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Since architects have been creating their designs in the digital environment, a new 
language has developed between the computer and the designer. Architecture has 
entered a paradigm shift with the widespread use of artificial intelligence (AI) (Chaillou, 
2020). This transformation represents a pivotal moment in the evolution of AI-driven 
architectural transformations. AI is increasingly integrated into the design process, 
enabling new forms of interaction and co-creation. AI tools, when they move beyond 
simple automation and take on a more active role in the design process, are called 
“co-creators”(Gmeiner et al., 2023).  Generative AI has shown significant success in 
supporting creative tasks across various industries, including music composition, 
visual design, and writing. For example, tools like DALL-E and Midjourney facilitate 
the creation of consistent visual content across multiple scenes. These AI tools 
require human guidance to refine and improve outputs, emphasizing the need for 
a collaborative approach between humans and AI in creative endeavours (Wang et 
al., 2024).To effectively collaborate with these AI tools, designers need to develop 
both the skills for participatory approaches with human agents and the technical 
competencies to co-design with AI. This means getting familiar with these tools and 
learning to use them efficiently as co-creators in the design process.

Figure 1 shows a design schema proposal where the design control is maintained 
through intermediate stages rather than a single final product. In certain instances 
within these tool groups, the feedback loop has been optimized, thereby enhancing 
the co-creation process.

According to Gordon Pask, co-creation is more than simply creating something 
together; it is a partnership in which humans and machines learn and evolve via 
their interactions (Werner, 2019). The machine is programmed to “learn” from its 
interactions, changing its responses based on the feedback it receives from human 
participants, thereby improving the collaborative creativity process (Werner, 2019). 
In the work of Gordon Pask, co-creation describes a dynamic interaction between 
humans and machines, where human participants engage with the machine, and 
the machine adapts and responds to their inputs.

Introduction
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This interaction creates a feedback loop, allowing both humans and machines to 
influence one another, resulting in a shared creative process in which both the designer 
and the AI contribute to and are transformed by the design process(Werner, 2019). Given this, 
it can be stated that the term “co-creation tools” is used to denote the various instruments 
and methodologies that facilitate production processes leveraging artificial intelligence.

As AI becomes increasingly central to architectural design, it disrupts traditional 
concepts of creativity and design methodology. Leach (2022) argues that while AI may not 
usher in an entirely new architectural style, it is set to profoundly alter the design process. 
This shift will challenge many established conventions within the design community. 
Consequently, traditional terms such as “design” and “designing” may be supplanted by 
new concepts like “searching” and “outcomes” (Leach, 2022). 

Understanding the transformative impact of artificial intelligence on design thinking 
is key to unlocking the potential of co-creation with AI. Central to this understanding is 
the concept of the “black box,” a metaphor for the opaque computational processes 
that underpin AI-driven architectural design (Fricker et al., 2020). The black box presents 
challenges by obscuring the internal workings of AI tools, which can hinder architects’ 
ability to innovate and experiment within the design process. Most current AI tools function 
with a straightforward input-output logic, further emphasizing this lack of transparency.

As AI tools become more prevalent in architectural design, this black box effect 
remains a significant concern. The opacity of these systems limits architects’ capacity 
to collaborate effectively with AI, as they are often unable to fully understand or control 
the creative process. While AI has made notable strides in 2D image generation, its 3D 
modelling capabilities are still in development, requiring further advancements to achieve 
high-quality results.

This lack of transparency also restricts the collaborative nature of the design 
process. While text inputs can significantly influence AI-generated outputs, designers 
are often unable to make direct modifications to the visuals. This limitation constrains 
their ability to refine and perfect the designs interactively. To enhance the potential of AI 
in architectural design, there is a clear need for more transparent, interactive tools and 
methodologies that empower designers to actively engage with and influence the creative 
process.

This paper proposes a collaborative creation process between AI and designers, 
where text, 2D, and 3D methods can be converted into one another. As depicted in Figure 
2, the process involves a cooperative exchange between the designer and AI, allowing for 
iterative development. 

From Black Boxes to Transparency: 
The Evolution of AI in Architectural 
Design
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To explore this interaction, the paper examines both 2D and 3D 
methodologies, investigating how they can be integrated and converted within 
the collaborative creation framework. In this process, text can be transformed 
into images or 3D models through text-to-image or text-to-3D methods. 

