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ABSTRACT

Generative models have revolutionized various industries by enabling the generation

of diverse outputs, and floorplan generation is one such application. Different methods,

including GANs, diffusion models, and others, have been employed for floorplan genera-

tion. However, each method faces specific challenges, such as mode collapse in GANs and

sampling time in diffusion models. Efforts to mitigate these issues have led to the explo-

ration of techniques such as regularization methods, architectural modifications, knowl-

edge distillation, and adaptive noise schedules. However, existing methods often struggle

to effectively balance both sampling time and diversity simultaneously. In response, this

thesis proposes a novel hybrid approach that amalgamates GANs and diffusion models to

address the dual challenges of diversity and sampling time in floorplan generation. To the

best of our knowledge, this work is the first to introduce a solution that not only balances

sampling time and diversity but also enhances the realism of the generated floorplans.

The proposed method is trained on the RPLAN dataset and combines the advantages of

GANs and diffusion models while incorporating different techniques such as regulariza-

tion methods and architectural modifications to optimize our objectives. To evaluate the

effect of the denoising step, we experimented with different time steps and found better

diversity results at T=20. The diversity of generated floorplans was evaluated using FID

across the number of rooms, and the results of our model demonstrate an average 15.5%

improvement over the state-of-the-art houseDiffusion model. Additionally, it reduces the

time required for generation by 41% compared to the housediffusion model. Despite these

advancements, it is acknowledged that the proposed research may encounter limitations

in generating non-Manhattan floorplans and when dealing with complex layouts.

Key words: Diffusion model, Diversity,Floorplan, GAN, sampling time, mode collapse.
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Chapter 1

Introduction

In the realm of architectural design, interior planning, and spatial optimization, the creation of

efficient floorplans stands as a foundational challenge. The arrangement of rooms, corridors, and

open spaces within a building significantly influences its functionality, aesthetics, and overall

usability. Over the years, architects and designers have employed manual techniques to create

floorplans, relying on their expertise and creativity to meet the specific needs of clients and

occupants [3]. However, the digital era has opened up new possibilities with advanced computer-

aided design (CAD) (Carpo 2017) and the fusion of computational algorithms. This has sparked

a revolution in floorplan generation, with various techniques ranging from Procedural Methods

[4, 5] to machine learning techniques [6, 7, 8, 9, 10].

Building upon these advancements, machine learning has emerged as a transformative force

across various domains, pushing the boundaries of computational capabilities and revolutioniz-

ing the field of data analysis. In particular, deep learning, inspired by the intricate workings of

the human brain, has played a pivotal role in reshaping how computers learn from vast amounts

of data [11]. The introduction of multi-layer perceptrons (MLPs) demonstrated the potential

of deep architectures in learning hierarchical representations, enabling the extraction of com-

plex patterns and features from data [12]. However, progress in training deep neural networks

faced obstacles due to computational limitations and the scarcity of extensive labeled datasets,

hindering the realization of their full potential. Nonetheless, breakthroughs in efficient training

algorithms and the availability of large-scale datasets eventually paved the way for unleashing

the true power of deep learning and its applications across various domains.

The breakthrough in deep learning occurred with the introduction of efficient training algo-

rithms and the availability of large-scale datasets. This progress coincided with the emergence

of Convolutional Neural Networks (CNNs) [13], which were originally conceptualized by Le-

Cun et al. in the late 1980s but truly made their mark in the 2000s. Specifically designed to

process grid-like data, such as images, CNNs utilize three key layers: the convolutional layer,

the pooling layer, and the fully connected layer. Their introduction ushered in remarkable



achievements in image classification tasks [14, 15], leading to advancements in image detection,

recognition [16, 17, 18], and even image generation [19, 20]. The proliferation of data from

the internet, social media, and connected devices played a pivotal role in fueling the success

of deep learning. Coupled with advancements in parallel computing and Graphics Processing

Units (GPUs), the availability of large-scale datasets opened doors to exploring more complex

and deeper architectures.

As deep learning continued to push the boundaries of data synthesis, generative models un-

derwent a remarkable evolution, leading to a revolution across multiple domains by enabling the

synthesis of realistic and diverse data samples. While statistical models like Gaussian Mixture

Models (GMMs) [21] and Hidden Markov Models (HMMs) [22] initially laid the foundation for

understanding data distributions and generating samples based on learned statistical proper-

ties, the introduction of deep learning techniques ushered in a new era in generative modeling.

Notably, Generative Adversarial Networks (GANs) [23], diffusion models [24], autoregressive

models [25], and Variational Autoencoders (VAEs) [26] emerged as a powerful deep learning

model, pushing the boundaries of data synthesis across various domains.

Figure 1.1: Evolution of generative AI. Source: Yihan cao et al. [1]

These advancements in generative modeling have found wide-ranging applications in com-

puter vision [27, 28, 29], natural language processing [30], and data augmentation [31]. More-

over, the impact of these breakthroughs extends to architectural industries, particularly in the

field of floorplan generation with tools like HouseGAN++ [6], HouseDiffusion [7], HouseGAN

[8], END2END [9], and GTGAN [10], architects and designers now have powerful tools at their

disposal to automate and enhance the process of floorplan creation. These generative models

leverage deep learning techniques to generate diverse and innovative floorplan designs, enabling

2



architects to explore a wide range of possibilities and accelerate the design iteration process.

By harnessing the capabilities of these models, architectural professionals can streamline their

workflow, improve efficiency, and ultimately create floorplans that align with their clients’ needs

and preferences.

1.1 Motivation

A. Enhancing Floor Plan Diversity

The motivation behind conducting research on increasing the diversity of generated floor plans

stems from the recognition that architectural spaces have a significant impact on people’s lives.

Traditional floor plans often lack diversity, limiting the range of options available to architects,

designers, and individuals seeking unique and tailored spaces. By exploring and expanding the

possibilities of floor plan design, we can unlock new opportunities for creativity, personalization,

and functional optimization. This research aims to empower architects and designers to create

environments that truly reflect the diverse needs, preferences, and identities of individuals and

communities. By embracing diversity in floor plans, we can foster inclusive and inclusive spaces

that enhance well-being, promote sustainability, and contribute to the overall quality of life.

B. Considering Sampling Time in Floor Plan Generation

Unlike existing methods that primarily prioritize the realism and visual fidelity of generated

floor plans, our motivation lies in recognizing the significance of sampling time as a critical

factor. While realism is important, it is equally crucial to consider the efficiency and speed of

the generation process. By focusing on sampling time, we aim to develop innovative techniques

that can generate diverse and visually appealing floor plans in a time-efficient manner. This

research seeks to strike a balance between realism and computational efficiency, enabling archi-

tects and designers to explore a broader range of design options effectively and efficiently. By

addressing the time aspect of floor plan generation, we can enhance productivity, streamline the

design process, and ultimately facilitate quicker decision-making and realization of architectural

visions.
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C. Empowering Personalized Living Spaces

The demand for personalized and customized living spaces is on the rise, necessitating the

development of generative models that can produce diverse floorplans. Individuals and families

have distinct preferences and requirements when it comes to their ideal living spaces, including

the arrangement of rooms, flow between spaces, and utilization of square footage. By developing

an image floorplan generative model that prioritizes diversity, it becomes possible to cater to

these individual needs and produce floorplans that align with specific lifestyle choices. Real-

time generation coupled with diverse options would empower potential homeowners to visualize

and customize their dream homes, leading to increased customer satisfaction and engagement

in the real estate market.

1.2 Statement of the Problem

Generative models are a crucial element in the advancement of artificial intelligence, as they

embody the aspiration to empower machines with the ability to create and imagine [1]. From

early probabilistic models [21, 22] to the advent of deep learning architectures [23, 24, 26],

the trajectory of generative models has been marked by an exponential growth in complexity

and capability. While traditional methods relied on explicit probabilistic formulations, the

emergence of deep generative models, notably exemplified by GANs [23], diffusion models [24],

and variational autoencoders (VAEs) [26], revolutionized the field by enabling the learning of

intricate data distributions directly from raw data [32].

However, the failure to capture and represent the full range of data distribution poses a

fundamental challenge for most of these models [33]. When a generative model suffers from

this challenge, it produces samples that are limited in variation, repetitive, or fail to encompass

the entire spectrum of the patterns and modes found in the training data [34]. One prominent

example of this challenge is observed in the generative adversarial networks (GANs) [23], which

are known to suffer from the issue of mode collapse [35], leading to a lack of sampling diversity

even when trained on multi-modal data. Mode collapse occurs when the generator network

becomes stuck in the local minimum, causing it to produce samples that are similar to each

other rather than sampling from the full range of possibilities in the distribution [34, 36].

To address this problem, researchers have explored various techniques. Karras et al. [37]
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proposed the use of progressive growing GANs to mitigate mode collapse. Hoang et al. [38]

investigated the effectiveness of employing multiple generators. Saad et al. [39] introduced

techniques such as self-attention [40] and different regularization techniques [41, 42] to enhance

sample diversity. Additionally, HouseGAN++ [6] employed conditioning and regularization

techniques in progressive training to generate diverse floorplans. While the mentioned tech-

niques contribute to enhancing diversity, they require further refinement in order to capture the

full range of the distribution, especially when compared to the Diffusion model [43].

Unlike GANs [23], which have a low level of capturing data distribution, diffusion models

[24] offer high generative diversity by effectively capturing the high-dimensional data distri-

bution. Through the iterative diffusion process, which involves introducing random noise and

transforming the input, diffusion models explore various regions of the distribution. This allows

them to capture the intricate patterns and complex structures present in the training data,

resulting in a wide range of generated outputs and shows demonstrated superiority over GANs

in image synthesis [43]. However, the iterative nature of the diffusion process, with multiple

diffusion steps, can lead to computational overhead and increased sampling time [33, 44]. This

slowdown occurs because each diffusion step necessitates complex computations, involving the

propagation of noise across multiple time steps, resulting in longer processing times compared

to simpler generative models like GANs [23]. To alleviate this issue, multiple methods have been

proposed, including knowledge distillation [45], learning an adaptive noise schedule [46], intro-

ducing non-Markovian diffusion processes [47], and using better SDE solvers for continuous-time

models [48]. These methods either suffer from significant degradation in sample quality or still

require many denoising steps [33].

From the above two scenarios, we understand that the challenge of striking a balance be-

tween the sampling time and the diversity of generated output in generative models encapsulates

a fundamental dilemma. On one hand, achieving rapid generation is imperative for real-time

applications such as image and video synthesis [27, 28], where prompt response times are es-

sential. On the other hand, ensuring a wide range of diverse outputs is crucial for maintaining

the fidelity and richness of the generated content, enabling the model to capture the complexity

of real-world data distributions effectively. To effectively navigate this trade-off, it is crucial

to adopt innovative approaches that optimize sampling efficiency while preserving the diver-

sity and quality of the generated outputs. This will pave the way for practical and versatile
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generative models applicable to various domains, including floorplan generation. Our proposed

method aims to achieve these objectives by harnessing the advantages of diffusion models [49]

and leveraging the strengths of GANs [23].

In our approach, the model is trained using a multimodal fashion [50], allowing us to optimize

the denoising steps. By incorporating a GAN model at its core, we capitalize on its ability

to generate diverse samples in adversarial training. This not only enhances the efficiency of

the sampling process but also maintains the richness and variety of the generated outputs.

Additionally, we employ a graph neural network [51] at a core to further enhance the realism

and overall performance of the generated floorplans. This integration enables the model to

capture intricate spatial relationships and dependencies within the floorplan data, resulting in

more accurate and visually appealing outputs.

1.3 Research Question

RQ1: How do various regularization techniques affect the diversity of floorplan layouts gener-

ated?

RQ2: How can we achieve optimized sampling time and enhanced diversity through the com-

bination of generative models?

1.4 Objective

1.4.1 General objective

To optimize sample generation, this study aims to develop a hybrid approach for floorplan

generation that effectively balances sampling time and diversity.

1.4.2 Specific objective

• To investigate and analyze existing generative models in order to assess their strengths

and weaknesses.

• To experiment with various regularization techniques that can improve the diversity of

the generated samples.

• To optimize sampling time and achieve faster and more diverse sample generation by

leveraging the strengths of different generative models.
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• Conduct experimental evaluation and comparison to assess the performance of proposed

techniques against existing methods.

1.5 Significance

Balancing the sampling time and diversity of floorplan generation holds significant importance

for several reasons:

• Efficiency: Generating floorplans can be a time-consuming process, especially when deal-

ing with complex layouts or large datasets. Balancing sampling time ensures that the gen-

eration process is efficient and practical for real-world applications. By reducing the time

required for generation, it becomes feasible to generate floorplans on-demand, enabling

faster iterations and improving productivity in architectural and real estate industries.

• Realism and Variety: Balancing diversity in floorplan generation ensures that the gener-

ated layouts exhibit a wide range of possibilities, capturing the natural diversity found in

real-world floorplans. This is important because overly similar or repetitive floorplans can

limit creativity and practical usability. By achieving a balance between sampling time

and diversity, the generated floorplans are more likely to capture the richness and variety

of real floorplan designs, providing architects, designers, and clients with a broader set of

options to explore.

• User Preferences and Customization: Different users may have diverse preferences and

requirements when it comes to floorplan designs. Some may prioritize spaciousness, while

others may emphasize efficient space utilization or specific room arrangements. Balancing

diversity ensures that the generated floorplans cater to a wider range of user preferences,

allowing for customization and personalization. By considering various design possibilities

within a reasonable time frame, the floorplan generation process becomes more adaptable

and user-centric.

• Exploration of Design Space: Balancing sampling time and diversity allows for more

comprehensive exploration of the design space. Architects and designers can experiment

with different layouts, room configurations, and architectural elements to discover novel

and innovative floorplan designs. This exploration enables the discovery of unconventional

yet functional solutions, leading to unique and inspiring architectural creations.
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• Sustainability and energy efficiency: The utilization of AI-driven computational meth-

ods, exemplified by Athens, showcases transformative potential in advancing Sustainable

Development Goals (SDGs) such as SDG 11 and SDG 13 (UN, 2015; UN, 2019). By

optimizing energy management and climate modeling, AI fosters greener urban environ-

ments. In architecture, AI-driven floorplan generation prioritizes sustainability metrics,

enhancing resource efficiency and environmental quality.

Overall, balancing the sampling time and diversity of floorplan generation is essential for effi-

cient, realistic, and customizable generation processes. It empowers architects, designers, and

clients with a broader range of options, facilitates design exploration, and improves the overall

quality and usability of generated floorplans.

1.6 Scope

The research scope encompasses the development and exploration of different training strategies

and architectural innovations to address the trade-off between sampling diversity and sampling

time in generative models for 2D residential floorplan generation. While the primary focus is

on optimizing factors like diversity, sampling time, and realism, addressing the complexities

introduced during training falls outside the scope of this study, despite their inadvertent im-

pact. The research does not consider subjective issues such as personal preferences, cultural

influences, or design choices in the generation of floorplans. The focus of the study is primar-

ily on algorithmic and computational aspects of floorplan generation, optimizing factors like

diversity, sampling time, and realism. While acknowledging the importance of subjective con-

siderations, this research aims to explore and propose methods that primarily address technical

aspects of floorplan generation. The research will involve evaluating the proposed approaches

through comprehensive experiments, comparing their performance against existing models, and

assessing metrics such as diversity measures and sampling time benchmarks.

1.7 Contribution

The aim of this research is to address the inherent trade-offs between sampling time and diversity

in floorplan generation. Recognizing the importance of efficiently generating diverse and realistic

floorplans, our study endeavors to contribute in three key areas.
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• Hybrid on graph: To the best of our knowledge, our method pioneers the integration

of a hybrid diffusion model with Generative Adversarial Networks (GANs) within graph

neural networks. Current floorplan generative models [6, 7] only focus on a single model,

which cannot address dual challenges. Our proposed method integrates the strengths of

both the diffusion model and GANs, leveraging their complementary capabilities to sig-

nificantly improve the efficiency of the sampling process. By seamlessly integrating these

models within graph neural networks, we achieve remarkable advancements in generating

diverse and high-quality samples while optimizing sampling time. This contribution not

only enhances the efficiency of sampling procedures but also sets a new benchmark for

the integration of diverse generative models within graph-based frameworks.

• Architectural Modification: By introducing an architectural modification that inte-

grates an attention mechanism with convolutional message passing, this study addresses

the oversight of weight-based message aggregation in existing message-passing networks

[52], which leads to equal attention being given to all nodes. This study leverages the

synergy between attention mechanisms and convolutional message passing to address a

critical challenge in floorplan generation, enabling a broader spectrum of design possibil-

ities and enriching the variability of generated floorplans while opening up new avenues

for architectural exploration and creativity.

• Modified Qualitative metrics: We propose a qualitative metric that utilizes question-

naires to tangibly measure floorplan quality, offering valuable insights into the efficacy of

our approach. This innovative metric provides a structured framework for assessing the

qualitative aspects of generated floorplans, capturing nuanced aspects of design quality

that may not be fully captured by traditional quantitative measures [8] alone. By incorpo-

rating user feedback through questionnaires, we ensure that our evaluation process aligns

closely with human perception and preferences, ultimately enhancing the interpretability

and applicability of our findings in real-world architectural contexts.

Through these endeavors, our research seeks to transform floorplan generation by effectively

navigating the trade-off between sampling diversity and efficiency.

9



1.8 Thesis structure

The subsequent sections of this document delve into the development of the proposed tech-

nique. In Chapter 2, an extensive review of relevant literature and related works is provided,

encompassing various aspects such as generative models in section 2.2, graph neural networks in

section 2.3, regularization techniques in section 2.4, and techniques for reducing sampling time

in section 2.6, metrics in section 2.7. Chapter 3 intricately details the methodologies employed,

elucidating on the architectures and techniques utilized. In Chapter 4, experimental procedures

and findings are presented. Finally, Chapter 5 culminates the study by succinctly summarizing

its key contributions and offering valuable recommendations for future research endeavors.
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Chapter 2

Literature review

This literature section delves into various methodologies that have been explored in the field

of floorplan generation. It provides an in-depth analysis of different approaches and techniques

employed by researchers to address the challenges and complexities associated with this subject

matter. By reviewing a wide range of scholarly works and studies, this section aims to present

a comprehensive overview of the existing methodologies, including their strengths, limitations,

and contributions to the field.

2.1 Background

The evolution of floorplan generation from manual methods to computational approaches marks

a significant advancement in architectural design practices. Traditionally, floorplans were cre-

ated manually by architects and designers using drafting tools such as pencils, rulers, and sten-

cils [3]. This manual process required meticulous attention to detail and precise measurements,

making it time-consuming and labor-intensive. However, with the advent of computational

methods, the process has undergone a remarkable transformation.

Computational methods for floorplan generation leverage the power of technology and com-

puter algorithms to automate and streamline the design process. These methods enable archi-

tects and designers to create floorplans more efficiently, accurately, and flexibly. The earliest

computational methods involved the use of computer-aided design (CAD) software [53], which

allowed architects to create floorplans digitally. CAD software offered tools for drawing lines,

shapes, and objects, as well as the ability to edit and manipulate elements with ease. This

marked a significant improvement over manual drafting methods, as changes and modifications

could be made more quickly and effortlessly.

As technology advanced, more sophisticated computational techniques were developed, in-

cluding Procedural based [4, 5, 54, 55, 56] . This procedural method involved defining a set of

design rules and constraints that governed the arrangement and relationships of architectural



elements within the floorplan. While procedural methods offer a structured approach to floor-

plan generation, they often struggle to capture the nuanced design elements and contextual

relevance present in modern architecture

In recent years, the emergence of generative models and machine learning techniques has

revolutionized floorplan generation even further. Generative models have the ability to learn

patterns and generate novel floorplan designs based on existing examples. These models use

complex neural network architectures to learn patterns and relationships from existing floorplan

data and then generate new, coherent, and contextually relevant floor plans. This technology

has gained significant attention in recent years due to its ability to produce highly realistic

and diverse designs. Various generative models like Generative Adversarial Networks (GANs)

[6, 8], Diffusion generative model [7], and Autoregressive Models [9] are employed for floorplan

generation.

This advancement addresses various user needs and industry trends by revolutionizing the

architectural and real estate sectors. By harnessing different algorithms, floorplan generation

tools have become remarkably efficient, enabling the creation of accurate floorplans in a frac-

tion of the time and effort required by manual drafting [57]. These tools offer a high degree

of customization and flexibility, accommodating various design preferences and specific require-

ments. Moreover, it optimizes space utilization, ensuring that floorplans are practical and

well-designed by considering factors such as traffic flow and natural lighting [58]. Additionally,

this method provides valuable design assistance and inspiration by analyzing vast amounts of

data, offering creative suggestions, and adhering to industry best practices [9]. Collaboration is

enhanced through computational methods, facilitating the involvement of multiple stakeholders

and enabling iterative design processes [59]. Lastly, the accessibility and democratization of

AI-powered tools have revolutionized the field, empowering individuals without formal training

to engage in architectural design.

2.2 Computational Methods

The evolution of computational methods has profoundly impacted various areas across science,

engineering, and technology, extending to fields like floorplan generation. As illustrated in

Figure 2.1, computational methods are integral to this process, encompassing both procedural

methods [54, 60] and deep generative learning techniques [23, 24, 26]. Procedural methods
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involve the automatic generation of complex structures, scenes, or content using algorithms,

rules, and parameters [61]. Moreover, within the realm of procedural methods, specific algo-

rithms play crucial roles in the floorplan generation process. Subdivision algorithms [4], for

instance, iteratively refine an initial geometric shape by dividing it into smaller, more detailed

components, enhancing the structure with each subdivision step. Complementarily, Inside Out

algorithms [5] initiate floorplan generation from interior spaces, gradually expanding outward

to ensure efficient space utilization and seamless connectivity. Tip Placement algorithms [55]

strategically position key architectural elements such as entrances, corners, and landmarks to

guide the layout and flow of the floorplan, enriching both functionality and aesthetics. Further-

more, Growth-based algorithms [62] simulate organic growth processes, gradually expanding

and evolving the floorplan layout based on predefined rules and constraints. This dynamic

approach often yields natural-looking and adaptive designs that effectively respond to spatial

requirements and environmental factors.

Computational-
Methods

Deep-
Learning-
Method

Others

AutoRegressive

GAN

Diffusion
Model

Procedural-
Method

Growth-based
algorithm

Inside out
algorithm

Tip Place-
ment

algorithm

SubDivision
Algorithm

Figure 2.1: Computational methods in floorplan generation.

