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Figure 1: The current version of generative.fashion.

ABSTRACT

This paper investigates the potential impact of deep generative mod-
els on the work of creative professionals. We argue that current gen-
erative modeling tools lack critical features that would make them
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useful creativity support tools, and introduce our own tool, gener-
ative.fashion!, which was designed with theoretical principles of
design space exploration in mind. Through qualitative studies with
fashion design apprentices, we demonstrate how generative.fashion
supported both divergent and convergent thinking, and compare it
with a state-of-the-art text-based interface using Stable Diffusion.
In general, the apprentices preferred generative.fashion, citing the
features explicitly designed to support ideation. In two follow-up
studies, we provide quantitative results that support and expand on
these insights. We conclude that text-only prompts in existing mod-
els restrict creative exploration, especially for novices. Our work
demonstrates that interfaces which are theoretically aligned with

1A live demo of the tool is available at https://generative.fashion.
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principles of design space exploration are essential for unlocking
the full creative potential of generative AL
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1 INTRODUCTION

Deep generative models are neural networks that are capable of
creating new things. Recent iterations of these models such as
DALL-E [48], GPT-3 [3], and StyleGAN [29] have reached a point
where the images, speech, and text that they generate is of such
high quality that it is often indistinguishable from original work
created by humans. These models typically require an enormous
amount of data, compute, and technical know-how to train and run,
which has meant that few people outside of academia or industry
have been able to access or work with them. However, recently
it has become trivial to generate content using large-scale gener-
ative models via web portals and APIs (e.g., ChatGPT, DALLE),
and highly-optimized open-source generative models can be down-
loaded, trained, and run on machines with consumer-grade GPUs
(e.g., Stable Diffusion [49], StyleGAN2-ADA [28]).

The wide availability of these models has raised important ques-
tions about the nature and future of creative work [8, 47]. While
some creative professionals fear job loss and automation, others
show enthusiasm towards these new technologies and their poten-
tial to provide inspiration, creativity support, or increased produc-
tivity [9, 21, 44]. While we are sympathetic with the former group’s
concerns, we also believe the creative potential of generative Al
has immense potential for positive impact. In this paper we argue
that unlocking this creative potential requires moving beyond com-
mon methods such as random generation and text prompting. More
specifically, we hypothesize that alternative modes of interacting
with these models may provide better support for ideation.

Ideation is the part of the creative process characterized by both
divergent and convergent thinking [12, 13]. Divergent thinking
involves the generation of a wide variety of ideas, and convergent
thinking involves the selection and refinement of a small set of
ideas [15]. Typically, these are viewed as distinct cognitive activities,
however both can be characterized as ways of searching through
the design space of a domain. The design space of a domain is a
“representation of the ideas and concepts that designers develop
over time to propose a design solution that materializes into a
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design artifact” [14, p. 1]. Divergent thinking can be framed as a
broad exploration through design space where a large quantity of
different ideas are collected, and convergent thinking can be framed
as search within a small area of the space that involves the gradual
refinement of a small set of ideas.

One of the benefits of framing divergent and convergent thinking
in this way is that it helps inform the design of creativity support
tools for ideation. In this context, supporting creativity means act-
ing as a guide in the exploration of the design space. To support
divergent thinking, the tool should help users identify where they
are in the space, allow them to intentionally navigate through the
space, and bring them to parts of the space that they are unaware
of. These functionalities can help the user break the design fixation
which occurs when they become trapped in a small part of the
design space [23] and can support them in developing new and
surprising ideas [30]. To support convergent thinking, these tools
should allow the user to zero in on a specific part of the design
space and to explore subtle variations between ideas.

Deep generative models such as GANs [46], VAEs [31], and
diffusion models [48] have a unique set of properties that makes
them especially well-suited for supporting design space exploration.
When trained on large, representative datasets, these models build
enormously detailed and complex representations of the design
spaces in their learned latent spaces. However, exploration of these
latent spaces is difficult due to their high-dimensionality and lack
of clear structure. These spaces contain hundreds to thousands of
entangled dimensions, which means interpolating an image along
a single axis is likely to change multiple properties of the image.
Additionally, it can be difficult to intentionally locate a region of
space that produces images with desired properties, and even within
a very small region of this space there can be an enormous degree
of variation.

Common approaches for exploring the latent spaces of genera-
tive models involve random sampling or text-prompting interfaces.
However, these methods are ill-suited for design space exploration,
which necessitates intentional movement through the space rather
than random or prompted jumps. These shortcomings can make it
difficult for users to holistically explore design options, and can lead
designers into restricted corners of the possible design landscape,
thereby limiting creativity.

Our tool, generative.fashion, provides technical solutions to these
problems and packages them in a web-based graphical user interface
that is designed for those with no prior programming experience
(Figure 2). The features of generative.fashion were deliberately
designed to support styles of design space exploration associated
with both divergent and convergent thinking. Multiple ways of
locating starting points for exploration are provided, ranging from
randomly generating designs to uploading designs and finding the
best match in the latent space. Once promising starting points are
found, users can continue their exploration of the latent space by
mixing designs, which allows users to select multiple points in
the space and follow the paths between them, and by using the
design canvas, where users can explore the latent space in directions
corresponding to sleeve length, pattern, and color by dragging and
dropping images in a two-dimensional grid.

We conducted a series of qualitative and quantitative studies to
explore how the interaction modalities and underlying features of
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Figure 2: The initial version of the generative.fashion tool. Images could be initially generated via text descriptions using
the text box. They could then be dragged to the style-mixing region or saved in the sidebar. Users could selectively combine
elements from three designs using the visual style-mixing panel. The output image would be shown in the center of the canvas
on the right. The 2D-dimensional canvas represents the design space with two meaningful attributes assigned to the horizontal
and vertical axes. These attributes could be changed by using a drop-down menu for each axis. Dragging the image within the
canvas was equivalent to moving through the latent space of the GAN in semantically meaningful directions.

generative.fashion might support creativity. In these studies, we

compared generative.fashion to both Google Images (a commonly

used resource for creative inspiration) and a text-based interface for

Stable Diffusion (a state-of-the-art diffusion model) to learn more

about how these tools fit into the creative workflow of fashion

design apprentices and students from various creative disciplines.
This paper makes the following contributions:

e We introduce generative.fashion, a GAN-based tool designed
to explicitly support creative practitioners’ ideation via neu-
ral design space exploration

e Through a series of qualitative studies, we identify how spe-
cific features of generative.fashion support divergent and
convergent thinking

e Through a series of quantitative studies, we find that gen-
erative.fashion provides significantly better support for cre-
ativity than text-based tools

e Based on our findings, we propose a set of principles for the
design and use of generative Al for design space exploration

2 RELATED WORK

2.1 Creativity Support Tools for Design Space
Exploration

Creativity support tools (CSTs) are broadly defined as digital sys-
tems that encompass one or more creativity-focused features which
are deployed to positively influence one or more phases of the cre-
ative process [12].

The field of CST research has evolved from examining how
general-purpose tools might aid creativity [52] to a comprehensive
research domain dedicated to developing specialized tools tailored

for distinct aspects of the creative process. A notable subset of CSTs
includes computer-supported tools for design space exploration. At
their best, these tools not only facilitate the discovery of unexplored
areas within the design space, fostering divergent thinking, but they
also aid in refining and iterating specific designs, supporting the
convergent phase of the creative process.

Design space exploration tools can be grouped into four broad
categories: parametric exploration, history-based exploration, rule-
based exploration, and genetic exploration [51]. Parametric explo-
ration allows generating variations of a design by changing values
of parameterized variables [17, 27, 64]; systems with history-based
exploration provide a mechanism to keep the history of design
changes and to go back in time when needed [32]; rule-based explo-
ration helps the designers explore related examples by suggesting
them based on their designs [4, 35]; and genetic exploration involves
generating new solutions by combining components of existing
designs [30, 50, 56].

However, all of these approaches suffer from the same limitation:
they lack a representation of the complete design space. This means
that none of these four approaches are capable of supporting all as-
pects of design space exploration. Parametric exploration can only
reach novel regions of the design space through iterative changes to
an existing design; history-based approaches can only visit regions
that have already been seen; genetic approaches can only explore
regions between designs; and example-based approaches can only
show points in the design space that correspond to specific ex-
amples in their database. Recognizing these limitations highlights
the importance of investigating the possibility of neural design
space exploration [24], as deep generative models are capable of
learning a rich representation of a domain’s design space and offer
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the potential to bring together the best elements from the existing
approaches.

2.2 Latent-Space Exploration Tools for
Creativity Support

Not all deep generative models provide the same capabilities for
latent-space exploration. Some architectures, such as GANs [46]
and VAEs [31], are able to construct a disentangled latent space with
semantically meaningful directions. By interpolating a design along
these semantically meaningful directions, specific characteristics
of a design can be changed while holding others constant. Other
architectures, such as denoising diffusion models [18], do not learn
latent spaces with these properties. To overcome these limitations,
diffusion models for image generation are typically trained with
both text and images [48], which provides a way to identify points
in the latent space that correspond to written descriptions.