Similarly, images can be converted into 3D models or described through 
text, and 3D models can be created from text descriptions or 2D images. The 
ongoing interaction between the architect and AI enables iterative refinement, 
where each type of data informs the others. This flexible integration highlights 
the potential of AI in architectural design, fostering a dynamic exchange of ideas 
and continuous enhancements between the human designer and the AI system.

Given the current limitations and the ‘black box’ nature of existing AI tools in 
architecture, this paper aims to explore the following research question: To what 
extent is co-creation currently possible, and can existing AI tools be effectively 
integrated into the architectural design process to enhance co-creation, improve 
transparency, and overcome the limitations of the ‘black box’ nature, particularly 
in the context of 2D and 3D content generation?

TEXT

TEXT

IMAGE

ARCHITECT

IMAGE

3D MODEL

3D MODEL

Figure 2. Collaborative exchange between the designer and AI. Redrawn by the author 
(Guida & Escobar, 2023). 
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Currently, one of the methods that can be considered to bring transparency to the 
black box is Explainable AI (XAI). XAI enhances the clarity of AI systems for all users, 
which is particularly crucial when dealing with complex AI models that are inherently 
difficult to interpret. By increasing the transparency of these systems, XAI enables users to 
understand the decision-making processes and the underlying factors influencing these 
decisions. In the context of architecture, XAI can assist architects in comprehending the 
tools they utilize more thoroughly, thereby allowing them to exert greater control over 
these tools (Das & Rad, 2020). Although XAI is proposed as a method, it has not yet been 
applied to tools that generate visual outputs. 

This paper discusses XAI’s potential in architecture and reveals possible 
requirements for XAI-based tools for the designers. To do so, first, the functionality and 
implications of current co-creation tools are examined. There are many AI tools and new 
ones are constantly emerging and the creators of these tools are often not architects. For 
instance, tools like Tripo AI, mostly used in the gaming industry for designing characters, 
demonstrate the potential of AI in generating high-quality 3D models from text or images. 
This paper will explore the potential of such 3D tools in the field of architecture, focusing 
on their application in visual and 3D design creation. Ultimately, the findings will reveal the 
necessary steps architects should take to effectively utilize AI tools specifically designed 
for architectural purposes, which in turn will reveal the shortcomings of existing tools and 
requirements for the creation of new ones.

The architectural scene is continuously changing, and while new applications 
emerge, designers are gradually developing a better knowledge of artificial intelligence’s 
potential and limitations. This developing understanding is forming a clearer picture of 
how AI might affect and transform the profession of architecture. According to Thomas 
Lane (Matoso, 2023), AI has the ability to automate up to 37% of the jobs currently performed 
by architects and engineers (Matoso, 2023). However, this automation will most likely 
target mundane and less creative duties, freeing up professionals’ time to focus on more 
strategic and creative aspects of their professions. In the same way that Revit and 3D 
software do not replace architects but rather modify work flows and possibly enhance 
their creativity, the same holds for artificial intelligence solutions. AI is poised to usher in 
a shift in the way architects operate, bringing with it new duties such as AI management 
in addition to existing ones. In this sense, to experiment with AI and nourish their creative 
potential, architects will need to gain a deeper understanding of AI in order to have more 
control over the outputs.

AI and Design  

From Black Boxes to Transparency: 
The Evolution of AI in Architectural 
Design
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There are many tools accessible to architects to use AI; however, they mostly 
provide limited control over the design process. To this end, the initial prompt 
given to the AI is critical because the result changes dramatically depending on 
that. Because the output is hidden, experience and experimentation determine 
the quality of the finished result. Many tools present a “black box” scenario in 
which the internal workings are hidden due to the deep learning mechanism of 
these tools. Deep learning models are often considered “black boxes” due to the 
complexity and opacity of their internal workings. This characterization arises 
from the challenge of interpreting the decisions made by deep neural networks, 
especially when dealing with intricate tasks or high-dimensional data. Several 
factors contribute to the perception of deep learning as a black box.

Deep learning models are a subset of machine learning models, which in 
turn are part of the broader field of artificial intelligence. This relationship can 
be likened to a set of Russian dolls, where each layer is nested within the other. 
Specifically, ‘deep learning’ is a subset of ‘machine learning,’ and ‘machine learning’ 
is encompassed within the broader domain of AI (Figure 3). This hierarchical 
structure illustrates the interconnected layers, where deep learning techniques 
represent a more specialized form of machine learning. Machine learning, in its 
entirety, falls under the umbrella of artificial intelligence (Leach, 2022). This nested 
structure highlights how advancements in deep learning contribute to the broader 
field of machine learning and AI as a whole.