While procedural methods have long been effective at generating structured and rule-based

13



content, they often face limitations when it comes to capturing the intricate details and com-

plexity found in real-world data. Procedural techniques rely on predefined algorithms and rules,

which can result in repetitive and predictable outputs. This restricts their ability to accurately

represent the rich and diverse nature of real-world environments. Moreover, procedural meth-

ods can be time-consuming and require significant manual effort to fine-tune parameters and

achieve desired results [61]. They may struggle to achieve high levels of realism and variability,

as they lack the ability to learn and generalize from large datasets. Procedural methods also

face challenges in capturing the nuances of natural textures, lighting, and spatial relationships,

resulting in outputs that may appear artificial or lacking in visual appeal. The evolution towards

deep generative models has been driven by the need to overcome these limitations.

2.2.1 Deep Generative Learning Method.

Deep generative models have a rich history in artificial intelligence, particularly in the context

of the development of machine learning techniques. While the origins of deep learning can be

traced back to the 1950s, early models such as Hidden Markov Models [63], Naive Bayes [64],

and Gaussian Mixture Models [65] played foundational roles in statistical modeling and data

generation. These models, although not deep in architecture, laid the groundwork for later

advancements in deep generative modeling. A deep generative model belongs to a category

of machine learning models that harness deep neural networks to understand and represent

complex data distributions. Unlike conventional discriminative models [66, 67], which primarily

focus on predicting labels or making classifications, deep generative models aim to grasp the

underlying structure of the data and generate new samples that resemble the original data. By

leveraging multiple layers of neural networks, these models can capture intricate patterns and

dependencies within the data.

Deep generative models, such as Generative Adversarial Networks (GANs) [23], autoregres-

sive models [25], and Diffusion models [24], have demonstrated impressive capabilities in tasks

like image generation [27, 28] and text synthesis [68]. These advancements have greatly influ-

enced generative modeling, with applications ranging from creative art generation to scientific

data synthesis. In the context of floorplan design, GANs, autoregressive models, and diffu-

sion models have played a significant role, revolutionizing the floorplan generation process and

introducing innovative techniques for transformative solutions.
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A. Generative Adversarial Networks (GANs)

Generative Adversarial Networks (GANs) [23] represent a breakthrough in generative modeling,

capable of creating realistic data samples, including image synthesis [69, 70], data augmentation

[71], super-resolution[72], and style transfer [73, 74]. At their core, GANs consist of two neural

networks: a generator and a discriminator, as shown in Figure 2.2. The generator network learns

to generate data, such as images, from random noise samples. Simultaneously, the discriminator

network learns to distinguish between real data and data generated by the generator. The

training process involves a competitive interplay between these two networks: as the generator

strives to produce increasingly realistic samples to fool the discriminator, the discriminator

adapts to become more adept at discerning real from fake data. Through this adversarial

training dynamic, both networks improve iteratively until an equilibrium is reached, ideally

resulting in the generation of highly realistic synthetic data.

Figure 2.2: Generative Adversarial Network.

One of the earliest and most influential GAN variants is the Vanilla GAN [23] proposed

by Ian Goodfellow and his colleagues in 2014. As shown in the training algorithm (Algorithm

1), it involves a simple architecture where the generator creates samples from random noise,

and the discriminator distinguishes between real and fake data. Despite its simplicity, Vanilla

GANs can produce high-quality samples. To address challenges such as mode collapse and

training instability, researchers have developed numerous GAN variants. For instance, Deep

Convolutional GANs (DCGANs) [75] introduced convolutional layers to both the generator and

discriminator networks, enabling the generation of high-resolution images with more realistic
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details. Conditional GANs (cGANs) [76] extend the basic GAN framework by conditioning

the generator on additional information, such as class labels, enabling controlled generation

of specific classes of data. Despite their remarkable success, GANs pose challenges such as

mode collapse [35], training instability [77], and evaluation difficulties. Researchers continue

to explore novel architectures, training techniques, and applications to address these challenges

and further enhance the capabilities of GANs.

Algorithm 1 Training a Generative Adversarial Network (GAN)

Require: Training dataset D, learning rate η, number of training iterations T , discrim-
inator network D(·), generator network G(·)

Ensure: Trained discriminator and generator parameters
1: Initialize discriminator and generator parameters θD and θG
2: for t = 1 to T do
3: Sample a mini-batch from D
4: Sample random noise z from a prior distribution
5: Generate fake data samples xfake ← G(z; θG)
6: Compute discriminator loss LD ← −Ex∼D[logD(x; θD)] − Ex∼G(z;θG)[log(1 −

D(x; θD))]
7: Update discriminator parameters θD ← θD − η · ∇θDLD

8: Sample new random noise z from a prior distribution
9: Generate fake data samples xfake ← G(z; θG)

10: Compute generator loss LG ← −Ex∼G(z;θG)[logD(x; θD)]
11: Update generator parameters θG ← θG − η · ∇θGLG

12: end for

The training algorithm for a Generative Adversarial Network (GAN) as outlined in Algo-

rithm 1 involves a series of iterative steps to train both the discriminator and the generator

networks. Initially, the discriminator and generator parameters are randomly initialized. Sub-

sequently, for each training iteration, a mini-batch of real data samples is sampled from the

training dataset, and random noise vectors are sampled from a prior distribution. The gener-

ator then produces fake data samples from the noise vectors. The discriminator computes its

loss by distinguishing between real and fake data samples, while the generator computes its loss

by attempting to fool the discriminator. These losses are then used to update the parameters

of the discriminator and generator networks using gradient descent with a specified learning

rate. This process is repeated for a predetermined number of training iterations, resulting in

the trained discriminator and generator networks capable of generating realistic data samples.

The paper by Zheng et al. [?] contributes to this growing body of research by introducing

a novel approach for generating floorplans. The proposed method aims to transform input
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images featuring design boundaries into detailed interior designs within those boundaries. This

approach involves training on two distinct datasets and incorporates preprocessing steps such

as boundary production and masking. The model’s training is conducted using Pix2pixHD

[78] on labeled datasets comprising resized images and their corresponding masked versions,

illustrating a comprehensive strategy for floorplan generation that integrates advanced machine

learning techniques. While the model tackles compatibility challenges, it faces drawbacks such

as extended training times and difficulty in accurately placing key spaces like living rooms,

kitchens, and bedrooms. Moreover, issues related to achieving visual and functional realism

and customization remain to be addressed.

Lim et al. [79] introduces a method for generating architectural floor plans leveraging grid

data and AI techniques. The operation of this approach involves analyzing grid-based represen-

tations of spaces and applying GAN to generate floor plans automatically. Its contribution lies

in providing a systematic and efficient way to create architectural layouts, particularly useful in

scenarios where manual design is time-consuming or impractical. By harnessing AI, the system

can produce floor plans that optimize space utilization and adhere to architectural constraints.

However, limitations may arise from the complexity of accurately representing spatial relation-

ships within grid data and the potential for generated designs to lack the nuanced creativity of

human-designed floor plans. Additionally, the effectiveness of the system may depend on the

quality and comprehensiveness of the input grid data, which could impact the diversity and

suitability of the generated floor plans.

In ArchiGAN by Chaillou et al. [80] a comprehensive generative framework is presented,

capable of generating entire apartment building designs by leveraging multiple generative mod-

els. Its performance is marked by the ability to produce diverse and realistic designs across

different architectural elements. The primary contribution lies in its holistic approach to de-

sign, incorporating various generative models to address different aspects of the process. Yet,

challenges may arise from coordinating multiple models within the stack and capturing the full

spectrum of architectural styles and preferences.

The paper presented by Shidong Wang et al. [81] for generating floorplans, aims to gener-

ate diverse floorplans for residential buildings that meet the conditions of human-environment

interaction outlined in the activity map. Unlike other methods, they use a human activity

map which is extracted from the input boundary and used to guide the floorplan generations
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from the input boundaries. This human activity maps is performed either automatically with a

GAN model trained from synthetic human-activity maps or semi-automatic approach by using

bi-RRT [82] based on user-specified furniture locations. To produce the vectorized floorplans

the paper proposes two-stage approaches, the first stage is named as ActFloorr-GAN and aims

to synthesize a rasterized human activity map from the input boundary. Then this pixel-wise

representation is converted into a vectorized way in the second stage. While they didn’t provide

the exact measurement, they tried to address functional realism by using a human activity map.

While they generate diverse floorplans, limitations arise from the reliance on accurate activity

recognition, which may introduce errors, and from the potential struggle with complex activity

patterns not adequately represented in the training data.

A new approach introduced by Nauata et al. [8] is HouseGAN by involving a generative

adversarial network with graph constraints, where both the generator and discriminator utilize

a relational architecture. The central concept is to incorporate the constraint within the rela-

tional network’s graph structure. To achieve this, the model employs conv-MPN (Convolutional

Message Passing Network) [52] for graph updates and upsampling in the generator, as well as

downsampling in the discriminator. However, it’s essential to recognize the approach’s limita-

tions, including restricted rectangular shape generation, the absence of room size incorporation,

and the omission of door placements in the graph’s edges due to spatial adjacency, all of which

suggest potential avenues for future refinements and expansions of the proposed method.

An improved iteration of HouseGAN [8], which we refer to as HouseGAN++ [6], has been

introduced. HouseGAN++ merges a relational GAN constrained by graphs with a conditional

GAN to address the issue of baselines. This integration allows for iterative improvement, as a

previously generated layout serves as the next input constraint. Notably, this research unveils

the effectiveness of a simple non-iterative training approach known as component-wise GT-

conditioning in training such a generator. Moreover, the iterative generator presents a new

avenue for refining chosen metrics through meta-optimization strategies by regulating the timing

of input constraint passage during the iterative layout enhancement process.

Research conducted by Tang et al. [10] introduced Graph Transformer GANs (GTTGAN),

a notable advancement in the field. GTTGAN operates by seamlessly integrating graph trans-

former networks into the GAN framework, thereby enabling the generation of house designs

that adhere to graph-based constraints. The model operates by first encoding the graph-
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based constraints representing architectural features and layout requirements. It then employs

transformer-based architectures to generate house designs that adhere to these constraints, en-

suring structural coherence and architectural integrity. The primary contribution of GTTGAN

lies in its innovative approach to leveraging graph representations for guiding the generation of

house designs, offering a solution that balances design creativity with architectural constraints.

By incorporating graph constraints into the GAN architecture, GTTGAN streamlines the de-

sign process and provides architects and developers with a tool for efficiently exploring diverse

design possibilities. However, limitations may arise from the complexity of encoding and in-

terpreting graph-based constraints, as well as from potential challenges in training the model

effectively with limited or noisy data. Additionally, while GTTGAN offers valuable automation

in the design process, it may not fully capture the intricacies and nuances of human-designed

house plans, potentially limiting its applicability in certain architectural contexts.

B. Diffusion Models

The paper Deep Unsupervised Learning using Nonequilibrium Thermodynamics [83] published

in 2015 introduced the concept of diffusion models as a method for deep unsupervised learning.

Drawing inspiration from non-equilibrium statistical physics, the authors proposed a novel ap-

proach to modeling data distributions. The core idea was to iteratively degrade the structural

information in a data distribution through a forward diffusion process. They then developed a

reverse diffusion process to restore the original structure, resulting in a flexible and tractable

generative model. This approach provided a powerful framework for unsupervised learning, en-

abling the generation of high-quality samples and the exploration of complex data distributions.

Figure 2.3: Forward and backward Diffusion Process.

As shown in Figure 2.3, the diffusion model comprises two processes Forward and Backward,

where the forward process involves generating noise through a fixed noise vector, containing

random values or samples from basic distributions like Gaussian noise, with the vector’s size
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aligned with the size of the intended generated data, such as images or text sequences. The

noise vector is passed through a sequence of diffusion steps.

q(xt|xt−1) = N (xt;µt = (1− βt)xt−1,Σt = βtI) (2.1)

The equation (equation 2.1) above embodies the forward diffusion process within a proba-

bilistic framework. This equation characterizes how a random variable x evolves over discrete

time steps, with xt representing its state at time t. The conditional distribution q(xt|xt−1)

captures the likelihood of xt given the previous value xt−1, and is modeled as a Gaussian dis-

tribution N . The mean µt of this distribution is determined by (1− βt)xt−1, reflecting how xt

depends on its prior state xt−1 with the influence controlled by the parameter βt. Additionally,

the covariance matrix Σt is specified as βt times the identity matrix I, regulating the variability

of xt and indicating the level of uncertainty. Noise scheduling [84] is an important aspect of dif-

fusion models that involves adding the right amount of noise to arrive at an isotropic Gaussian

distribution with various types of schedules like linear [49], cosine [84], or combined approaches

that determine how the noise increases over time.

Another integral component of the diffusion model is the Reverse Process, which involves a

sequence of iterative steps that typically extend over hundreds to thousands of iterations. During

each iteration of the reverse process, the noise vector undergoes sequential updates aimed at

refining its representation. This refinement is accomplished through conditioning based on the

actual training data. By progressively applying these iterative updates, the model learns to

align the noise vector with the underlying patterns and structures present in the training data.

pθ(xt−1|xt) = N (xt−1;µθ(xt, t),Σθ(xt, t)) (2.2)

In the backward diffusion process (Equation 2.2), the model iteratively updates the noise vec-

tor by conditioning it on the actual training data. In the conditional distribution where xt

represents the current value in the diffusion process, and xt−1 represents the previous value.

This conditional distribution is assumed to follow a multivariate normal distribution, with mean

µθ(xt, t) and covariance Σθ(xt, t). These mean and covariance parameters are learned during

the training of the diffusion model. To refine the noise vector in the backward diffusion pro-

cess, the model samples from the conditional distribution. This sampling step allows the noise
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vector to progressively align with the target data distribution, capturing the complex patterns

and dependencies present in the training data. By iteratively applying the backward diffusion

process, the model updates the noise vector over a series of steps, often spanning from hundreds

to thousands. This sequential refinement facilitates the generation of high-quality samples that

closely resemble the training data. The backward diffusion process, along with the forward

diffusion process, enables the diffusion generative model to generate diverse and realistic sam-

ples by leveraging the learned conditional distribution and the associated mean and covariance

parameters.

Training diffusion models involves an iterative process where data undergoes denoising and

reconstruction to learn the underlying probability distribution. Algorithm 2 outlines the steps

for training a diffusion model based on a given dataset. First, the dataset is shuffled and divided

into smaller parts known as mini-batches. Within each mini-batch, the algorithm executes

denoising steps to enhance the quality of the generated samples. Next, random noise sampled

from a standard normal distribution is used to create new samples by leveraging the model

architecture. These generated samples are evaluated for quality using a denoising loss function.

Subsequently, the model parameters are updated using gradient descent, with the learning rate

dictating the step size. By repeating this process for a specified number of iterations, the

diffusion model progressively learns to produce high-quality samples that closely resemble the

characteristics of the training dataset.

Algorithm 2 Training a Diffusion Model

Require: Training dataset D, number of denoising steps S, learning rate η, model ar-
chitecture f(model architecture), number of training iterations T

1: Initialize model parameters θ
2: for t = 1 to T do
3: Shuffle and split D into mini-batches
4: for each mini-batch B in D do
5: for s = 1 to S do
6: Sample noise ϵs ∼ N (0, I)
7: Generate samples xs

t ← f(model architecture)(θ, xs−1
t , ϵs)

8: end for
9: Compute denoising loss Lt ← DenoisingLoss(xS

t , B)
10: Update model parameters θ ← θ − η · ∇Lt

11: end for
12: end for

Diffusion models have found diverse applications across various domains, owing to their
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ability to generate high-quality samples and capture complex data distributions. In the field of

computer vision, diffusion models have been employed for tasks such as image synthesis [49],

image inpainting [85], and style transfer. Additionally, diffusion models have been applied in

natural language processing for tasks like text generation [86] and language modeling, where

they have demonstrated the ability to generate coherent and contextually relevant text. Fur-

thermore, the incorporation of diffusion models spans various layout generation applications,

including document layout generation [87, 88], where diffusion models organized the arrange-

ment of document elements to shape comprehensive layouts. Demonstrating this versatility, the

houseDiffusion generative model [7], as indicated in Table 2.1, endeavors to generate vectorized

floorplans seamlessly using diffusion processes. They introduces a groundbreaking approach

that leverages a diffusion model and a core Transformer architecture[89] for the generation of

intricate vector-based floorplans. These floorplans, comprised of interconnected polygons out-

lining rooms and doors, are created through a process guided by attention masks based on

graph-constraints. This process involves a combined discrete and continuous noise reduction

approach, resulting in accurate geometric relationships among architectural elements.

C. Autoregressive Models

Autoregressive models are a class of generative models that capture dependencies within se-

quential or structured data. As shown in figure 2.4, the model is designed to generate new

samples by estimating the conditional probability of each element in the sequence given the

previous elements. By iteratively generating data elements, autoregressive models excel at cap-

turing intricate patterns, making them especially effective in scenarios where the order and

context of elements matter significantly. Autoregressive models have shown significant success

in various domains, including natural language processing [90, 91] and computer vision [92, 93].

Notably, autoregressive models have witnessed substantial advancements, with innovative ar-

chitectures like Transformer-based models [89] achieving exceptional performance in language

understanding and generation tasks.

p(x) =

n∏
i=1

p(xi|x1, x2, . . . , xi−1) =

n∏
i=1

p(xi|x<i) (2.3)

The equation 2.3, above encapsulates the foundational concept of an autoregressive model,

widely employed across various generative tasks. In this context, x denotes a sequence of
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Figure 2.4: Auto regressive Process.

elements, often corresponding to pixels within images, while xi signifies the ith element within

the sequence. The equation’s essence lies in expressing the probability distribution of the entire

sequence x as a product of conditional probabilities. Each element’s likelihood p(xi|x<i) is

intricately modeled with respect to all prior elements, thus capturing complex dependencies

existing within the sequence. This formulation allows autoregressive models to generate new

samples by iteratively predicting each element in the sequence, resulting in the generation of

outputs that exhibit complex patterns and closely resemble the characteristics of the training

data.

The training algorithm for autoregressive models, as depicted in Algorithm 3, follows an

iterative optimization approach to update the model parameters by minimizing prediction errors

over sequential data. The algorithm processes a training dataset, splits it into mini-batches, and

predicts each element in a sequence while updating hidden states iteratively. The loss incurred

at each prediction step is accumulated to compute the batch loss, and model parameters are

adjusted using backpropagation through time. Through a series of training iterations, this

process enables autoregressive models to capture sequential dependencies and generate coherent

sequences, making it fundamental for tasks like natural language processing [94, 95] and image

processings [96].
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Algorithm 3 Training an Autoregressive Model

Require: Training dataset D, model architecture f(model architecture), learning rate
η, number of training iterations T

Ensure: Trained model parameters θ
1: Initialize model parameters θ
2: for t = 1 to T do
3: Shuffle and split D into mini-batches
4: for each mini-batch B in D do
5: Initialize hidden state h0

6: for i = 1 to sequence length L do
7: Input xi from B and previous hidden state hi−1

8: Compute model prediction
9: yi ← f(model architecture)(θ, xi, hi−1)

10: Compute loss Li ← Loss(yi, xi+1)
11: Update hidden state hi

12: end for
13: Compute batch loss LB ←

∑L
i=1 Li

14: Update model parameters θ ← θ − η · ∇LB

15: end for
16: end for

The paper by Liu et al. [9] introduces a novel autoregressive approach to synthesizing floor-

plans using 1-D vector sequences, enhancing user interaction and customization. The framework

consists of a two-stage process involving a draft stage and a multi-round refining stage. The

initial floorplan sequence is generated using a graph convolutional network (GCN) [97] and

an autoregressive transformer network [89]. A panoptic refinement network (PRN) refines the

design in the second stage, aided by a geometric loss to ensure proper room connectivity. As

shown in table 2.1, in contrast to prior methods this vectorized approach produces more re-

alistic and functional designs, achieving higher usability and visual appeal by using panoptic

refinement network (PRN). The framework’s effectiveness is demonstrated through experiments

on real-world floorplan data, showcasing its superiority over previous state-of-the-art methods.

D. Others

In contrast to the previously mentioned generative models such as GANs, diffusion models, and

autoregressive models, this approach delves into the realm of floorplan generation using distinct

techniques like Convolutional Neural Networks (CNNs) [13], Graph convolutional Networks

(GCNs) [97] or other techniques.

Prior to the utilization of conventional generative models [23, 24, 25] in the domain of floor-
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plan generation, researchers employed a variety of deep learning techniques to explore innovative

approaches. In 2018, Liu et al. [98] proposed a Unified Framework for Floorplan Reconstruction

from 3D Scans. The research focuses on automating indoor floorplan reconstruction by utilizing

a smartphone’s RGBD streams captured while walking through a house. The proposed solution,

FloorNet, introduces a unique deep neural architecture that effectively addresses the challenge

of processing vast 3D space data. FloorNet employs three neural network branches: PointNet

for 3D point processing, CNN with 2D point density images for enhanced local spatial reason-

ing, and CNN with RGB images to utilize full image information. These branches exchange

intermediate features to harness the strengths of all architectures. A benchmark was established

using RGBD video streams from 155 residential spaces, demonstrating FloorNet’s efficacy in

improving reconstruction quality through both qualitative and quantitative evaluations.

Addressing the intricate challenge of generating 3D house models based on linguistic de-

scriptions, Chen [99] introduces a House Plan Generative Model (HPGM) that uniquely divides

the process into two sub-tasks: constructing layouts and synthesizing textures. To effectively

tackle these tasks, two specialized modules, the Graph Conditioned Layout Prediction Network

(GC-LPN) and the Language Conditioned Texture GAN (LCT-GAN), are proposed. These

modules focus on generating floor plans and corresponding interior textures guided by provided

descriptions. The generation of building layouts that fulfill the specified requirements is fa-

cilitated by the Graph Conditioned Layout Prediction Network (GC-LPN), which integrates

adjacent information into the extracted features using a Graph Convolutional Network (GCN)

[97], thereby enhancing the performance of layout generation.

The predominant focus of existing research revolves around addressing issues of compati-

bility and visual realism in the context of floorplan generation. However, both [98] and [99]

encounter challenges when attempting to generate diverse floorplans within a single sampling,

thereby compromising diversity. Furthermore, the mechanisms by which these models efficiently

conduct sampling remain largely unaddressed. Another significant gap in the literature pertains

to the issue of functional realism, a dimension that most papers fail to adequately consider or

explore in their floorplan generation methodologies.

Another study by Hu et al. [100] introduces an automated approach to floorplan generation

that fuses deep neural networks with user-guided design. Their framework, Graph2Plan, em-

ploys a layout graph and user-defined constraints to produce floorplans that adhere to layout
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and boundary requirements. By allowing users to input room counts and constraints, the system

retrieves floorplans from a database and uses Graph2Plan to convert layout graphs into refined

room representations. The neural network, trained on a sizable annotated dataset, employs

graph neural networks and conventional image convolution to process layout graphs, building

boundaries, and raster floorplan images. The method’s versatility and quality are demonstrated

through its ability to accommodate diverse user inputs.

Table 2.1: Deep generative Model based floorplan Generation.