A common approach to guiding latent-space exploration of dif-
fusion models is to provide users with better support for text-based
search by automating the process of prompt engineering. By utiliz-
ing large language models to transform user prompts, these tools
are able to produce more diverse [38], surprising [61], and accurate
[62] outputs. However, while text prompts provide an excellent way
to find points in the latent space, they are less useful for guiding
intentional movement through the space, since very small changes
to text prompts result in the generation of entirely new images.
Methods such as ControlNet [65] and Image-to-Image [42] provide
alternative methods for exploring the latent space of diffusion mod-
els, such as using sketches, depth maps, uploaded images, and pose
data to guide the generation of images. These methods are begin-
ning to be incorporated into creativity support tools [7, 34, 58], and
have been shown to provide better support for creativity due to the
additional forms of control that they provide over model outputs.
However, these methods do not replace text-based search, but work
in combination with it, which is due to the underlying architecture
of the diffusion models that have been trained with images and text.
Because latent-space exploration remains guided, at least in part,
by textual descriptions, there is a risk that these tools will fail to
adequately support divergent ideation, since it is impossible for a
user to describe a region of the design space that they are unaware
of.

Because GANs and VAEs contain a semantic latent space, they
are less likely to suffer from this limitation. Creativity support
tools built on these types of models use features such as random
sampling and generation [39, 60], image-guided synthesis [19, 43],
blending outputs by interpolating between their points in the latent
space [60, 63], and adjusting specific characteristics of a design by
moving it along semantically meaningful directions in the latent
space [22, 55].

To support both divergent and convergent ideation via design
space exploration, all of these features are important. Divergent
ideation is supported by random sampling and generation, which
provides a means for finding unknown regions of the design space,
and by blending images, which makes it possible to explore regions
of the design space that lie between points of interest. Convergent
ideation is supported by image-guided synthesis, which allows
users to find specific points in the space, and by interpolating along
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semantically meaningful directions, which makes it possible to
zero in on specific designs by changing individual characteristics.
Additionally, to be useful for creative practitioners, these tools
should provide an interface to the underlying model that is easy to
use and that doesn’t expect technical knowledge. To the best of our
knowledge no existing tool combines all of these features with an
intuitive interface. Motivated by this, we created generative.fashion,
a platform that integrates all these functionalities behind a user-
friendly graphical user interface.

3 SYSTEM DESIGN

3.1 The generative.fashion Design Space
Exploration Tool

Our primary goal in developing generative.fashion was to create a
tool that could support users in intentionally and meaningfully ex-
ploring the latent space of a deep generative model. Achieving this
goal required us not only to create an interface to the model with
novel interaction modalities, but also to develop new features of the
model itself. We followed general principles of design as outlined
by Shneiderman et al. [53] to ensure that the tool would foster “easy
exploration, rapid experimentation, and fortuitous combinations
that lead to innovations” (p. 70).

Our starting point was the StyleGAN2-ada model [28] which
we trained from scratch on the Feidegger dataset [37]. The most
straightforward way to explore the latent space of this model is
through “random generation”, which involves randomly sampling
points in the latent space and using them to generate output images.
However, this method is not useful for searching the latent space
to find specific designs.

The source code for this model does provide a method for in-
tentionally locating points in the latent space that we call “image
search”. Also known as “GAN inversion”, this method allows a user
to input an image and returns a point in the latent space that pro-
duces an output similar to the input image. In practice, we found
that the GAN inversion function provided in the source code to be
slow and the results to be unsatisfying. To correct this, we employed
the method described in [1]. Given a starting initialization w, we
search for an optimized vector w* that minimizes the objective loss
function that measures the difference between the given image I
and the image G(w) generated from w. The optimal w* is expressed
as

w = minL(w) = minll f(G(w)) = FDI + ApixlIG(w) ~ TI

where the loss is calculated as the weighted sum of perceptual loss
[26] and pixel-level loss that is pixel-by-pixel MSE loss between two
images. This loss noticeably improved our tool’s ability to embed
out-of-sample examples in the latent space of the GAN, which made
it possible for users to upload their own images and use them as
starting points for their design space exploration.

We implemented an additional way of locating a point in the
GAN latent space by providing a text box where users could write
a short description of a design which would be used to locate
closely-matching images embedded in the latent space. We call
this method “text search”. Since this functionality was not a part of
the StyleGAN2-ada code, we explored two methods for adding this
capability to the model. The first method was to randomly sample
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images from the latent space, then to pass these along with the text
description through a CLIP [45] model to find a small number of
images which most closely matched the text. The second method
was to fine-tune a DALL-E model [45] on the Feidegger dataset,
and then to pass the text descriptions to DALL-E and let it generate
designs. Surprisingly, we found that the two methods produced
similar results and chose to use the first method because it was
more efficient and straightforward.

After users had harvested a crop of images from the GAN latent
space using random generation, image search, or text search, they
needed a way to begin converging on specific ideas. We provided
two distinct functionalities to aid in this process. The first, style
mixing, allowed users to blend two images by interpolating between
them in latent space. While this functionality was a pre-existing
property of the StyleGAN2-ada model [29], we developed a novel
user interface to expose the full power of this functionality to the
user. Two generated images could be dragged and dropped into
the visual style mixing interface, and sliders allowed the user to
mix and combine features from each of the designs into a single
example. The coarse slider controlled the shape of the output, and
the fine slider controlled the pattern and color. The output image
was shown in the center of the latent-space exploration panel on
the right in Figure 2.

The second was the latent-space exploration panel, which al-
lowed users to take any generated image and move it along mean-
ingful directions in the latent space. This provided users with a
way to intentionally and meaningfully explore the latent space of
the GAN. Each axis of this two-dimensional canvas corresponded
to a semantically-meaningful direction in the latent space, and the
direction corresponding to each axis could be changed using a drop-
down menu. Dragging and dropping an image within the canvas
was equivalent to interpolating a point in the latent space along
the directions selected in the drop-down boxes, and each newly-
generated point was shown on the canvas as a history point. For
a simplified representation of this interface see Figure Al in the
Appendix. Behind the scenes, we used a method described in [16]
to identify semantically-meaningful directions using PCA on the
latent w space corresponding to sleeve length, pattern, color, hem-
line, waistline, and more. For more information on this method and
for more examples of the results of interpolating along the different
principal components, see [25] and Figure A2 in the Appendix.

The GAN was hosted on a Google Cloud Compute virtual ma-
chine with 1 NVIDIA T4 GPU, 4 virtual cores, and 15 GB of RAM.
This machine was capable of generating 8 images in under a second
and could serve requests from over 20 concurrent users without
issue.

3.2 The Text-Based Interface for Stable
Diffusion

We created an online, text-based interface for Stable Diffusion which
accepted a text prompt and generated an image when the Submit
button was pressed (Figure 3). For brevity, we refer to this tool as the
“Stable Diffusion tool” in the paper. Images were generated using the
Stable Diffusion v2-1 base model [49], which was hosted on a Google
Cloud Compute virtual machine with 4 NVIDIA L4 GPUs, 48 virtual
cores, and 192 GB of RAM. While this machine had roughly 12x the
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performance of the machine hosting the generative.fashion tool,
this was necessary to ensure that it had comparable performance
to the generative.fashion tool. The model was built and optimized
using the Huggingface diffusers library [59], and was capable of
generating an image in 4 seconds (which is near the limit of what
is currently achievable) and could serve requests from over 20
concurrent users without issue.

4 EXPERIMENTAL EVALUATION

In order to assess the effectiveness of generative.fashion as a creativ-
ity support tool, we followed a mixed-methods approach, where
we combined both qualitative insights with quantitative results.
This approach allowed us to triangulate our findings and shed more
nuanced light on different aspects of deploying generative mod-
els in user-centered system for creativity support. Specifically, we
conducted two qualitative studies with fashion design apprentices
actively engaged in clothing design, followed by two quantitative
studies involving a broader sample of students from various creative
disciplines. Table 1 provides an overview of our four studies.

Our qualitative studies focused on observing how fashion design
apprentices integrated generative.fashion into their existing cre-
ative processes, and compared this with Google Image search, the
benchmark approach the design apprentices normally use, and the
Stable Diffusion tool, a large-scale diffusion model with enormous
expressive power. These studies were designed to gain insights into
how these tools might affect divergent and convergent thinking
in a real-world context. Two quantitative follow-up studies were
designed to validate and extend the findings from the qualitative
phase. These studies were conducted online, using within-subjects
designs, and validated constructs like the Technology Acceptance
Model (TAM3) and Creativity Support Index (CSI) were used to
measure constructs of interest. Our overall goal in comparing gen-
erative.fashion with the Stable Diffusion tool and Google Image was
to better understand how the interaction modalities and underlying
features of generative.fashion might specifically impact ideation
when compared to conventional, text-prompt based methods.

