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tive Adversarial Networks are imple-
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suggesting a plausible array of sat-
isfactory outcomes in space-problem
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mulation of more efficient problem-
solving processes.
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Chapter 1

Introduction

The process of design serves as a base for the formulation of theoretical analysis
and a deeper understanding of the design itself. According to Oxman [60], there
are four certain major classes describing the process of design: problem formula-
tion, synthesis/generation, representation, and evaluation. By the mid-80s, Schön
[71] shifted the focus of design toward the designer and initiated the study of De-
sign Thinking. More speci�cally, Schön emphasizes the interaction of the designer
with a given problem and creates a topological mind map of the process. There-
fore, he suggests that design thinking is constituted of the following: a process of
reception(perception), re�ection (interpretation), and reaction(transformation).

Rowe et al. [68] summarize the understanding of design thinking in archi-
tecture and suggest its categorization between the properties of incompleteness-
what Schön describes as design thinking (reception, re�ection, and reaction) and
precision- the evaluation and functionality of the results of design thinking. He,
therefore, rede�nes design thinking as the process that lingers between the two,
aiming to balance for continued problem-space structuring.

Already by the 1990s, architectural projects, conferences, competitions, and ex-
hibitions start to formulate a theoretical discourse regarding digital design [60]. By
the 2000s, most of the design processes had come under the spell of the digital age.
This digitalization of processes enhances architectural design thinking by serving
as a mediator between incompleteness and precision [68]. The digital age has made
considerable contributions to design thinking in at least four areas:

• The exploration of conceptual and technical options regarding new repre-
sentational methods (e.g. renders) and tools that provide higher precision
(e.g. CAD drawings).

• The iterative power of generate-and-test procedures results in the generation
of a plausible array of satisfactory outcomes. Therefore, it may assist in better
problem-space structuring.

1



2 Chapter 1. Introduction

• Broader access to information. The evaluation and assessment of outcomes
may be executed with higher degrees of accuracy, scope, and technical so-
phistication.

• Better research capabilities and simulation techniques.

The prominent link between all the processes of design is the role of the de-
signer. Even though this role is also evolving along with contemporary tech-
nologies, it still retains a vital position in the design process. The contemporary
designer interacts with generative and performative mechanisms, while data has
become a "new material" for them. The role of the designer adapts to the con-
temporary world, as practitioners, nowadays, adapt to the new technological tools,
and sometimes even create their own apparatuses and digital equipment.

What the digital age has succeeded in is the improvement of capacities for ac-
quirement, manipulation, and assessment of information. That said, further inves-
tigation of contemporary tools and methods should be applied in order to advance
the work�ow of architectural design. In Speculative Hybrids , we aim to explore
the potentials of Machine Learning for architectural design, and therefore inves-
tigate how its use enhances design processes in the early design phases. More
speci�cally, we suggest the implementation of a Generative Adversarial Network
(GAN), trained with a dataset of building geometries in the form of annotated
point clouds.

Speculative Hybrids are newly generated building geometries that are charac-
terized by the features of the dataset that was used to train the model. Our hypoth-
esis lays upon those hybrids and their ability to inspire architectural practitioners
in the ideation phase through exploration, within the context of site-speci�c rules.
Their purpose is to bridge the gap between incompleteness and precision. We be-
lieve that the iterative power of such a tool and the design solutions it can provide
can inspire practitioners of the �eld and assist them in structuring fundamental
problem-space.

1.1 Reconsidering Otherness

Speculative Hybrids is building on the research project Reconsidering Otherness,
led by Anca-Simona Hovarth at the Research Laboratory for Art and Technology
at Aalborg University. Reconsidering Otherness investigates the use of Machine
Learning in designing conceptual architecture. The project proposes a method to
assist practitioners in the �eld during the ideation phase. The project consists of
three steps:

• The collection of two datasets: one dataset of texts describing conceptual ar-
chitecture proposals, and one dataset of the representational images of those
proposals.
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• Training Machine Learning algorithms to generate new architectures: 3 Ma-
chine Learning models generating text from text, images from images (se-
lected results can be seen in �g. 1.1), and images from text.

• The submission of a proposal to the eVolo architectural competition with the
generated results.

Figure 1.1: Images generated from a model trained with images that describe skyscrapers. The
image is a part of Reconsidering Otherness, which aims to explore new 2D conceptual architecture
mediums.

This initial work proved to be valuable in understanding and establishing de-
sign processes that involve Machine Learning in the design of conceptual archi-
tecture. However, while images and texts can be a source of inspiration dur-
ing the ideation phase, the actuality of the design process must necessarily in-
volve 3-dimensional (3D) shapes. Speculative Hybrids will shift from text and
2-dimensional (2D) images to 3D point clouds. The Speculative Hybrids project
aims to:

• Establish a theoretical background regarding the use of Machine Learning in
the formation of conceptual architecture.