Methods Name Diversity Compatibility
Visual

Realism
Functional

Realism
Sampling

Time

GAN Nauata et al. [6] ✓ ✓ ✓ - -
Nauata et al [8] ✓ ✓ ✓ - -
Tang et al. [10] ✓ ✓ ✓ - -
Chen et al. [101] - ✓ - -
Schiller et al. [102] - ✓ - -
Zheng et al. [?] ✓ ✓ - - -
Lim et al. [79] ✓ ✓ - - -
Chaillou et al. [80] - ✓ - -
Wang et al. [81] - ✓ - ✓ -
Liu et al. [103] - ✓ ✓ - -

Diffusion Model Shabani et al. [7] ✓ ✓ ✓ - -

Autoregressive Liu et al. [9] ✓ ✓ ✓ ✓ -

Others Liu et al. [98] - ✓ ✓ - -
Hu et al. [100] ✓ ✓ ✓ - -
Chen et al. [99] - ✓ ✓ - -
Wu et al. [104] - ✓ ✓ - -

The summary table in Table 2.1 provides an overview of floorplan generation using various

generative models. It outlines the different desirable properties achieved through this approach.

Also, the ”✓” symbol signifies that the papers have addressed the specified constraint, while

the ”-” symbol indicates that the constraint was not taken into consideration by those papers.

• Method: represents a specific approach or Model used to create a new floorplan.

• Name: highlights the paper name or used method with reference.

• Diversity: refers to the count of unique floorplans generated during a single sampling

instance. It encompasses a range of distinct designs that adhere to specified constraints

and layout arrangements.
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• Compatibility : The ability of generated floorplans to seamlessly fit and adhere to the

given design boundaries and spatial requirements.

• Visual Realism: The extent of similarity between generated designs and actual archi-

tectural layouts.

• Functional Realism: The extent to which generated floorplans accurately represent

functional and logical relationships between rooms and spaces, ensuring practicality and

usability.

• Sampling Efficiency: The effectiveness of the floorplan generation process in exploring

diverse design possibilities while using minimal computational resources and iterations.

2.3 Graph Neural Network

In recent years, Convolutional Neural Networks (CNNs) [13] have made remarkable strides in

deep learning, particularly in tasks related to computer vision [105, 106, 107]. With their im-

pressive effectiveness, CNNs excel at extracting features from grid-like data, such as images,

leading to significant advancements in the field. However, applying CNNs to structured data,

such as tabular data [108] or structured grids [6, 7], poses distinct and significant challenges.

This is especially evident in the context of floorplan data [8], which encompasses elements like

walls, doors, and rooms, each entailing intricate spatial relationships that may not seamlessly

align with CNNs’ grid-based approach. As a result, tasks such as room classification or fur-

niture layout optimization are affected. The variable dimensions of floorplans pose further

obstacles, given CNNs’ requirement for fixed-size inputs, potentially leading to information loss

or distortion. Additionally, the intricate dependencies among floorplan elements, such as room

adjacency or hierarchical structures, pose challenges for standard CNN architectures [13], which

are primarily designed for local pattern recognition.

The rise of Graph Neural Networks (GNNs) [51] tackles this challenge by explicitly mod-

eling graph structures and using message-passing techniques to capture complex dependencies.

GNNs are specifically designed to operate on graph-structured data, enabling effective learning

and inference tasks in graph domains. A graph [10] itself is a mathematical representation

composed of nodes and edges, providing a flexible framework to represent complex relationships

and interactions between elements. GNNs [51] leverage this structure to extract meaningful
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representations and perform computations that take into account the inherent connectivity and

dependencies within the graph. Graph Neural Networks (GNNs) have exhibited exceptional

performance across a broad spectrum of tasks that inherently involve graph-based data. These

tasks span social network analysis, Traffic State Predictions [109, 110], recommendation sys-

tems, object detection [111, 112], text classification [113, 114], and molecular chemistry [115],

all of which inherently rely on graph-based data structures.

Thanks to their capacity to capture geometric and structured information, graph neural

networks, particularly models like Convolutional Message Passing Networks (CMPN) [116],

have found practical application in floorplan generation. The process of floorplan generation

[6, 8] entails orchestrating the layout and arrangement of rooms, walls, and other architectural

components within a building. By representing the floorplan as a graph, with rooms as nodes

and connections as edges, GNNs can effectively leverage their spatial reasoning capabilities to

produce optimal floorplans. Within the realm of GNNs, a diverse array of models exists, includ-

ing Graph Convolutional Networks (GCNs) [97], Graph Attention Networks (GATs) [117], and

Convolutional Message Passing Networks (CMPNs) [116]. Each variant offers distinct charac-

teristics tailored to specific graph-based tasks, thereby enriching the versatility and applicability

of GNNs across various domains.

2.3.1 Graph Convolutional Networks (GCNs)

Graph Convolutional Networks (GCNs) [97] are a class of neural networks designed to operate

on graph-structured data. They extend the concepts of convolutional neural networks (CNNs)

[13] to non-Euclidean domains [118], enabling the processing of data represented as graphs.

GCNs have gained significant attention due to their effectiveness in various tasks, including

social network analysis [119, 120], molecular graphs [121], recommendation systems [122]. and

link prediction [123].

At its core, a GCN operates by performing message passing between neighboring nodes in

a graph. This message passing mechanism allows each node to aggregate information from its

neighbors, incorporating local graph structure into node representations. In a typical GCN

architecture, the operation proceeds through multiple layers, with each layer refining node

representations based on aggregated information from neighboring nodes.

GCN utilizes fully connected encodings and is capable of capturing both local and limited
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global information from graph-structured data. It demonstrates high scalability and computa-

tional efficiency, making it suitable for analyzing large-scale graphs. However, when it comes to

handling three-dimensional (3D) data, GCN’s capabilities are somewhat limited. Despite this

constraint, GCN remains a powerful tool for graph analysis tasks, offering a balance between

capturing local and global information while maintaining efficiency and scalability.

2.3.2 Graph Attention Networks (GATs)

Graph Attention Networks (GATs) [117] are a class of neural networks designed to operate

on graph-structured data. They leverage attention mechanisms [40] to dynamically weight the

contributions of neighboring nodes during message passing, allowing for flexible and adaptive

information aggregation. Its flexibility and effectiveness make GAT a versatile tool applicable

in diverse domains, including recommendation systems [124], bioinformatics [125, 126], and

natural language processing [127].

At its core, a GAT [117] operates by assigning attention coefficients to neighboring nodes,

indicating their importance in contributing to the representation of the central node. These

attention coefficients are learned during training and can vary for each node and each layer, al-

lowing GATs to capture complex relationships within the graph. In a typical GAT architecture,

the operation proceeds through multiple layers, with each layer refining node representations

based on attention-weighted aggregations of neighboring nodes.

GAT utilizes fully connected encodings and is capable of capturing both local and global

information from graph-structured data. It employs attention mechanisms to assign varying

importance to different neighbors during information aggregation, allowing it to focus on rel-

evant nodes and edges. This attention mechanism enhances the network’s ability to handle

complex relationships within the graph. Although GAT demonstrates moderate scalability and

computational efficiency, it offers superior performance in capturing global information com-

pared to the Graph Convolutional Network (GCN). Furthermore, GAT, like GCN, has limited

capabilities in handling three-dimensional (3D) data. Overall, GAT is a powerful GNN model

that leverages attention mechanisms to effectively capture both local and global information,

making it particularly well-suited for tasks that require considering the importance of different

graph elements.
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2.3.3 Convolutional Message Passing Networks (CMPNs)

Convolutional Message Passing Networks (CMPNs) [116] are a class of neural networks designed

to operate on graph-structured data. They combine the principles of convolutional operations

and message passing mechanisms to effectively process information on graphs. At its core, a

CMPN operates by performing message passing between nodes in a graph, guided by a con-

volutional mechanism akin to convolutional neural networks (CNNs) on grid-like data. This

allows CMPNs to extract hierarchical features from the graph structure, capturing both local

and global graph properties.

As shown in equation 2.4, the feature vectors associated with nodes are spread across a

volume. To avoid collisions and ensure that all information is retained in the message, a simple

pooling operation is applied, aggregating the features from all neighboring nodes. To update

a feature vector, the pooled features are then passed through a CNN. The CNN takes the

concatenated input of the current feature vector and the pooled features from neighboring

nodes.

fv ← CNN
(
fv; Poolw∈N(v)fw

)
(2.4)

The resulting updated feature vector is denoted as fv and is obtained by applying the CNN

operation to the concatenation of fv and the pooled features from the neighboring nodes. By

using this pooling and CNN combination, the Conv-MPN approach achieves feature updates.

During each iteration, CMPN updates the node features by aggregating messages from

neighboring nodes [128]. This aggregation process allows nodes to incorporate information

from their local neighborhoods. The messages are computed based on the features of the sender

node and the relationship between the sender and receiver nodes. This relationship is typically

defined by the edge weights or adjacency matrix of the graph. After aggregating the messages,

CMPN applies a learnable transformation to update the node features. This transformation

can be a simple linear operation or a more complex neural network layer. By iteratively re-

peating the message passing and feature updating steps, CMPN allows the nodes to exchange

information and refine their features based on the graph structure and the information carried

by the messages. This iterative process enables CMPN to capture and propagate information

throughout the graph, capturing complex dependencies and patterns within the data.

Unlike the fully connected encodings used by GAT and GCN, CMP employs convolutional
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operations for encoding the graph. This allows CMP to capture local information in a structured

and hierarchical manner. Additionally, CMP has the capability to capture both local and global

information, similar to GAT and GCN. Its computational efficiency and scalability are high,

making it suitable for handling large-scale graphs. Notably, CMP stands out in its ability to

handle three-dimensional (3D) data effectively, surpassing the limited capabilities of both GAT

and GCN in this regard. By combining convolution, merging, and pooling operations, CMP

offers a comprehensive approach to graph analysis, enabling robust encoding, aggregation, and

pooling of information from the graph structure.

Table 2.2 presents a comparative analysis of three prominent graph-based models: Graph

Convolutional Network (GCN) [97], Graph Attention Network (GAT) [117], and Convolutional

Message Passing (CMPN) [116], highlighting their respective strengths across various desirable

properties.

Table 2.2: Comparison of Graph Neural Networks based on various properties.

Property GAT GCN CMPN

Encodings Fully connected Fully connected Convolve

Capture Local Information Yes Yes Yes

Capture Global Information Yes Limited Yes

Scalability Moderate High High

Computational Efficiency Moderate High High

Handling 3D data Limited Limited High

2.4 Regularization techniques

Regularization techniques are strategies employed during the training of neural networks to

prevent overfitting and improve generalization performance [129]. These techniques typically

entail the addition of extra terms to the loss function or adjustments to the network archi-

tecture to impose constraints on the model’s parameters. They aid in combating overfitting

[130], enhancing generalization [129], and refining the quality of generated images in models

like GANs [39, 131, 132]. For generative models, regularization contributes to improving train-

ing stability [132], preventing mode collapse [39], and augmenting the quality and diversity

of generated samples by imposing constraints, fostering diversity, and facilitating smoother

optimization dynamics during training. Several regularization techniques commonly utilized
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for generative models include loss functions, spectral normalization, batch normalization, and

minibatch discrimination.

2.4.1 Loss function

The goal of training a machine learning model is to minimize the loss function [133], leading

to improved performance and accuracy in a given task. A loss function is a mathematical

measure that quantifies the difference between the predicted output of a model and the true

output, guiding the learning process by providing feedback on the error [134]. The choice of a

loss function depends on the problem’s nature and the model type, where classification tasks

require specific loss functions like cross-entropy [133], hinge [135], or softmax loss [136], while

regression tasks benefit from mean squared error (MSE)[137] or mean absolute error (MAE)

[138] as suitable loss functions.

In the realm of generative modeling, where the goal is to produce realistic data samples

resembling those from a given distribution, various loss functions have emerged to guide the

training process and enhance model performance. One of the pioneering approaches, the mini-

max loss [23], laid the groundwork for subsequent advancements in the field. Initially introduced

within the framework of Generative Adversarial Networks (GANs) [23], the minimax loss aims

to optimize a game between two neural networks: the generator G and the discriminator D.

Mathematically, the minimax loss can be expressed as:

min
G

max
D

Ex∼pdata [logD(x)] + Ez∼pz [log(1−D(G(z)))] (2.5)

Here, x represents real data samples drawn from the true data distribution pdata, and z

represents random noise drawn from a prior distribution pz. The objective is straightforward

yet profound—the generator seeks to minimize this loss function, while the discriminator aims

to maximize it. Through this adversarial training process, the generator learns to produce

samples that are increasingly indistinguishable from real data, while the discriminator becomes

adept at distinguishing between real and generated samples.

However, despite its conceptual elegance, the original minimax loss formulation suffered

from several limitations. Training instability and mode collapse, where the generator produces

limited or repetitive samples, were common challenges encountered during optimization. To

address these issues, Wasserstein Generative Adversarial Networks (WGANs) [139] introduced
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a novel loss function based on the Wasserstein distance,[140] also known as the Earth Mover’s

distance. Unlike traditional GANs [23], which measure divergence between probability distri-

butions using metrics like the Jensen-Shannon divergence [141] or Kullback-Leibler divergence

, WGANs utilize the Wasserstein distance [140] for more stable and meaningful training. The

Wasserstein distance measures the ”distance” between two probability distributions by calcu-

lating the minimum amount of ”work” required to transform one distribution into another. In

the context of WGAN, this means minimizing the discrepancy between the distribution of real

data and the distribution of generated data.

min
G

max
D

V (D,G) = Ex∼Pdata
[D(x)]− Ez∼Pz [D(G(z))] (2.6)

The equation 2.6 defining the Wasserstein Generative Adversarial Network (WGAN) loss en-

capsulates the fundamental principle behind WGAN’s approach to training generative models.

At its core, the equation seeks to minimize the discrepancy between the expected discriminator

outputs for real and generated samples. The first term, Ex∼pdata [D(x)], represents the expected

output of the discriminator when presented with real data samples drawn from the true data

distribution pdata. The second term, Ez∼pz [D(G(z))], represents the expected output of the

discriminator when presented with generated samples produced by the generator from random

noise z drawn from a prior distribution pz. By optimizing the difference between these two

expectations, the WGAN loss encourages the generator to produce samples that closely match

the distribution of real data.

While WGANs [139] represented a significant step forward in generative modeling, the

Wasserstein GAN with Gradient Penalty (WGAN-GP) [132] further refined the training pro-

cess by addressing a key limitation of WGANs—the need for weight clipping in the discrimina-

tor. WGAN-GP introduced a gradient penalty [142] term to the loss function, penalizing the

discriminator for having gradients with a norm different from unity. By penalizing the norm

of the discriminator’s gradient with respect to interpolated points between real and generated

samples, the Gradient Penalty encourages smoother training dynamics and mitigates issues like

mode collapse. This technique is often used in combination with the WGAN loss, resulting in

the Wasserstein Gradient Penalty (WGAN-GP) loss as shown in equation 2.7.
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min
G

max
D

V (D,G) = Ex∼Pdata
[D(x)]− Ez ∼ pz(z)[D(G(z))] + λEx̂ (2.7)

Another notable approach in generative modeling is the hinge loss [135], which has found

application in both discriminative and generative models. Unlike traditional loss functions such

as cross-entropy [133], hinge loss focuses on maximizing the margin between classes, making

it particularly well-suited for tasks involving binary classification or margin-based objectives.

In the context of generative modeling, hinge loss has been utilized in models like Adversarial

Autoencoders (AAEs), where it serves as a discriminator loss function. By maximizing the mar-

gin between real and generated samples, hinge loss encourages the discriminator to distinguish

more effectively between the two, thereby enhancing the quality of generated samples.

The hinge loss function can be defined as:

Hinge Loss = Ex∼pdata [max(0, 1−D(x))] + Ez∼pz [max(0, 1 + D(G(z)))] (2.8)

where D(x) represents the discriminator’s output for real samples, and D(G(z)) represents the

discriminator’s output for generated samples.

Overall, the choice of loss functions in GANs significantly influences training dynamics and

model performance. While the original MinMax loss [23] fosters adversarial competition, it of-

ten leads to instability and mode collapse. WGAN loss [139], employing Wasserstein distance,

enhances stability, further WGANGP [132] reinforced by the Gradient Penalty technique. Se-

lecting the appropriate loss function hinges on specific application objectives, with options like

LSGAN for sharper samples and divergence-based losses for distribution alignment. Careful

consideration of gradient behavior and convergence properties is essential to balance stability

and sample quality, crucial for achieving stable training and generating high-quality and diverse

samples.

2.4.2 Minibatch Discriminator

The concept of mini-batch discrimination [42] was conceived to address certain limitations in

conventional GAN [23] architectures, particularly in scenarios where the discriminator struggles

to effectively differentiate between real and generated images. In standard GAN [23] setups, the

discriminator operates on individual images, making its judgments based solely on each image’s
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features. However, this approach can sometimes lead to issues such as mode collapse, where the

generator produces limited varieties of outputs, or unstable training dynamics.

Mini-batch discrimination [42] operates by introducing a mechanism for the discriminator

to consider information from multiple images within a mini-batch, rather than evaluating each

image in isolation. By aggregating information across the mini-batch, the discriminator gains a

broader context for making its judgments, allowing it to discern more nuanced differences be-

tween real and generated images. This can lead to more stable training dynamics and encourage

the generator to produce a wider variety of outputs.

Minibatch discrimination has been applied in various contexts within the realm of generative

modeling, yielding notable improvements in sample quality and training stability. In their

paper, Salimans et al. [143] introduced minibatch discrimination as a technique to improve

the performance of GANs. By incorporating minibatch discrimination into the discriminator

architecture, they demonstrated enhanced sample diversity and reduced mode collapse. The

motivation behind their approach was to address the limitations of traditional GAN training,

particularly regarding sample quality and diversity. Through experiments on various datasets,

they showcased the effectiveness of minibatch discrimination in producing high-quality, diverse

samples.

Zhang et al. [144] proposed Self-Attention Generative Adversarial Networks (SAGANs),

which utilize self-attention mechanisms to capture long-range dependencies in images. In their

work, they incorporated minibatch discrimination as part of the self-attention mechanism, en-

abling the discriminator to capture global statistics across the minibatch. By doing so, they

achieved significant improvements in sample quality and realism. Their motivation stemmed

from the need to address the limitations of traditional GAN architectures in capturing long-

range dependencies and producing coherent samples.

Karras et al. [37] introduced Progressive Growing of GANs (PGGANs), a method for

training GANs in a progressive manner by incrementally increasing the resolution of generated

images. Minibatch discrimination played a crucial role in their approach by facilitating the

training of high-resolution images. They utilized minibatch discrimination to improve sample

diversity and stability throughout the training process. Their motivation was to address the

challenges of training GANs on high-resolution images, which often suffer from mode collapse

and training instability.
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2.4.3 Spectral normalization

Spectral normalization [41] is a technique that plays a crucial role in stabilizing the training

process and maintaining the diversity of image generation. By normalizing the spectral norm

of weight matrices in the generator network, it addresses issues like vanishing or exploding

gradients, which can lead to mode collapse and limited image diversity. Spectral normalization

ensures stable training by constraining the Lipschitz constant [145] of each layer, preventing

signal magnitude amplification. This stability allows the generator to explore a wider range of

the latent space, capturing diverse patterns and generating a richer variety of images, thereby

enhancing the diversity of the generated outputs.

In their paper, Miyato et al. [77] introduced spectral normalization as a technique to sta-

bilize the training of GANs. They demonstrated that spectral normalization applied to the

discriminator significantly improves training stability and mitigates mode collapse. Their moti-

vation stemmed from the need to address the challenges of training GANs on complex datasets,

where traditional optimization techniques often struggle to converge. Through experiments

on various benchmark datasets, they showcased the effectiveness of spectral normalization in

producing high-quality, diverse samples.

Zhang et al. [146] proposed a novel architecture called BigGAN, which achieves state-of-

the-art performance in terms of sample quality and diversity. In their work, they incorporated

spectral normalization into both the generator and discriminator networks of BigGAN. By doing

so, they were able to stabilize the training process and produce high-resolution images with

remarkable fidelity and diversity. Their motivation was to push the boundaries of generative

modeling and demonstrate the effectiveness of spectral normalization in handling large-scale

GANs trained on high-resolution datasets.

Karras et al. [147] introduced StyleGAN, a groundbreaking architecture for high-fidelity

image generation with fine-grained control over image attributes. In their work, they employed

spectral normalization as a regularization technique to improve the stability of StyleGAN train-

ing. By incorporating spectral normalization into the discriminator network, they achieved

smoother optimization dynamics and better convergence properties. Their motivation was to

enable the training of large-scale GANs capable of producing high-resolution images with un-

paralleled realism and diversity.

In conclusion, the integration of spectral normalization in GAN architectures, as demon-
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strated by Miyato et al. [77], Zhang et al. [146], and Karras et al. [147], has significantly

enhanced training stability and sample quality. These seminal papers showcase the effective-

ness of spectral normalization in mitigating challenges such as mode collapse and vanishing

gradients, paving the way for the development of high-fidelity and diverse generative models.

Moving forward, spectral normalization remains a key technique in advancing the capabilities

of GANs for various applications in image generation and beyond.

2.5 Architectural Modifications

By expanding the model’s capacity to capture diverse patterns and features, architectural mod-

ifications enable it to generate outputs that exhibit greater variability and richness [148]. These

modifications often entail intricate adjustments to the model’s architecture, such as incorporat-

ing additional layers [147], introducing novel connectivity patterns [148], or leveraging attention

mechanisms [39, 144] to capture intricate dependencies within the data.

Progressive Growing of GANs (ProGAN) [37] is a significant advancement in generative ad-

versarial networks (GANs) that tackles the challenge of generating high-resolution and diverse

images. ProGAN introduces a progressive training scheme where the generator and discrimi-

nator are gradually grown, starting from low-resolution images and progressively increasing the

resolution during training. This technique allows for more stable training by initially learning

coarse-level features and then refining them progressively. ProGAN also employs minibatch

standard deviation [42], equalized learning rate, and pixel-wise feature normalization [149] to

enhance training stability and improve the quality of generated images. The key contribution

of ProGAN is its ability to generate high-resolution images with fine details, surpassing the lim-

itations of previous GAN architectures. However, ProGAN’s training can be computationally

expensive and requires substantial computational resources. Additionally, achieving optimal

stability and quality in training ProGAN can still be challenging and may require careful hy-

perparameter tuning and architectural adjustments.

StyleGAN [147] is a groundbreaking generative model that has made significant contri-

butions to the field of image synthesis. It introduces several key techniques to enhance the

diversity, control, and realism of generated images. StyleGAN employs a two-component ar-

chitecture consisting of a mapping network and a synthesis network, allowing for fine-grained

control over various image attributes. It utilizes progressive growing [150] to train the model
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progressively from low to high resolutions, ensuring stable training. Additionally, it incorpo-

rates noise injection [151], style mixing regularization, adaptive instance normalization [152],

and stochastic variation to encourage diversity and prevent mode collapse. The contributions

of StyleGAN include improved image quality, enhanced control over image synthesis, and the

ability to generate highly realistic and diverse images. However, it also has some gaps, such as

limited scalability for high-resolution images and high computational and memory requirements,

which can pose challenges for practical applications and training on large-scale datasets.