AI MACHINE LEARNING DEEP LEARNING

Figure 3. Diagram of the relationship between deep learning, machine learning, 
and AI (Kuntz & Wilson, 2022)
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Machine learning algorithms are computer programs that can learn and improve 
their performance based on data. They analyze the information provided and utilize it to 
enhance their performance on specific tasks. To illustrate, a machine learning algorithm 
designed to identify cats in images is initially trained using a dataset of cat pictures. By 
repeatedly presenting the algorithm with these images and offering positive reinforcement 
for accurate identification, it gradually develops the ability to recognize the distinctive 
characteristics of a cat without external guidance. Contemporary tools like Midjourney 
and DALL-E operate using similar algorithms. As mentioned before,  these tools were 
not created by architects, so their internal workings are often unknown to users, limiting 
the extent to which architects can control the final output. AI can generate architectural 
visuals using tools that convert text to image or image to image. These tools operate on 
an input-output system, where text-to-image tools create visual representations based on 
written descriptions, and image-to-image tools transform one image into another while 
maintaining the semantic context.

Text-to-image tools create visual representations of a written text, description, 
or keyword while preserving the semantic context of the text (Hanafy, 2023). These tools 
interpret the meaning of the input text to generate corresponding images accurately.

Similarly, image-to-3D and text-to-3D tools are advancing, as demonstrated in 
studies involving tools like Tripo AI, which can generate 3D models from visual or textual 
inputs. These tools are used for various applications, including quick prototyping and 
conceptual development in architectural projects. The Tripo AI provides a full set of tools 
for creating and manipulating 3D models. It comprises draft model generation for rapid 
prototyping from text or image inputs, refinement of draft models into high-resolution 
versions, and automatic animation to bring static models to life. It also offers advanced 
stylization options, such as transforming models into Lego-style or voxel-based versions, 
and format conversion to common formats such as USDZ or FBX, ensuring compatibility 
and versatility across several platforms and applications. These tools are not currently 
used for generating architectural models but can support the conceptual development 
processes in architectural projects through draft model creation. They also provide quick 
prototyping capabilities and highlight the potential of AI in architectural design (Platform 
of Tripo AI, n.d.).

The illustrated example represents a sample model generated by Tripo AI using the 
prompt, “Cute little humanoid figure with raccoon ears and tail, cartoon style (Figure 5).” 
This tool demonstrates proficiency in creating animations with accurate textures, colours, 
and intricate details. Unlike traditional 2D image tools, Tripo AI employs a 3D prediction 
mechanism, enabling it to output a comprehensive point cloud representation of the 
model from various perspectives.

From Black Boxes to Transparency: 
The Evolution of AI in Architectural 
Design
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Figure 5. Prompt: “Cute little humanoid figure with raccoon ears and tail, cartoon style”
https://www.tripo3d.ai/app?tab=create. Retrieved at: 20.05.2024

AI is widely used in the gaming industry, particularly for developing non-
player characters (NPCs) and dynamic landscapes. Tripo AI, for example, 
converts text or images into high-quality 3D models. Although such tools are 
now mostly used in the gaming industry, they provide important insights into the 
possibilities of the use of AI in architecture. Using such technologies, architects 
may quickly generate complicated models and simulations depending on specific 
design criteria. Patrick Schumacher of Zaha Hadid Architects states that text-
to-image generation tools are now employed in almost every project during the 
early phases of concept creation(Barker, 2023). 

In addition, other prominent architectural firms have also adopted various 
generative technologies and have employed image-to-image generators 
developed within their own offices for conceptual design in recent years. 
Additionally, Hickock Cole has showcased a building designed using the text-to-
text generator ChatGPT, which was later refined with the text-to-image generator 
Midjourney. (Barker, 2023).
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Text-to-image generators have demonstrated significant promise for architectural 
rendering. However, further experimentation is needed on prompt creation and the 
correlation between prompts and visual outputs. It has been proposed that the most 
effective utilization of AI frameworks in architectural design entails the training of these 
systems with architectural data by the architects themselves (Horvath & Pouliou, 2024). 
Therefore, there is a necessity to explore how these tools can be specifically adapted for 
architectural design applications.

