproducibility
of the experiments and support future research. The following sections outline the
development process across different libraries, training stages, and tuning
procedures.

The model was trained within a customized Gymnasium environment. Gymnasium,
developed by OpenAl, is a lightweight Python library that provides a standard
interface for RL environments (Torrado et al., 2023). In this study, it is used to
implement a custom 3D voxel-based environment, allowing the RL agent to interact
with the spatial design space through structured observations and actions. The agent

was trained using the PPO algorithm (Schulman et al., 2017) with the MLP network.

Two RL libraries were used during the implementation phase: Ray RLIib in the first
experiment setting and Stable-Baselines3 (SB3) in the second.

In experiment setting 1, the RL model was implemented using Ray RLIib, which is
built on PyTorch and supports distributed training and flexible algorithm structures
(Liang et al., 2018). RLIlib provides useful features for scaling and experimentation.
However, its configuration model is complex and requires additional effort to adapt
to the specific needs of this study. Managing custom environment definitions, reward
modifications, and training parameters involved navigating multiple layers of

abstraction. Due to this complexity, and relatively small scale of the environment
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defined in this study, a simpler framework was sought for the second stage.

In experiment setting 2, the implementation was migrated to SB3. Also based on

PyTorch, SB3 offers a lighter and more user-friendly structure with a well

documented clean API (Raffin et al., 2021). Its compatibility with Gymnasium made

integration straightforward, and it provided built-in support for TensorBoard and

Optuna (Akiba et al., 2019), which helped streamline training and tuning. For these

reasons, SB3 was preferred for the later and final phases of the project

implementation.

The training workflow consisted of four main stages:

1.

Environment setup and Initial Training with Default Parameters

The PPO agent was first trained using SB3’s default hyperparameters. This
phase helped to test and debug the custom Gymnasium environment, as well
as the reward logic. Running initial experiments with default values allowed
for validating the basic behavior of the agent and refining the spatial rules
within the environment through fast iterations before more computationally
intensive processes.

Reward Shaping and Environment Refinement

Once the basic environment was functioning as expected, the reward function
was shaped in alignment with design goals. The reward signal was structured
using a PBRS method (Ng et al., 1999) to provide continuous feedback and
guide the agent more effectively.

Hyperparameter Tuning with Optuna

After finalizing the environment and reward logic, the hyperparameters were

optimized using Optuna, an open-source hyperparameter search framework.
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The tuning process aimed to maximize the average episodic reward by testing
various combinations of model and training parameters. Each trial consisted
of a short training run and was evaluated based on the agent’s performance.
The tuning process was conducted approximately 48 hours on a MacBook
Pro with Apple M1 chip (8-core CPU, 16GB memory) and represented the

most computationally intensive phase of the entire process.

To support the evaluation of different hyperparameter configurations during the
tuning process, key training metrics were logged and visualized using TensorBoard.
These graphs collectively illustrate the behavior of multiple Optuna trials over the
course of training. Metrics such as average episode length, episodic reward, policy
and value losses, entropy, KL divergence, explained variance, and learning rate were
tracked to assess learning stability, convergence, and exploration quality across
candidate configurations. The visualizations helped identify unstable trials,
overfitting behavior, and early saturation, guiding the selection of the most promising

hyperparameter set used in the final model.

mean_ep_length mean_reward
tag: eval/mean_ep_length tag: eval/mean_reward
2.4e+3 o 3.5

-4.5
2.38e+3

-56.5
2.36e+3

-6.5

2.34e+3 75

200k 400k 600k 800k 1M 1.2M 1.4M 200k 400k 600k 800k 1M 1.2M 1.4M

Figure A.1. Training graphs: left - mean episode length, right - mean episode reward during

hyperparameter tuning. Produced by author.
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Figure A.2. Training diagnostics for all Optuna trials, shown from left to right, top to bottom:
approximate KL divergence, clip fraction, clip range, entropy loss, explained variance, learning rate,
total loss, policy gradient loss, and value loss. These graphs provide insights into convergence
behavior, stability, and the learning dynamics across sampled configurations. Produced by author.
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The

final model was

APPENDIX B

HYPERPARAMETER CONFIGURATION

configuration found through the
summarized in Table below.