StyleGAN2 [153] builds upon the success of StyleGAN [147] by introducing improved archi-

tecture and training techniques. It incorporates path length regularization, which encourages

smooth and continuous changes in the latent space, leading to improved convergence during

training. StyleGAN2 also features a generator architecture with skip connections that preserves

fine details and textures, resulting in higher-quality generated images. Furthermore, it benefits

from a larger and more diverse training dataset called ”FFHQ,” consisting of high-resolution hu-

man face images, which enhances generalization and image quality. While StyleGAN2 achieves

impressive results, it still has some limitations, such as high computational and memory re-

quirements, making it resource-intensive and time-consuming to train. Additionally, controlling

specific attributes or interpretability of the underlying latent space remains challenging. Re-

searchers continue to explore solutions to address these gaps and further refine the capabilities

of StyleGAN2 and its applications in the field of generative models.

BigGAN [146] is a state-of-the-art generative model known for its impressive scalability and

high-quality image synthesis. It introduces several key techniques and innovations to address

the challenges of generating high-resolution images. BigGAN utilizes a deep convolutional

architecture [13] with a conditional GAN [76] setup, allowing for control over the generated

images based on class labels. It incorporates techniques like self-attention mechanisms [40] to

capture global dependencies and spectral normalization [155] to stabilize training. BigGAN also

introduces truncation trick, which controls the trade-off between image quality and diversity.

The contributions of BigGAN include the generation of highly realistic and diverse images at

high resolutions, surpassing the capabilities of previous models. However, BigGAN has some

gaps, such as controlling specific image attributes beyond class labels remains a challenge,

limiting fine-grained control. Despite these gaps, BigGAN represents a significant advancement

in generative models, showcasing the potential for generating high-quality images with improved
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Table 2.3: Summary of variat GAN architectures and their proporty.

Variants Architectu-
ral novelity

Training
Stability

Mode Collapse Gaps

ProGAN
[37]

Progressive
growing
with
Equalized
Learn-
ing Rate,
Minibath
discrimina-
tion

Improved
stability
by gradual
network
growth &
Equalized
Learning
Rate

Reduced mode
collapse through
gradual learning
& mini bath
Discrimination

Difficulty in
training on
large-scale
datasets

StyleGAN
[147]

Progressive
growing
with noise
injection

Improved
stability
by Noise
Injection

Reduced mode
collapse with
Progressively
growth

Limited scal-
ability for
high-resolution
images

StyleGAN2
[153]

Skip con-
nection &
Mapping
Networks

Improved
stability
via Path
length reg-
ularization

Reduced mode
collapse through
skip connection

High compu-
tational and
memory require-
ments.

BigGAN
[146]

Self-
Attention
Mecha-
nisms with
spectral
normaliza-
tion

Can suf-
fer from
instability
at larger
scales

Reduced mode
collapse with
class-conditional
training

Limited flexibil-
ity in control-
ling specific im-
age attributes

CycleGAN
[154]

Dual Gen-
erator
Discrimi-
nator with
Cycle con-
sistency
loss

Generally
stable
training
by identity
mapping
loss

Reduced with
Cycle loss &
duality

Requirement for
paired data from
both domains,

MS-GAN
[148]

Multi-scale
discrim-
inator
architec-
ture

Improved
stabil-
ity with
multi-scale
analysis

Reduced mode
collapse with
multi-scale dis-
crimination

Complex train-
ing process and
high memory re-
quirements

MSSA-
GAN [39]

Multi-
scale self-
attention
mechanism

Improved
stabil-
ity and
feature
capture

Reduced mode
collapse with
attention-based
modeling

Problems in
Interpretability
and Control
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scalability and control.

CycleGAN [154] is designed for image-to-image translation tasks, where the goal is to learn

mappings between two domains without paired training data. It introduces a cycle consistency

loss, which enforces that the translated images can be successfully reversed back to the original

domain. This regularization promotes stable training and improves the preservation of impor-

tant content during translation. However, in complex domains, CycleGAN can still exhibit

mode collapse, where it fails to capture the full diversity of the target distribution. Despite this

limitation, CycleGAN produces good sample quality for image-to-image translation tasks and

offers faster sampling times compared to some other GAN variants.

Multi-Scale Gradients GAN (MSG-GAN) [148] introduces a hierarchical architecture that

operates at multiple resolutions simultaneously, enabling the generation of diverse images with

fine-grained details. MSG-GAN introduces a multi-scale gradient blending technique, where

gradient from multiple resolutions are combined to enhance the generation process. This tech-

nique allows the model to capture both fine-grained details and global coherence in the gen-

erated images. Additionally, MSG-GAN incorporates spectral normalization [155] to stabilize

the training process and reduce mode collapse. The major contribution of MSG-GAN is its

ability to generate highly realistic and visually appealing images with improved texture quality

and fine details. The multi-scale discrimination also helps reduce mode collapse by encouraging

the generator to generate samples that are consistent across different resolutions. As a result,

MS-GAN generates high-quality samples with multi-scale details, albeit with slower sampling

times due to the increased computational complexity. However, a potential gap of MSG-GAN

lies in the increased computational complexity due to the multi-scale blending technique, which

may require significant computational resources and longer training times.

The Self-Attention Guided Multi-Scale Gradient GAN (SAG-MSG-GAN)[39] represents a

groundbreaking advancement in the realm of generative modeling, offering a novel approach to

enhancing both diversity and realism in generated images. This innovative architecture combines

the strengths of multi-scale gradient networks [148] and self-attention mechanisms [40] to achieve

unprecedented levels of quality and variety in synthesized samples. SAG-MSG-GAN operates

across multiple resolutions simultaneously, allowing it to capture intricate details and features

at different scales. Moreover, the integration of self-attention mechanisms enables the model

to dynamically focus on relevant regions of the input space, thereby enhancing the diversity of
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generated samples while maintaining realism. Consequently, SAG-MSG-GAN produces high-

quality samples with attention-driven synthesis, albeit with slower sampling times due to the

additional computational overhead.

2.6 Computational techniques to reduce Sampling time

The efficiency of sampling time has a profound impact on the usability and real-time capabilities

of generative models, directly influencing interactive experiences and adaptability to changing

conditions [156]. Faster sampling times are essential for dynamic responses to user input and

large-scale data generation, particularly in applications like deep learning model training. The

understanding and improvement of sampling time are crucial for successful deployment in real-

world scenarios. Several factors, such as model complexity, dataset size, hardware infrastructure,

and application requirements, contribute to sampling time and involve trade-offs [157]. Com-

plex models may offer higher quality [49] but require more computation, while larger datasets

necessitate more time for sampling. Hardware capabilities influence computation speed, with

faster hardware enabling quicker sampling, although potentially at a higher cost.

Several techniques have been suggested to improve the sampling time of generative mod-

els, including Knowledge distillation [45], Stochastic differential equations [47], Adaptive noise

schedule [46], and Non-markovian process [158]. Each of these approaches plays a vital role in

optimizing system efficiency, with the shared objective of enhancing the overall efficiency of gen-

erative models. These methods, either directly or indirectly, contribute to improving sampling

time and overall performance, aligning with the pursuit of efficiency in generative models.

2.6.1 Knowledge Distilation

Knowledge distillation is a technique used in generative modeling to compress a large teacher

model into a smaller student model while transferring the valuable information embedded in the

teacher’s output distribution [45, 159]. By minimizing the cross-entropy between the student’s

output distribution and the teacher’s output distribution, the student model can achieve better

performance than if trained independently. This approach is particularly useful in supervised

learning tasks where the teacher’s output captures additional information not present in simple

one-hot labels. For instance, in image classification tasks with multiple plausible categories,

the teacher’s output distribution reflects ambiguity, while a one-hot label provides only a single
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category.

One key requirement for successful knowledge distillation is that the function being learned

must be deterministic. In most supervised learning scenarios, this condition is straightforward

to satisfy since models produce the same output given the same input. However, in generative

modeling, this condition becomes non-trivial. Stochastic models that employ MCMC [160]

techniques like Langevin dynamics, such as score-based and energy-based models, cannot be

used directly as teacher models due to their inherent stochasticity. This limitation hinders their

applicability in knowledge distillation.

Nevertheless, a recent advancement in generative modeling called denoising diffusion implicit

models (DDIMs) [161] shows promise for knowledge distillation. DDIMs are a type of gener-

ative model that produces high-quality samples and offers faster sampling speed compared to

other iterative generative models. Notably, the generative process of DDIMs is deterministic,

making them suitable candidates for knowledge distillation. Their deterministic nature en-

ables the transfer of knowledge from DDIMs to student models, facilitating the compression of

the larger teacher model into a smaller and faster student model. Denoising diffusion implicit

models (DDIMs) [161] are implicit probabilistic models that transform a latent variable using

a deterministic function to model data. However, evaluating this function can be computa-

tionally expensive, requiring multiple forward passes through a neural network. To overcome

this computational burden, the paper [45] proposes distilling the knowledge from the expensive

”teacher” function into a faster ”student” network. In this approach, the student network ap-

proximates the teacher’s output distribution by utilizing only a single network evaluation and

the latent variable.

The paper by Luhman et al. [45] introduces a novel technique for applying knowledge

distillation in iterative generative models, consolidating a multi-step denoising process into

a single step to enhance sampling efficiency. This streamlined method significantly boosts

sampling speed without requiring adversarial training [23], as demonstrated by the Denoising

Student model’s ability to generate high-quality samples comparable to those produced by

GANs [23] and VAE [26] on datasets like CIFAR-10 and CelebA. This approach allows for the

compression of knowledge into a more efficient model, enabling the student network to mimic

the behavior of the teacher network while significantly reducing computational costs. The usage

of knowledge distillation in DDIMs provides a practical and efficient solution for applications
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where computational resources are limited or real-time performance is essential. However, there

is a concern regarding the initialization of the student network. Since the student network is

trained to model the data, initializing it with a teacher network that models the noise may not

be ideal. Secondly, both the teacher network and the student network are conditioned on time,

specifically at timestep T, which corresponds to the highest noise level. These challenges raise

important considerations regarding the initialization and conditioning of the networks, affecting

their performance and ability to accurately model the underlying data distribution.

As a whole, performing knowledge distillation in image generative models can pose several

challenges. One problem lies in preserving the fine-grained details and intricate structures of

the generated images during the distillation process. The compressed ”student” model may

struggle to capture the full complexity of the ”teacher” model’s output distribution, leading to

a loss of fidelity and the generation of less visually appealing images. Additionally, the choice

of an appropriate loss function for distillation is critical. The commonly used cross-entropy loss

may not fully capture the perceptual or structural similarities between the generated images.

This can result in a mismatch between the teacher and student distributions, leading to sub-

optimal knowledge transfer. Furthermore, the computational cost of training a large ”teacher”

model and distilling its knowledge into a smaller ”student” model can be significant, requiring

substantial resources and time. Balancing model size, efficiency, and performance becomes a

crucial consideration in the knowledge distillation process for image generative models.

2.6.2 Adaptive Noise Schedule

In diffusion generative models, an adaptive noise schedule [46] refers to a dynamic strategy

for controlling the level of noise added to the data at each step of the generative process.

The diffusion model gradually refines an initial noise-corrupted image or signal into a realistic

sample. The adaptive noise schedule adjusts the magnitude of noise added at each step based

on the progression of the generation process. Initially, high levels of noise are added to the

input, allowing for easy sampling from a simple distribution. As the model progresses, the noise

level decreases, enabling finer details to be added to the generated sample. Adaptive noise

schedules are crucial for balancing the trade-off between preserving details and maintaining

sample diversity throughout the generation process, ultimately leading to the creation of high-

quality and diverse samples.
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The paper Noise Estimation for Generative Diffusion Models [162] proposes a novel approach

to enhance sampling time in generative diffusion models. The method introduces a neural

network capable of dynamically adjusting noise parameters step-by-step during the denoising

process, thus optimizing synthesis results without requiring separate tuning for each step. Unlike

conventional methods [49] that predefine the steps of the reverse process, this approach estimates

noise levels in the data and schedules subsequent denoising steps accordingly. By adapting noise

parameters dynamically, the model can efficiently adjust noise levels for any number of steps,

resulting in faster and more effective sample generation. This not only simplifies training but

also significantly improves synthesis results while keeping computational costs low, addressing

the issue of slow inference and high computational requirements associated with generative

diffusion models.

2.6.3 SDE solver

Stochastic Differential Equation (SDE) [47] solvers are mathematical algorithms that approxi-

mate the solutions of differential equations incorporating random noise. In diffusion probabilistic

models [49], using advanced SDE solvers can reduce sampling time and improve the efficiency

of the sampling process. These solvers, such as stochastic Runge-Kutta methods [163] or adap-

tive step-size algorithms, offer better numerical stability and precision compared to traditional

solvers. By allowing larger time steps and reducing the number of iterative sampling steps, SDE

solvers enable faster exploration of the probability distribution and generation of high-quality

samples. Additionally, they enhance the modeling capabilities of diffusion models by accurately

capturing long-range dependencies and complex dynamics. However, the choice of SDE solver

involves a trade-off between computational efficiency and accuracy.

The paper Gotta Go Fast When Generating Data with Score-Based Models [48] tackles the

persistent challenge of slow data generation in score-based generative models. These models rely

on forward diffusion processes to transform data into noise and generate samples by reversing

this process. However, the bottleneck often arises from the numerical solvers used to approx-

imate the stochastic differential equations (SDEs) [47], necessitating numerous evaluations of

the score network. To address this, the authors propose a novel SDE solver tailored specifically

for score-based generative models. This solver, featuring adaptive step sizes, is meticulously

designed to optimize performance and sample quality. Remarkably, it achieves high-quality
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Table 2.4: Summary of computational techniques to reduce sampling time
Method Advantages Disadvantages

Knowledge Dis-
tillation • Speeds up sampling by

training a smaller, faster
model to mimic the behav-
ior of the original model.

• Reduces the number of iter-
ative sampling steps.

• Can be used to compress
large models.

• Requires an additional
training step to distill
knowledge from the original
model.

• Loss of some fine-grained
details or complexity com-
pared to the original model.

• Performance depends on
the quality of the distilla-
tion process.

Adaptive Noise
Schedule • Adjusts the noise schedule

dynamically based on the
properties of the target dis-
tribution.

• Can improve sampling ef-
ficiency and convergence
speed.

• Reduces the number of
steps needed to generate
high-quality samples.

• Requires additional compu-
tational overhead to esti-
mate the properties of the
target distribution.

• Complexity in determin-
ing the optimal adaptation
strategy.

• May introduce additional
hyperparameters to tune.

SDE Solvers

• Enables better exploration
and approximation of the
target distribution.

• Provide lower gradient vari-
ance, which can enhance
the stability of learning pro-
cesses.

• Complexity in choosing the
appropriate solver for the
specific modeling task.

• Trade-off between accuracy
and computational effi-
ciency.
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sample generation with only two score function evaluations, significantly reducing sample rejec-

tions and outperforming the commonly used Euler-Maruyama (EM) solver [164]. The proposed

method demonstrates data generation speeds 2 to 10 times faster than the EM solver while

maintaining or improving sample quality, particularly excelling in generating high-resolution

images. Furthermore, the solver eliminates the need for manual step size tuning, simplifying

the data generation process. In essence, by introducing this efficient SDE solver with adaptive

step sizes tailored for score-based models, the authors make a significant contribution to ac-

celerating data generation in score-based generative models, ensuring faster and higher-quality

sample generation.

2.7 Metrics

The evaluation of deep learning models is crucial as it allows us to assess their performance, un-

derstand their limitations, and make informed decisions [165]. It is important because, without

proper evaluation, we cannot determine the effectiveness of a model or its generalizability to

new data and leads to incorrect predictions or decisions. When it comes to evaluating generative

models, which are designed to generate new data samples, several techniques can be employed.

One commonly used approach involves measuring the diversity of the generated samples using

metrics such as the Inception Score or Frechet Inception Distance [166]. These metrics provide

objective measures to evaluate the diversity of the generated samples. They allow us to quan-

tify the quality of the generated data and compare different generative models based on their

performance.

In addition to objective metrics, human evaluation can also be employed to assess the

subjective quality of the generated samples. Human evaluators can provide valuable insights

regarding the realism, coherence, and overall quality of the generated data. By incorporating

human judgment, we can gain a more comprehensive understanding of the generative model’s

performance and its ability to produce samples that are indistinguishable from real data.

2.7.1 FID score

The Fréchet Inception Distance (FID) [166] score is a widely used metric for evaluating the

diversity of generated images in generative models such as Generative Adversarial Networks

(GANs). It measures the similarity between the distributions of real images and generated
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images by comparing their feature representations.

To calculate the FID score, the feature vectors of a set of real images and a set of generated

images are extracted using a pre-trained Inception model [167]. Let’s denote the mean and

covariance of the feature vectors for the real images as µreal and Σreal, respectively. Similarly,

the mean and covariance of the feature vectors for the generated images are denoted as µgen

and Σgen, respectively.

The FID score is derived from the Fréchet distance [168], which measures the distance

between two multivariate Gaussian distributions. It is computed using the following formula:

FID(µreal,Σreal, µgen,Σgen) = ∥µreal − µgen∥2 + Tr(Σreal + Σgen − 2(Σreal · Σgen)1/2) (2.9)

Here, ∥ · ∥ denotes the Euclidean distance, and Tr(·) represents the trace of a matrix. The

FID score is essentially the sum of the squared Euclidean distance between the means of the two

distributions and a term that accounts for the covariance matrices. A lower FID score indicates

a closer match between the distributions of real and generated image features, suggesting higher

diversity and quality of the generated images.

2.7.2 Realism

Realism metrics in the context of generating floorplans refer to the evaluation criteria used to

assess how realistic and plausible the generated floorplans appear [8]. These metrics aim to

measure the extent to which the generated floorplans resemble real-world floorplans in terms

of their layout, spatial organization, and architectural conventions. Realism metrics provide

quantitative or qualitative measures of the fidelity and authenticity of the generated floorplans,

allowing researchers and practitioners to assess the quality and realism of the generated results.

The degree of realism in the generated house layouts is assessed through an evaluation process

involving users with extensive knowledge of architecture.

In contrast to previous research [6, 7, 9, 10], which relied on ratings collected from a review

group consisting of 12 graduate students and 10 professional architects to derive realism scores,

and where reviewers assigned one of four ratings to each layout pair (better [+1], worse [-

1], moderate [0]), our approach introduces a more objective evaluation method. By using a

questionnaire-based assessment, we aim to minimize potential subjectivity and biases inherent in
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human ratings. This shift towards objectivity provides a more reliable and consistent evaluation

process for assessing the realism of layout designs. Instead of relying solely on subjective

judgments, our approach employs predefined criteria to systematically evaluate layout pairs,

enabling a more standardized and rigorous assessment process. By gathering insights from this

structured evaluation, we can make more informed and objective assessments of layout quality,

enhancing the reliability and robustness of our findings.

2.8 Related work

At the heart of generative models’ effectiveness lies the optimization of two critical elements:

diversity and efficiency in sample generation [33]. In recent years, researchers have delved into

inventive approaches, algorithms, and architectural adjustments to tackle these challenges. By

focusing on enhancing diversity, which ensures the generation of varied and realistic samples,

and improving efficiency, which streamlines the generation process, these efforts aim to push the

boundaries of generative model capabilities. Through innovative techniques and advancements

in generative models, researchers strive to unlock new potentials, enabling applications across

various domains. In the subsequent section, we will discuss related works that are directly

relevant to the techniques used in our study.

HouseGAN [8] introduces a novel approach to graph-constrained generative adversarial net-

works (GANs) [23], aiming to incorporate constraints into the graph structure of its relational

networks. This research represents a pioneering endeavor in employing deep learning genera-

tive models for such purposes. By leveraging the graph structure, HouseGAN [8] effectively

encodes the desired constraints, resulting in floorplan generation with improved adherence to

architectural guidelines. Furthermore, HouseGAN exhibits moderate diversity in the generated

floorplans through the incorporation of a progressive growing mechanism [37]. Although it does

not directly address the sampling time issue inherent in GANs due to their single-shot noise in-

jection nature, HouseGAN achieves faster generation speeds compared to alternative approaches

in the field. While it is at the forefront of generating floorplans using deep generative models,

it still encounters challenges in accurately producing floorplans with doors and non-Manhattan

layouts.

Building upon the foundation laid by HouseGAN [8], HouseGAN++ [6] introduces a pow-

erful framework for floorplan generation. It combines a graph-constrained relational GAN
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and a conditional GAN [76], with the integration of a non-iterative training process known as

component-wise GT-conditioning to train the generator. Additionally, HouseGAN++ leverages

meta-optimization techniques [169]. These techniques have a twofold effect on the generation

process. Firstly, they enhance the diversity of the generated floorplans by allowing the model

to capture and preserve high-level layout features while refining the details. This results in a

wide range of visually distinct and architecturally viable floorplans. Secondly, the combination

of the non-iterative training process and the intelligent use of meta-optimization techniques

contributes to a fast sampling time. This enables efficient and rapid generation of floorplans,

making HouseGAN++ [6] a compelling choice for real-time design exploration and iterative

floorplan refinement. While HouseGAN++ demonstrates improved performance compared to

its baseline, it may still encounter difficulties in generating complex floorplans and occasionally

generates separate floorplans.

Another research on floorplan generation, HouseDiffusion [7] introduced by Shabani et al.,

presents an innovative approach to vector floorplan generation using a diffusion model. This

model employs a two-fold inference objective aimed at denoising the 2D coordinates of room

and door corners: treating noise as a continuous quantity for precise inversion of the contin-

uous forward process and treating the final 2D coordinate as a discrete quantity to establish

geometric incident relationships such as parallelism, orthogonality, and corner-sharing. These

objectives aim to broaden the distribution and enhance the diversity of generated floorplans,

albeit at the cost of increased generation time. Despite its proficiency in generating diverse

floorplans, HouseDiffusion faces challenges with slow sampling times. This can be attributed

to several factors, including the complexity of the diffusion model [24] involving multiple itera-

tions and computations, as well as the computational demands of the Transformer architecture

[89]. Furthermore, the graph-conditioned nature of the floorplan generation task and the need

to incorporate constraints further contribute to the slower sampling time. Additionally, the

combination of continuous and discrete denoising steps adds complexity and time required for

sampling, collectively resulting in the observed slower sampling time in HouseDiffusion [7].