The term “black box” is used to describe the lack of transparency in understanding 
how an algorithm arrives at its conclusions. This opacity can result in unintended 
outcomes, as algorithms often optimize based on their training data rather than the 
intended objectives, leading to results that lack clear, explainable logic. (Ahramovich, 2023). 
In architecture, this points out that architects are frequently unable to know how the AI 
arrived at a specific design solution. This lack of transparency might impede effectiveness 
and the ability to refine and improve design solutions. Therefore, it is important to develop 
skills to critically assess and adjust AI outputs. In essence, a significant proportion of AI 
applications in the field of architecture follow a two-step approach. This involves inputting 
relevant data into an AI model and then receiving the finalized designs as the output. This 
method of operation has the effect of obscuring the workings of the model. This in turn 
leaves architects unable to fully understand the processes that underpin the generation 
of the designs.

 Kotnik argues that the “black box” can be problematic, as it can lead to a lack of 
understanding of how the design process works and can limit the ability of architects 
to innovate and experiment. Kotnik suggests that one way to resolve this issue is 
necessary to develop new tools and methods that will enable architects to gain a deeper 
understanding of, and greater control over, the computational processes that they are 
using. (Fricker et al., 2020). In a similar manner, Kousoulas (2018) suggests that in today’s digital 
era of architectural thinking, there’s a common acceptance of a mysterious ‘black box’ 
(Kousoulas, 2018). This metaphorical box takes in digital inputs and produces the spatial 
outputs desired by architects. Kousoulas raises questions about this process: Does the 
fallacy of input-output exist, and where is this black box located? When and how can it be 
triggered – at will, with a click, or a mouse gesture? The primary inquiry revolves around 
the very existence of this black box.

Black Box Challenge 

From Black Boxes to Transparency: 
The Evolution of AI in Architectural 
Design
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According to Zhi Chen, the strength of deep neural networks (NNs) lies in 
their formidable capability for image recognition. However, the opacity of what is 
learned in the hidden layers poses a challenge due to the inherent complexity of 
NNs. The lack of interpretability in these networks renders them not only difficult 
to trust but also presents obstacles in terms of troubleshooting.

To address these concerns, the researchers advocate for the development 
of new tools and methods that enhance transparency, interpretability, and control 
over the computational processes in architectural design. These efforts aim to 
empower architects to use computational tools more effectively, encouraging 
innovation and experimentation while maintaining a deep understanding of the 
design process.

One strategy for enhancing the transparency of the black box is to 
incorporate methods from XAI. This involves integrating techniques and 
approaches that allow for a more understandable and interpretable view of the 
decision-making processes of complex AI systems.

The term “explainability” was coined in 2004 by Van Lent to describe 
their system’s ability to clarify how AI-controlled entities behave in simulation 
games(Lent et al., 2004). Although the term is quite recent, the challenge of 
explainability dates back to the mid-1970s when researchers were looking into 
explaining expert systems (Swartout and Moore 1988). However, progress in solving 
this challenge slowed down as AI made big leaps in machine learning. Since 
then, AI research has mainly focused on creating models and algorithms that are 
great at predicting outcomes, with less emphasis on explaining how decisions 
are made (Adadi & Berrada, 2018).

Das and Rad (2020) define XAI as a field within AI that supports a range 
of tools, techniques, and algorithms. The primary goal of XAI is to generate 
explanations for AI decisions that are not only of high quality but also interpretable, 
intuitive, and easily understandable for humans (Figure 3) (Das & Rad, 2020).

The Potential of Explainable Artificial Intelligence (XAI) 
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Figure 6 Accuracy versus interpretability for different machine learning models (Das & 
Rad, 2020).

As visually evident, XAI is considerably more predictable compared to deep learning 
models in AI methods. This situation, in a way, helps break the unpredictability of the 
Black Box. By providing insights into decision-making processes, XAI aims to make AI 
models more transparent and understandable. This increased interpretability fosters 
trust, facilitates integration into applications, and allows for easier analysis and validation 
of model decisions (Figure 6).

To help people trust and feel confident in AI decisions, it’s important to explain how 
the algorithm works in a way that’s easy to understand. This transparency ensures fairness 
and builds trust in the machine-learning system. In simpler terms, clear explanations make 
AI decisions more reliable and understandable for everyone (Das & Rad, 2020). 