4.1 Qualitative Evaluation with Fashion Design
Apprentices

To investigate whether and how generative.fashion might be used
to support ideation in an authentic context, we conducted a series
of two qualitative studies with a group of seven fashion design
apprentices (3F, 4M, ages 17-25) studying in a Western European
school for vocational training. The goal of the first study was to in-
vestigate the apprentices’ current use of technology in their creative
practice, to introduce the generative.fashion tool and give them
the opportunity to use it in a design problem, to observe how they
used the different features of the tool during the design process,
and to discuss with them how the tool might fit into their existing
creative practice. In the second study, we introduced the appren-
tices to the Stable Diffusion tool, a text-based diffusion model with
enormous expressive power. While generative.fashion lacked the
expressiveness of the Stable Diffusion tool, we were curious to see
if the features we had built into the tool to support intentional
and meaningful design-space exploration might support to the ap-
prentices’ ideation process in ways that the diffusion models could
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Figure 3: The Stable Diffusion tool interface. On the left, the web interface of the tool is shown, consisting of a text prompt box,
a Generate Image button, and an output area for the generated image. On the right, four example images are displayed, each
generated using the same text prompt. The two images on the right show common glitches (scrambled faces) produced by the

model.
Study Objective Design n | Results
Qualitative Study 1 Investigate how fashion design apprentices integrate | In-person observation and in- 7 Apprentices favored genera-
(Fashion Apprentices) | generative.fashion into their creative processes terviews tive.fashion for divergent thinking

Compare the effectiveness of generative.fashion with
the Stable Diffusion tool in supporting creative prac-
tices with fashion design apprentices

Qualitative Study 2
Fashion Apprentices
hion App

Apprentices  felt that  genera-
7 tive.fashion supported most phases of
ideation better

In-person observation and in-
terviews

Quantitative Study 1 Validate the qualitative findings with a broader pop-

Generative.fashion had higher CSI

(Creative Students)

population

(Creative Students) Ei:;: and compare generative.fashion to Google | Online experiment 48| cores and was generally preferred
L Extend the comparison to include the Stable Diffusion .
titative Study 2 -
Quantitative Study tool and validate qualitative findings with broader | Online experiment 39 Consistent  preference for genera

tive.fashion over other tools

Table 1: Overview of the Experimental Evaluations in Four Subsequent Studies

not. The details of these two studies are provided in the following
sections.

4.1.1  Qualitative Study 1: User Testing generative fashion with Fash-
ion Design Apprentices.

Participants and Procedure. N=7 fashion design apprentices (3F,
4M, ages 17-25) studying in a Western European school for voca-
tional training participated in the study. At the start of the study, the
apprentices verbally consented to participate as per the guidelines
approved by our university’s ethical review board. The apprentices
were broken into three groups, with one researcher embedded in
each of the groups. The groups were asked to use a collaborative
whiteboarding tool to put together a research book containing one

or more dress designs for a design persona. Each of the group mem-
bers took turns using the generative.fashion tool for 10-15 minutes
to create dress designs. While one group member was using gener-
ative.fashion, the others used their laptops to find and create dress
designs using the tools and methods that they would normally use.
Finally, after creating the research book, each of the apprentices cre-
ated a final sketch of a dress for the client in accordance with a set of
explicit guidelines?. While the apprentices worked on their projects,
the researchers took detailed observational field notes on which
features of the generative.fashion tool apprentices used and how

2The activity and materials were developed in consultation with the fashion design
instructor to ensure their authenticity.
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their use of these features evolved as the project progressed. Please
see Figure 4 for an illustration of the study design and procedure.

Data Collection. During the study each of the researchers led
two semi-structured focus groups with the small group of 2-3 ap-
prentices that they were embedded with. The focus group method
[33] was used to investigate the apprentices’ shared experiences
related to technology use in their work as fashion designers, to
surface their collective understanding of how the features of the
generative.fashion tool might be different from the tools they were
already using, and to allow the apprentices to collectively identify
salient aspects of the tool. The first focus group took place at the
midpoint of the study, after the apprentices had worked with gen-
erative.fashion and completed their research books. In this focus
group apprentices were asked about the usefulness and usability
of the tool, the creativity support provided by the tool, and how
the tool compared to other tools and methods. The second focus
group took place at the conclusion of the study after they had cre-
ated their final sketches. In this focus group, the apprentices were
asked to explain how their final sketches were influenced by the
different tools (including generative.fashion) and asked to describe
the activities and settings in which the tool might be most useful.
During the focus groups, the researchers took detailed notes and
acted as moderators with the goal of ensuring that all apprentices
had the opportunity to share their thoughts and perspectives. This
moderation approach was intended to compensate for some of the
limitations of the focus group method related to individuals domi-
nating the discussion [54]. Shortly after the conclusion of the study,
the researchers conducted a debriefing session [41] to share and
reflect on emergent findings.

Analysis. The notes from the observation, the focus groups, and
the debriefing session were analyzed using a hybrid process of
deductive and inductive thematic analysis [10] to identify over-
arching themes. The notes were first analyzed according to a set
of deductive codes derived from our research objectives, and dur-
ing this deductive coding process emergent themes that surfaced
were assigned inductive codes. The lead author was responsible
for this coding process, but to ensure that the codes were objec-
tive a second author coded 20% of the data using the codebook
so that measures of inter-rater reliability could be computed. The
raw percent agreement scores were 94%, and Cohen’s kappa was
0.63, which according to Fleiss et al. is in the “fair to good” range.
Finally, these codes were grouped into a small number of themes
that captured important aspects of the participants’ experiences
and ways of using the generative.fashion tool during the study. We
elaborate on these themes in the following sections.

Theme: Better Support for Convergent than Divergent Exploration.
Activities associated with the careful refinement of a single idea
were coded as convergent, while activities that resulted in the
generation of a number of new ideas were coded as divergent.
Based on our observations, the apprentices mainly used the tool to
support convergent ideation. When using the tool in a convergent
manner, apprentices typically started with a single text prompt
like “classic gray dress”, viewed the resulting image, and then made
a series of minor changes to the text in an attempt to tweak the
output (e.g., adding the substring “with black buttons”). Then, the
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apprentices would either make small changes in the style-mixing
area or skip the style-mixing area entirely, before moving on to
the design canvas to generate a number of designs with minor
variations. Each step of the process resulted in further refinements
to a dress design, and once the apprentice reached the end of this
process they would copy the final dress into the research book.

While all seven of the apprentices primarily used the tool in this
manner, two of the apprentices transitioned to using the design
canvas feature in a divergent way as the project progressed. In-
stead of using the design canvas to refine a design, they shifted
to dragging the dress across large distances. This resulted in the
generation of dresses with strange forms and vivid colors which
had little in common with their original designs.

Despite the fact that we did not observe much activity related
to divergent ideation, the apprentices viewed the tool as one that
could help them find inspiration and produce new ideas. One said,
“If you want to mess around and get new ideas and inspiration,
...mess around for a few minutes you have something pop up out
of nowhere”. Another stated that “What I liked about the canvas
is depending on where you drag the dress you get things that you
haven’t really seen in daily life, or in pictures”.

Theme: Support for Intentionality and Sense of Ownership. When
asked to compare the generative.fashion tool to their existing prac-
tices, which were using Internet search engines like Google and
Pinterest to look for ideas, some apprentices said that the tool of-
fered support that these existing tools did not. The primary benefit
mentioned by apprentices was that generative.fashion made it pos-
sible to realize one’s own ideas, which provided more of a sense
of ownership over the dress designs. One apprentice stated that
first-year designers should use this tool instead of Google, since
the tool would allow them to “to get their creativity and images
in their head more refined”. This would allow novices to “build a
foundation for their own creativity”, allowing them to develop a
stronger identity before being influenced by others’ work online.

Theme: Proposed changes to the system. The primary criticism
voiced by all of the apprentices was that the output image quality
was too low. They compared the tool’s output to that of Internet
search engines, saying “on Google or Pinterest it’s possible to find
extremely accurate images if you know what to search for”. Some
apprentices said the images were too small and blurry, while others
were unsatisfied with the system’s inability to produce fine details
such as specific types of buttons or patterns.