In line with the methodology proposed in Housediffusion [7], End-to-end Graph-constrained

Vectorized Floorplan Generation [9] also endeavors to synthesize floorplans as sequences of 1-

D vectors, thereby enhancing user interaction and enabling tailored design customization. To

generate high fidelity vectorized floorplans, they propose a novel two-stage framework, includ-
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ing a draft stage and a multi-round refining stage. In the first stage, they encode the room

connectivity graph input by users with a graph convolutional network (GCN) [97], then apply

an autoregressive transformer network [170] to generate an initial floorplan sequence. To polish

the initial design and generate more visually appealing floorplans, they further propose a novel

panoptic refinement network (PRN) [9] composed of a GCN [97] and a transformer network

[170]. The PRN takes the initial generated sequence as input and refines the floorplan design

while encouraging the correct room connectivity with our proposed geometric loss.

Another research that generates floorplans like houseGAN++ [6] is GTGAN [10]. GTGAN

is a novel approach that aims to generate floorplans and roofs using the LIFULL HOME’s

dataset . It incorporates graph convolution networks and Transformers to capture local and

global interactions for graph-constrained house generation. The key contributions of GTGAN

include the introduction of connected node attention (CNA) and non-connected node attention

(NNA) modules, which enable the modeling of relationships between nodes in the graph. The

approach consists of a graph Transformer [171] based generator, a node classification-based

discriminator, and a graph-based cycle-consistency loss. GTGAN [10] achieves significant per-

formance improvements compared to existing methods, although it may have slower sampling

times due to the combination of graph convolution networks and Transformers, along with the

incorporation of graph node attention modules. Despite this, GTGAN prioritizes generating

realistic and visually appealing results.

Table 2.5 provides a comprehensive summary of various approaches employed for floorplan

generation utilizing different generative models. Each method is evaluated based on several

comparable properties such as model type, employed techniques, and architectural considera-

tions. The diversity and sampling column in the table visually represents the performance of

these methods, with a green triangle ( ) indicating superior performance, blue triangle ( )

moderate, and a red triangle ( ) indicating inferior performance in the respective areas.

From the above table 2.5, it becomes evident that the majority of floorplan generative mod-

els have primarily focused on aspects such as realism and diversity, while largely neglecting the

time required to generate floorplans. The emphasis has been on producing visually appealing

and diverse floorplans without giving due consideration to the speed of the generation process.

This oversight is significant because, in real-world applications, the time required to generate

floorplans can be a critical factor, especially when dealing with large-scale or time-sensitive
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Table 2.5: Comparative Analysis of Floorplan Generation Methods

Name Model Archite

cture

Techniques Dive

rsity

Sampling

time

House
GAN[8]

GAN CMPN Up/Down Sampling

PostProcessing

House-

GAN++[6]
GAN CMPN

GT-conditioning

Up/Down Sampling

Meta-Optimization

HouseDi-
ffusion[7]

DM Transformer

Continues Denoising

Vectorization

Discrete Denoising

EndToEnd
[9]

AUM Transformer

GCN

Vectorization

Panoptic Refinement

GTGAN
[10]

GAN GCN+ViTs

cycle-consistency loss

Node classification

projects. By disregarding the time aspect, these models may fall short in meeting the practical

requirements and constraints of users who need quick and efficient floorplan generation. There-

fore, our research aims to bridge this gap by developing models that not only prioritize realism

and diversity but also take into account the time required to generate floorplans, ensuring a

balance between quality and efficiency.
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Chapter 3

Methodology

The objective of this work is to propose a method that balances the sampling time and diversity

while maintaining the realism of the generated floorplan. This is accomplished through the

integration of a GAN (Generative Adversarial Network) [23] and diffusion model [24], coupled

with various regularization and training methodologies. The forthcoming subsection, referenced

as Subsection 3.1, provides an elaboration on the research methodology adopted in this pursuit.

3.1 Research Metodology

To conduct our research, we have chosen to adopt the Design Science Research Process (DSRP)

[172] as our methodology. DSRP is a systematic and iterative approach widely employed in

information systems and computer science for developing practical artifacts. By embracing the

DSRP methodology, we aim to effectively address our objective of resolving an existing prob-

lem through a novel approach. This systematic and rigorous approach ensures the structured

development and evaluation of an innovative solution for the challenge of floorplan generation,

specifically focusing on achieving a balance between sampling time and diversity. Adhering to

the DSRP, we identify key problem areas, define clear research objectives, design and develop a

robust floorplan generation technique, demonstrate and evaluate its effectiveness, and commu-

nicate our research findings. We followed the following steps throughout the research process

which is also depicted in Figure 3.1.

Figure 3.1: Research Design

• Problem identification:

To identify the research problem, we took a multifaceted approach, conducting an in-depth



exploration of generative models and the existing landscape of floorplan generation tech-

niques. Our initial step involved extensive research to gather insights and knowledge on

the subject matter. Subsequently, we undertook a comprehensive literature review, care-

fully examining studies, papers, and publications relevant to floorplan generation. This

thorough analysis enabled us to identify common problems and challenges consistently

mentioned across different sources. Equipped with this information, we meticulously an-

alyzed and scrutinized the identified problems, seeking to understand their underlying

causes and implications. Through this critical evaluation, we were able to carefully se-

lect and define the research problem, which served as the core focus of our investigation

as outlined in section 1.2. This rigorous process ensured that our research efforts were

directed towards addressing a significant and relevant issue within the realm of floorplan

generation, establishing a solid foundation for our subsequent research endeavors.

• Objective Formulation:

After identifying the research problem, we proceeded to formulate a research question,

as outlined in section 1.3. To effectively address these research questions, we formulated

clear aims and objectives for our study. We initially established a general objective in

Subsection 1.4, which provided a comprehensive direction and purpose for our project,

serving as the guiding principle for our research. Subsequently, we defined specific objec-

tives that allowed us to break down the general objective into smaller, more manageable

components. These specific objectives acted as actionable steps, providing a focused and

structured approach to our research endeavors. By establishing these specific objectives,

we created a well-defined roadmap that facilitated our progress and ensured we stayed on

track throughout the research process.

• Design and development: During this pivotal step, we introduce a groundbreaking

approach that harnesses the combined capabilities of Generative Adversarial Networks

(GANs) and diffusion models to address the delicate balance between sampling time and

diversity. Our method capitalizes on the strengths of each model, leveraging GANs’

ability for efficient sampling and diffusion models’ capacity to generate diverse samples.

To further enhance our design and development process, we delve into exploring various

techniques, including regularization techniques and architectural modifications. These
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explorations aim to refine our approach, ensuring its effectiveness in achieving our objec-

tives.

• Experimentation: Through systematic experimentation, we rigorously assess the im-

pact of different regularization techniques on model performance, aiming to mitigate

overfitting and enhance generalization capabilities. Additionally, we explore the potential

synergies of hybrid models, combining the strengths of multiple approaches to achieve su-

perior performance in floorplan generation tasks, as shown in chapter 4 ablation studies.

By conducting experiments on these parameters, we strive to uncover insights that ad-

vance the field and contribute to the development of more effective and robust generative

models for floorplan generation.

• Evaluation:

In this step, we evaluate the performance of our solution based on predefined metrics

and criteria. As shown in chapter 4, We measure the diversity of generated images using

established evaluation methods and analyze the sampling time efficiency. Additionally,

we gather feedback from domain experts and users to gain insights into the practical

implications of our solution.

3.2 Design and development

The design and development phase adheres to typical machine learning training procedures,

illustrated in Figure 3.2, which outlines five main operations: Data Acquisition, Preprocessing,

Training, Post-Processing, and Deployment. Subsection 3.2.1 elucidates the data acquisition

process, while subsection 3.2.2 delves into preprocessing techniques. Subsection 3.2.3 outlines

the modeling of the diffusion-based GAN. Additionally, subsection 3.2.3 discusses a method for

visualizing generated floorplans through post-processing. However, the deployment step is not

addressed in this work, as it falls outside the scope of our research.

3.2.1 Data Acquisition

Acquiring pertinent data is pivotal for effectively investigating and validating our research

hypotheses. To ensure the reliability and authenticity of our findings, we have meticulously

selected the RPLAN dataset [173], comprising an extensive compilation of 60,000 real residential
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Figure 3.2: From Data Acquisition to Deployment

building layouts. Each floor plan in the dataset is meticulously annotated at the pixel level,

providing semantic information. These floor plans typically encompass 5 to 8 rooms with sizes

ranging from 10 to 20 square meters, all including a living room. Furthermore, the overall

size of the floor plans within the dataset varies between 60 to 120 square meters. We opted

for the RPLAN dataset due to its relevance and representativeness, closely aligning with the

objectives of our study. Crafted by professional architects, each floor plan in this dataset is

represented as pixel images, notable for its richness in architectural intricacies and diversity in

design styles, thus rendering it an ideal resource for our research objectives. Leveraging this

meticulously curated dataset, we endeavor to extract meaningful insights, validate our proposed

methodologies, and advance the state-of-the-art in our domain of study.

In order to train the model, the floorplan samples are divided into four groups based on the

number of rooms: 5, 6, 7, or 8 rooms. During the training phase, the samples in each group

are excluded to prevent methods from merely memorizing them [8]. This exclusion encourages

the development of innovative methods that can generate new floorplan layouts and adapt to

diverse room configurations within each group. Subsequently, during the evaluation process, the

excluded groups serve as a benchmark to assess the methods’ generalization abilities. By eval-

uating the methods on these unseen room configurations, their performance can be accurately

evaluated. Furthermore, during the testing phase, the methods are tested on completely unseen

floorplan samples to validate their effectiveness in generating diverse and novel layouts. This

approach ensures that the methods are robust, capable of handling various room configurations,

and capable of producing reliable and creative floorplan solutions.
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3.2.2 Data preprocessing

Recognizing the impact of directly using acquired floorplans on performance, we undertake a

crucial step: preprocessing. As we prepare for model training, we embark on a journey of refining

our raw RGB floorplan images (depicted in Figure 3.3). Inspired by the innovative techniques

found in HouseGAN++ [6], we meticulously craft a series of preprocessing steps. Essentially,

our preprocessing journey entails rescaling [174], vectorization [175], and graph formation [8].

Firstly, we meticulously resize each image, ensuring uniformity and consistency at a resolution

of 256x256. This step lays the foundation for subsequent transformations, providing our models

with a standardized canvas to work on [174].

Next, we delve into the intricate world of floorplan vectorization used to capture the essen-

tial information. Unlike conventional approaches that heavily rely on techniques such as edge

detection [176] and filtering [177], our research takes a different path by adopting the ”Raster-

to-Vector” (RtV) method proposed by Eli et al. [175] in their work on revisiting floorplan

transformation. Conventional methods often depend on a series of low-level image processing

heuristics, which may struggle to accurately capture the intricate details and semantic informa-

tion present in the input images [178]. In contrast, the RtV method [175] combines convolutional

neural networks [13] with Integer Programming [179] to overcome these limitations and gener-

ate precise vectorized representations of our floorplans. By leveraging a Convolutional Neural

Network (CNN) [13] for wall junction extraction and pixel-wise room classification, the RtV

method [175] effectively captures both geometric and semantic information at a granular level.

Subsequently, utilizing Integer Programming [179], the RtV method generates primitives rep-

resenting spatial structures such as walls and doors, ensuring adherence to inherent constraints

within the floorplans, such as room enclosure and structural consistency.

The vectorized output of the floorplan encapsulates key details about room types, spatial

boundaries, and room connectivity. Categorizing rooms aids in their classification, while precise

coordinates delineate room boundaries. Each room specifies its starting and ending coordinates,

facilitating visualization and spatial analysis. Additionally, connections between rooms offer

insights into room adjacency and floorplan organization. Together, these components provide

a comprehensive understanding of the floorplan’s layout and spatial relationships.
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Figure 3.3: Raw Floorplan.

In the visualization illustrated in Figure 3.4, each extracted mask represents a unique room

type and is delineated using a grayscale representation. These masks symbolize various room

classifications according to the predefined room class, where each room type is assigned a unique

numerical identifier. For instance, the living room is represented by the value 1, the kitchen by

2, the bedroom by 3, the bathroom by 4, the balcony by 5, the entrance by 6, the dining room

by 7, and the study room by 8. Additional classifications include storage areas represented by

10, the front door by 15, unknown regions by 16, and interior doors by 17.
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Figure 3.4: Extracted Masks.

After converting the raster floorplan into a vectorized representation, the subsequent step

involves creating a graph that depicts the connectivity of architectural components like rooms,

walls, and doors [8]. This graph-based representation offers several benefits. Firstly, graphs

provide a structured and organized approach to capture the spatial relationships and connec-

tions between different elements of the floorplan [51]. This information is crucial for generating

floorplans that are coherent and realistic, ensuring that the generated layouts adhere to ar-

chitectural principles. Secondly, representing the floorplan as a graph enables the utilization

of graph-based algorithms and techniques [8]. These algorithms can leverage the connectivity

information encoded in the graph to generate new floorplan layouts while preserving spatial

coherence and adhering to architectural constraints.

To construct this graph, each room within the vectorized floorplan is transmuted into a
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node, serving as a foundational element [8]. Leveraging the wealth of information extracted

from the floorplan, including room details and types, we meticulously populate these nodes with

attributes, enabling a comprehensive representation of the floorplan’s layout and organization.

Figure 3.5: Graph representation.

Yet, it is the establishment of edges within this graph that truly breathes life into our

representation. By carefully analyzing the positions of doors in each room, we discover how

different spaces within the floorplan interact with each other [8]. We do this by observing if

a door in one room is located on the same wall as a door in another room [6]. These shared

walls and close proximity between doors act as signals, guiding us to create edges or connections

between the corresponding rooms (Nodes) in the graph representation [6].

3.2.3 Modeling

The modeling approach presented in this work combines two powerful methods: Generative

Adversarial Networks (GANs) [23] and diffusion models [49], as depicted in Figure 3.6. In the

forward process, diffusion occurs across time steps, introducing noise along the way. Conversely,

the reverse process leverages GANs in a multimodal [50] framework. The GAN architecture

consists of a generator utilizing convolutional message passing [116] with attention network

[117] and upsampling techniques, while the discriminator employs convolutional message passing

[116] with attention network [117] and downsampling operations. Additionally, to control the

temporal dynamics, sinusoidal time embedding is employed at each up or downscale operation,

enabling fine-grained manipulation of time representations within the model.
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Figure 3.6: Floorplan Generation Model.

3.2.3.1 Forward Diffuision Process

The preprocessed graph data is subsequently fed into the forward diffusion process, allowing

for an exploration of the underlying data distribution [180]. The previous approaches [181, 182]

perform a forward diffusion process by embedding the graphs in a continuous space and adding

Gaussian noise [21] to the node features and graph adjacency matrix. However, when the

graphs are embedded in a continuous space, there is a risk of losing important discrete structural

information, such as connectivity or cycle counts. Additionally, the Gaussian noise added to the

node features and adjacency matrix can further obscure the underlying structural properties of

the graph. Consequently, the denoising network may face challenges in accurately capturing and

restoring the original graph’s structural properties from the noisy inputs [180]. This limitation

can potentially result in suboptimal performance in tasks that heavily rely on the graph’s

structural information.

To address this concern, we deviate from the conventional approach of treating the graph

as a continuous space. Instead, inspired by the motive of DiGrees [180], we choose to treat the

graph as a discrete space. Our model handles graphs with categorical node and edge attributes,

represented by the spaces X and E, respectively, with cardinalities a and b. We use xi to

denote the attribute of node i and xi ∈ Ra to denote its one-hot encoding. These encodings are

organized in a matrix X ∈ Rn×a where n is the number of nodes. Similarly, a tensor E ∈ Rn×n×b
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groups the one-hot encoding eij of each edge, treating the absence of an edge as a particular

edge type.

Similarly to diffusion models for images, which apply noise independently on each pixel, we

diffuse separately on each node and edge feature. As a result, the state-space that we consider

is not that of graphs (which would be too large to build a transition matrix) [180], but only

the node types X and edge types E. For any node (resp. edge), the transition probabilities

[183] are defined by the matrices [QX
t ]ij = q(xt = j|xt−1 = i) and [QE

t ]ij = q(et = j|et−1 = i).

Adding noise to form Gt = (Xt, Et) simply means sampling each node and edge type from a

categorical distribution defined by :

q(Gt|Gt−1) = (Xt−1Q
X
t , Et−1Q

E
t ) and q(Gt|G) = (XQ̄X

t , Q̄E
t ) (3.1)

for Q̄X
t = QX

1 ...QX
t and Q̄E

t = QE
1 ...Q

E
t .

In our discrete denoising diffusion model for graphs, we incorporate a cosine noise sched-

ule [49] to control noise levels during the diffusion process. As shown in figure 3.7, the cosine

noise schedule offers a smooth transition, avoiding sudden fluctuations and enabling a controlled

evolution of the graph structure. This scheduling strategy addresses two key considerations:

introducing sufficient noise for exploration and diversification, and preserving the underlying

structural integrity [49]. By gradually increasing the noise level using the cosine function, we

encourage progressive perturbation while avoiding excessive disruption [84]. This ensures that

important structural properties, such as connectivity and cycle counts, are retained in the gen-

erated graphs. The inclusion of the cosine noise schedule strikes a balance between exploration

and preservation, allowing for diverse graph generation while maintaining meaningful and in-

terpretable structural properties.
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Figure 3.7: Noise Scheduler. Source: Lin et al. [2]

3.2.3.2 Architecture

Unlike Convolutional Neural Networks (CNNs) [13], which may struggle to effectively capture

spatial relationships [100], our architecture harnesses the power of Graph Neural Networks

(GNNs) [51] to address this challenge. GNNs are uniquely equipped to capture intricate spatial

dependencies between rooms in floorplan data by explicitly modeling graph structures and

leveraging message-passing techniques [51]. By leveraging GNNs, we aim to overcome the

limitations of CNNs and achieve a more comprehensive understanding of the spatial layout

inherent in floorplan data.

Among the various variants of Graph Neural Networks (GNNs) [51], our architecture is

constructed upon an attention-based Convolutional Message Passing Network. This pioneering

framework integrates the merits of attention-based message-passing networks with convolutional

layers.

1. Message Passing Network (MPN)

Message passing is a fundamental concept in graph-based machine learning, where information

is exchanged between nodes to enhance understanding and representation [128]. Existing mes-

sage passing techniques like GCN [97] and GAT [117] often operate in single vector form, which

may lack the capacity to comprehensively capture all feature volume information [116]. Con-

versely, if they can handle feature volume information like CMPN [116], they may not conduct

adequate message passing, thus affording equal opportunity to all nodes [117]. Consequently, in
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response to these limitations, we have developed weight-based feature message passings employ-

ing attention mechanisms. This approach enables the model to dynamically assign importance

to different nodes based on their relevance, allowing for more effective information propagation

and improved adaptation to the underlying graph structure [117].

“Attention is all you need.” Ashish Vaswani, et al.

Unlike Conventional attention mechanisms [89] primarily operate on sequence data, employ-

ing fixed-length vectors for input representation and computing attention through dot product

or similarity functions between elements, our graph attention mechanisms specialize in graph-

structured data, utilizing the graph structure with node features for input representation and

performing attention computation through graph convolution operations. While conventional

attention mechanisms are limited to modeling relationships between adjacent sequence elements

and contextualizing elements based on neighboring elements, graph attention mechanisms excel

in capturing relationships between arbitrary graph nodes and contextualizing nodes based on

their interactions with neighboring nodes. Moreover, graph attention mechanisms provide an

explicit measure of node importance by assigning importance scores to nodes based on neigh-

borhood relationships, whereas conventional attention mechanisms lack this feature [117].

The key idea in attention-based convolutional message passing is to compute attention

coefficients that capture the importance of each neighbor for a given node. This approach allows

the model to selectively focus on relevant information during the aggregation process [117]. As

shown mathematically in equation 3.3, attention scores between pairs of nodes are computed

using a shared weight matrix. These scores are then normalized using the softmax function,

resulting in attention coefficients that represent the relative importance of each neighbor. The

attention coefficient measures the importance of current node v for connected node w or non-

connected node r, employing a shared attention mechanism across all nodes.

αk
wv = softmax(LeakyReLU(ak⊤ · [W kfv∥W kfw])) (3.2)

The operation starts by linearly transforming the feature representations of the current node v

and connected node w using the respective learnable weight matrices W k. Next, these trans-

formed features are concatenated together. The resulting concatenation is then subjected to

a dot product operation with a learnable weight vector ak. The dot product result is passed
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through a LeakyReLU activation function to introduce non-linearity. This value represents the

initial importance or relevance of the connected node w to the current node v within the k-th

attention head.

To obtain the final attention coefficients, the softmax function is applied to the dot product

result. The softmax function normalizes the values across all connected nodes w for a given

current node v, producing a probability distribution. The resulting attention coefficients indi-

cate the relative importance of each connected node w in influencing the current node v during

information aggregation and processing.

Then, through the multiplication of the attention coefficients with the corresponding neigh-

bor node features and their subsequent pooling operation, a weighted aggregation of information

is attained, as illustrated in equation 3.3. This aggregation step allows the node to incorporate

information from its neighbors based on their importance, capturing the most relevant aspects

of the graph structure.

fv ← CNN
(
fv; Poolw∈N(v)α

k
wvfw; Poolr∈N(v)α

k
rvfr

)
(3.3)

To aggregate information and capture global insights [8], our approach involves performing

message passings across both connected and non-connected nodes. Specifically, we employ

attention-based message passing to update the current feature vector fv. This process in-

cludes pooling the features of connected nodes (Poolw ∈ N(v)αkwvfw) and non-connected

nodes (Poolr ∈ N(v)αkrvfr) using attention weights αk
wv and αk

rv, respectively. By incorpo-

rating attention mechanisms, our model dynamically assigns importance to neighboring nodes,

facilitating effective information propagation and enabling the model to capture both local and

global dependencies within the graph structure.

In our experiments, we explored different pooling methods, namely max, sum, and mean

poolings, to encode the messages effectively. Among these methods, the max pooling opera-

tion yielded the best results. By employing max pooling, we were able to capture the most

salient features from both connected and non-connected nodes, thereby enhancing the overall

performance of our model. It allowed us to effectively extract and incorporate the most rele-

vant information during the message passing process, contributing to improved representation

learning and enhanced model capabilities.
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Figure 3.8: Message passing operation across connected and nonconnected nodes

Hint: The diagram shown in Figure 3.8 illustrates the process of Message Passings. In this

diagram, there are different types of nodes represented by various colors. The red node represents

the current node, denoted as fv, which is the focal node we are focusing on. The non-connected

yellow nodes represent the neighboring nodes of the current node, specifically Poolw∈N(v)fw.

These yellow nodes represent the pooled information from the nonconnected nodes to the current

node. The connected purple nodes represent the other nodes that are directly connected to the

current node, denoted as Poolr∈N(v)fr. These purple nodes represent the pooled information

from the connected nodes to the current node.