Lately, AI researchers have been focusing on unveiling the inner workings of neural 
networks, transforming them from opaque structures into transparent systems. Figure 
7 illustrates two primary parts within Explainable AI: transparency design and post-hoc 
explanation (Xu et al., 2019).
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Figure 6. Accuracy versus interpretability for different machine learning models (Das & 
Rad, 2020).

From Black Boxes to Transparency: 
The Evolution of AI in Architectural 
Design



36

Ba
şa

r S
ev

da
, Ç

ın
ar

 Z
el

al

Figure 7. Two categories of Explainable AI can be identified: transparency and post-hoc 
explanations(Xu vd. 2019).

The transparency of a design enables developers to comprehend the 
model’s internal workings, including its structure, individual components, 
and training algorithms. Conversely, a post-hoc explanation elucidates the 
rationale behind a result being inferred for users, offering analytic statements, 
visualizations, and the use of examples (Figure 7) (Xu et al., 2019).

As can be seen, XAI can play a crucial role in enhancing transparency 
and understanding in architectural design processes, fostering trust and 
acceptance. One effective strategy is “explainability by design,” which involves 
integrating explanation features into the AI model early in its development. By 
incorporating XAI, architects gain a deeper understanding of AI-generated design 
recommendations, ensuring alignment with their expertise and intentions (Huynh, 
n.d.). 

This integration facilitates more informed and collaborative decision-
making, ultimately improving the efficiency and quality of architectural design. 
The overall integration of  XAI in architectural design holds significant potential, 
contributing to the development of AI-powered building design platforms that 
deliver optimal and compliant solutions in a shorter timeframe. In essence, XAI 
transforms and enhances the architectural design process by making AI-driven 
insights transparent, comprehensible, and in harmony with human expertise and 
intent.

As the studies in the field progress, a critical aspect of the investigation will 
involve assessing the interpretability of products produced by AI tools, employing 
the principles of XAI. The examination of several tools has been a focal point of 
the research thus far, and a subset of these tools is presented below for reference.

Input Output

Transparency

Post-hoc

BLACK BOX
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In this study, various methods were employed to explore co-creation tools across 
different domains, including picture-to-picture (pic to pic), text-to-picture (text to pic), 2D 
to 3D, text-to-video, picture-to-video, and text-to-3D (Figure 8). Using these methods, co-
creating with AI tools has been experimented and observations are shared through the 
outputs. In the selection of 2D tools, well-known and widely adopted tools were chosen. 
Conversely, for 3D tools, those that have recently begun to gain prominence for producing 
high-quality outputs were selected. For the purpose of this study, tools with a higher level 
of intervention were chosen.

As it is widely known, 2D tools generate outputs based on a prompt or visual input. 
In these tools, the user’s influence on the final product is observed, and it is noted that as 
users gain more experience with the tool, the quality of the end result improves. However, 
the user hardly has control over the final outcome. The tool’s algorithm does not involve the 
user in every stage of the process, making it difficult to understand how certain decisions 
were made and how the final product was achieved.

Using XAI in co-creation tools can be seen as an innovative approach with the potential 
to fill existing research gaps and make the use of these tools more transparent. However, 
the success of this approach depends on the development of new methodologies and 
overcoming implementation challenges. The following chapter aims to provide insights 
into this development by analyzing current tools and their outputs.

Material and Methods

Figure 8. The table includes 
tools selected for use in 
this study from among the 
many tools were tested 
using the trial-and-error 
method.

From Black Boxes to Transparency: 
The Evolution of AI in Architectural 
Design
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Text To/ Image To 2D Tools

By experimenting with tools like Stable Diffusion and Midjourney, various 
visuals were generated to explore AI’s capabilities in design. Simple prompts were 
initially used, revealing that specific keywords like “lighting” and “photorealistic” 
significantly enhance the visual output. Comparing the same prompt across 
different tools showed distinct variations due to their unique algorithms and 
training data, highlighting each tool’s strengths and weaknesses.

This process underscored the “black box” nature of these AI tools, where the 
internal workings are opaque to users. Designers mainly influence outcomes by 
adjusting prompts or input visuals, which requires a deep understanding of how 
different prompts affect results. Despite the limited control over the intermediate 
stages of the generation process, these tools demonstrate significant potential 
for creative exploration and design innovation.