4.1.2  Qualitative Study 2: User Testing generative.fashion and the
Stable Diffusion tool with Fashion Design Apprentices. Between the
first and second study a number of changes were made to the gen-
erative.fashion tool to better support divergent ideation and to
improve usability. The primary change was that the text-prompt
was replaced with two buttons that would randomly generate “tra-
ditional” or “creative” designs by sampling from smaller or larger
volumes of the latent space. This feature was meant to bootstrap
divergent thinking by presenting users with a variety of designs
sampled from random points in the GAN latent space at the very
start of the design process. Additionally, the style-mixing panel
was simplified by reducing the number of designs to be mixed from
three to two and the position of different features was rearranged
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Figure 4: Overview of the design and procedures for the first qualitative study.

to better indicate the intended workflow. The second version of the
generative.fashion tool can be seen in Figure 1 and a live demo of
the tool can be found at https://generative.fashion.

In addition to evaluating the impact of these changes on the ap-
prentices creative practices, we were also interested in performing
a more direct comparison between our tool and the Stable Diffusion
tool, an extremely powerful, expressive, and general generative
model. Our choice to introduce this tool was motivated by criti-
cisms of generative.fashion related to low image quality and inabil-
ity to produce highly-accurate images using text prompts. While
the Stable Diffusion tool provided solutions to these problems, it
lacked features provided by generative.fashion that were specifi-
cally designed to support intentional design-space exploration. By
comparing the two tools, we hoped to learn whether the unique
features of generative.fashion could offer advantages during the
ideation process over the more general, text-based interface to the
Stable Diffusion model.

Participants and Procedure. The same N=7 fashion design appren-
tices who took part in the first study also took part in the second
study. Like the first study, the apprentices verbally consented to par-
ticipate as per the guidelines approved by our university’s ethical
review board. The apprentices were split into two groups, with one
researcher embedded within each group. The apprentices within a
group did not collaborate with one another, but worked individually
on their design collections.

The study took place over three hours. The initial activity that
the apprentices took part in was spending 15 minutes sketching
an initial design for their collection. After completing this sketch
they moved on to working with the tools to generate ideas. One
group of apprentices worked with the generative.fashion tool and
the other group worked with the diffusion modeling tool. After 45
minutes had passed, the apprentices were asked to stop using the
tool and to sketch a new design inspired by their work with the
tool.

In the next phase the apprentices swapped tools. If they had
been working with the generative.fashion tool, they switched to
working with the diffusion model (and vice versa). Again, they spent

45 minutes generating ideas, after which they spent 15 minutes
sketching a new design. Finally, all of the apprentices displayed their
three drawings on a central table for a gallery walk facilitated by
the fashion design instructor. Please see Figure 5 for an illustration
of the study design and procedure.

Data Collection. Researchers took observational field notes dur-
ing the activities, and led three focus group discussions during the
study. The first and second focus groups were conducted at the
group level and took place after the apprentices worked with one
of the tools. These semi-structured discussions were focused on the
usefulness and usability of the tool, the creativity support provided
by the tool, and how the tool compared to other tools and methods.
The final focus group discussion took place with the entire class
after the gallery walk. In this discussion apprentices were asked
to explain how the different sketches were influenced by the tools,
to talk about how the tool might have helped them come up with
ideas that they wouldn’t have otherwise discovered, and to describe
the activity and context in which they would use these tools again.

Analysis. After the study concluded, the researchers debriefed
to compare notes and surface insights from their observations and
focus group interviews, and the full set of notes were analyzed using
the a hybrid process of deductive and inductive thematic analysis.
Again, the lead author was responsible for this coding process,
but to ensure that the codes were objective a second author coded
20% of the data using the codebook so that measures of inter-rater
reliability could be computed. The raw percent agreement scores
were 91.75%, and Cohen’s kappa was 0.48, which according to Fleiss
et al. is in the “fair to good” range. As before, these codes were
grouped into a small number of themes which overlapped with the
themes from the first qualitative study, but were not identical. We
elaborate on these themes in the following sections.

Theme: Supporting Both Divergent and Convergent Exploration.
In contrary to the first study where the apprentices mainly used the
generative.fashion tool for convergent exploration, in this study we
observed a better balance between divergent and convergent explo-
ration approaches. The apprentices used the random-generation
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Figure 5: Overview of the design and procedures for the second qualitative study.

functionality to produce wider varieties of dress designs, and then
used the design canvas to explore large volumes of the design
space (Figure 6). Many of the apprentices stated that the tool’s
support for divergent exploration was useful in the context of their
projects. One apprentice said using the tool “made my brain go
places it hadn’t gone before”, and another said, “it was useful for
my project...it helps for getting outside of a thought box”. The
apprentices agreed that the designs produced by generative.fashion
were surprising, saying “it produced mega-creative patterns” and
“the tool produced infinitely many possibilities”.

Opinions about the tool’s support for convergent thinking were
more varied. Some apprentices found that the tool offered enough
control to hone in on a specific idea, while others were frustrated
with their inability to “get where [they] wanted to go”.

Theme: Comparing generative.fashion to the Stable Diffusion tool.
During the gallery walk, each apprentice took turns presenting their
three sketches and explaining which elements were inspired by the
use of the different tools. When asked which sketches they were
happiest with, six out of the seven apprentices indicated that the
drawing created with the generative.fashion tool was their favorite,
and stated that they preferred working with generative.fashion
over the Stable Diffusion tool. When these apprentices were asked
to explain why they preferred using generative.fashion, they pro-
vided a number of reasons. Some apprentices valued the ability
to explore different patterns and colors without modifying the
form of the dress, while others found that the tool made it easier
for them to explore different silhouettes and forms. In contrast to
generative.fashion, the version of the Stable Diffusion tool used
by the apprentices did not provide ways to make these kinds of
fine-grained changes to the garments since desired adjustments
required the apprentices to input a modified text prompt, which
would generate a completely new output image.

A number of apprentices found inspiration in the surprising
details generated by generative.fashion, such as pointy shoulders,
irregular folds and cuts, and spiky sleeves. Many of these details
were included in the apprentices’ sketches and were the features

that the apprentices liked the most. One apprentice said, “I really
like this dress because of the shape and the line down the mid-
dle...which was inspired by the tool”. In contrast, the apprentices
found the outputs produced by the Stable Diffusion tool less inspir-
ing. One apprentice said, “I felt like it was less creative because it
was so specific, there wasn’t much to change. No room for imagi-
nation because it was so accurate”. Another said, “when I looked
up something I got what I expected, nothing unexpected”.

However, one aspect of the Stable Diffusion tool was felt to
provide advantages over generative.fashion: the images the Stable
Diffusion tool produced were of higher quality and the output was
more accurate than generative.fashion. One apprentice stated, “I
can be more detailed with specific things like buttons, pockets,
colors...It’s accurate, you can even look up brands and not recog-
nize any of the pieces but it fit the aesthetic”. Another apprentice
explained that the Stable Diffusion tool might be useful to further
refine specific aspects of ideas created using the generative.fashion
tool, saying “If I specifically needed a pocket or sleeve, I would
maybe use Stable Diffusion because there are more specific images
there”.

4.2 Discussion of Qualitative Studies

In the first qualitative study, apprentices worked with a version of
generative.fashion which included a text input box that they could
use to describe and search for a design in the latent space of the GAN.
We primarily observed the apprentices using the tool for convergent
ideation, typically following a sequence of actions which began
with a text prompt (e.g., “A red dress with long sleeves”) and then
proceeded through uses of the other features to hone in on the
original idea. Only two apprentices were observed who used the tool
to generate new ideas in a divergent manner, and these apprentices
did so briefly at the very end of the activity. We hypothesized
that the text prompt was short-circuiting the divergent ideation
process, since this feature forced participants to begin the activity by
imagining and describing a specific dress. The primary criticism of
the tool was the quality of the outputs, which were described as low-
resolution and blurry, and which sometimes bore little resemblance
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Figure 6: Three different apprentices using the generative.fashion tool to conduct divergent exploration of the design space.
The images generated in the design canvas on the right of the screen cover a large area, which corresponds to a large volume of

the latent space.

to actual dresses. Despite this, participants described the tool as
one that could help them find inspiration and produce new ideas,
and that they preferred it over Google Images and other Internet
search tools because generative.fashion made it possible to realize
their own ideas and provided more of a sense of ownership over
the outputs.

In the second study with the same apprentices, we provided them
with an updated tool which removed the text prompt entirely. In-
stead, they were provided with two buttons which would randomly
generate dresses by sampling from smaller or larger volumes of
the GAN latent space. Additionally, in response to the apprentices’
comments about low output quality, we also provided them with
access to the Stable Diffusion tool, a more powerful and expressive
model which could generate higher-quality images when provided
with a text description. We found that removing the text prompt
and replacing it with the ability to randomly sample and generate
images provided substantially better support for divergent ideation,
and observed how apprentices used the tool to smoothly transi-
tion from divergent to convergent ideation. In contrast, apprentices
found the Stable Diffusion tool to be less useful and less inspiring,
and when asked to select their favorite image 6 out of 7 selected
images produced by generative.fashion. Apprentices explained that
the outputs from the Stable Diffusion tool were less surprising
and too accurate. Furthermore, they explained that they lacked
the ability to make fine-grained adjustments to specific outputs,
since small changes to a text prompt would result in completely
new outputs being generated. The only part of the process that the
Stable Diffusion tool was preferred for was producing high-quality
images of specific details, such as buttons and pockets.

