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Artificial intelligence models are moving design exploration 
beyond the deterministic rule-based parametric systems by 
offering new possibilities and expanding the design space, 
which has become more flexible and adaptive to change. Yet, 
the fact that AI models are independently learning on their 
own, raises issues with designers’ control over the process. 
More recently, models that bridge natural language processing 
and computer-vision such as Contrastive Language-Image 
Pre-Training (CLIP) have been integrated into generative deep 
learning models such as StyleGAN, combining the generative 
and classification functionalities. This way, to some degree, 
a certain level of designer’s agency can be attained when 
using text prompts to modify the generative process, which 
was the motivation of this work. We investigate here the 
issue of prototyping a new design system with employing 
language-based models and deep learning models into an 
expanded design space towards informing design revision 
and modification. Our methodology involves experimenting 
with the targeted deep learning models, prototyping a new 
framework with language-based models are integrated into 
the generative process, and testing the prototype by applying 
the proposed system to a design case. As a result of experi-
mentation, the generative model was modified using a set 
of text-prompts that describe the intended design alteration. 
Overall, the results show successful approaches to guiding 
the generative process and informing design revision, and 
offer insights into associated potentials and limitations, as 
discussed in the paper.

1.INTRODUCTION
Parametric modeling systems represent the first generation of 
generative systems that involve rule-based and/or performance-
driven algorithms to evolve design as a product of parametric 
exploration, with specific parameters and constraints.1 Such a 
deterministic system requires designers to input parameters 
and constraints to generate a viable search space where design 
options are pre-programmed. 

More recently, the integration of artificial intelligence (AI) 
methods into generative systems has offered new possibilities 
and defined new design systems. AI techniques, such as deep 

learning, are referred to as “Learning Systems” since they learn 
directly from raw data and provide “unexpected” answers.2 The 
capabilities of AI to generate more artistic and creative outputs 
can be attributed to its non-linear and unknown synthesis and 
lack of rule determination in the learning process.3 As such, a 
new second generation of generative systems is emerging, 
benefiting from the broad use of AI, and signaling a change 
in design towards an infinite exploration of the design space, 
which occasionally becomes a “hyper-dimensional” space, such 
as the latent space of StyleGAN models.4 AI models may now 
define their own parameters independently based on informa-
tion in their input datasets.5 In particular, Generative Adversarial 
Networks (GANs), and their characteristics, can expand the lat-
eral thinking restrictions in existing generative systems, and 
broaden the possibilities for investigating the complexity of the 
design issue within a wider, more representative search space. 
When examining a portion of the space, the designers’ decision-
making may influence how it contracts or expands.6

The complexity of AI methods with potential mis-alignment be-
tween design intentions and design outcomes allows a new area 
of exploration for unexpected design to emerge. With their po-
tential to guide new design processes, deep learning strategies 
raise multiple issues of consideration. One issue is the question 
of what constitutes the “optimum” human-machine interaction 
mode that leads to innovative or “successful” design processes 
in order to generate new design solutions (compared to prede-
termined solutions in parametric systems). Embedded within the 
human-machine interaction mode is the issue of agency. This 
new collaborative model with the machine requires an active 
role for designers in design generation and evaluation.3 This 
human+machine approach leads to a redefining of designers’ role 
since we now share agency and collaborate with the machine. 
As such, this collaborative mode requires research on when and 
where the designer should intervene in the process, and when it 
is ideal to let the machine train and generate outcomes.

The recent introduction of neural language models with text-
to-image synthesis such as CLIP and DALL-E, made by OpenAI 
in January 2021, opened a different research are on AI models 
and architecture. For example, the Contrastive Language-Image 
Pre-Training (CLIP) model can match text prompts with cor-
responding visual representations. The advantage of those 
language-based models is that their direct learning from text can 
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be employed as a source of control or supervision.7 Also, such 
pre-trained models can facilitate employing computationally 
expensive machine-vision processing in design systems. Yet, in 
architectural design, an exact relationship between text and vi-
sual feature representation becomes difficult and raises issues of 
“ambiguity” in text-image associations. An image of architecture 
cannot be simply described in simple text. More importantly, 
it is unreasonable to ask the language model to “design” using 
text descriptions. 