The findings from this experiment show that, while opaque algorithms 
pose a challenge, they also open up so far unimaginable methods for creative 
expression. By learning how to use and manipulate the prompt-based interactions 
with these AI tools, designers may push the boundaries of traditional design 
paradigms, developing a symbiotic relationship between human creativity and 
AI. This continual interaction between the user and the AI system is critical for 
realizing the full potential of these tools in design creation.

The following text was given to Stable Diffusion and Midjourney. 

TEXT: Architectural photography of an ocean-side house into a landscape 
on the hill, overlooking the ocean, huge windows, curve-linear forms undulating 
roof, shape allows access from the building terrace,  nature and architecture 
intimately interconnected, Highly textured, Color Grading,  Ultra HD, wide angle, 
Global Illumination, octane rendering, hyperrealism, high resolution, rule of thirds, 
volumetric lighting, shadows, misty, intricate detail, photorealistic, cinematic 
lighting, 4K.

 This situation highlighted the importance of Explainable AI. If tools 
were more transparent, the “black box” would also become more transparent, 
allowing for increased user intervention. The purpose of XAI to make algorithms 
explainable to users applies to these tools, although such a system has not yet 
been integrated into them.
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The resulting images were as follows:

Stable Diffusion MIDJOUNREY

Text To/ Image To 3D Tools

Grasshopper’s Python Interface

As AI tools for generating 3D models have advanced, their controllability 
has increased, allowing for more interactive co-creation beyond simple prompts. 
In this part of the study, it is demonstrated how designers can engage with 3D 
tools such as Stable Diffusion’s ZoeDepth, GhPython, and TripoAI.	

In the example shown in Figure 10, 3D shapes were generated using 
GhPython, a scripting component of Grasshopper, which is a graphical algorithm 
editor integrated with Rhino’s 3D modeling tools. This co-creation process 
was facilitated through the use of Python code, written with the assistance of 
ChatGPT. The process began by instructing ChatGPT to write Python code to 
create a Torus Knot. A Torus Knot is a complex geometric shape that wraps 
around and through the central hole of a torus (a doughnut-shaped surface) 
without intersecting itself. This specific task was chosen to test the capabilities 
of AI-assisted design in generating intricate shapes.

From Black Boxes to Transparency: 
The Evolution of AI in Architectural 
Design



40

Ba
şa

r S
ev

da
, Ç

ın
ar

 Z
el

al

Figure 10. Torus Knot shape produced with Ghpython.

Once ChatGPT provided the code, it was pasted into the GhPython interface 
in Grasshopper. This integration allowed the script to be executed within the 3D 
modelling environment, resulting in the creation of the visual model of the Torus 
Knot. The generated shape was initially a basic representation, but its parameters 
could be adjusted directly within the script or through Grasshopper sliders, 
providing a flexible approach to modifying the design. This iterative process 
of adjusting parameters and rerunning the script highlighted the trial-and-error 
nature of working with AI-assisted design tools. Despite the initial lack of coding 
knowledge, the designer could achieve the desired 3D model by experimenting 
with different parameters and observing the changes in real-time.
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The experience demonstrated the potential of AI in assisting the design process, 
particularly in generating complex shapes without requiring extensive prior coding 
knowledge. It showcased how AI could serve as a co-creator, enabling designers to explore 
and realize intricate designs efficiently. Overall, the integration of ChatGPT with GhPython 
in Grasshopper illustrated a promising avenue for architectural and design innovation. By 
leveraging AI tools, designers can expand their creative capabilities and streamline the 
development of complex models, making sophisticated design more accessible.	

ZoeDepth

ZoeDepth is an advanced deep learning model designed for metric depth estimation 
from single images, showcasing significant potential in the realm of 3D modeling and 
computer vision. This model excels in predicting depth from 2D images, thereby 
facilitating the transition from 2D imagery to 3D models. Additionally, ZoeDepth can 
convert 360-degree panoramas into comprehensive 3D representations, enhancing its 
utility in various applications. 

The demonstration of ZoeDepth’s depth prediction capabilities underscores 
the transformative role of AI in creating 3D models from depth maps. Despite current 
limitations, particularly in accurately predicting the back facades of buildings, the model’s 
ongoing development promises improvements in precision and reliability. This iterative 
enhancement reflects a broader trend in AI research where continuous refinements lead 
to progressively better performance, paving the way for more accurate and practical 
applications in fields such as architecture and virtual reality. As ZoeDepth evolves, it is 
expected to overcome its initial challenges, thereby solidifying its role as a crucial tool in 
the seamless integration of 2D and 3D digital environments.