2. Convolution Layer

As shown in equation 3.3, the concatenated features obtained from the previous message passing

steps are processed by a convolutional neural network (CNN) [13]. Convolutional operations

are crucial in capturing local patterns and relationships within the graph. By applying filters

to the feature vectors of the graph nodes, the CNN extracts and aggregates information from

the immediate neighborhood of each node, capturing essential local dependencies and patterns

[116]. This allows the network to understand the underlying structure of the graph. The use

of convolutional operations also enables parameter sharing, reducing the number of parameters

and enhancing generalization [13]. Through the iterative application of convolutional operations

and aggregation of information from neighboring nodes, Our model propagates and integrates

local information to capture global patterns and dependencies, resulting in informative repre-

sentations of the room-wise feature volumes.
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3.2.3.3 Generator

As we know, the generator in a Generative Adversarial Network (GAN) is a vital component

responsible for synthesizing new data samples [23]. In our approach, we employ the generator

in a reverse diffusion process, utilizing it in a multimodal fashion. Its main objective is to learn

a mapping function from a latent space to the data space, enabling the generation of diverse

and high-quality samples that resemble the distribution of the training data [33].

Figure 3.9: A schematic overview for generators operation.

In our proposed approach, the generator in the GAN operates using a graph format. To

begin, we utilize a given bubble graph as the input graph representation. As shown in figure 3.9,

these nodes are initially initialized with 128-dimensional noise vectors, which are sampled from

a normal distribution. To incorporate additional room-specific information, an 18-dimensional

room-type vector is concatenated with the noise vector for each node. This room-type vector is

encoded in the one-hot format, where each dimension corresponds to a specific room index. By

combining the noise vector and the room type vector, we obtain a 146-dimensional vector. This

comprehensive vector serves as the representation of the input bubble graph within the graph,

encompassing both the random noise and the room type information. To expand this vector, a

linear reshape operation is performed, resulting in an (8x8x16) feature volume.

In the subsequent steps, the feature volumes undergo a series of operations to enhance

their resolution and capture more detailed information [8]. Initially, the feature volumes are
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fed into a message passing network, where information is aggregated and updated. Following

this, an upsampling operation is performed, resulting in a feature volume of size (16x16x16).

The upsampled feature volume is then fed back into the message-passing network. Another

round of upsampling is conducted, yielding a feature volume of size (32x32x16). Finally, the

last message passing and upsampling operation is performed, resulting in a feature volume of

size (64x64x16). These operations, including upsampling and utilization of the Convolutional

Message Passing Network, aim to increase the resolution and enrich the feature representation

of the volumes, facilitating more detailed analysis and processing [37].

To ensure compatibility with the discriminator’s input dimensions [23], we employ a three-

layer Convolutional Neural Network (CNN) to convert the feature volume into the desired

segmentation mask of (64x64x1) dimensions. This CNN architecture applies a series of con-

volutional operations to learn and extract features from the input, resulting in a mask that

accurately delineates the segmentation of the floorplan at the desired resolution. It should be

noted that the output of the generator typically takes the form of a graph rather than a raster

format.

3.2.3.4 Discriminator

Another crucial component is the discriminator, which takes graph-formatted inputs and is

trained on both generated graphs and preprocessed real graphs. The discriminator’s main

objective is to distinguish between these two types of inputs and determine their authenticity

[23]. It receives graph representations, either generated by the generator or from real data, as

its input. Through training, the discriminator learns to differentiate between the features and

patterns present in the generated graphs and the real graphs. This adversarial training process

encourages the generator to produce more realistic and coherent graphs that closely resemble

the true underlying graph distribution.

The discriminator takes as input a graph representation of room segmentation masks (64x64x1).

To incorporate room type information into this segmentation mask, a one-hot encoded room

type vector is passed through a linear layer, and reshaped to a (64x64x8) format. This process

ensures that the discriminator has access to both the spatial information of the segmentation

mask and the categorical information of the room types [6].

Next, a three-layer CNN is applied to the concatenated features, resulting in a (64x64x16)
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Figure 3.10: A schematic overview for discriminators operation.

feature volume. Subsequently, three downsampling and four ConvMPN modules are applied.

These steps can be considered as the reverse of the upsampling and ConvMPN modules applied

in the generator. The downsample operation reduces the spatial resolution of the feature volume

while capturing more abstract information [37], and the ConvMPN module performs message

passing and aggregation operations, incorporating information from neighboring features.

Lastly, a three-layer CNN is applied again to the processed feature volume, resulting in

a 128-dimensional vector. This final CNN module extracts discriminative features from the

feature volume and maps them into a lower-dimensional space, which serves as the output

representation of the discriminator. By applying these operations, the discriminator learns to

distinguish between real and generated room segmentation masks by capturing both spatial and

categorical information and extracting meaningful features for discrimination.

To enhance the diversity of the generated floorplans, our discriminator incorporates the tech-

nique of mini-batch discrimination during training [39]. Mini-batch discrimination introduces

additional information into the discriminator’s computation by considering multiple samples

within a mini-batch. This technique aims to encourage the generator to produce a broader

range of unique and distinct floorplan outputs [42]. During training, the discriminator plays a

crucial role in distinguishing between the generated floorplans and real floorplans. By incor-

porating mini-batch discrimination, the discriminator not only focuses on individual samples
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but also considers the relationships between samples within the mini-batch. This allows the

discriminator to capture patterns and variations that may arise from the generator producing

similar or repetitive floorplans [39].

3.2.3.5 Spectral Normalization

In our methodology, we leverage key components for improved training and diverse generation

of floorplans: spectral normalization in the convolution layers [41]. Spectral normalization

is applied to the weight matrices of the convolution layers in the discriminator network. This

technique stabilizes the training process by constraining the magnitude of the weight parameters

and controlling the Lipschitz constant [145]. By doing so, spectral normalization prevents the

discriminator from dominating the training dynamics and helps maintain a balance between

the discriminator and the generator. This regularization method enhances training stability,

reduces mode collapse, and promotes diversity in the generated floorplans [77].

Wspectral =
W

σ(W )
(3.4)

The spectral norm, σ(W ), is calculated using the power iteration method. It involves iteratively

multiplying the weight matrix with its transpose until convergence to approximate the largest

singular value, which corresponds to the spectral norm.

By dividing the weight matrix by its spectral norm, we normalize the weight parameters.

This ensures that the discriminator does not dominate the training dynamics and maintains

a balanced interaction with the generator. The regularization effect of spectral normalization

improves training stability, reduces mode collapse, and promotes diversity in the generated

floorplans. This allows the generator to explore a wider range of design possibilities, resulting

in more varied and diverse floorplan outputs [39].

3.2.3.6 Training Algorithms

In conventional diffusion models [24, 49, 84], noise is typically introduced to the training data

during the forward process, while the reverse process aims to gradually remove the added noise

through iterative unimodal denoising steps, as shown in figure 2.3. However, this unimodal

denoising process often involves performing a large number of denoising steps, which can signif-

icantly impact the time required for sampling [33]. The iterative nature of the denoising steps,
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although effective in restoring the noise-free data, can result in slower sampling times due to

the prolonged computations involved in each step [45].

However, our model, as depicted in Figure 3.11, introduces a significant departure from

the conventional methodology by implementing the reverse process in a multimodal fashion,

integrating a GAN model through adversarial training. This incorporation allows our model to

perform multiple denoising steps in the reverse process [33]. The advantage of this approach is

that it can lead to reduced denoising steps, resulting in optimized sampling time. By performing

multiple denoising steps, our model gains the ability to explore and capture diverse modes of

the noise-free data distribution. This flexibility enables our model to effectively handle complex

data distributions and capture different plausible denoised outputs. Consequently, it enhances

the overall performance of our model by providing a more comprehensive representation of the

underlying data distribution.

Figure 3.11: Forward and backward of or model training.

The training algorithm (algorithm 4) begins by sampling a batch of real data samples,

denoted as X, from the dataset. These real data samples will be used to train our model.

Additionally, noise is applied to the real data batch at each time step T using the noise function

Q(Xt|Xt−1). This noise injection is performed to introduce variability and help the model learn

robust representations [84].
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Figure 3.12: Pipeline for training algorithms

Algorithm 4 Training Algorithm

1: Sample a batch of real data examples X from the dataset.
2: Apply noise Q(Xt|Xt−1) to the real data batch at time step T .
3: for each training iteration do
4: for each denoising step t do
5: Train the Discriminator on real data : D(Xt−1, Xt, t).
6: Train the Generator on random noise: G(Xt, Z, t).
7: Posterior Sampling Q(Xt−1|Xt, X0).
8: Calculate the Loss of Generator (L G).
9: Train Discriminator on fake data (Generated) : D(Xt−1, Xt, t).

10: Calculate the Loss of Discriminator (L D).
11: end for
12: Update the parameters of the generator G and discriminator D networks by the

following losses:
13: Generator loss: LG = −Ez∼Pz [D(G(Xt, z, t))]
14: Discriminator loss: LD = −Ex∼Pr [D(Xt−1, Xt, t)] +Ez∼Pz [D(G(Xt, z, t))] + λ ·GP
15: end for
16: Perform denoising by minimizing the difference between Xt and Xt−1 using a multi-

modal conditional GAN approach.
17: Repeat the training loop until convergence or for a fixed number of iterations.

Now it’s a time in which learning performs via a backward diffusion process [49]. The
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algorithm then enters a training iteration loop. Within each iteration, a series of denoising

steps are performed. At each denoising step t, the Discriminator is trained on the real data

samples Xt−1 while conditioning on Xt, using the loss function D(Xt−1, Xt, t). This step aims

to improve the Discriminator’s ability to distinguish between real and generated data [23].

Simultaneously, the Generator is trained on random noise Z and the denoised sample Xt as

conditioning, using the function G(Xt, Z, t). This step encourages the Generator to generate

samples that resemble the real data distribution [23].

Following the training of the Discriminator and Generator, posterior sampling is performed

to estimate the distribution Q(Xt−1|Xt, X0). This step helps refine the generator’s output by

considering the generated sample Xt and the initial sample X0 [49]. The Loss of the Generator

(L G) is then calculated, representing how well the Generator is generating realistic samples.

Subsequently, the Discriminator is trained on the generated (fake) data samples Xt−1 and Xt

using the loss function D(Xt−1, Xt, t). This step aims to improve the Discriminator’s ability

to accurately classify real and fake samples [23]. Finally, the parameters of the Generator and

Discriminator networks are updated according to their respective losses, leading to improved

performance over successive iterations.

Generator Loss:

The generator loss WGAN-GP [132] aims to minimize the negative Wasserstein distance (-

W(P r, P g)), where P r represents the distribution of real samples and P g represents the

distribution of generated samples. As shown in equation 3.5 the generator loss is given by:

LG = −Ez∼Pz [D(G(Xt, z, t))] (3.5)

where z is a noise sample, Xt is input condition, t is the number of denoising time steps , G is

the generator function, and D is the discriminator function.

Discriminator Loss:

The discriminator loss consists of two parts: the Wasserstein distance term [140] and the gradient

penalty term [142]. As shown in equation 3.6 the discriminator loss is defined as:

LD = −Ex∼Pr [D(Xt−1, Xt, t)] + Ez∼Pz [D(G(Xt, z, t))] + λ ·GP (3.6)
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where x represents a real sample, z represents a noise sample,Xt is input condition, Xt−1 is

fake or real sample, t is the number of denoising time steps, G is the generator function, D is

the discriminator function, and GP denotes the gradient penalty term.

The Wasserstein distance, W (Pr, Pg), is calculated as the difference between the expected

values of the discriminator’s outputs on real and generated samples:

W (Pr, Pg) = Ex∼Pr [D(x)]− Ez∼Pz [D(G(z))] (3.7)

The gradient penalty term, GP, is used to enforce the Lipschitz constraint on the discrimina-

tor. It penalizes the norm of the discriminator’s gradients with respect to interpolated samples

between real and generated samples. The gradient penalty is formulated as:

GP = λ · Ex̂∼Px̂
[(|∇x̂D(x̂)|2 − 1)2] (3.8)

where λ is a hyperparameter that controls the weight of the penalty, x̂ represents interpolated

samples between real and generated samples, and D(x̂) represents the discriminator’s output

for x̂.

In conclusion, the training algorithm aimed at optimizing the balance between diversity and

sampling time incorporates a Generative Adversarial Network (GAN) into the diffusion model.

This injection of GAN introduces a multimodal denoising process, which not only improves

sampling time but also enables the model to effectively capture the underlying data distribution.

By performing denoising in a multimodal fashion, the model can explore and generate diverse

denoised samples, thereby enhancing the diversity of the output. Additionally, the introduction

of a gradient penalty helps maintain training stability in the GAN framework. This penalty

term encourages smoothness and prevents the generator from producing unrealistic samples

during the denoising process, contributing to the overall stability and quality of the generated

outputs.

3.2.3.7 Postprocessing

Floorplan construction from generator output involves the utilization of room segmentation

masks generated for each room. These masks serve as a representation of the boundaries of

individual rooms within a floorplan. However, to achieve a more refined and visually coherent
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floorplan, the technique of rectangle fitting is employed as part of the data post-processing

stage.

In the process of rectangle fitting, the room segmentation masks are first transformed to

binary images by thresholding the output of the tanh activation function at 0.0. This conversion

allows for a clear distinction between the room and non-room areas within the floorplan [8]. Once

the binary masks are obtained, the next step is to generate the tightest axis-aligned rectangle

for each room. This rectangular tight fitting offers a simpler and more efficient approach for

aligning room segmentation masks with the walls and corners, ensuring a visually appealing and

grid-aligned floorplan representation [184]. The process of generating the tightest rectangle for

each room involves finding the minimum bounding box that tightly encompasses the foreground

pixels of the room mask. By aligning the rectangle with the walls and corners of the room, a

more accurate and visually appealing floorplan representation is achieved.

Furthermore, the concept of spatial adjacency plays a significant role in the rectangle fitting

process. Two rooms with a shared edge must be spatially adjacent, indicating a connection

between them, often represented by a door [6]. This adjacency constraint ensures that the

generated floorplan maintains logical connectivity between rooms, maintaining functional rela-

tionships and promoting efficient space utilization.

In summary, floorplan construction from generator output involves the use of room segmen-

tation masks to delineate individual rooms. The technique of rectangle fitting is then applied in

the data post-processing stage to generate tight-fitting, axis-aligned rectangles for each room.

These rectangles align with the walls and corners of the rooms, enhancing the visual coherence

of the floorplan. Additionally, the adjacency constraint ensures spatial connectivity between

rooms, often represented by doors. By incorporating these techniques, the generated floorplans

become more realistic, functional, and visually appealing, facilitating effective architectural

design and space planning.
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Chapter 4

Experiments

4.1 Implementation Details

In order to assess the performance of our model, we initially implemented baseline static House-

GAN++ [6] and HouseDiffusion [7] models on the RPLAN dataset. A comprehensive compi-

lation of the hyperparameters employed is presented in Table 4.1. Multiple models were then

trained utilizing these pre-defined hyperparameters. Subsequently, the most effective model was

chosen for each size category based on the specified hyperparameters, wherein the final selected

model hyperparameters were distinctly highlighted within Table 4.1.

The determination of hyperparameter ranges was influenced by the limitations imposed by

available computational resources. However, it is crucial to note that extensive experimentation

was undertaken to meticulously explore and identify the optimal settings. This process involved

a thorough evaluation of various hyperparameter combinations to ascertain the configurations

that yielded the best performance.

The proposed architecture was implemented in PyTorch and trained using a workstation

equipped with Google Colab A100 GPUs. To provide further insight into the choices made,

the following list offers a detailed description of the specific hyperparameter selections. These

choices were made with careful consideration of their impact on the model’s behavior and

performance during the training phase.

• Batch size: refers to the number of samples processed simultaneously before updating

the model’s weights during training. In our experiments, we varied the batch size to

observe its impact on model performance. Larger batch sizes, such as 32, tend to result

in faster convergence, whereas smaller batch sizes, like 8, require longer training times.

However, smaller batch sizes introduce more randomness and noise into the gradient

estimation process, which promotes diversity in the generated samples. This increased

stochasticity allows the generator to explore a wider range of variations, enhancing the

uniqueness and variety of the outputs produced by the model.



Table 4.1: Model hyperparameters.
Parameters Labels

g lr 0.0001
d lr 0.0001
b1 0.5
b2 0.999

Epoch 200
CMPN G 4
CMPN D 4
Batch size 8
Upsample 3

Downsample 3
Gradient penalty 10

Kernel size 3
Stride and padding 1

Optimizer Adam
Activation Function Leaky ReLU, and Tanh

• Epoch: an epoch refers to a single iteration through the entire training dataset. During

each epoch, the generator and discriminator networks are updated based on the defined

loss functions and optimization algorithms. The number of epochs is a hyperparameter

that determines how many times the training algorithm will iterate over the dataset.

Increasing the number of epochs allows the model to learn from the data more extensively,

potentially improving the quality of generated samples. By training the model over 200

epochs and implementing some stopping criteria based on the absence of changes between

epochs, we assess the stability and convergence of the model.

• CMP-ATT: We adopt a 4 Convolutional Message Passing Network (CMPN) with at-

tention to both the generator(CMPN G) and discriminator (CMPN D), as depicted in

Figure 3.6. This architecture facilitates information exchange and collaboration between

layers, leveraging convolutional layers to capture spatial dependencies and enhance the

quality of generated outputs.

• Learning rates: Selecting the optimal learning rate is crucial, requiring experimentation

and fine-tuning. A high learning rate can cause instability, while a low rate leads to slow

convergence. Through empirical testing, a learning rate of 0.0001 for both discriminator

(d lr) and generator (g lr) was found to strike a balance, enabling efficient training and

meaningful representation learning.
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• Convolutions: Considering that the architecture conducts convolution subsequent to

message passing, a kernel size of 3, stride of 1, and padding of 1 are employed. This

choice is strategic as it ensures that the convolutional operation preserves spatial di-

mensions while efficiently capturing local features within the data. The kernel size of 3

allows the filter to encompass neighboring information, while the stride of 1 ensures a

comprehensive exploration of the input space without downsampling. Furthermore, the

padding of 1 maintains the spatial integrity of the input, facilitating seamless informa-

tion flow throughout the network. Overall, these parameters contribute to an effective

feature extraction process, enhancing the model’s capacity to capture intricate patterns

and representations within the data.

4.2 Training stability

Training instability is a well-known challenge in most deep learning models, especially Gener-

ative Adversarial Networks (GANs) [23]. Several factors contribute to this issue. Firstly, the

GAN training process involves a delicate balance between the generator and discriminator net-

works [34]. As the generator learns to generate more realistic samples, it becomes increasingly

difficult for the discriminator to distinguish between real and fake samples. This delicate equi-

librium can easily be disrupted, leading to training instability. Secondly, GANs’ sensitivity to

hyperparameters like learning rate and batch size can lead to issues such as oscillating losses,

vanishing or exploding gradients, and mode collapse, hindering stable convergence by disrupting

the delicate balance between generator and discriminator [139]. Furthermore, the non-convex

nature of the GAN objective function exacerbates training complexity as the generator and

discriminator engage in an adversarial game, often resulting in oscillations and challenges in

reaching a global optimum due to conflicting objectives [185].

During the GAN training process, the generator (G) and discriminator (D) models undergo

multiple epochs and batches, with each batch consisting of a certain number of training samples.

The loss values reported in the provided figure 4.1 indicate the performance and progress of our

model during training.
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Figure 4.1: Adversarial training

As we know the primary objective of the discriminator is to maximize its loss, while the

generator aims to minimize it [23]. This adversarial dynamic creates a competitive environment

where both networks continuously improve their performance. As the training progresses, the

discriminator becomes more skilled at differentiating between real and generated samples [23].

As shown in 4.1 the decreasing discriminator loss signifies that the discriminator is enhancing

its ability to distinguish between the distributions of real and generated data. Consequently,

this drives the model towards generating samples that closely resemble real data, leading to a

more accurate and sophisticated generator [186].

Simultaneously, as the training advances, the generator’s objective is to produce samples

that the discriminator perceives as authentic. By minimizing the generator loss, the generator

becomes progressively proficient in generating realistic samples that exhibit characteristics sim-

ilar to real data [23]. The estimated training graph 4.1, provides insights into the generator’s

progress by demonstrating a decreasing trend in the generator loss over time. This decline

in the generator loss indicates that the generator is continuously improving its capability to
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generate samples that closely resemble real data, both in terms of overall quality and specific

details [186]. As a result, the generator becomes increasingly adept at generating samples that

are indistinguishable from real data, aligning with the ultimate goal of model training.

The L1 loss encourages the generator to generate samples that are visually similar to the real

samples by penalizing large differences in pixel values [78]. It helps to ensure that the generated

samples capture the overall structure and details present in the real data [76]. In the estimated

training graph 4.1, we may see the L1 loss decreasing over time. This reduction indicates that

the generator is progressively improving its ability to generate samples that closely resemble

the real samples [78].

4.3 Resuls

The subsequent section is dedicated to discussing the results obtained from our research. In the

context of our thesis, we have specifically selected the houseGAN++ [6] and HouseDiffusion

[7] models as baselines due to several compelling reasons. Firstly, these models are directly

relevant to our research objective, which revolves around generating diverse and realistic house

related data. By choosing these baselines, we can assess the effectiveness and novelty of our

proposed models in comparison to existing methods specifically designed for house-related tasks.

Additionally, both represent state-of-the-art approaches in their respective domains. They have

demonstrated impressive performance on benchmark datasets and tasks similar to ours, making

them suitable for meaningful comparisons. Moreover, the availability of code, and, datasets for

these baselines ensures reproducibility and allows to conduct of fair evaluations. Lastly, both

models have been published in reputable conferences, indicating their impact and credibility

within the field. By selecting houseGAN++ [6] and houseDiffusion [7] as baselines, we aim to

showcase the advancements and contributions of our research in the context of existing cutting-

edge techniques.

4.3.1 Diversity

Evaluating the performance of floorplan generation models requires considering the diversity

of the generated floorplans. It is crucial to measure how varied and distinct the generated

floorplans are. This assessment helps understand the model’s ability to explore different design

possibilities and create a wide range of viable floorplan layouts. By examining diversity, we can
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ensure that the model does not produce repetitive or biased results and identify any limitations

or biases in its training data or architecture. To measure this diversity, the FID (Fréchet Incep-

tion Distance) [166] score is commonly utilized, which compares the distribution of rasterized

layout images generated by the model against a reference distribution.

Table 4.2: Diversity in the FID scores. (↓) indicate the lower the better metrics.