This issue of ambiguity in text-image translation can be solved 
by establishing an intermediary medium for delivering user 
expectations.8 Language-based models can be applied to 
tackle specific design aspects and not the holistic complexity 
of the design activity. Generative deep learning models, such as 
StyleGAN, can be used for different design tasks, and a language 
model (i.e., CLIP) for certain tasks within the design workflow. 
This hybrid process can overcome CLIP’s shortcomings by defin-
ing a generative system with specific architectural datasets for 
CLIP to be useful.

To address the issue of agency and facilitate designers’ control 
of the generated outcome within deep learning models, we 
propose here a new design system that involves employing 
language-based and deep learning models. The language-based 
model will allow encoding designers’ intents and intervening 
in the generation of the design space, the “latent” space, and 
enable a level of designer control. Our methodology involves 
experimenting with deep learning models, prototyping a new 
system framework with language-based and DL models integrat-
ed, and testing the prototype by applying the proposed system 
to a design case. 

In the test-case application, in a preliminary task, (Experiment 
1), only the language model was used with two types of inputs 
of text descriptions and reference images (floor plans of office 
buildings) to investigate the model capabilities. In Experiment 2, 
the main test-case application of the proposed method, 2200 im-
ages of floor plans of office buildings were used for a generative 
deep learning model to generate new design options (through 
a StyleGAN training process). Next, a language model (CLIP) was 
coupled with the trained GAN model to modify the latent space 
in two test cases: (1) CLIP+StyleGAN, and (2) StyleGAN-NADA. 
The experimental test-case attempts to address the questions 
of how to alter current architectural layouts for temporary post-
pandemic scenarios and how to prepare buildings for possible 
future pandemics. The issue is complex and manifold, but can be 
simplified to two questions: (1) rethinking design processes and 
(2) rethinking the architectural space. The research was targeted 
at developing a new design system that modifies and changes 
according to designers’ interference in the generative process 
to enable architectural design modification, while the test-case 
was pursued to review and revise typical architectural floor plans 
of office buildings.

2.BACKGROUND
Despite its recent introduction, research on text-to-image syn-
thesis has been exponentially increasing, signaling a significant 
area of inquiry. In connecting language-based models to genera-
tive deep learning, the work of Reed et. al (2016) introduced an 
early approach that uses a GAN model conditioned upon text 
embeddings.9,10 The work proposed a revolutionary model for 
GAN formulation that learns discriminative text feature repre-
sentations, bridging the gap between breakthroughs in text and 
image modeling and efficiently transferring visual concepts from 
letters to pixels.10

In 2017, StackGAN was developed to synthesize high-quality 
images conditioned to text descriptions.11 In decomposing the 
difficult problem into more manageable sub-problems, the 
work offered a model with a two-stage process and different 
resolutions, a unique approach that supports smoothness in the 
latent conditioning manifold by improving the diversity of the 
synthesized images and stabilizing the training of the condition-
al-GAN model. 11 In further development, the authors presented 
StackGAN++ an advanced multi-stage generative adversarial 
network architecture, with both conditional and unconditional 
generative tasks.12 The model consists of multiple generators 
and discriminators in a hierarchal structure.

In another approach, AttnGAN5 can synthesize fine-grained 
information at distinct subregions of an image by focusing on 
key phrases in the natural language description. In training the 
generator, a deep attentional multimodal similarity model is pre-
sented to compute a fine-grained image-text matching loss.13 
Reed et al. (2016)14, Li et al. (2019)15, and Koh et al. (2021)16 are 
three other studies that focused on incorporating additional 
sources of supervision during training to improve image quality. 
Importantly, the work of (Nguyen et al. 2017)17 introduces a con-
ditional iterative generation of images in latent space, while (Cho 
et al. 2020)18 advances language models research and proposes 
X-LXMERT, an extended model that is capable of generating se-
mantically meaningful images from pieces of text. 