Overall, apprentices expressed a clear preference for genera-
tive.fashion over both Google Images and the Stable Diffusion tool.
The findings suggested that the reasons for this prefrence was due
to the features of generative.fashion, which supported apprentices
through the full ideation process, and that tools using text prompts
were less useful as they short-circuited the divergent ideation pro-
cess.

4.3 Quantitative Evaluation with Creative
Practitioners

While the qualitative studies offered compelling insights into the de-
sign of deep generative creativity support tools, the limited sample
size and specificity of the participant pool raised questions about
the generalizability of these findings. To increase the robustness
and external validity of our initial observations, we next turned to
quantitative methods involving a larger and more diverse cohort of
creative practitioners.

These follow-up studies were specifically designed to further
investigate the following insights that emerged from our qualitative
results:

(1) Does generative.fashion offer better support for creative
practices than other tools, and in what ways?

(2) Is generative.fashion easier to use and more useful for cre-
ative tasks when compared to other tools?

(3) Is generative.fashion more satisfying to use than other tools?

(4) Does generative.fashion provide more control and ownership
over outputs than other tools?

To answer these questions, conducted two within-subjects experi-
ments (Figure 7).

The first study compared Google Images to generative.fashion
and the second one compared the Stable Diffusion tool to genera-
tive.fashion. To answer each of the questions above, we employed
the following measures:

(1) The Creativity Support Index (CSI) [5] was used to directly
measure support for creativity, and a set of open-response
questions were used to investigate support for divergent and
convergent ideation. The instrument was unmodified from
the original publication.

(2) Two subscales from the TAM3 [57] were used to measure
ease-of-use and usefulness (see Appendix A.3)

(3) An instrument based on [6] was used to measure user satis-
faction (see Appendix A.3)

(4) A new instrument that we designed, the Design Space Ex-
ploration Questionnaire (DSEQ), to try and capture this di-
mension of the user experience (see Appendix A.2).
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Figure 7: Overview of the experimental design and procedures for the two quantitative studies.

4.3.1 Quantitative Study 1: Comparing generative.fashion with Google
Images.

Participants. N=48 individuals participated in this online, within-
subjects study. Participants were recruited using Prolific (https://
www.prolific.co) and were screened based on the following criteria:
age between 18 and 35, fluency in English, and either currently
studying or having studied one of the following creative domains:
Architecture, Art and/or Design, Communication and/or Media, or
Fashion and Textiles.

The mean age of the sample was 23.8 years with a standard de-
viation of 3.20, and the gender distribution consisted of 37 females
and 10 males>. In terms of racial and ethnic background, the sample
was composed of 28 white participants, 8 black participants, 5 of
mixed ethnicity, 2 Asian participants, and 4 identifying as “other”.
Regarding domains of study and practice, 24 were enrolled in Art
and/or Design programs, 9 in Architecture, 13 in Communication
and/or Media, and 3 in Fashion and Textiles. The sample was ge-
ographically diverse, with 30 Europeans (Portugal, Italy, Poland,
Germany, Greece, the UK, Spain, and France), 8 from North Amer-
ica (Mexico and the USA), 8 from Africa (South Africa and the
Democratic Republic of Congo), and 2 from Australia and 1 from
the Philippines. Finally, 38 participants were currently students.

Materials and Study Design. This study employed a within-subjects
design to compare the relative effects of two different creativity
support tools—Google Images and generative.fashion—on support
for creativity, user experience, and design outputs. The rationale for
choosing these specific tools was grounded in the findings from the

3Because one participant declined to provide demographic information, demographic
statistics were computed with 47 participants, not 48.

“The total count exceeds 47 because some participants were engaged in multiple
domains of study.

first qualitative study with fashion design apprentices and reflected
their actual practices.

Each participant went through two blocks. Each blocks followed
a nearly identical procedure, which consisted of an instructional
video, a creative task, a questionnaire phase, and open-response
questions.

At the beginning of each block, participants read a prompt that
framed and introduced the task. This prompt asked them to imagine
working for a fashion design agency tasked with creating new dress
designs for a client from Zara, and to “come up with a variety of
styles with different colors, patterns, and textures...that should be
creative, but not too impractical” (the full prompts are available in
Appendix A.1). Participants were then introduced to the tool they
would be using—first Google Images, then generative.fashion—and
then viewed a short instructional video demonstrating how to use
the respective tool, save images, and upload designs. They then
used the designated tool to search for and save at least three dress
designs, which were subsequently uploaded and ranked by the
participant.

Following the task, participants completed several question-
naires to evaluate their experience. To directly assess the creativity
support of each tool, we employed the Creativity Support Index
(CSI) [5]. Additionally, we used specific measures from the Tech-
nology Acceptance Model 3 [57] to gauge usability and ease of use,
and to assess user satisfaction we administered a measure adapted
by Lee and Choi [36] from Chin et al. [6].

Participants also filled out a Design Space Exploration Question-
naire that we created for this study. This questionnaire asked about
their satisfaction with the quantity, quality, and diversity of their
designs, their pride in their top-three designs, their perceived contri-
bution to the design process (meaningful contribution), their sense
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of control, and the ease with which they realized their ideas (con-
ceptual realization). The full text of each question that participants
answered in this instrument can be found in Appendix A.2

Finally, to gather qualitative feedback, participants answered
three open-response questions: “What did you like about the tool?”,
“What about the tool could be improved?”, and “Do you have any
other feedback, comments, or suggestions about the tool?’

Procedure. Upon entering the study, participants first read an
information sheet detailing the study’s aims and procedures. Follow-
ing this, they read and digitally signed a consent form by clicking
an opt-in checkbox, as per the guidelines approved by our uni-
versity’s ethical review board. The study then proceeded through
the two blocks described in the previous section, with the entire
study taking 39 minutes to complete on average. Upon completion,
participants received a compensation of 6 GBP for their time and
effort.

Data Analysis. For the Creativity Support Index (CSI) question-
naire, we conducted two related analyses. We first calculated the
scores on individual dimensions of the CSI instrument using the
paired-factor comparisons, and then calculated by taking the weighted
average of scores on six distinct dimensions [5]. To investigate
differences in overall creativity support between the tools, we con-
ducted a single paired-t-test. Following this, we analyzed each of
the constructs in the CSI separately by taking the mean for the
items in each of the six constructs (enjoyment, exploration, collab-
oration, expressiveness, immersion, and results worth effort) and
then computing a paired-t-test for each construct.

For the Technology Acceptance Model 3 (TAM3) and user satis-
faction measures, we were able to combine the items from each of
the three validated constructs (usefulness, ease of use, and satisfac-
tion) into one index per construct by taking the mean. For each tool,
this produced one index for usefulness, one index for ease-of-use,
and one index for user satisfaction. To look for differences between
tools, we conducted paired-t-tests on each of these indices.

For the custom Tool Evaluation questionnaire, which was more
exploratory in nature, individual questions were analyzed sepa-
rately. We conducted seven paired-t-tests to assess specific dimen-
sions such as design quality, diversity, and perceived control. Finally,
the qualitative data collected from the open-response questions
were analyzed using thematic analysis [2].

The chosen methods for data analysis were designed to offer
a comprehensive understanding of the support for creativity and
user experience for each tool. By employing validated measures for
established constructs, we aimed for robustness in our quantitative
assessments. Meanwhile, our exploratory analysis of the DSEQ
questionnaire and thematic analysis of qualitative data allowed for
a more nuanced interpretation of each tool’s relative advantages
and disadvantages.

Results: Creativity Support Index (CSI). A paired samples t-test
was conducted to compare scores on the Creativity Support Index
(CSI) for the two tools, Google Images and generative.fashion. The
mean CSI score for Google Images was M = 65.10,SD = 18.54,
and for generative.fashion, it was M = 71.9,SD = 17.40 (Figure 8,
left). There was a significant difference in the scores for Google
Images and generative.fashion, t(47) = —2.27,p = .028,d = 0.38.

Davis et al.

The overall CSI scores revealed that generative.fashion was rated
as significantly more supportive of creativity compared to Google
Images.

To further investigate the specific dimensions of creative prac-
tice where generative.fashion provided better support compared
to Google Images, we conducted paired t-tests for each of the six
dimensions. A visualization of these results can be seen in Fig-
ure 8, right, and full statistical details can be found in Table 6.
When considering the individual dimensions, only the “Expres-
siveness” dimension showed a significant difference in favor of
generative.fashion, while there was a marginally significant differ-
ence for “Immersion”.