• Investigate existing datasets of annotated point clouds resulting from 3D
scanning technologies that have been processed and classi�ed through deep
learning algorithms.
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• Create a dataset consisting of annotated point clouds that describe simple
building geometries.

• Train a state-of-the-art 3D GAN model to generate new architecture volumes
based on the created dataset.

• Explore if and how such a method can shape the contemporary design think-
ing.

Exploring text, 2D, and 3D Machine Learning algorithms for the creation of con-
ceptual architecture, Speculative Hybrids, and Reconsidering Otherness together
will create a multi-faceted perspective on design processes and the possible bene-
�ts and pitfalls of designing with Machine Learning.



Chapter 2

Background and literature review

The notion of digital design, Generative Adversarial Networks, and point clouds
in the context of architectural design are explained and evaluated.

2.1 Digital Age in Architecture

There is no doubt that architecture has been signi�cantly in�uenced by digital me-
dia and information technology. Digital technology, which can be described as
the combination of the two, is assisting the �eld of architecture in areas such as
design, fabrication, construction, maintenance, as well as in the way architecture
is taught. However, contemporary technology has revolutionized not merely the
way humans act upon designing but also the way they think [4]. Hovarth [32]
analysed texts written between 2005 and 2020 that form a part of critical discourse
in computational architecture in order to gain a better understanding of the evo-
lution brought upon architecture due to the digitalization processes. There is a
radical change in the perception of design because of the use of digital media,
which are not only used as representative tools but also for design development,
and manufacturing.

There is an extended number of state-of-the-art projects that describe the multi-
dimensional approaches within which digital technology has in�uenced architec-
ture. For instance, the application of digital technologies to architectural design has
been the subject of research in a number of areas including the use of computer-
aided design (CAD) in the design process [29], the use of integrated systems in
architectural practice [22], the role of virtual environments in design [51, 86], the
impact of digital technologies on the built environment [44], and the way architec-
ture is taught and learned. [4] All these tools have provided the ability to generate
construction information directly from design information, and evaluate the built
environment by controlling and improving building components or systems. In
conclusion, researchers in the �eld investigate how digital technology has changed

5



6 Chapter 2. Background and literature review

the architectural work�ows, the thinking processes of the practitioners, and the
communication of the ideation phase [48, 87].

2.1.1 Machine Learning applications in Architecture

The increasing implementation of Machine Learning algorithms and models is
severely affecting the development of architecture. Tamke et. al [76] suggest
that new architectural design practices might be based on Machine Learning ap-
proaches to better leverage data-rich environments and work�ows. In their re-
search, they propose �ve emergent practices for Machine Learning implementa-
tion:

• Analysis of design space - emergent parameterization [10, 91].

• Designing - short-circuiting simulation [3, 40].

• Analysis - de�ning descriptors for learning and classi�cation [33, 50].

• Operation and life data - adapting ongoing behavior [35, 64].

• Making - adapting fabrication [9].

Caetano et al. [13] proposed a taxonomy for parametric, generative, and algo-
rithmic design, all key terms of Computational Design in Architecture. Regarding
the �rst emerging practice, a great interest has been gathered around generative de-
sign and its implementation in the design processes. More speci�cally, As et al. [7]
are implementing Deep Neural Networks in order to generate conceptual designs.
Additionally, Huang and Zheng proposed, in 2018 [33] a twofold project in which
they recognized architectural drawings and then generated new ones. Algeciras-
Rodriguez [6] utilized Self-organizing Maps [54] in order to produce hybrid forms
that acquire characteristics from several input references. Dimensionality reduction
tools are used for design data visualizations [50] and generative design exploration
[31]. Finally, Campo et al. [21] question whether machines can dream. In order
to come to an answer, they suggest a two dimensional approach to designing with
the aid of Machine Learning, which serves as a proof of the concept. Steinfeld
[75] summarizes the impact of Machine Learning processes in design within three
categories: Machine Learning as actor1, as material2, and as provocateur3.

1Machine Learning models that co-designs along with the designer.
2Generative models that provide new form of design “material”, usually curated by a designer.
3Machine Learning models that form new imagery.
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2.2 Growing Neural Gas Algorithm

Feature space optimization and clustering methods are important factors regard-
ing Machine Learning algorithms. Several algorithms attempt to succeed in the
aforementioned techniques such as Self Organizing Maps [54], k-means [39], Prin-
cipal Component Analysis [1], T-SNE [46], and Growing Neural Gas (GNG) [24].
The last one is an unsupervised topology learning algorithm that constructs a data
space by interconnected units that focus on the most dense areas of that space [24,
82].

Growing Neural Gas is able to learn the important topological relations in a
given set of input vectors using Hebbian Learning Rule [56]. The Hebbian Learn-
ing Rule is a learning rule that speci�es how much the weight of the connection
between two units should be increased or decreased in proportion to the product of
their activation. The GNG dynamically adds or removes nodes and approximates
the input space more accurately than a network with a prede�ned structure, such
as the Kohonen self-organizing feature map [61].