In 2021, important language models such as DALL-E and CLIP 
were introduced by OpenAI. DALL-E is a neural network that 
generates graphics from text descriptions for a wide variety 
of concepts expressible in natural language. The model was 
trained to generate images from text, using a dataset of text–
image pairs.9 As its authors assert, DALL-E has a wide range of 
capabilities, including the ability to create representations, or to 
combine unrelated concepts in believable ways, to display text, 
and to make alterations to existing pictures. CLIP is another ad-
vanced language model that was used in his study and explained 
in detail in Sub-section 2.3. 

In architecture design, research that addresses language-based 
models is fairly new. The contribution of Theodore Galanos 
(2021)19 to training DALL-E with architectural datasets has 
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become important. Galanos trained DALL-E on 150k floor plan 
layouts, and his model shows a potentially useful approach to 
generating designs from text prompts. In one instance, he tested 
the model to generate variant designs based on the text “a house 
with three bedrooms and two bathrooms”. While the attempt 
to train such models with architectural datasets is important, 
the results also show the limitations of DALL-E when used as 
a generative mechanism. Some results show strange relation-
ships between spaces, which are unsuccessful architecturally. 
This signals the significance of careful consideration when using 
language models, in regard to what design tasks and at what 
design phase such models can be best applied, and how they can 
be successfully incorporated into design processes. 

In another architectural design approach by (Mistry and Escobar 
2021)20, CLIP was integrated into a VQGAN model for text-to-
image generation. VQGAN is a Vector Quantized Generative 
Adversarial Network that combines convolutional neural net-
works –often used for image recognition, with transformers 
–traditionally used for language, and it performs well for high-
resolution pictures.21 

Based on extensive review and experimenting with existing 
methods, we can argue that at this stage, language models are 
not suitable yet to generate designs, because design is a complex 
activity with multiple interrelated layers and systems. Adopting 
systems thinking and Christopher Alexander’s approach of 
“systems generating systems” (1968)22, in our larger research 
project, we approach AI applications in a framework of multiple 
connected models, each designed specifically to tackle an archi-
tectural system or a design task. 

From our experimentation, we identified possible applications 
of language-based models not in the sense of generating design, 
but rather in review and revision, informing one design aspect. 
In our method, two potential applications were addressed: (1) to 
query in the AI-generated space, and (2) to modify the genera-
tive model to reflect design intentions, encoded as text prompts. 
To achieve that, we targeted prototyping a new design system by 
employing language-based models and deep learning models. 

Prior to introducing our method, the most relevant methods are 
first explained and introduced in the following subsections. The 
order of the methods represents the order of their integration 
in our proposed prototype, involving generative adversarial net-
works, in particular StyleGAN, CLIP, and two hybrid models with 
CLIP embedded, which are StyleGAN+CLIP, and StyleGAN-NADA.

2.1. Generative Adversarial Networks (GANs)
Developed by Ian Goodfellow and his colleagues (2014), genera-
tive adversarial networks are a class of deep learning in which 
two neural networks compete against each other. The model 
learns to create new data (output) with the same statistics as the 
training set (input) given only a training dataset. Simply, GANs 

are game theoretic scenarios in which the generator network 
competes with an opponent. In this game, the generator net-
work learns to create synthetic (fake) images in a representation 
learning process, while the discriminator network, its main rival, 
makes an effort to differentiate between real samples (taken 
from the training data) and fake ones (those taken from the 
generator’s output). Throughout the training (learning), each 
network (generator and discriminator) attempts to maximize 
its own payoff. As a result, the discriminator tries to learn to 
classify samples accurately as real or false, while the generator 
tries to persuade the classifier that its samples are genuine. At 
convergence, the generator’s samples become indistinguishable 
from the real dataset, and the discriminator outputs 1/2 (50% 
fake, and 50% real) everywhere.23,24 