trained using the

best-performing hyperparameters

Optuna search process. These values are

Category Hyperparameter | Value Description
learning_rate 0.00019 | Step size used in gradient updates
batch_size 64 Number of samples used in each
Optimization training batch
n_epochs 7 Number of passes over each batch
during training
n_steps 2048 Number of steps to run in each
rollout
Traini .
ralnll}g gamma 0.932 Discount factor for future rewards
Dynamics
gae lambda 0.930 Controls bias vs. variance in
advantage estimation
clip _range 0.378 Range for clipping the policy
objective (for stability)
Loss . .
. vf coef 0.451 Weight of the value function loss
Function - .
) in the total loss
Weights
ent_coef 5.94e-04 | Entropy bonus to encourage
exploration
activation_fn tanh Activation function used in the
Model MLP policy network
Architecture net arch 64, 64 Hidden layer sizes in the
policy/value networks

Table A.1. Tuned hyperparameters used in the final model, grouped by function. Values were selected
via Optuna and rounded for clarity. Produced by author.
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4. Final Training and Evaluation

Once the best-performing configuration was identified, the final model was
trained over a longer duration to ensure convergence and policy stability.
During this phase, training progress was continuously monitored using
TensorBoard, which provided real-time insights into reward progression, loss
trends, and policy behavior. This final model was used for evaluation and
result analysis presented in the main chapters of the thesis.

The full implementation, custom environment, and training scripts are available at:

https://github.com/BetulKelesEkici/kaizen

113


https://github.com/BetulKelesEkici/kaizen

APPENDIX C

COMPARATIVE TRAINING DATA

Steps Random Policy Trained Policy (Fixed Core)

800

Ep 1151800 | R-0.0031 | CumR -1.7813 Ep1]5t800 | R-0.0031 CumR 02512

r
]
“ r R

Table A.2. Comparison of design outputs generated by an untrained agent (random actions) and a
trained agent with a fixed core location at 800 steps. The top row displays the 3D voxel configuration,
while the subsequent rows show 2D floor slices. The trained agent exhibits more organized and

compact spatial arrangements, reflecting learning progress at this stage. Produced by author.
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Steps

Random Policy

Trained Policy (Fixed Core)

1200

Ep 15t 1200 | R-0.0031 | CumR -2.3445

HEEEEEEE

Ep 15t 1200 | R-0.0031 | CumR -0.5853

¥

&

Table A.3. Comparison of untrained and trained model outputs at 1200 steps. Format and

interpretation follow Table A.2. Produced by author.

115




Steps

Random Policy

Trained Policy (Fixed Core)

1600

Ep 15t 1600 | R-0.0031 | CumR -3.5447

HEEEEEEE

Ep 15t 1600 | R-0.0031 | CumR -1.3246

ER

Table A.4. Comparison of untrained and trained model outputs at 1600 steps. Format and

interpretation follow Table A.2.Produced by author.
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Steps Random Policy Trained Policy (Fixed Core)
R

Table A.5. Comparison of untrained and trained model outputs at 2400 steps. Format and

interpretation follow Table A.2.Produced by author.
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Steps Trained Policy (Random Core)

1 600 Ep 15t 1600 | R-0.0031 | CumR -1.3404

Table A.6. Design output generated by a trained agent using randomly placed core locations at 1600
steps. The top row shows the 3D voxel configuration, while the subsequent rows present

corresponding 2D floor slices. Spatial patterns reflect the early learning behavior under variable core

constraints. Produced by author.
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Steps Trained Policy (Random Core)