Results: Usefulness, Ease of Use, and User Satisfaction. genera-
tive.fashion was rated higher than Google Images in terms of “Use-
fulness” and “User Satisfaction”, with the latter showing a signif-
icant difference. Google Images, on the other hand, was rated as
significantly easier to use than generative.fashion according to the
TAM3 “Ease of Use” measure. See Figure 9 and Table 7 for full
details of these analyses.

Results: Design Space Exploration Questionnaire. Participants’ ex-
periences with both tools were also assessed using a Design Space
Exploration Questionnaire, which consisted of seven questions.
Paired samples t-tests were conducted to compare the mean scores
for each dimension, and a visual summary of the results can be
found in Figure 10. The analysis revealed significant differences be-
tween Google Images and generative.fashion in terms of “Quantity”,
“Meaningful Contribution”, and “Control”, with generative.fashion
outperforming Google Images in these dimensions.

4.3.2  Quantitative Study 2: Comparing generative.fashion with the
Stable Diffusion tool. This study was nearly identical to the previous
study, with the exception of the tools being compared. To remain
concise, we only describe the unique aspects of this study relative
to the previous one, and refer the reader to the previous study
description for the full details.

Participants. N=39 individuals participated in this online, within-
subjects study. Participants were recruited using Prolific (https:
//www.prolific.co) with the same screening criteria as the previous
study.

The mean age of the sample was 25.5 years with a standard de-
viation of 4.30, and the gender distribution consisted of 27 females
and 12 males. In terms of racial and ethnic background, the sample
was composed of 29 white participants, 4 black participants, 4 of
mixed ethnicity, 1 Asian participant, and 1 identifying as “other”.
Regarding domains of study and practice, 24 were enrolled in Art
and/or Design programs, 7 in Architecture, 11 in Communication
and/or Media, and 3 in Fashion and Textiles. The sample was ge-
ographically diverse, with 28 Europeans (Portugal, Poland, Italy,
the UK, Greece, France, Latvia, the Netherlands, Finland, and the
Czech Republic), 3 from the Americas (Argentina, Chile, and the
USA), 7 from Africa (South Africa and Zimbabwe), and 1 from Iran.
Finally, 28 participants were currently students.

Materials and Study Design. This study employed an identical
design to the previous study: a within-subjects design to compare
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the relative effects of two different creativity support tools—the Sta-
ble Diffusion tool and generative.fashion—on support for creativity,
user experience, and design outputs (Figure 7). The only difference
was that participants used the Stable Diffusion tool, an extremely
powerful and expressive generative model capable of producing an
enormous variety of detailed images conditioned on text prompts.
Otherwise, the participants received the same prompts, were asked
to fill out the same set of survey instruments, and were asked the
same three open-response questions at the end of the study.

Procedure. The procedure for this study was identical to the pro-
cedure in the previous study, which is reported in Section 4.3.1. The
entire procedure took 35 minutes to complete on average. Partici-
pants received a compensation of 6 GBP for their time and effort.

Data Analysis. The analysis conducted was identical to the pre-
vious analysis reported in Section 4.3.1.

Results: Creativity Support Index (CSI). A paired samples t-test
was conducted to compare scores on the Creativity Support In-
dex (CSI) for the two tools, the Stable Diffusion tool and gener-
ative.fashion. The mean CSI score for the Stable Diffusion tool
was M = 59.0,SD = 23.38, and for generative.fashion, it was
M = 66.62,SD = 23.21 (Figure 11, left). There was a significant
difference in the scores for the Stable Diffusion tool and gener-
ative.fashion, #(38) = —2.17,p = .036,d = 0.33. The overall CSI
scores revealed that generative.fashion was rated as significantly
more supportive of creativity compared to the Stable Diffusion tool.
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Questionnaire. Each barplot represents scores on a Likert scale from 0 (strongly disagree) to 7 (strongly agree). Error bars
indicate standard error, and levels of statistical significance are denoted as follows: +p < 0.10, #p < 0.05, x#p < 0.01, x##p < 0.001.

To further investigate the specific dimensions of creative practice
where generative.fashion provided better support compared to the
Stable Diffusion tool, we conducted paired t-tests for each of the
six dimensions. When considering the individual dimensions, both
the “Expressiveness” dimension and the “Enjoyment” dimension
showed a significant difference in favor of generative.fashion, while
there was a marginally significant difference for “Results Worth
Effort”. A visualization of these results can be seen in Figure 11,
right, and full statistical details can be found in Table 9.

Results: Usefulness, Ease of Use, and User Satisfaction. genera-
tive.fashion was rated significantly higher than the Stable Diffusion
tool in terms of “Usefulness” and “User Satisfaction”, while there
was no difference on “Ease of Use” (Figure 12). Full statistical details
can be found in Table 10.

Results: Design Space Exploration Questionnaire. Participants’ ex-
periences with the Stable Diffusion tool and generative.fashion
were assessed using the Design Space Exploration Questionnaire.
Paired samples t-tests were conducted to compare the mean scores
for each dimension. Significant differences were found between
the Stable Diffusion tool and generative.fashion in the dimensions
of “Quality,” “Control,” “Pride”, and “Conceptual Realization”, with
generative.fashion outperforming the Stable Diffusion tool in these
aspects. Full statistical details can be found in Table 11, and a visual
summary of the results can be found in Figure 13.

4.3.3  Results: Open Responses from Quantitative Study 1 and 2. To
further investigate our quantitative findings, we analyzed the open
responses from all participants. We identified four main themes for
users using generative.fashion: Usability and Ease of Use, Creativity

Support Capabilities, Quality of Generated Output, and Concerns
with Generative Al The second author was responsible for this
coding process, but to ensure that the codes were objective an
additional author coded 20% of the data using the codebook so
that measures of inter-rater reliability could be computed. The raw
percent agreement scores were 95.77%, and Cohen’s kappa was 0.55,
in the “fair to good” range.

Usability and Ease of Use The first cluster of comments from
users dealt with general usability and ease of use of gener-
ative.fashion. Participants from both quantitative studies
reported that the interface of generative.fashion was gener-
ally easy to use. Participants appreciated “the ability to mix
different styles together and see the result quickly”, “how
easy it was to use”, and “the easy design of the tool”. Addi-
tionally, participants reported that “T had to put very little
effort”, “it was very simple and linear to use”, “it was easy and
provided a lot of useful options”, and “the design made my
work faster and more creative”. However, some users found
specific aspects of the interface to be overwhelming. For
instance, one participant noted, “maybe the User interface,
it’s a bit overwhelming at first glance”.

Creativity Support Capabilities We found a second cluster
in the responses addressing the creativity support capabil-
ities of generative.fashion. In particular, many comments
indicated that the tool’s features supported divergent and
convergent thinking, in line with the principles of design
space exploration. Regarding divergent ideation, students
appreciated “the options it allowed me to explore”, “the ran-
domness of the designs generated (very fun to play with)”,
“the amount and variation of options”, and “how easy it is
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tive.fashion. Left: Barplot of overall CSI scores for the two tools. Right: A set of six barplots illustrating the scores on indi-
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to generate random ideas based on an initial design”. Addi-
tionally, they stated that “it was valuable for creating several
ideas spinning from a starting point”, that “the random gen-
erator was also great to stimulate creativity”, and finally
that “there were basically endless possibilities”. Regarding
convergent thinking, participants primarily highlighted the
design mixing panel and design canvas as supporting them
in honing in on specific designs. Participants stated that the
design canvas “gave me the opportunity to change the char-
acteristics of a dress by dragging it to a particular space” and
that it was “a creative method of image alteration and served
its purpose in successfully editing the images to meet the

parameters specified”, while the design mixing panel helped
participants “customize and explore different dress designs”.
Many users mentioned that the “stimulated creativity”, that
the “the design canvas was fun to use” and “gave me more
control over how the design came out”, and that the design
mixing panel provided the ability to “mix and match” designs
easily. In general, participants felt the tool enhanced their
creativity, saying “I was able to make dresses I wouldn’t be
able to make normally”.

Quality of Generated Outputs The third cluster of comments

dealt with the quality of the generated outputs from gen-
erative.fashion and the Stable Diffusion tool. Many of the



CHI 24, May 11-16, 2024, Honolulu, HI, USA

Davis et al.