2.2. StyleGAN
StyleGAN is an unsupervised generative adversarial network 
model capable of producing highly realistic images with high 
resolution. Its architecture “leads to an automatically learned, 
unsupervised separation of high-level attributes and stochas-
tic variation in the generated images, and it enables intuitive, 
scale-specific control of the synthesis”.25 Some neural units in 
the intermediary layers of the trained deep generative model are 
specialized to synthesize certain visual features. From the learnt 
representations of deep generative models —using layer-wise 
stochasticity, a highly-structured semantic feature hierarchy can 
arise spontaneously without any supervision, such as in the case 
of StyleGAN. Layer-wise stochasticity refers to the fact that the 
input latent codes for data synthesis are fed into all network 
layers of a deep neural net rather than just the first, allowing 
for improved interpolation and disentanglement of acquired 
semantic characteristics.25

StyleGAN can produce a wide range of high-quality picture data. 
It uses an auxiliary multilayer perceptron network to translate 
a randomly sampled latent code from an initial latent space Z 
to an intermediate high-dimensional space W before feed-
ing it into the generator. The disentanglement feature of W is 
stronger than that of the initial space, a property that allows for 
scale-specific control of data synthesis, as well as improved in-
terpolation and disentanglement of the acquired latent semantic 
characteristics. 26

In further development, StyleGAN-2 with adaptive discriminator 
augmentation (ADA) was introduced in 2020. The new edition 
involves an adaptive discriminator augmentation approach that 
dramatically improves training stability in data-constrained 
environments. The model was trained on numerous datasets 
and show that satisfactory results can be obtained with only 
a few thousand training images. It can be used for both train-
ing from scratch and fine-tuning an existing GAN on a different 
dataset. This characteristic can open up new application do-
mains for GANs.27
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2.3. Contrastive Language-Image Pre-Training (CLIP) and 
VQGAN+CLIP
Published by OpenAI in January 2021, CLIP (Contrastive 
Language-Image Pre-Training) is a neural network that has been 
trained on a wide range of (image, text) pairings. CLIP models 
learn to accomplish a broad array of tasks during pre-training in 
order to optimize their training aim. Zero-shot learning (ZSL) is 
a machine learning issue in which a learner views samples from 
classes that were not viewed during training and must guess 
which class they belong to.28 This learning is then used to enable 
zero-shot transfer to a variety of existing datasets via natural 
language prompts. At a large scale, this technique can compete 
with task-specific supervised models, yet there is still a lot of 
space for improvement.7

The model has been trained on a dataset of 400 million (image, 
text) pairings acquired from the internet, and shows that the 
basic pre-training job of predicting which caption goes with 
which picture provides an effective and scalable technique to 
learn state-of-the-art image representations from scratch. After 
pre-training, natural language is employed to refer to (or de-
scribe) learnt visual ideas, allowing for zero-shot model transfer 
to downstream tasks.7 According to the authors of CLIP, em-
ploying natural language supervision for image representation 
learning is still new, and early research has struggled with the 
complexities of natural language when utilizing topic model and 
n-gram representations. However, advances in deep contextual 
representation learning indicate that we now have the skills to 
efficiently use this plentiful source of supervision.29 

VQGAN+CLIP is a neural network architecture that builds on 
OpenAI’s breakthrough CLIP architecture, which was released 
in January 2021. It is a text-to-image model that creates graphics 
of varying sizes in response to a series of text descriptions (and 
some other parameters). We used VQGAN+CLIP for our early 
experimentation to examine potentials and limitations of direct 
application of a language model.