2000

Ep 1|5t 2000 | R -0.0031 | CumR -2.289
—Core
Hall
- Units

“HU: 0.0853 | Builtup: 52% > 0.1250 | Corridor: 19% > 01250]
“HU: 00926 | Builtup: 45% > 0.1125 | Corrdor: 13% > 0.1250]
“HU: 0.0700 | Buitup: 41% > 0.1023 | Comdor: 14% > 0.1250]

Table A.7. Design output at 2000 steps with randomly placed core locations. Format and
interpretation follow Table A.6.Produced by author.
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Steps Trained Policy (Random Core)

2400

Ep 1| St2400 | R -0.0031 | CumR -3.5645

Floor 7 - HU: 0,0751 | Builtup: 5% -> 0.1125 | Corridor: 11% -> 0.1250)
0.

0.1250)
[Floor 0 - HU: 01099 | Builtup: 48% > 0.1200 | Corridor: 15% > 0.1250)

Table A.8. Design output at 2400 steps with randomly placed core locations. Format and

interpretation follow Table A.6.Produced by author.
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Steps Trained Policy (Random Core)

8000

Ep 1|5t 8000 | R -0.0031 | CumR -20.8594
- Core

Floor 7 - HU: 0.0860 | Builtup: 53% -> 0.1250 | Corridor: 21% -> 0.0000|
3

Table A.9. Design output at 8000 steps with randomly placed core locations. Format and

interpretation follow Table A.6.Produced by author.
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Figure A.3. Additional training metrics for the PPO agent, extending the analysis presented in Figure

4.13 and Section 4.3.2.2. The graphs show the progression of key indicators such as KL divergence,

entropy loss, explained variance, value loss, and policy gradients throughout training. These metrics

offer further insight into the convergence, stability, and learning dynamics of the model. Produced by

author.
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APPENDIX D

REWARD SHAPING EXAMPLE

This training setup was developed and tested separately from Experimental Settings |
and II. It was initially used for exploring reward shaping strategies. However, it was
later excluded from the main experiments as the reward formulation did not align
well with the full delta approach adopted in the potential-based reward structure.
Nevertheless, this appendix is included as it demonstrates the sensitivity of the
training process to reward shaping design and highlights the need for extensive
experimental exploration.

Number of floors:1 | Number of rows: 20 | Number of columns: 20 | Max steps in an

episode: 400

PPO 211
Current action rewards: Performance-related rewards:
o Placement of built-up +=/ o Housing units (made of 2-6
o Placement of hall +=2 cells) rewards:
« Invalid action -= 0.05 += Number of cells for housing
e Terminal condition reward = units * 1
-100 (alone built up, no expand | | Eyya rewards for perfect shape
potential) housing units (2 cells - 2*I,
square shape 4 cells - 2%*2,
rectangular shape 6 cells - 2*3):
+= Number of cells for housing
units * 1
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Episode 3 | Step 398 | Reward -0.05 | Cumulative 17.0

Episode 3 | Step 396 | Reward 1.0 | Cumulative 270.25

20.0200

Since the results show that there is an expansion problem due to a lack of hall cell
placement, a terminal condition is added to the problem. If there is no available place

left for placement for built-up or hall cells (no available action left), the episode will

be terminated as well.

20.020.0

PPO 212

Current action rewards:

Performance-related rewards:

o Placement of built-up +=7

« Placement of hall +=2

o Invalid action -= 0.05

o Terminal condition reward =
-100 (alone built_up, no expand
potential)

-100 (no available place left)

Housing units (made of 2-6
cells) rewards:

+= Number of cells for housing
units * 1

Extra rewards for perfect shape
housing units (2 cells - 2*1,
square shape 4 cells - 2*2,
rectangular shape 6 cells - 2*3):
+= Number of cells for housing
units * 1

Episode 5 | Step 398 | Reward -0.05 | Cumulative 57.8

20.0200

This improvement promoted the agent for the placement of a few hall cells to get rid

Episode 3 | Step 400 | R -0.05 | Cumulative 49.65

20.020.0
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of the terminal condition. However, the expansion is not enough to fill the space. So,

punishment is increased for invalid actions for the next training.