Model Diversity (↓)

5 6 7 8

HouseGAN++ [6] 30.4±4.4 37.6±3.0 27.3±4.9 32.9±4.9
Exp1 20.3±3.2 22.4±1.7 18.2±1.4 18.7±2.2
HouseDiffusion [T=1000] [7] 11.2±0.2 10.3±0.2 10.4±0.4 9.5±0.1
Exp2 [T=20] 9.1±1.4 8.1±1.2 9.3±0.3 8.4±0.4

Note: The FID scores in the table reflect the level of diversity observed in the generated

floorplans. Lower FID scores indicate a greater degree of diversity. It is worth noting that

Exp1 utilizes only a GAN, while Exp2 incorporates both a GAN and a diffusion model.

Additionally, the numerical labels 5, 6, 7, and 8 correspond to the number of rooms in each

floorplan.

Table 4.2 shows the FID score of generated floorplans for comparative analysis. In order

to enhance the diversity of generated floorplans, HouseGAN++ [6] utilizes the Wasserstein

loss [140], a popular optimization technique in generative models. By incorporating this loss

function and conditioning [76], HouseGAN++ [6] is able to produce a wider range of unique

floorplan designs compared to their baseline HouseGAN [8]. As shown in Table 4.2 the FID

scores for floorplans with 5, 6, 7, and 8 rooms are 30.4±4.4, 37.6±3.0, 27.3±4.9, and 32.9±4.9,

respectively.These scores suggest that the floorplans produced by HouseGAN++ exhibit rela-

tively higher FID scores, indicating a lower level of diversity compared to the other models [7].

However, when compared to its baseline model HouseGAN [8], HouseGAN++ [6] showcases

remarkable improvements in diversity. This enhancement can be attributed to the specific tech-

niques and architectural characteristics employed in HouseGAN++, such as the incorporation

of the Wasserstein loss [140] and conditioning [76] mechanisms.

The Wasserstein loss [132] promotes a smoother optimization process, enabling House-

GAN++ to explore a broader solution space and produce floorplans with greater variation.

Additionally, the conditioning mechanism, implemented through Conditional Generative Ad-

versarial Networks (CGAN) [76], provides fine-grained control over the generated floorplans,

allowing HouseGAN++ to adhere to specific constraints or exhibit desired architectural char-
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acteristics. These techniques and architectural characteristics collectively contribute to the

significant improvements in diversity observed in HouseGAN++ compared to its baseline.

Based on the motive of HouseGAN++ [6], our experiment 1 focuses on utilizing only a GAN

[23] to generate floorplans. Inspired by the successful techniques employed in HouseGAN++,

such as the Wasserstein loss [132] and conditioning [76], we aim to leverage these mechanisms

to enhance the diversity of the generated floorplans. By incorporating the Wasserstein loss,

we encourage a smoother optimization process that minimizes the discrepancy between the

generated and real floorplans. This optimization technique allows for a wider exploration of the

solution space and contributes to the generation of more diverse floorplan designs.

To further enhance the diversity in our experiment, we introduce additional regularization

techniques. These techniques include minibatch discriminations [42], spectral normalization

[41], and architectural modifications on convolutional message passing networks. Minibatch

discriminations [42] enable the model to consider information from multiple samples simultane-

ously, promoting diversity by incorporating diversity-aware features in the generation process.

Spectral normalization helps stabilize the training process and encourages the generator to

produce a wider range of floorplan variations. Lastly, architectural modifications on convolu-

tional message passing networks allow for more complex and intricate spatial relationships to

be captured, leading to the generation of diverse and visually appealing floorplans.

While our Experiment 1 demonstrates an average improvement of 12.5 units compared

to HouseGAN++, it still falls short of outperforming diffusion-based models. HouseDiffusion

[T=1000] [7], for example, achieves lower FID scores of 11.2±0.2, 10.3±0.2, 10.4±0.4, and

9.5±0.1 for floorplans with 5, 6, 7, and 8 rooms, respectively. These scores are notably lower

than both HouseGAN++ and Experiment 1, indicating that HouseDiffusion generates highly

diverse floorplans. The results obtained in Experiment 1 demonstrate that the techniques and

architectural modifications employed successfully contribute to improving the diversity of the

generated floorplans compared to HouseGAN++. However, the performance of Experiment

1 still falls behind that of diffusion-based models like HouseDiffusion. The diffusion model,

with its ability to capture long-range dependencies and explore a wider solution space, leads

to even greater diversity in the generated floorplans [43]. The lower FID scores obtained by

HouseDiffusion indicate a higher level of dissimilarity between the generated and real floorplans,

reflecting the model’s capability to produce a diverse range of unique floorplan designs.
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From the above three results, we can observe a pattern: the incorporation of different regu-

larization techniques and the utilization of a diffusion model to capture long-range dependencies

significantly enhance the diversity of the generated floorplans. Building upon this pattern, in

our main experiment (Exp2), we integrate the findings from Exp1, which includes five regu-

larization techniques, along with a minimized denoising step (T=20) in the diffusion model.

This leads to improved FID scores of 9.1±1.4, 8.1±1.2, 9.3±0.3, and 8.4±0.4 for floorplans with

5, 6, 7, and 8 rooms, respectively, compared to the HouseDiffusion model that employs 1000

denoising steps.

Unlike the Housediffusion model [7], which is trained on 1000 denoising steps, our Exp2

model utilizes 20 denoising steps. Due to the incorporation of minibatch discriminations [39]

and attention mechanism [39] abilities, our experimental results, as illustrated in the result

table, unequivocally demonstrate the remarkable superiority of our Exp2 model over the exten-

sively acknowledged Housediffusion model [7]. Moreover, it is noteworthy that the synergistic

integration of adversarial training with likelihood mechanisms significantly enhances the diver-

sity of our output [33]. These findings highlight the effectiveness of our approach in capturing

and representing the intricate data distribution, even with a significantly reduced number of

denoising steps. Our Exp2 model successfully achieves a higher level of diversity and demon-

strates its capability to generate floorplans that exhibit a wider range of architectural variations

and design possibilities.

4.3.2 Sampling Time Dynamics Across Models

The field of floorplan generation has witnessed significant advancements with the emergence

of powerful generative models and those models have revolutionized the way floorplans are

created by offering the ability to generate diverse and visually appealing layouts. However,

understanding the temporal dynamics of sample generation is a crucial aspect that demands

attention. Exploring the sampling time dynamics across these generative models allows us

to delve deeper into the evolution of generated floorplans over the number of samples. By

examining the coherence of the samples at different stages of the sampling process, we gain

valuable insights into the behavior and performance of these models.

Based on the results obtained from the comparison of sampling times per number of samples

for four different generative models, as shown in figure 4.2, several observations can be made.
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Firstly, it’s evident that each model exhibits a unique sampling time pattern as the number

of samples increases. For instance, the HouseGAN++ [6] model consistently demonstrates

the shortest sampling times across all tested sample sizes. The shorter sampling times in

HouseGAN++ [6] could be attributed to its utilization of single-shot noise injection [33], unlike

diffusion models [24] that involve varying numbers of diffusion steps. This streamlined approach

to noise injection potentially contributes to the faster generation process, as it involves fewer

computational steps and iterations compared to the iterative nature of diffusion models.

Figure 4.2: Time Taken vs Number of Samples Generated

Table 4.3: Tabular comparison for the time taken vs number of samples generated.
Samples Generated HouseGAN++ HouseDiffusion Ours1 Ours2

1 0.302 sec 0.717 sec 0.404 sec 0.432 sec
5 0.853 sec 2.521 sec 0.898 sec 1.098 sec
10 0.958 sec 4.445 sec 1.358 sec 2.282 sec
15 1.435 sec 6.564 sec 1.608 sec 3.194 sec
20 1.868 sec 8.784 sec 2.692 sec 3.634 sec

Hint: Experiment 1 (Exp1) is referred to as Ours1, while Experiment 2 (Exp2) is denoted
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as Ours2.

In the context of the provided result, Exp1, which incorporates advanced techniques such

as minibatch discrimination [42], spectral normalization [155], and attention mechanisms [117]

within its GAN-based architecture, exhibits slower sampling times compared to HouseGAN++

[6] that does not include these techniques. This difference in sampling times can be attributed

to the additional computational complexity introduced by the integration of these sophisticated

techniques. Despite the slower sampling rates, Exp1 exhibits superior performance relative to

other models, indicating the efficacy of minibatch discrimination and attention mechanisms in

enhancing the diversity of generated floor plan images. This highlights the nuanced balance

between sampling time and model performance, where the incorporation of advanced techniques

can lead to improved overall efficiency and effectiveness in generating high-diversity floor plans,

ultimately surpassing models with more straightforward architectures but faster sampling times.

By integrating Exp1’s architecture as its core framework, Exp2 incorporates diffusion mod-

els with shorter diffusion steps, resulting in significantly reduced sampling times compared to

the HouseDiffusion model [7]. Whereas HouseDiffusion [7] relies on large denoising steps and

employs intricate mechanisms such as transformer-based architectures and both discrete and

continuous denoising processes, contributing to its slower sampling times [43], Exp2 opts for

smaller diffusion steps. This strategic adaptation enables Exp2 to streamline the generation

process, prioritizing efficiency without compromising on the diversity of generated floor plan

images. By leveraging Exp1’s architecture and tailoring diffusion methods [49] to incorpo-

rate smaller steps, Exp2 demonstrates a nuanced approach to balancing sampling efficiency

and diversity, ultimately presenting a compelling alternative to traditional diffusion models like

HouseDiffusion [7].

Comparing the generation times of the different models, it’s evident that HouseDiffusion

[7] takes the longest time per sample at approximately 0.717 seconds. This is followed by

Exp2 with a generation time of approximately 0.432 seconds per sample. Exp2 is notably

faster than HouseDiffusion, showcasing an improvement in efficiency. However, it is slower than

HouseGAN++ [6], which has the shortest generation time of approximately 0.302 seconds per

sample. While ”Exp2” demonstrates enhanced speed compared to ”HouseDiffusion,” it still falls

short of the efficiency achieved by HouseGAN++ [6]. This indicates that although Exp2 presents

a notable advancement in terms of generation time compared to HouseDiffusion [7], there is room

84



for further optimization to match the speed of GAN based models like HouseGAN++ [6].

Analyzing the performance of Exp2 in relation to both HouseDiffusion [7] and HouseGAN++

[6] provides valuable insights into its efficiency. Exp2 showcases a significant improvement over

HouseDiffusion [7], with a generation time approximately 41.04 % faster and a competitive

sampling time with houseGAN++ [6].

4.3.3 Realsim of Generated floorpans

Figure 4.3 illustrates the sample of floorplan outputs of three models, HouseGAN++ [6], House-

Diffusion [7], and our custom model, which incorporates the bubble diagram as a constraint.

The bubble diagram serves as an input modality that guides the generation of floorplans by

specifying node and edge connectivity.

To conduct a comprehensive evaluation of the generated floorplan from a realism perspec-

tive, a collaborative approach was adopted with professional advisors, specifically architects.

To begin the process, the initial step entails crafting a questionnaire specifically designed to

assess the realism of generated floorplans. This questionnaire serves as a tool for evaluating the

authenticity and believability of the floorplan outputs. To ensure a comprehensive evaluation,

two distinct architectures are employed to independently develop their own sets of questions

within the questionnaire. This approach allows for diverse perspectives and insights from each

architecture. To validate the effectiveness and reliability of the generated questions, the ques-

tionnaires are subsequently evaluated by a panel of three experienced architects. This collective

assessment further enhances the robustness and accuracy of the evaluation process.

The questionnaires encompass two perspectives: visual realism, which measures the visual

appeal and authenticity of the generated floorplans, and functional realism, which evaluates

how well the floorplans fulfill functional constraints. Each question is thoughtfully labeled,

presenting respondents with a range of choices, including -1 for worse, 0 for moderate, and 1

for better, aligning with the intended criteria. To ensure a thorough and diverse evaluation,

we have enlisted the participation of nine architecture students, whose unique perspectives

offer valuable insights. Additionally, we have sought input from three civil and architecture

university teachers who possess expertise and knowledge in relevant fields, thereby leveraging

their valuable contributions. Furthermore, we have actively engaged three professional architects

currently working in the industry, whose practical experience adds substantial depth and real-
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world context to the evaluation process.

Figure 4.3: Generated floorplans for three models with the same bubble diagram as input
constraint.

Figure 4.4: Color coding for each room.

The table 4.4 presents the realism scores of three methods (HouseGAN++ [6], HouseDiffu-

sion [7], and Exp2) based on six specific questions. To calculate the scores, the average rating
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Table 4.4: Realism scores among House-GAN++, HouseDiffusion, and ours.

Questions HouseGAN-
++[6]

HouseDiff-
usion [7]

Exp2
V
is
u
a
l
R
e
a
li
sm

How well do the shapes of the rooms con-
tribute to a visually appealing and cohe-
sive design?

0.06 0.2 0.2

Does the method address visual problems
like disjointed lines, unconnected rooms,
and other relevant factors to make the de-
sign look real and fit together well?

0 -0.06 0.13

F
u
n
ct
io
n
a
l
R
e
a
li
sm

Does the placement of key features, such
as bathrooms, kitchens, entrances and
others, align with common architectural
principles?

0.26 0.2 0.33

Are the necessary functional spaces, such
as bedrooms, bathrooms, kitchens, living
areas, and others appropriately sized?

0.06 0 -0.13

How effectively do the spatial relation-
ships between rooms contribute to the
functionality and coherence of the floor-
plan?

0.06 0.26 0.26

Is there efficient flow between rooms, al-
lowing for easy movement throughout the
space?

-0.06 0.26 0.33

Avg Total Realism Results 0.063 0.143 0.186

given by all respondents for each question is determined. This process ensures that the results

reflect the collective perspective of the evaluators across all questions [8]. By employing this

approach, we obtain a comprehensive assessment of the realism of the three methods based on

the specific criteria outlined in the questions.

Upon analyzing the table, it becomes evident that HouseDiffusion and Exp2 yield compa-

rable results in terms of their ability to generate visually appealing room shapes. However,

in terms of addressing visual problems such as disjointed lines and unconnected rooms, Exp2

surpasses HouseDiffusion. This superiority can be attributed to our attention mechanism [117],

which plays a crucial role in achieving a realistic and cohesive design. Despite this advantage,

HouseDiffusion may still have drawbacks in other relevant aspects that contribute to the overall

realism of the design. On the other hand, Exp2 demonstrates a strong performance in visual

realism, showcasing its ability to create room shapes that visually fit together well. While it

may have room for improvement in addressing visual issues, Exp2 presents a commendable level

of visual realism when compared to the other two methods.
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Moving on to functional realism, the questions evaluate different aspects related to the

functionality and coherence of the floorplan. They consider factors such as the placement of key

features (e.g., bathrooms, kitchens, entrances) aligning with architectural principles, appropriate

sizing of functional spaces (e.g., bedrooms, bathrooms, kitchens, living areas), effectiveness

of spatial relationships between rooms, and the presence of efficient flow for easy movement

throughout the space.

The placement of key features is an essential aspect of functional realism. It involves as-

sessing whether features such as bathrooms, kitchens, entrances, and others align with common

architectural principles. Exp2 demonstrated the highest score in this category, indicating that

it excelled in placing these key features in a manner that adheres to architectural guidelines.

HouseGAN++ and HouseDiffusion also obtained relatively high scores, suggesting a reasonable

alignment with architectural principles, although not as strong as Exp2.

Appropriately sized functional spaces are another important consideration in functional

realism. It involves evaluating whether bedrooms, bathrooms, kitchens, living areas, and other

functional spaces are sized adequately. HouseDiffusion achieved the highest score in this aspect,

indicating that it successfully addressed the sizing of functional spaces. HouseGAN++, on

the other hand, received a lower score, suggesting a potential mismatch in the sizing of these

spaces. Exp2 also scored lower in this category, indicating room for improvement in terms of

appropriately sizing functional spaces.

The effectiveness of spatial relationships between rooms is a key factor in determining the

functionality and coherence of a floorplan. Exp2 demonstrated the highest score in this regard,

implying that its spatial relationships between rooms effectively contribute to the overall func-

tionality of the design. HouseDiffusion also performed relatively well, indicating that its room

arrangements are effective in promoting functionality. However, HouseGAN++ received the

lowest score, suggesting that its spatial relationships between rooms may need improvement to

enhance functional realism.

In conclusion, analyzing the functional realism perspective based on the provided table,

Exp2 displayed strengths in the placement of key features and the effectiveness of spatial re-

lationships between rooms. It excelled in aligning with architectural principles and creating

functional spatial arrangements. However, there is room for improvement in appropriately siz-

ing functional spaces. HouseDiffusion [7] showcased good performance in the placement of key
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features and appropriately sizing functional spaces but lagged behind in the effectiveness of spa-

tial relationships. HouseGAN++ [6] demonstrated potential for enhancement in all aspects of

functional realism. These findings highlight the importance of considering visual and functional

realism in floorplan design and suggest directions for further refinement and development of

these methods.

4.4 Statistical Significance

Statistical significance indeed plays a pivotal role, not only in assessing model performance

but also in gauging the attainment of research objectives. Our research aim is to enhance the

diversity of the generated floorplan while optimizing or balancing the sampling time and realism.

Through rigorous statistical method T-test we can comprehensively assess the effectiveness of

our approaches. These analyses allow for a quantitative evaluation of various factors, such as

diversity, sampling time, and realism.

4.4.1 Diversity

The study investigated the diversity of generated floorplans by comparing the Fréchet Incep-

tion Distance (FID) scores between a baseline mode houseDiffusion model and the generated

floorplans. An independent samples t-test was conducted to statistically evaluate the signifi-

cance of the difference in FID scores. The resulting t-statistic was 3.72, with a corresponding

p-value of 0.034. Considering a significance level of α = 0.05, the p-value was found to be less

than the significance level (p < α). These results indicate that the difference in FID scores

between the baseline and the generated floorplans is statistically significant. This suggests that

the proposed floorplan generation approach has produced outputs that are significantly more

diverse compared to the baseline, as measured by the FID metric. The statistical significance of

the FID score difference provides confidence that the observed improvement in diversity is not

due to chance, but rather reflects a genuine and measurable enhancement in the ability of the

proposed method to generate diverse floorplans. This information is valuable when evaluating

the efficacy of the floorplan generation technique in preserving and enhancing the diversity of

the generated outputs.
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4.4.2 Sampling time

The study also examined the sampling time performance of the floorplan generation models. A

statistical significance test, specifically a t-test, was conducted to compare the sampling times.

The results showed a statistically significant difference (p=0.04) in the sampling time between

the proposed model and the House Diffusion model, indicating that the proposed model had

a significantly faster sampling time compared to the House Diffusion model. However, the

analysis revealed no statistically significant difference in sampling time between the proposed

model and the HouseGAN++ model. From the study’s objective perspective, which aims to

optimize or balance the sampling time performance, these findings suggest that the proposed

model achieves a desirable balance, performing on par with the faster HouseGAN++ model,

while still maintaining the statistically significant diversity improvements observed through the

FID score analysis. This balanced sampling time characteristic is a valuable attribute, as it

allows the proposed model to generate diverse floorplans efficiently, addressing the practical

considerations of computational cost and real-world deployment.

4.4.3 Realism

From the perspective of realism, the study performed a t-test to compare the generated floor-

plans across the two models. The results showed no statistically significant difference in the

realism of the generated floorplans between all the models. However, from the study’s objective

perspective, which aims to maintain the realism of the generated floorplans while also enhancing

the diversity, the proposed model was able to achieve this balance. Despite not showing a sig-

nificant improvement in realism over the other models, the proposed model was able to generate

diverse floorplans without compromising their realistic attributes. This balanced approach is

a valuable contribution, as it demonstrates the ability to enhance diversity without sacrificing

the practical viability and real-world applicability of the generated floorplans. By maintaining

realism, the proposed model ensures that the diverse floorplan designs remain grounded in prac-

tical constraints and user preferences, making them more suitable for real-world architectural

design and space planning applications.

From all the discussions above, it becomes evident that statistical significance serves as

a crucial tool in assessing various aspects of floorplan generation. The statistical significance

observed in diversity indicates an enhanced variation, signifying the effectiveness of our efforts
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in diversifying floorplans. Additionally, the comparable statistical significance found in other

aspects, such as realism and sampling time, suggests optimization and balance in these critical

factors. Together, these findings highlight the multifaceted nature of our research approach,

which aims not only to enhance diversity but also to optimize sampling time by maintaining

realism. By leveraging statistical significance as a guiding metric, we gain valuable insights into

the performance of our models and their alignment with our research objectives.

4.5 Ablation Studies

4.5.1 Number of denoising steps

In this study, we investigated the effect of the number of denoising steps on floorplan generation.

The number of denoising steps plays a crucial role in determining the quality and diversity of

the generated floorplans [33]. To explore this, we varied the diffusion steps and evaluated

the results. An important aspect to consider is the impact of diffusion steps on the sampling

time during inference. As we know, in conventional diffusion models [49], the diversity of the

generated floorplan increases as the number of denoising steps increases [49]. Additionally, the

time required for sampling also increases. Therefore, it becomes essential to strike a balance

between denoising steps and the desired level of diversity in the generated floorplans.

Table 4.5: Effect of diffusion steps in diversity. Diversity is measured by the FID scores.
(↓) indicate the-lower the-better metrics.

Steps Diversity (↓)

5 6 7 8

T = 1 21.7±2.6 27.1±2.1 25.2±1.4 25.6±2.3
T = 2 19.2±0.5 23.4±0.6 20.3±1.2 24.1±21.1
T = 4 17.6± 1.2 20.3±1.4 18.9±2.1 22.8±1.4
T = 10 15.9±2.1 18.8±0.8 16.6±1.6 17.3±0.3
T = 20 9.1±1.4 8.1±1.2 9.3±0.3 8.4±0.4
T = 100 15.4±1.3 19.5±0.6 18.7±0.9 16.2±2.2

In our study, we varied the number of diffusion steps from T=1 to T=100 and analyzed

the resulting floorplan outputs. Upon analyzing the results, several key observations can be

made. Initially, when comparing the FID scores at T=1, T=2, T=4, and T=10, we notice a

gradual decrease in diversity as the number of diffusion steps increases. This suggests that a

limited number of diffusion steps may not be sufficient to introduce significant diversity into
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the generated outputs. It is worth noting that T = 1 corresponds to training an unconditional

GAN [23], where the conditioning information (xt) contains minimal details about the initial

state (x0). Our findings revealed that utilizing T = 1 resulted in significantly poorer outcomes,

characterized by low sample diversity as indicated by the high FID score. This confirms the

advantages of dividing the generation process into multiple denoising steps, particularly in

enhancing sample diversity.

However, as we move to T=20, a notable shift occurs, with the FID scores experiencing a

sharp decline. This indicates that a higher number of diffusion steps (in this case, 20) leads to

a substantial improvement in diversity. The FID scores at T=20 (9.1±1.4, 8.1±1.2, 9.3±0.3,

and 8.4±0.4) suggest a considerable increase in the variety of generated outputs across differ-

ent categories. This finding suggests that an increase in diffusion steps in a multimodal way

positively impacts the realism and diversity of the generated floorplans.