In Figure 11, the products generated by this tool are shown. Initially, the tool generates 
a depth map of the produced image. In the subsequent stage, the 3D shape derived from 
the depth estimation is presented.

From Black Boxes to Transparency: 
The Evolution of AI in Architectural 
Design
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a b

c
Figure 11. a) Image produced with Stable Diffusion 

b) Depth map of the same image
c) 3D mesh reconstruction of the same image
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TripoAI

In the example shown in Figure 12, AI was used to produce a 3D model following a 
similar logic used in ZoeDepth. The initial work involved using ChatGPT to process the 
desired image, which was then converted to 3D using TripoAI.

Initially, the process started with providing a text description to ChatGPT, which 
generated an image based on the input. This image served as the basis for creating a 
3D model using TripoAI. TripoAI is equipped with advanced algorithms that can interpret 
2D images and predict their 3D counterparts. The generated model was detailed and 
structurally coherent, showcasing AI’s capability to understand and extrapolate complex 
geometries from simple inputs.

The model obtained from TripoAI could be exported as a point cloud, a collection of 
data points representing the 3D structure of the model. This point cloud data could then 
be imported into design programs like Blender and Sketchup for further modification. In 
these programs, users could refine the model, adjust parameters, and enhance details, 
allowing for greater customization and precision.

This example demonstrated AI’s capability to predict 3D models and the importance 
of providing a user interface for editing these models, enhancing both explainability and 
controllability. The ability to export and modify the model in traditional design software 
bridges the gap between AI-generated concepts and practical, usable designs. It allows 
designers to retain control over the final output, making adjustments as needed based on 
their expertise and preferences.

Since Tripo AI is not an architectural program, it does not generate controllable 
surfaces in its applications. However, it currently produces good outputs in terms of 
figure creation. When interpreted spatially, it creates areas with depth, but it should be 
remembered that it is not a tool designed specifically for architectural purposes. For it to 
produce designs that yield good results from an architectural perspective, it is necessary 
to incorporate architectural thinking into the design processes of these tools. Either the 
“black box” nature of these tools needs to become more transparent, or it will be necessary 
to work with tools specifically designed for architectural purposes.

From Black Boxes to Transparency: 
The Evolution of AI in Architectural 
Design
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Through these examples, it is shown how designers can effectively engage 
with AI-enabled 3D tools, emphasizing the growing interactivity and control in the 
co-creation process. The insights gained from this experimentation suggest that 
while the opaque algorithms present a hurdle, they also open up new avenues for 
creative expression that were previously unimaginable. 

By learning to navigate and manipulate the prompt-based interactions with 
these AI tools, designers can push the boundaries of traditional design paradigms, 
thereby fostering a symbiotic relationship between human creativity and artificial 
intelligence. This ongoing dialogue between the user and the AI system is 
essential for maximizing the potential of these tools in design innovation.

Figure 12. a) Image created with ChatGPT 
b) 3D model created with Tripo AI

c) Modifying the FBX output of the model on Blender
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Discussion 

The exploration of various AI tools within the field of architecture reveals both 
promising opportunities and inherent challenges. While these tools show significant 
potential in enhancing creativity and efficiency, their application in architecture is often 
limited by the fact that they are typically designed for other industries. It can be said that 
especially 3D tools are starting to allow more user involvement in the design stages and 
are gradually evolving towards better explainability. However, a persistent issue remains: 
most AI tools are not developed by architects, leading to a misalignment between the 
tools’ capabilities and the specific needs of architectural design.

Although the potential for co-creation with AI is promising, in these experiments, the 
two co-partners—human and AI—have not yet fully collaborated in the creation process. 
As Werner (2019) also noted, co-creation remains a possible scenario, but significant 
advancements are needed in these tools, particularly in terms of their capabilities within 
the field of architectural design. Multidisciplinary collaborations are essential to ensure 
that these tools meet the specific needs of architects. Such collaborations will help align 
the software with the practical requirements of architectural practice, thereby facilitating 
a more effective co-creation process.