PPO 213
Current action rewards: Performance-related rewards:
o Placement of built-up +=/ o Housing units (made of 2-6
o Placement of hall +=2 cells) rewards:
+ Invalid action -= 0.1 += Number of cells for housing
o Terminal condition reward = units * 1
-100 (alone built_up, no expand | | Eyyra rewards for perfect shape
potential) housing units (2 cells - 2*1,
-100 (nO available place left) square Shape 4 cells - 2*2’
rectangular shape 6 cells - 2*3):
+= Number of cells for housing
units * 1

Episode 2 | Ste

Episode 1| step

20.020.0
20.020.0

The configuration indicates that increasing the punishment for invalid actions
encourages the agent to place hall cells. This may be due to the fact that neighboring
cells of hall cells are available for both hall and built-up cell placement. This
situation could provide an advantage for expanding the space, leading to fewer
invalid actions. Additionally, the reward for placing hall cells is higher than for
placing built-up cells. If at least two built-up cells are adjacent, the reward is equal to
or greater than the reward for placing hall cells. This might result in a lack of
motivation to create housing units. By increasing the additional reward for placing

housing units, the agent is tried to be encouraged to focus on placing built-up cells

125



over the longer term.

PPO 214
Current action rewards: Performance-related rewards:
o Placement of built-up +=1 « Housing units (made of 2-6
o Placement of hall +=2 cells) rewards:
+ Invalid action -= 0./ += Number of cells for housing
o Terminal condition reward = units * 1.5
-100 (glone built_up, no expand | | pytra rewards for perfect shape
potential) housing units (2 cells - 2*1,
-100 (IlO available place left) square Shape 4 cells - 2*2’
rectangular shape 6 cells - 2*3):
+= Number of cells for housing
units * 1

Episode 5 | Step 396 | Reward -0.1 | Cumulative 65.4 Episode 3 | Step 399 | Reward -0.1 | Cumulative 17.4.

20.020.0

PPO 217
Current action rewards: Performance-related rewards:
o Placement of built-up +=/ o Housing units (made of 2-6
o Placement of hall +=2 cells) rewards:
o Invalid action -= 0.15 += Number of cells for housing
e Terminal condition reward = units * 1.5
-100 (glone built_up, no expand | | Eyira rewards for perfect shape
potential) housing units (2 cells - 2*1,
-100 (1’10 available place left) square Shape 4 cells - 2%*2,
rectangular shape 6 cells - 2*3):
+= Number of cells for housing
units * 1
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PPO 218

Current action rewards:

Performance-related rewards:

Placement of built-up +=1
Placement of hall +=2

Invalid action -= 0.15

Terminal condition reward =
-100 (alone built_up, no expand
potential)

-100 (no available place left)

Housing units (made of 2-6
cells) rewards:

+= Number of cells for housing
units * 1.5

Extra rewards for perfect shape
housing units (2 cells - 2*1,
square shape 4 cells - 2*2,
rectangular shape 6 cells - 2*3):
2cells += Number of cells for
housing units * 1

4 cells += Number of cells for
housing units * 3

6 cells += Number of cells for
housing units * 7

PPO 219

Current action rewards:

Performance-related rewards:

Placement of built-up +=1
Placement of hall +=2

Invalid action -= 0.08

Terminal condition reward =

Housing units (made of 2-6
cells) rewards:

+= Number of cells for housing

127




-100 (alone built up, no expand
potential)
-100 (no available place left)

units * 1.5

Extra rewards for perfect shape
housing units (2 cells - 2*1,
square shape 4 cells - 2%*2,
rectangular shape 6 cells - 2*3):
2cells += Number of cells for
housing units * 1