2.4. StyleGAN+CLIP (StyleCLIP)
The concept of this approach is to combine the above-men-
tioned models, StyleGAN and CLIP. The objective is to use the 
power of CLIP to provide a text-based interface for StyleGAN 
image modification (Patashnik et al. 2021). To explain it simply, 
the model can build an image by starting with random values 
for the latent vectors from StyleGAN. The result, together with 
an arbitrary prompt, will be provided to CLIP. Next, CLIP assigns 
a score to this image based on how effectively it represents the 
content of the text prompt. This is then used to manipulate the 
latent vector, which will produce another picture, and this cycle 
will be repeated until the resulting image adequately resembles 
the text prompt.30

2.5.StyleGAN-NADA 
In the attempt to develop a generative model to be taught to 
generate images from a certain domain based solely on a text 

prompt without ever seeing an image, StyleGAN-NADA, a Non-
Adversarial Domain Adaptation, was formulated. The model is 
based on CLIP-guided domain adaptation of image generators. 
The approach employs two paired generators, starting both 
with a pre-trained model and keeping one generator constant 
while training the other generator occurs through requiring 
that the direction of their produced image in CLIP space cor-
respond with some predetermined textual direction (Rinon Gal 
2021). The model represents a text-driven strategy for shifting 
a generative model to new domains without collecting even a 
single image from those domains, using the semantic capability 
of large scale Contrastive-Language-Image-Pre-training (CLIP) 
models. With natural language prompts and a few minutes of 
training, the model can modify a generator across a wide range 
of domains with varying styles and forms.31

For our method development, an independent StyleGAN-2 
model was first trained, and in a second phase, a StyleGAN-
NADA model was employed with CLIP embedded. 

3.RESEARCH METHODS
The research methodology adopts Peffers et al.’s (2007)32 ap-
proach of “Design Science Research Methodology”. In this 
protocol, system development follows six processes of: prob-
lem identification, objective definition, system design and 
development, demonstration, evaluation, and communication. 
Since the work is still in-progress, the methodology represents 
a protocol of extensive literature study for problem identifica-
tion, experimentation with existing methods, prototyping the 
proposed system, and testing and applying the system to a de-
sign case study. 

In prototyping the proposed system, a framework has been 
developed, following John Gero’s identification of design pro-
totypes, defined as systems that include sufficient expressive 
capability to capture the characteristics of the ideas that sup-
port the process (1990).33 Gero’s design prototype notion allows 
separating architectural design knowledge from the computa-
tional processes that operate upon that knowledge (Gero 1990). 
The prototype involved protocols of: (1) dataset augmentation 
and curation, (2) training a generative deep learning model, and 
(3) training a hybrid model (generative and language-based). 
The language-based model was integrated within as a control 
mechanism for guiding the shift and intended change in the 
generative process, inserted into two parallel models (Figure 1).

3.1.Experiment 1 (VQGAN+CLIP)
This experiment was carried out as a preliminary task to investi-
gate the potential of language models when used on their own 
(without the integration of a generative deep learning model). 
VQGAN+CLIP was employed with the integration of reference 
images and floor plan designs to modify (Figure 2). The following 
text prompts were selected as input for running the model, with 
hierarchy from less to more specific and alternating between 
open and partitioned spaces:
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Figure 1. The proposed design system with the three main processes within the overall design process. Each model is linked to a design task, and 
the method proposed is part of a larger workflow with multiple connected AI models. Image credit: the author.

1.	 A floor plan of an office building designed

2.	 A floor plan of an office building designed with partitions 

3.	 A floor plan of an office building with flexible workspaces 
designed to integrate landscape into the building

4.	 A floor plan of an office building with partition workspaces 
designed to integrate landscape into the building

Importantly, in addition to the text prompt, adding a visual ref-
erence of a floor plan design to modify was pursued. Each of 
the text prompts became the input for two model runs; in one 
instance, the selected floor plan design became an initial image, 
and in the other case, it was used as a target image. This has led 
to eight model runs, as depicted in Figure 2. For the first two 
text prompts, the Dominion office building by Zaha Hadid Office 
was selected as the reference floor plan design, while for the 
other two texts, the NL*A office building, Offices With Terraces, 
in France, was chosen.