Creativity Support Tool Questionnaire

7 ns *
— ns
I I

Quantity Quality Diversity

(e2}

(¢}

EN

w

N

—_

o

ns
—

Pride Meaningful

*%* *

1

I Stable Diffusion
I generative.fashion

Control  Conceptual

Contribution Realization

Figure 13: Comparison between the Stable Diffusion tool and generative.fashion on the seven questions from the Design Space
Exploration questionnaire. Each barplot represents scores on a Likert scale from 0 (strongly disagree) to 7 (strongly agree).
Error bars indicate standard error, and levels of statistical significance are denoted as follows: +p < 0.10, *p < 0.05, **p < 0.01.

participants found these outputs to be strange, off, and too
obviously being Al generated. Generally, participants com-
mented that “we can easily see that it’s AI” and that “many
dresses didn’t even look like dresses, they were way too much
generated looking”. When discussing the Stable Diffusion
tool, one wrote that the “deformed faces or extra legs were
kinda creepy”, and when commenting on generative.fashion
participants said “in shape and texture it is still far from
the normal”, “some of the generated images were out of
proportion and some didn’t even generate a dress at all”,
and “sometimes it went too far”. However, some participants
found these aspects of generative.fashion to be interesting,
saying “I liked the abstract aspects of the second tool, the
designs were out of the place, but there were something in-
teresting about them”. To address these issues, participants
provided suggestions such as “there could be a 360 degree
view”, “it would be easier to find a style of dress if there
were filters based on colors, fabrics, lengths, etc.” and “Per-
haps it could be improved by eliminating designs that are
impractical and impractical in reality”.

Concerns About Generative AI A small number of partici-
pants expressed concerns or made suggestions about how
the tool might be used in authentic creative practice. All of
these comments expressed the same idea, which was that
generative Al should not be designed to replace the designer,
but to complement their work. One said “For this task I would
still have preferred to sketch something up myself...I would
rather use this as part of a process...I do think that working
with Al designs further instead of viewing them as an end
result will also help make someone feel more included in the

creative process”. Another expressed this more succinctly,
saying “It would be interesting a hybrid intelligence instead
of a machine intelligence”. Only one expressed anger, say-
ing “A tool should be for refining and detail... This is a try
replacement of the artist”.

4.4 Discussion of Quantitative Studies

In conducting these experiments we set out to triangulate and vali-
date our qualitative findings, and in both cases we found strong and
robust evidence that supported these insights. First, we found that
generative.fashion provided better support for creativity than other
tools, and in particular that generative.fashion allowed users to
be more “creative” and “expressive”. Furthermore, our participants
found generative.fashion to be more useful and more satisfying
to use than other tools by improving performance and produc-
tivity and by producing useful and appropriate designs. Finally,
participants found generative.fashion to provide more control over
how the designs turned out. An analysis of the open-responses
corroborated these findings and further supported the qualitative
finding that the features of generative.fashion better supported both
divergent and convergent ideation than a text prompt interface.

5 GENERAL DISCUSSION

We distill our findings from both the qualitative and quantitative
studies into three insights related to the use of deep generative
models for creativity support. All of these insights are concerned
with different ways of controlling the stochasticity or unexpected-
ness of the generative model’s outputs to support specific types of
ideation activity.
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5.1 Exposure to unexpected regions of the
design space supports divergent ideation

At the start of the divergent thinking phase, we found that the
apprentices appreciated when the model produced unpredictable
or surprising outputs, and that these sorts of outputs were rarely
produced via text prompting. With both generative.fashion and
the Stable Diffusion tool, using text prompts appeared to short cir-
cuit the divergent ideation process. With the Stable Diffusion tool,
the apprentices explicitly said that the outputs produced via text
prompting were too accurate, “leaving no room for imagination”,
and that the model produced “nothing unexpected”. And while gen-
erative.fashion could not match the accuracy of the Stable Diffusion
tool, we observed that apprentices who started by inputting text
prompts mostly skipped over the divergent thinking phase entirely.
However, after replacing the text-prompt in the generative.fashion
tool with buttons for randomly sampling and generating images
from the GAN latent space, apprentices engaged in more activities
associated with divergent ideation and explicitly stated that the
unexpected outputs were inspiring.

These findings indicate that it is important to provide users with
ways of rapidly generating multiple outputs from a large volume
of the design space, since this will aid them in finding interesting
and unexpected regions of the design space in which to continue
their exploration. Text prompts may be ill-suited for this task since
it is challenging for a user to write a description of a design that
they aren’t expecting to find. Put differently, it is not reasonable
to expect that a user can describe a region of design space that
they don’t know exists. This insight agrees with recent work which
argues that that Al-driven creativity support tools mostly support
idea execution in the later stages of the creative process [20].

For generative.fashion, it was trivial to implement features that
could expose users to new regions of the design space. This was
because the latent space of the underlying generative model closely
corresponded to the dress design space, which meant that randomly
sampling points from the latent space would reliably produce rec-
ognizable dress designs. Implementing such a feature remains an
open challenge for high-capacity, general-purpose diffusion models
such as Stable Diffusion. While small regions of the Stable Diffu-
sion latent space may correspond to the design space of different
domains, it is not clear how to define their location such that ran-
domly sampling from these subspaces would consistently produce
images corresponding to a given design space. Paradoxically, this
suggests that smaller, less powerful models trained on content from
a specific domain may provide better support for divergent ideation
than larger, more expressive models.

5.2 Control over model stochasticity supports
the transition from divergent to convergent
ideation

After identifying promising regions in the design space for fur-
ther exploration, users should be able to set constraints on model
stochasticity that support intentional and meaningful exploration
of those regions. For the generative.fashion tool, these constraints
took two forms. First, users were able to choose meaningful direc-
tions in the design space to explore, and second, they were able
to control the size of the steps that they took in these directions.
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These constraints made it possible for users to intentionally explore
individual regions of the design space in the design canvas, and to
explore the design space between regions of interest by using the
style-mixing panel.

In the design canvas, users were able to select meaningful direc-
tions in the design space to explore by assigning properties such as
sleeve length, pattern, color, hemline, and neckline to the x- and
y-axes. While moving an image along one of these axes, model
stochasticity was tightly constrained to only affect the property
of the dress that the user wished to change. Additionally, the user
could control the amount of stochasticity applied to this property
of the dress by moving the image over larger or smaller distances.
In practice, we found that the apprentices used these features in
two distinct ways. First, apprentices used these features to map out
regions of the design space by dragging and dropping images across
large areas of the design canvas (see Figure 6 for three examples
of how apprentices in Study 2 used the design canvas in this way).
Second, they used these features to hone in on a design by exploring
small areas in the design canvas, which resulted in increasingly
similar designs with small variations.

The version of the Stable Diffusion tool the apprentices used
did not provide the ability to intentionally move in meaningful
directions of the design space. To change aspects of a design, an
apprentice had to tweak the text description and submit this to
the model, which would generate an entirely new batch of images.
With no way to pin down specific aspects of a generated image such
as the form, color, or pattern, intentional exploration of the design
space was unpredictable. Apprentices explicitly mentioned this as
a downside of the Stable Diffusion tool, and asked for the ability
to mix multiple outputs or pin down specific aspects of generated
images.

Based on these findings, we argue that it is important to pro-
vide ways of exploring the latent space of a generative model by
changing specific elements of the model’s output without modify-
ing other aspects of the generated image. These features support
the transition from divergent to convergent ideation as users move
from mapping out a region of the design space to honing in on a
specific design.

5.3 High-quality, predictable outputs are more
useful for convergent ideation than
divergent ideation

Finally, high-quality, precise model outputs are useful during the
final phase of the convergent thinking process. In contrast to gen-
erative.fashion, the Stable Diffusion tool produced clearer, higher-
resolution images, and when provided with detailed prompts it
produced designs with more accurate details and styles. Some ap-
prentices stated that this made the Stable Diffusion tool more useful
when focusing on smaller details, such as a pocket or a sleeve. Nev-
ertheless, the quality of the output did play as much of a role in the
divergent ideation process. In fact, unexpected or glitchy outputs
were sometimes seen as inspiring, and the fashion design appren-
tices incorporated some of these into their final sketches. This
suggests that when building generative models to support ideation
in visual disciplines, there may be value in trading off fidelity of
output for an improved user experience (e.g., speed).
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5.4 Limitations and Next Steps

By adopting a mixed-methods approach we were able to gain more
confidence in our findings, as the results across all studies were
consistent. Nevertheless, there were limitations that should be ad-
dressed in future work, and open questions which suggest next
steps.

First, in our quantitative studies there were limitations related to
the instruments that we used to understand our users’ experiences
with the different tools. Because none of the validated instruments
we used were designed to evaluate generative Al tools, we created
our own instrument to measure constructs like satisfaction with
output quality and perception of control over the outputs. However,
we failed to quantitatively measure other important aspects such
as participants’ prior experiences, their beliefs, and their feelings
about Al To achieve better coverage of important constructs it will
be important to consider the use of newly introduced, exploratory
instruments such as the HI-TAM [40] and the MICSI [34] in future
work.

Next, while we found substantial qualitative evidence linking
different interaction modalities to different types of ideation, we
did not provide any quantitative measures directly linking different
features to different forms of ideation. One way to address this
would be to analyze the interaction data collected by the genera-
tive.fashion and Stable Diffusion systems. Using interaction data
would provide us with a second source of data related to which
features the apprentices used more frequently, the order in which
they used different features, and the ways in which they used these
features as they moved through the ideation process. Furthermore,
by linking their use of these features to their paths through the
latent spaces of the different models, it should be possible to iden-
tify the features’ impacts on divergent and convergent ideation by
examining the sizes of steps taken in the latent space.