4 cells += Number of cells for
housing units * 3

6 cells += Number of cells for
housing units * 7

PPO_220

Current action rewards:

Performance-related rewards:

« Placement of built-up +=1

o Placement of hall +=2

o Invalid action -= 0.08

e« Terminal condition reward =
-100 (alone built_up, no expand
potential)

-100 (no available place left)

Housing units (made of 2-6
cells) rewards:

+= Number of cells for housing
units * 1.8

Extra rewards for perfect shape
housing units (2 cells - 2*1,
square shape 4 cells - 2*2,
rectangular shape 6 cells - 2*3):
2cells += Number of cells for
housing units * 1.2

4 cells += Number of cells for
housing units * 3

6 cells += Number of cells for
housing units * 5
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Episode 1| Step 398 | Reward -0.08 | Cumulative 19.32 Episode 2 | Step 398 | Reward 2.0 | Cumulative 13.76

Episode 3 Step 395 | Reward 20 | Cumulative 47,44 Episode 4 Step 400 | Reward 0.0 | Cumulative 10.12

200200

PPO 221
Current action rewards: Performance-related rewards:
o Placement of built-up +=/ o Housing units (made of 2-6
o Placement of hall +=2 cells) rewards:
o Invalid action -= 0.2 += Number of cells for housing
e Terminal condition reward = units * 2
-40 (alf)ne built_up, no expand | | pyya rewards for perfect shape
potential) housing units (2 cells - 2*I,

-40 (no available place left) square shape 4 cells - 2%2,
rectangular shape 6 cells - 2*3):
2cells += Number of cells for
housing units * 1

4 cells += Number of cells for
housing units * 3

6 cells += Number of cells for
housing units * 5

Episode 1 | Step 39 | Reward 0.2  Cumulative 45.4 Episode 2 | Step 397 | Reward 0.2 | Cu
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PPO_222

Current action rewards: Performance-related rewards:
o Placement of built-up +=7 o Housing units (made of 2-6
o Placement of hall +=2 cells) rewards:
« Invalid action -= 0.2 += Number of cells for housing
o Terminal condition reward = -40 units * 2

(alone built up, no expand

) o Extra rewards for perfect shape
potential) housing units (2 cells - 2*1,
-40 (nO available place left) square shape 4 cells - 2*2’
rectangular shape 6 cells - 2*3):
2cells += Number of cells for
housing units * 1

4 cells += Number of cells for
housing units * 3

6 cells += Number of cells for
housing units * 5

PPO 223
Current action rewards: Performance-related rewards:
o Placement of built-up +=7 o Housing units (made of 2-6
o Placement of hall +=2 cells) rewards:
o Invalid action -= 0.3 += Number of cells for housing
o Terminal condition reward = units * 1
-100  (alone _ built_up, mo | | gy rewards for perfect shape
expand potential) housing units (2 cells - 2*I,

-100 (no available place left) square shape 4 cells - 2%2,
rectangular shape 6 cells - 2*3):
2cells += Number of cells for
housing units * 1

4 cells += Number of cells for
housing units * 3

6 cells += Number of cells for
housing units * 5
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Episode 5 | Step 349 | Reward 100.0 | Cumuiative -135.4

PPO_224

Current action rewards:

Performance-related rewards:

Placement of built-up +=1
Placement of hall +=2

Invalid action -= 0.3

Terminal condition reward =
-100 (alone built_up, no expand
potential)

-100 (no available place left)

Housing units (made of 2-6
cells) rewards:

+= Number of cells for housing
units * 1

Extra rewards for perfect shape
housing units (2 cells - 2*1,
square shape 4 cells - 2%*2,
rectangular shape 6 cells - 2*3):
2cells += Number of cells for
housing units * 0.2

4 cells += Number of cells for
housing units * 0.5

6 cells += Number of cells for
housing units * 1

Episode 4 step 35
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