From a technical standpoint, the longer diffusion process with a higher number of denoising

steps contributes to improved performance by allowing for a more thorough exploration of the

solution space [43]. The diffusion process helps to gradually refine and enhance the generated

floorplans, reducing noise and inconsistencies in the layouts. By increasing the number of

diffusion steps, the model has more opportunities for interaction and adjustment, leading to

higher-diversity and more realistic floorplan outputs. However, as shown in Table 4.5, there was

a slight decline in performance for larger T values (T=100) compared to T=20. We hypothesize

that accommodating larger T values may require a significantly higher model capacity due to the

need for a conditional GAN for each denoising step. The increased complexity associated with

a larger number of denoising steps might pose challenges in maintaining optimal performance,

potentially leading to a degradation in the diversity of the generated floorplans.

The results of this study have important implications for the application of diffusion-based

models in generating diverse outputs. By understanding the relationship between diffusion steps

and diversity, researchers can make informed decisions when designing models for specific tasks.

Optimizing the number of diffusion steps based on the desired level of diversity is crucial to

strike a balance between computational efficiency and output quality. The findings suggest that

an excessive number of diffusion steps may not necessarily lead to a proportional increase in

diversity. Therefore, researchers should carefully consider the trade-off between computational

resources and the diversity requirements of their specific application.
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4.5.2 Effect of Used Techniques

Table 4.6: Effect of Different Techniques on Diversity at T=20.

Name AMMDB SN Loss Diversity (↓)

5 6 7 8

Expt1 ✓ - - WGAN-GP 33.6±2.4 36.4±1.7 34.5±1.9 38.6±2.1
Expt2 - ✓ - WGAN-GP 31.4±1.3 33.5±1.6 24.4±2.2 30.2±1.2
Expt3 - - ✓ WGAN-GP 37.3±1.3 40.5±2.1 44.3±2.1 43.4±1.9
Expt4 ✓ ✓ - WGAN-GP 17.6±1.1 20.1±1.3 20.6±2.2 17.2±1.8
Expt5 ✓ - ✓ WGAN-GP 26.1±1.1 21.2±1.8 23.7±1.6 20.4±1.3
Expt6 ✓ ✓ ✓ WGAN-GP 9.1±1.4 8.1±1.2 9.3±0.3 8.4±0.4
Expt7 ✓ - - Hinge 35.6±2.1 39.6±2.5 30.3±3.3 36.7±1.3
Expt8 - ✓ - Hinge 33.6±1.4 36.1±2.3 31.3±3.2 34.6±1.7
Expt9 - - ✓ Hinge 40.3±2.1 43.5±3.2 38.4±2.5 45.4±1.8
Expt10 ✓ ✓ - Hinge 30.5±2.2 28.4±3.1 28.7±1.2 31±2.6
Expt11 ✓ - ✓ Hinge 50.5±3.3 54.7±2.6 61.2±3.4 55.5±2.1
Expt12 ✓ ✓ ✓ Hinge 26.5±2.1 21.6±2.9 20.1±1.7 21.2±2.3

Hint: SN: Spectral Norm; MBD: Minibatch Std Dev AM: Attention Mechanism. The lower

the value, the higher the diversity, which is measured in FID score.

The experimental results presented in Table 4.6 offer valuable insights into the influence of

different techniques, such as Wasserstein [132] and hinge loss [135] with attention mechanisms

[39], minibatch discriminations [42], and spectral normalization [41], on the diversity of the

generated floorplans. The table showcases the presence or absence of these properties, indicated

by a checkmark (✓) or a dash (-), respectively. By performing nearly 12 experiments (Expt1-12)

at T=20, we were able to analyze the impact of incorporating these techniques on the diversity

of the generated floorplans. These results shed light on the effectiveness of each technique

and provide guidance for selecting the appropriate combination of techniques to enhance the

diversity of the generated floorplans in our approach. Analyzing the results, we observe the

following trends:

Impact of Individual Techniques:

• In Experiment 1 (Expt1), the Attention Mechanism (AM) was utilized without Minibatch

Std Dev (MDB) or Spectral Norm (SN), with WGAN-GP as the loss function. The diver-

sity scores for Expt1 are relatively high compared to other configurations, indicating lower

diversity in the generated outputs. This suggests that using AM alone with WGAN-GP
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does not significantly enhance diversity. The moderate performance could be attributed

to the inability of the Attention Mechanism alone to capture sufficient variability in the

data. The absence of MDB and SN might be limiting the model’s capacity to generalize

and introduce diverse features effectively. This highlights the need for additional tech-

niques alongside AM to improve diversity, and incorporating other methods like MDB or

SN might help in capturing more diverse features.

• In Experiment 2 (Expt2), Minibatch Std Dev (MDB) was incorporated without the At-

tention Mechanism (AM) or Spectral Norm (SN), using WGAN-GP as the loss function.

The diversity scores show an improvement compared to Expt1. The lower scores suggest

higher diversity. MDB appears to contribute positively to diversity; by reducing batch

variability, MDB allows the model to better capture subtle variations within the data,

leading to more diverse outputs. These findings support the use of MDB in enhanc-

ing model diversity, especially when used in conjunction with effective loss functions like

WGAN-GP.

• In Experiment 3 (Expt3), Spectral Norm (SN) was used without the Attention Mecha-

nism (AM) or Minibatch Std Dev (MDB), with WGAN-GP as the loss function. The

FID scores for Expt3 were the highest among the first three experiments, ranging from

37.3±1.3 to 44.3±2.1, indicating the lowest diversity. The application of SN alone does

not seem to significantly enhance diversity. The high scores suggest that SN might be

overly regularizing the model, thus reducing variability in the generated outputs. These

findings imply that while SN is useful for regularization, it should be combined with other

techniques to effectively improve diversity.

Impact of Combined techniques:

• In Experiment 4 (Expt4), both the Attention Mechanism (AM) and Minibatch Std Dev

(MDB) were utilized without Spectral Norm (SN), employing WGAN-GP as the loss

function. The diversity scores significantly decreased indicating a marked improvement

in diversity compared to previous experiments. The combination of AM and MDB proved

to be effective in enhancing diversity, where AM focused on relevant features while MDB

ensured variability across batches, collectively promoting diverse outputs. These findings

underscore the efficacy of combining AM and MDB for applications requiring high di-
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versity, as it effectively leverages the strengths of both techniques. This highlights the

importance of thoughtful technique selection and integration to achieve optimal outcomes

in model performance.

• In Experiment 5 (Expt5), both the Attention Mechanism (AM) and Spectral Norm (SN)

were employed without Minibatch Std Dev (MDB), using WGAN-GP as the loss function.

The diversity scores ranged from 20.4±1.3 to 26.1±1.1, representing an improvement

compared to experiments using AM or SN alone but not reaching the level achieved when

combined with MDB (Expt4). The use of AM and SN together provides a balanced

approach that enhances diversity, albeit not optimally. While this combination helps

capture relevant features and regularizes the model, it might miss out on some variability

aspects covered by MDB. Therefore, while the combination of AM and SN is beneficial,

incorporating MDB could further enhance diversity and should be considered for future

experiments aiming to maximize model performance.

• In Experiment 6 (Expt6), incorporating all three techniques - Attention Mechanism (AM),

Minibatch Std Dev (MDB), and Spectral Norm (SN) with WGAN-GP as the loss function,

resulted in the lowest diversity scores, ranging from 8.1±1.2 to 9.3±0.3, indicating the

highest diversity among all experiments. The synergistic effect of combining AM, MDB,

and SN with WGAN-GP is evident, as each technique contributes uniquely to maximizing

diversity. AM focuses on capturing relevant features, MDB maintains batch variability,

and SN ensures robust regularization. This comprehensive approach effectively enhances

diversity, making it the most effective for applications requiring high diversity. Therefore,

incorporating AM, MDB, and SN with WGAN-GP should be considered a best practice

for similar scenarios, emphasizing the importance of integrating multiple techniques to

achieve optimal results in model performance.

• Experiments 7 to 12 offer valuable insights into the impact of different combinations of

techniques on diversity in generated outputs. Experiment 7 employs the Attention Mech-

anism (AM) alone with Hinge loss, resulting in moderate diversity scores ranging from

30.3±3.3 to 39.6±2.5. This indicates that while AM contributes to diversity, its effec-

tiveness is limited without additional techniques such as Minibatch Std Dev (MDB) or

Spectral Norm (SN). Experiment 8 combines MDB with Hinge loss, resulting in slightly
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improved diversity scores ranging from 31.3±3.2 to 36.1±2.3, suggesting that MDB en-

hances diversity, albeit modestly.

• Experiment 9 introduces SN alone with Hinge loss, yielding high diversity scores ranging

from 38.4±2.5 to 45.4±1.8. However, the high scores indicate potential over-regularization,

emphasizing the need for complementary techniques to balance SN’s effect. Experiment

10 combines AM and MDB with Hinge loss, resulting in improved but suboptimal diver-

sity scores ranging from 28.4±3.1 to 31±2.6, suggesting that the choice of loss function

plays a crucial role in diversity enhancement. Experiments 11 and 12 explore various com-

binations of AM, MDB, and SN with Hinge loss, with Experiment 12 achieving the lowest

diversity scores ranging from 20.1±1.7 to 26.5±2.1. This highlights the importance of se-

lecting an appropriate combination of techniques and loss functions to maximize diversity

in generated outputs.

Impact of Loss Functions:

The choice of loss function has a significant impact on the diversity of generated samples,

as evidenced by the comparison between WGAN-GP and Hinge loss functions. Experiments 1

through 6, which utilized WGAN-GP, generally exhibited lower FID scores, indicating higher

diversity compared to their counterparts that employed Hinge loss. Notably, Experiment 6

achieved the best diversity results with FID scores ranging from 8.1 to 9.3, showcasing the

effectiveness of WGAN-GP in promoting diverse sample generation. WGAN-GP’s success can

be attributed to its ability to enforce Lipschitz continuity through gradient penalty, thereby

stabilizing the training process and encouraging the model to generate more diverse outputs.

In contrast, experiments employing the Hinge loss function (Experiments 7 through 12)

generally yielded higher FID scores, indicating lower diversity compared to WGAN-GP exper-

iments. For instance, Experiment 11, which utilized Hinge loss, AM, and SN, had the highest

FID scores ranging from 50.5 to 61.2, reflecting the lowest diversity. The reduced performance

of Hinge loss compared to WGAN-GP can be attributed to its inherent limitations in encourag-

ing diverse sample generation. Hinge loss focuses primarily on maximizing the margin between

different classes, which may lead to overly restrictive optimization and limited exploration of the

sample space. Consequently, while Hinge loss may excel in certain tasks such as classification,

it may not be as effective as WGAN-GP in promoting diversity in sample generation tasks.

These findings highlight the significance of selecting and combining appropriate techniques
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to enhance the diversity of generated floorplans. It showcases the importance of selecting the

right combination of techniques and loss functions to maximize diversity. The results highlight

the effectiveness of incorporating attention mechanisms, spectral normalization, and minibatch

discrimination with Wasserstein loss function in producing diverse floorplans.

4.6 Discussion

In our research, we aimed to strike a balance between sampling time and diversity while main-

taining realism in the generation of floorplans. To achieve this, we employed the strengths of

two models, namely GAN (Generative Adversarial Network) [23] and diffusion models [24], and

explored different techniques. Our study consisted of three main experiments, each of which

contained several sub-experiments.

In the first experiment, we investigated the effects of various techniques on the GAN [23]

model alone. Specifically, we incorporated attention mechanism [117], minibatch discrimination

[42], spectral normalization [155], and two different loss functions [132, 135]. Through this ex-

periment, we discovered that the combination of the Wasserstein loss function with the three

aforementioned techniques significantly enhanced the diversity of our generated floorplans, sur-

passing the baseline model HouseGAN++ [6]. In this experiment, our principal aim was to

enhance the diversity while disregarding sampling time considerations.

Building upon the results of the first experiment, we designed a second experiment by inte-

grating the GAN [23] and diffusion models [24]. We evaluated the impact of denoising time steps

on the generation process. Our aim here was to reduce the sampling time while still improving

diversity. We observed that employing unimodal time steps (using only one denoising step) did

not significantly enhance diversity, and it even reduced the sampling efficiency. This unimodal

approach resembled the direct GAN method but with differences in the posterior sampling and

noise distribution used compared to conventional GAN-based methods. However, when we ex-

perimented with different time steps in a multimodal manner, we found that increasing the

number of time steps positively affected diversity but also had an impact on the sampling time.

After experimenting with various time steps, we determined that an optimal balance between

sampling time and diversity was achieved at T=20.

Finally, we conducted a comparative analysis on the number of sampling time steps with

the number of generated floorplans. We observed that GAN-based models like HouseGAN++
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[6] and our proposed model Exp1 exhibited a proportional relationship between the number of

floorplans generated and the required time for sampling. On the other hand, diffusion-based

models like HouseDiffusion [7] and Exp2 demonstrated a non-proportional increase in sampling

time as the number of samples grew (shown in figure 4.2). Overall, our experiments showed

that by leveraging the advantages of GAN and diffusion models and exploring techniques such

as attention mechanism, minibatch discrimination, spectral normalization, and the Wasserstein

loss function, we were able to strike a balance between sampling time and diversity in floorplan

generation tasks. Compared to our baseline model, HouseGAN++ [6], we achieved superior

diversity with competitive sampling time, outperforming HouseDiffusion [7] in both diversity

and sampling time.

Based on these observations, we can confidently answer the research questions posed in this

study. In our research, we have addressed the following key research questions to overcome the

challenges of sampling time and diversity in generative models:

• How do various regularization techniques affect the diversity of floorplan lay-

outs generated?

By incorporating techniques such as minibatch discrimination, spectral normalization, and the

Wasserstein loss function, the models achieve enhanced diversity in the generated outputs. Ar-

chitectural modifications, specifically the integration of a convolutional message passing network

with an attention mechanism, further contribute to enhancing the diversity of the generated

floorplan. The experiments conducted on the ablation study (section 4.5.2) demonstrate that

these techniques and modifications play a significant role in capturing important features, en-

couraging discrimination at the batch level, stabilizing training, and generating various outputs

that closely resemble the target distribution. Overall, the findings highlight the effectiveness

of these techniques and modifications in influencing the diversity of floorplans produced by our

model.

• How can we achieve optimized sampling time and enhanced diversity through

the combination of two generative models?

To leverage the advantages of capturing large data distributions in diffusion models, our re-

search proposes an approach that integrates a GAN in a multimodal fashion. By combining
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the strengths of both models, we overcome the limitations of individual GAN generation and

achieve a more comprehensive and efficient generative framework. In our proposed approach,

the multimodality of the model plays a crucial role. This multimodal training strategy allows

us to reduce the denoising steps and optimize the overall sampling efficiency. By incorporating

the diffusion model, we capture long-range distributions and intricate patterns that are chal-

lenging for individual GAN models. This integration enables us to generate diverse samples

while maintaining efficient sampling time. The combination of the diffusion model and GAN in

a multimodal fashion holds great potential for achieving optimized sampling time and enhanced

diversity.

4.6.1 Key finidngs

• The integration of self-attention mechanisms into Convolutional Message Passing Net-

works (MPNs) emerges as a crucial breakthrough, enabling dynamic aggregation of infor-

mation across entire graphs. This adaptive weight assignment enhances MPNs’ capability

to capture explicit and nuanced dependencies, fostering heightened expressiveness and re-

alism in graph analysis.

• Among the different techniques investigated, minibatch discrimination and the Wasser-

stein loss function have a significant impact on enhancing diversity in the generated

outputs. The inclusion of minibatch discrimination promotes diversity by considering

relationships between samples within a minibatch. This technique encourages discrimi-

nation at the batch level, leading to a broader range of generated samples. Similarly, the

adoption of the Wasserstein loss function encourages the generative model to closely match

the target distribution, resulting in more diverse and realistic samples. These findings

highlight the importance of incorporating minibatch discrimination and the Wasserstein

loss function in generative models to achieve higher levels of diversity in the generated

outputs.

• Another key finding of the research is that the number of time steps, such as increasing

the denoising time, does not always guarantee a high level of diversity in the generated

outputs. The research demonstrates that simply increasing the denoising time or the

number of time steps does not automatically lead to a proportional increase in diversity.

Instead, the study highlights the significance of selecting optimal parameters to achieve
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high diversity in generative models.

• Another pivotal discovery of this research lies in the strategic amalgamation of GANs

with Diffusion models, a synthesis that unveils a harmonious balance between two critical

facets of generative modeling: sampling time and diversity. This fusion capitalizes on

the distinctive strengths of each model archetype. GANs, renowned for their expeditious

sample generation capabilities, empower the synthesis of outputs at a remarkable pace,

owing to their discriminative and generative prowess. Conversely, Diffusion models offer

a unique methodology for enriching diversity by traversing a broader distribution space,

thereby facilitating the exploration of novel and varied samples. By seamlessly integrat-

ing these models, we orchestrate a harmonious synergy wherein the efficiency of GANs

harmonizes with the diversity-enhancing capabilities of Diffusion models. This symbiotic

alliance not only optimizes sample generation but also enriches the generative process with

a diverse array of outputs, thereby exemplifying the transformative potential of hybrid

generative frameworks in advancing the frontier of sample synthesis.

Figure 4.5: Input the complex graph along with its corresponding generated floorplan.

4.6.2 Limitations

• One limitation of our research is the difficulty our model encounters in maintaining the

realism of generated complex floorplans. Although our model demonstrates satisfactory

performance in simpler and moderate floorplan generation tasks, it faces challenges when

tasked with more intricate architectural designs, as shown in figure 4.5. This limitation,

in our view, arises due to a deficiency in complex training data compared to simpler

designs, as well as the limitations of the model’s capabilities. Complex floorplans require
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a higher level of detail and intricacy, which may not be adequately represented in the

available training data. As a result, the model may struggle to accurately capture and

reproduce the intricate features of complex floorplans, resulting in a loss of realism in the

generated outputs.

• Another limitation of our research is the inability to generate non-Manhattan floor plans

and the lack of room size information in the node property. Our current model is con-

strained to strictly producing floor plans that adhere to Manhattan-style layouts, char-

acterized by orthogonal lines and right angles. This limitation restricts the diversity of

floor plan designs that our model can generate, as it excludes curved or diagonal elements

commonly found in non-Manhattan layouts. Addressing this limitation could involve

exploring alternative modeling approaches or incorporating additional data sources to

enable the generation of more varied floor plan styles.
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Chapter 5

Conclusion and recommendation

5.1 Conclusion

Generative models have brought about a significant revolution in various industries, including

floorplan generation. Despite the advancements made in this field using techniques such as

GANs, diffusion models, and others, specific challenges such as mode collapse, training instabil-

ity, and sampling time challenges have persisted. Although several methods have been proposed

to address these challenges, they often fall short of achieving the desired effectiveness.

In this research, we have presented a novel hybrid approach to overcome the obstacles of

diversity and sampling time in floorplan generation. Our proposed method, which combines

the strengths of GANs and diffusion models, incorporates regularization techniques, training

algorithms, and attention mechanisms. Notably, our work introduces a solution that not only

balances sampling time and diversity but also enhances the realism of the generated floorplans.

To validate our approach, we trained our model on the RPLAN dataset and conducted

experiments with different time steps. We found that a denoising step at T=20 achieved better

diversity results. The diversity of the generated floorplans was evaluated using FID across the

number of rooms, and our model demonstrated a higher variety compared to the two baselines

we employed. Furthermore, our hybrid approach reduced the time required for generation by

41.04 % when compared to the housediffusion model.

These findings highlight the effectiveness and superiority of our proposed method in address-

ing the challenges of floorplan generation. By combining multiple techniques and leveraging the

advantages of different generative models, we have achieved significant advancements in terms

of diversity, sampling time, and realism. However, it is important to acknowledge that further

research and experimentation are required to explore additional avenues for improvement. For

instance, investigating alternative architectural modifications and exploring new regularization

methods could potentially enhance the performance of our approach even further.

In future research, our aim is to expand the capabilities of floorplan generation by incorpo-



rating non-Manhattan layouts and complex furniture placement. Currently, our model is limited

to generating floorplans adhering strictly to Manhattan-style layouts, characterized by orthog-

onal lines and right angles. By addressing this limitation, we envision enabling our model

to generate floorplans with curved or diagonal elements commonly found in non-Manhattan

layouts. Additionally, we aim to incorporate furniture placement in the generation process,

allowing for more realistic and detailed floorplan designs. By pursuing these advancements, we

strive to enhance the versatility and creativity of our floorplan generation approach, catering

to a broader range of architectural styles and design requirements.

5.2 Recommendation

• Complex floorplans: Based on the limitation of maintaining the realism of generated

complex floorplans, there are several recommendations for future research. Firstly, refin-

ing the model architecture should be a priority to better handle the intricacies of complex

designs. This can involve exploring advanced techniques and architectures such as dif-

ferent attention mechanisms or hierarchical modeling, which would enhance the model’s

ability to capture finer details and maintain realism. Secondly, increasing the amount and

diversity of training data, specifically focusing on complex floorplans, would provide the

model with a broader range of examples to learn from and improve its understanding of

complex designs. Additionally, considering an End-to-End approach could be beneficial,

as it would enable the model to directly generate complex designs without the need for

postprocessing, allowing for better preservation of realism throughout the entire gener-

ation process. By implementing these recommendations, future research endeavors can

overcome the limitations and enhance the realism of generated complex floorplans.

• Optimization algorithms: To address the limitation of sampling time in floorplan gen-

eration, a recommendation is to leverage various optimization techniques such as Bayesian

optimization, reinforcement learning (RL), or genetic algorithms. These optimization

methods can effectively expedite the sampling process. By incorporating Bayesian opti-

mization, researchers can intelligently explore the parameter space and identify optimal

sample configurations, resulting in reduced sampling time. RL algorithms, on the other

hand, can learn from past experiences and improve sample selection over time, acceler-

ating the generation process. Genetic algorithms mimic natural selection to iteratively
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refine the sampling strategy, leading to faster and more efficient floorplan generation.

By utilizing these different optimization techniques, researchers can expedite the sam-

pling process and overcome the limitation of time constraints, enabling quicker and more

responsive floorplan generation.

• Residual Network: To enhance the diversity of generated floorplans, a recommendation

for future work is to leverage residual networks. Residual networks are renowned for their

ability to capture and propagate information effectively through residual connections,

making them valuable for improving the quality and variety of generated floorplans. By

incorporating residual networks into the generative model, the aim is to enable the model

to capture finer details, intricate spatial relationships, and unique architectural features.

This integration of residual networks will expand the modeling capability, resulting in a

broader range of diverse floorplan designs that encompass different layouts, styles, and

functional arrangements. By pursuing this recommendation, significant improvements can

be expected in the diversity and creativity of the generated floorplans, thereby advancing

generative floorplan generation techniques and their practical applications in architecture

and design.
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