The results show a more coherent floor plan layout when the 
reference image was used as an initial image, especially for 
Text Prompt 1 and 2. It is also noticed that including partitions 
in the text prompt did not necessarily yield different results, 
while a cubicle-like layout and small enclosed spaces can be 

detected. Overall, the reference floor plan design was dramati-
cally changed, in most cases. While the results can be suggestive 
of certain modification scenarios, they can also be seen as too 
far from the original design (in the reference image), which may 
not be preferred when systematic change is targeted. 

3.2. Experiment 2 (StyleGAN+CLIP) and 
(CLIP+StyleGAN-NADA)
The proposed prototype was tested in this case study, with 
a focus on the issue of rethinking the architectural space in 
post-pandemic scenarios. Problems with existing spaces can 
be attributed to the modernist open floor plan layouts that 
exist in multiple building typologies such as office buildings.34 
Speculative design solutions include a shift to new floor plan de-
sign alternatives and flexibility in defining and enclosing spaces. 
Tackling this issue, the aim was to modify office spaces in typical 
office buildings’ floor plans to enhance occupancy behavior in 
terms of physical distancing and reduced disease transmission. 
The objective was to review current floor plans and generate 
modified, resilient futuristic design propositions.

For this test-case experiment, PyTorch® and Tensorflow® deep 
learning packages were used within the PyCharm environment 
for the training of the neural networks. The training was per-
formed using a virtual machine in Google Colab. 
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3.2.1.Dataset Augmentation and Curation
One important task that precedes training a deep learning 
model is curating the input dataset. It is self-evident that the 
deep learning model’s performance is contingent on the qual-
ity of the data from which it can learn and extract knowledge. 
The system’s workflow yielded a specific dataset acquisition 
method. Data on floor plans of office buildings was scraped from 
the online architectural databases of Arch-daily and Dezeen, in 
addition to Pinterest. After collecting 500 images of floor plans, 
they were augmented using data management tools in Python 
programs written specifically to articulate the dataset. For post-
augmentation, 2200 floor plans were retrieved and used as the 
input dataset for training the StyleGAN model (Figure 3).

3.2.2. Training the Generative Model (StyleGAN-2)
The main parameters for the StyleGAN-2 training experiment 
were: (1) dataset: 2200 images of resolution of 1024x1024 pixels, 
(2) training: using a pre-trained model of NVIDIA lab (3) duration: 
training iterations of 10,000. The model performed breeding of 
the dataset and generated a latent space of synthetic (fake) floor 
plan designs (Figure 4).

3.2.3. Training StyleGAN+CLIP
Prior to this step, a CLIP-Ascending model was used with the 
input of selected images from the StyleGAN dataset to extract 
text-prompts that the CLIP model outputs when it sees the input 
images. This task becomes important to understand how CLIP 

associates specific text prompts with the input floor plans, and to 
use the resulting text prompts as hints for further experimenta-
tion with the hybrid models in the next steps. 

The StyleCLIP model was used primarily to query the resulting 
latent space of StyleGAN and find seeds (images) that satisfy 
the input text prompt, while modifying that seed with the in-
tended output text prompt. The objective was to search within 
the latent space using a text prompt of (open floor plan layout) 
while using an output text of (partition floor plan layout) as an 
output text to modify the floor plans. Figure 5 (left) represents 
the outcome post using the output test.

3.2.4. Training StyleGAN-NADA
Here, the experiment was targeted to guide the generator of 
the StyleGAN-NADA to adapt and modify based on the input 
text prompts in order to generate new floor plans with encoded 
design intentions. The design intention was to coerce changes in 
the floor plans to include more partitions and enclosures. The 
input class text was also (open floor plan layout) and the text 
prompt used was (partition floor plan layout). The results were 
1000 images (corresponding to the number of iterations) that 
represent the transition from one image (a fake floor plan) from 
the SyleGAN seeds to a more partitioned layout with additional 
rooms and enclosures (Figure 5). The order of iterations reflects 
the transformation process from the original fake floor plan to 
CLIP-informed design iterations.