A critical issue identified in this study is the “black box” nature of many AI tools, where 
the internal mechanisms driving design decisions are opaque. This lack of transparency 
restricts architects’ ability to fully control and refine the design process, thereby limiting 
innovation. As AI-generated designs often result from complex algorithms beyond the 
user’s direct input, architects are frequently unable to trace how a particular outcome 
was achieved. This disconnect poses a significant barrier to the broader adoption of AI in 
architectural practice.

To address these challenges, there is a clear need for new tools and methodologies 
that enhance transparency, interpretability, and control within the AI-driven design process. 
Explainable AI (XAI) offers a promising avenue for overcoming these issues, as it aims to 
make AI’s decision-making processes more understandable and accessible to users. By 
integrating XAI principles into AI tools for architecture, designers can gain deeper insights 
into the computational processes, allowing for more informed decision-making and 
greater creative control.

From Black Boxes to Transparency: 
The Evolution of AI in Architectural 
Design
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Conclusion

This mixed-method study, combining comprehensive readings and hands-
on experiences with AI tools, demonstrates the significant potential of AI-driven 
design processes in architecture. The research and practical applications reveal 
that while AI tools greatly enhance architectural visualization and modelling, they 
also present challenges related to opacity, which limits user understanding and 
control. These findings highlight the importance of prioritizing transparency and 
explainability to effectively integrate AI into architectural design. Although AI 
tools have made considerable progress in supporting creative tasks, their “black 
box” nature often restricts architects’ ability to fully engage and collaborate with 
them. This underscores the need for more transparent and interactive interfaces 
that can improve co-creation capabilities, making AI tools more effective and 
user-friendly for designers.

Table 1 provides a general overview of these tools. Since their primary use 
is not in the field of architecture, the results produced by these tools come with 
both advantages and disadvantages. While their usage in many areas is currently 
limited, they also showcase numerous potentials.

Future research and development should focus on enhancing the 
explainability of AI tools to foster better human-AI collaboration. The 
implementation of Explainable AI (XAI) methodologies holds significant promise 
in making AI-driven design processes more transparent and controllable.

The findings of this research underscore the transformative potential of AI 
in architectural design. However, for AI tools to truly revolutionize the field, they 
must evolve to support the nuanced requirements of architectural workflows. 
This evolution necessitates not only technological advancements but also a 
more profound integration of architectural knowledge into the development of 
AI tools. By fostering a more transparent and collaborative interaction between 
architects and AI, the design process can become more innovative, efficient, and 
aligned with the designer’s creative vision.
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Table 01. Comprehensive Features and Applications of AI Tools

Tool Name
Application 

Area (for this 
experiment)

Features Advantages

Visual Generation Text-to-image 
generation

High-quality 
visuals

3D Model 
Generation

Depth map 
generation

Fast 3D 
modelling

Text-Code 
Assistance

Python 
integration

Speeds up the 
coding process

Parametric 
Design

Parametric 3D 
modelling

Direct control 
over 3D models

3D Model 
Generation

2D to 3D model 
conversion

Quick 
Prototyping

STABLE 
DIFFUSION 

AND 
MIDJOURNEY

ZOEDEPTH

CHATGPT

CHATGPT - 
GHPYTHON

TRIPO AI

Moreover, the development of specialized AI tools tailored specifically for architectural 
purposes will be crucial. These tools should incorporate user feedback mechanisms, 
allowing for iterative design loops that enhance the co-creation process. 

In conclusion, this thesis contributes to the growing body of knowledge on the 
application of AI in architecture. By providing a framework for integrating AI tools more 
effectively into the design process, the study paves the way for future research and 
development aimed at overcoming the current limitations and unlocking the full potential 
of AI as a co-creator in architectural design.

From Black Boxes to Transparency: 
The Evolution of AI in Architectural 
Design
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Disadvantages Explanation

Black box 
Nature

Generates high-quality visuals from text descriptions but 
operates as a black box with limited transparency.

Generates depth maps from images, useful for creating 3D 
models but lacks detail control for back facades.

Assists in writing Python code, and streamlining the coding 
process, but may be limited for complex code generation.

Enables detailed parametric design with Python scripts, 
offering high control over 3D shapes and models.

Converts 2D images to 3D models, ideal for quick 
prototyping but lacks optimization for architectural 

purposes.

Limited back 
facade details

Limited for 
complex codes

Requires Python 
proficiency

Not optimized for 
architecture yet
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