More speci�cally, GNG algorithm initiates its process by creating two randomly
placed neurons connected with each other by an edge. Then, a random data point
is chosen from the given data distribution. The algorithm �nds the neuron closer
to that point, also known as the best-performing unit (BPU), and moves it closer
to it, along with all the other neurons directly connected to it. The age of the edge
between BPU and the second closest neuron to the selected point (SBPU) is set to
zero, if it does not exist yet, it is at this point that it gets created. If an edge is
older than a prede�ned maximum age, then that edge is deleted. New neurons
spawn every once in a while in the in-between distance of the worst-performing
neuron4 so far and its worst-performing neighbour, and the edge between them
gets deleted. The process is usually terminated by a boundary condition, such as
when the number of spawned neurons or the maximum number of iterations is
reached. Fig. 2.1 shows the implementation of the GNG algorithm on an image.
Additionally, the algorithm can utilized for spatial data. Orts-Escolano et al. ??are
proposing a method for 3D colour object reconstruction based on Growing Neural
Gas.

2.3 Generative Adversarial Networks

Generative Adversarial Networks (GANs) were introduced in mid-2014 by Ian
Goodfellow [28]. Generative modeling [27] is an unsupervised Machine Learn-
ing task that involves distinguishing and learning complex data distributions of
input data, i.e. the training dataset, [59] in order to generate new samples that

4Worst-performing Units (WPU) are the neurons with the highest cumulative error (sum of dis-
tance from each data point over each iteration)
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Figure 2.1: An example of a Growing Neural Gas algorithm performing. The parameters for GNG
are: max_Nodes= 2400, n_iter_before_neuron_added = 100, after_split_error_decay_rate =
0.5, error_decay_rate = 0.995,min_distance_for_update = 0.01, step = 0.2, n_start_nodes = 2,
max_edge_age= 50, and neighbour_step = 0.005

could have been part of the initial training dataset, meaning they have similar data
distributions.

Generative Adversarial Networks consist of two sub-models: the generatormodel,
which is trained to generate new samples, and the discriminatormodel, which con-
sequently aims to classify these samples as either fake or real [28]. Fig. 2.2 demon-
strates the basic architecture of a Generative Adversarial Network. Typically, the
generative network learns to map data points from a latent space to a data dis-
tribution of a given training set, while the discriminative network distinguishes
whether a sample is from the generative model distribution or the training dataset
distribution. The two sub-models are trained together in a zero-sum game until
the discriminator model cannot distinguish whether the sample that is evaluating
is generated or pooled from the initial training set [18].

GANs have been successful in many applications including image synthesis,
semantic image editing, style transfer, image super-resolution, and classi�cation
[18]. The implementation of Generative models has proven fruitful using a variety
of data types, including text [8], images [36], and videos [5]. However, the increas-
ing attention toward 3D (spatial) data has led GANs to succeed in several other
research areas.
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Figure 2.2: The overview of a Generative Adversarial Network's structure.

2.3.1 3D GANs

The implementation of 3D GANs focuses on a variety of topics mostly using point
clouds as input or output data. Applications of generative models have shown
results in image-to-point-cloud transformation [42], text-to-voxel [70], point-cloud-
to-point-cloud completion [94], and point cloud upsampling [43]. These methods
have achieved impressive results in enhancing Computer Vision applications.

For the purposes of Speculative Hybrids, we investigate the capabilities of Gen-
erative Adversarial Networks in generating 3D point clouds from random latent
codes. Even though Generative Adversarial Networks computing with 3D point
clouds, are still under-explored [2], there are already several algorithms attempting
to succeed in the task.

Achlioptas et al. [2] were the �rst ones in the �eld to suggest and implement a
method for point cloud generation. Raw point cloud GAN (r-GAN) was the initial
model for generating point clouds from raw data points, while latent-space GAN
(l-GAN) was a simpli�ed version of r-GAN incorporating pre-trained autoencoders
for pre-processing the data [2]. Another GAN proposed by Valsesia et al. [80] is
using a dynamic graph convolutional network instead of a typical generator. Tree-
GAN was proposed in 2019 by [73] which shapes a hierarchical structure in feature
space by using tree-structured graph convolutions. Finally, the most recent attempt
at generating point clouds is introduced by Yang et al. in 2021 [90].

Controllable Point Cloud Generative Adversarial Network (CPCGAN) not only
succeeds in higher performance rates regarding results and computational effec-
tiveness than previous algorithms, but it also allows the manipulation of the gen-
erated output towards speci�c directions of preference. Additionally, CPCGAN
provides semantic segmentation of the generated point clouds. In �g 2.3 a quanti-
tative comparison can be seen between the performance metrics of the models as
proposed by Achlioptas et al. [2], and performed by Yang et al. [90].
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