Figure 2. Results of using VQGAN+CLIP with 4 text prompts, each used as an input along with reference images as initial and target images in 
Experiment 1. Image credit: the author.



ACSA 110th Annual Meeting – EMPOWER  |  May 18-20, 2022  |  Virtual 235

P
A

P
E

R

Figure 3. A sample of the input dataset (2200 floor plans of office buildings) for the StyleGAN training depicts only 119 out of the 2200 floor plans 
used for the model training. Image credit: the author.

Figure 4. Left: real images representing the actual dataset prior to the StyleGAN training; right: fake images representing StyleGAN-generated 
floor plans when training stopped at Snapshot 60. Image credit: the author.

Figure 5.Left: 10 images of floor plan generated from StyleGAN+CLIP, using the text prompt: “open floor plan layout “as an input to query 
the latent space. Right: a selected sample of 10 images represents the transition from a floor plan design retrieved from the StyleGAN model 
(Iteration_000) to a series of modified floor plans (the other 9 images) informed by the text prompt (partition floor plan layout) provided in the 
StyleGAN-NADA experiment. Image credit:the author.
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4.DISCUSSION OF RESULTS
As presented, the results show potential applications of pre-
trained language-based models such as CLIP to enact designers’ 
control and incorporate design intentions to shift and manipu-
late the generative process within unsupervised GAN models 
such as StyleGAN. In the StyleGAN+CLIP, results were less co-
herent since the model was performing a “query” within the 
latent space. On the other hand, StyleGAN-NADA showed more 
progressive transformation in the generative process, and the 
generator adapted to the desired change prompted by the input 
text. To evaluate the results in terms of encoded design inten-
tions, StyleGAN-NADA proved more powerful and yielded a 
more promising outcome.

However, the results also show the limitations of CLIP and over-
all language-based models, in particular when using images of 
architectural designs. One issue is the randomness and ambi-
guity associated with the process. The text-image relationship, 
in particular, and the interpretation of text prompts to images 
become uncontrolled and can yield successful results at times 
yet failed experiments at other times. Another issue is the lim-
ited classes (categories) of input and targeted outputs of text 
prompts (i.e., dogs, cats, cars…), that do not include architec-
ture-related classes. 

It is also important to note that since CLIP performs classic classi-
fication training, it is merely concerned with the specified labels. 
This means, if it is effective in identifying dogs, CLIP doesn’t care 
if it is a photo, drawing, or description of a certain breed. This 
aspect is problematic in architectural representation domains 
where drawings and renderings are two different representa-
tions. Another significant observation from CLIP’s performance 
is its struggle with identifying fine-grained details, as it performs 
better at categorizing the overall composition or structure of the 
image than its detailed features. For architectural design, this 
means that CLIP can be best applied when the overall structural 
composition of the design is targeted, and not its details.

5.CONCLUSIONS AND FUTURE WORK
Presented in this paper is work-in-progress research that inves-
tigates incorporating language-based models into generative 
deep learning towards a new AI-guided design process. The 
proposed method was tested with application to a study of ar-
chitectural design review and revision. This is a work-in-progress 
effort, a study within a larger research project where we tar-
get employing multiple deep learning models to address and 
tackle multiple design aspects, and at different phases.35 The 
importance of this effort is the development of a new method 
that enacts designers’ agency and control within a process of 
AI-based design generation and modification.

To overcome the limitations of the CLIP model regarding its 
ambiguity and inability to recognize architectural design rep-
resentations, there is a need for training CLIP on architectural 
datasets. In terms of the test-case application, the next phase of 

this work involves generating new datasets retrieved from the 
agent-based simulation (ABM) process where multiple cases of 
human occupancy patterns overlapped with architectural floor 
plans are tested. Such an identification of human occupancy pat-
terns will assist in informing the revision of floor plan designs to 
achieve intended performance. Future work also involves addi-
tional test-case applications of different design workflows where 
multiple AI models are employed and connected, including text-
to-image synthesis, to address multiple design tasks.
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