Another open question has to do with the impact of image quality
on creativity support. Comparing generative.fashion to the Stable
Diffusion tool indicated that supporting design space exploration
is more valuable than producing high quality output, but to defini-
tively answer this question would require a more careful compari-
somn.

Finally, we emphasize that our work is concerned with how
different interaction modalities impact convergent and divergent
ideation, rather than making claims about which types of deep
generative architectures (e.g., GANs vs. diffusion models) are bet-
ter suited for creativity support. Our work says nothing about
the potential impact on creativity of other interaction modalities
for diffusion models that are enabled by ControlNet [65], such as
sketching and inpainting. If anything, our work highlights this as a
promising direction for future research.

6 CONCLUSION

Deep generative models can play an important role in supporting
the work of creative professionals, but current tools lack critical fea-
tures that could unlock their potential. These models are uniquely
capable of learning vast and complex representations of design
spaces, but users lack intuitive ways of exploring these spaces in
intentional and meaningful ways. When augmented with features
that provide users with ways of controlling the stochasticity of
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the model’s outputs, these models are better able to support both
divergent and convergent ideation. In the generative.fashion tool,
we implemented features which constrained model outputs in ways
that were aligned with theories of design space exploration and
found that these features were successful in supporting creative
practitioners throughout the ideation process. Additionally, these
features were found to be more important than accuracy and fi-
delity of output, as evidenced by the clear preferences for genera-
tive.fashion over the Stable Diffusion tool for most aspects of the
ideation process, despite the fact that the underlying model for
generative.fashion was far less powerful. These findings provide
support for our hypothesis that unlocking the potential of deep
generative models for creative support depends on the development
of interfaces and functionalities that are specifically designed to
support design space exploration, and provides some assurance
that the features we built into generative.fashion were successful in
providing this support. We hope to bring attention to our theorized
connection between the learned latent space of deep generative
models and the design space of a domain, and view the develop-
ment of tools grounded in this theory as a promising area for future
research on creativity support tools and design space exploration.
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A APPENDICES

A.1 Activity Prompts for Quantitative Studies

A.1.1 Activity Prompt for the First Design Activity. Imagine you are working for a fashion design agency. One of your clients is a buyer for
Zara, an apparel retailer with multiple stores around the world. One day, the client walks in unannounced and asks to see your company’s
latest dress designs. Your boss shows them a book of designs from last year, but the client is unimpressed, asking, “I've seen all of these,
don’t you have something new for me?”

Your boss quickly pulls you aside, whispering, “I can stall the client for about 15 minutes. I know it’s crazy, but can you quickly come up
with some new dress designs? Try to come up with a variety of styles with different colors, patterns, and textures. They should be creative,
but not too impractical. The more options she has to choose from, the better, because if this client picks even one of our designs it will be a
huge win for our agency!”

As soon as your boss leaves with the client, you turn to you coworker and ask, “This is impossible! How am I supposed to do this?” Your
coworker says, “Don’t worry. I just found out about a tool that makes it possible to come up with new dress designs quickly. I'll show you
how to use it”

A.1.2  Activity prompt for the second design activity. When your boss comes back and takes a look at the designs, she notices one that she’s
seen before. “Oh no!” your boss says. “We can’t use any of the dress designs you created because they might be protected by copyright laws!”

Your boss tells you “I can stall the client for 15 more minutes. You’ll have to use an experimental tool that we’ve been developing to
generate new dress designs. This tool uses artificial intelligence so it doesn’t always produce perfect designs, but 'm sure you can use
it to create dresses with a variety of styles with different colors, patterns, and textures. Remember, they should be creative, but not too
impractical. The more options she has to choose from, the better!”

A.2 The Design Space Exploration Questionnaire

Strongly dis-  Disagree Slightly Neither Slightly Agree Strongly
agree disagree agree or  agree agree
disagree

I am satisfied with the number of designs I generated

I am satisfied with the overall quality of the designs I gen-
erated

I am satisfied with the overall quality of the designs I gen-
erated

I'am proud of my top three designs
I played an important role in how the designs turned out
Thad a lot of control over how the designs turned out

When I had an idea for a dress, I was able to easily produce
a design which captured my idea

Table 2: The Design Space Exploration Questionnaire designed for this study.
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A.3 TAMS3 and User Satisfaction Subscales

Strongly Disagree Slightly Neither Slightly Agree Strongly
disagree disagree agree or  agree agree
disagree
Using the system improved my performance on the task
Using the system on the task increased my productivity
Using the system enhanced my effectiveness on the task
I found the system to be useful on this task
Table 3: TAM3 subscale for usefulness from [57]
Strongly Disagree Slightly Neither Slightly Agree Strongly
disagree disagree agree or  agree agree
disagree
My interaction with the system was clear and understand-
able
Interacting with the system did not require a lot of my
mental effort
I found the system to be easy to use
I found it easy to get the system to do what I wanted it to
do
Table 4: TAM3 subscale for ease of use from [57]
Strongly Disagree Slightly Neither Slightly Agree Strongly
disagree disagree agree or  agree agree
disagree

Interacting with the system gave me useful designs

Tam satisfied with using the system because it is easier than
creating designs myself

1 feel that using the system made me more like an expert

The designs produced using the system were appropriate
for the task

My overall experience of using the system was satisfactory

Table 5: User satisfaction survey adopted from [36]

Davis et al.
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A.4 Statistical Results from Quantitative Study 1: Google Image Search vs. generative.fashion

Google Images generative.fashion t-test
M SD M SD t(49) p d

Enjoyment 68.10 28.83 73.88 21.31 -149 0.14 0.26
Exploration 73.17 21.09 77.73 18.48 -1.36  0.18 0.23
Collaboration 64.88 23.60 64.25 19.97 0.20 0.84 0.03
Expressiveness 59.04 22.77 68.33 21.97 -2.45  0.02" 042
Immersion 55.44 28.07 62.38 27.52 -1.96  0.56+ 0.25
Results Worth Effort  67.40 20.74 73.02 19.73 -1.57 0.12 0.28

Table 6: Statistics for the comparative analysis of Google Images with generative.fashion for the individual subscales of the CSI.
Levels of statistical significance are denoted as follows: +p < 0.10, *p < 0.05.

Google Images generative.fashion t-test
M SD M SD t47) p d
Usefulness  5.50 1.34 5.95 1.33 -1.77 0.08+ 0.34
Ease of Use 6.22 0.95 5.86 1.13 207 0.04" 0.34
Satisfaction 5.18 1.35 5.70 1.34 -2.29  0.03*  0.39

Table 7: Statistics for the comparative analysis of Google Images with generative.fashion on usefulness, ease of use, and
satisfaction. Levels of statistical significance are denoted as follows: +p < 0.10, #p < 0.05.

Google Images generative.fashion t-test

M SD M SD t(47) p d
Quantity 5.38 1.50 6.23 0.78 -4.06 <0.001*** 0.716
Quality 5.42 1.40 5.71 1.38 -1.33  0.189 0.210
Diversity 5.46 1.38 5.73 1.44 -1.12  0.268 0.192
Pride 5.62 1.39 5.79 1.32 -0.75 0.455 0.123
Meaningful Contribution 4.67 1.83 5.77 1.26 -4.02  <0.001*** 0.704
Control 4.67 1.87 5.52 1.56 -2.97 0.005** 0.496
Conceptual Realization ~ 5.15 1.44 5.02 1.64 0.47  0.640 0.081

Table 8: Statistics for the comparative analysis of Google Images with generative.fashion on the DSEQ questions. Levels of
statistical significance are denoted as follows: *xp < 0.01, #*xp < 0.001.
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A.5 Statistical Results from Quantitative Study 2: Text-Based Stable Diffusion Interface vs.

generative.fashion
Stable Diffusion generative.fashion t-test
M SD M SD t(38) p d

Enjoyment 64.51 26.37 73.44 25.71 -2.08 0.045* 0.34

Exploration 66.03 25.58 71.46 24.12 -1.52  0.14 0.22

Collaboration 53.87 23.16 56.21 25.59 -0.67 0.51 0.10

Expressiveness 54.15 25.53 64.05 25.21 -2.44 0.019" 039

Immersion 50.03 28.53 54.90 30.44 -1.18  0.25 0.17

Results Worth Effort  59.59 25.35 66.82 24.99 -1.87 0.067+ 0.29

Table 9: Statistics for the comparative analysis of the Stable Diffusion tool with generative.fashion for the individual subscales
of the CSI. Levels of statistical significance are denoted as follows: +p < 0.10, *p < 0.05.

Stable Diffusion generative.fashion t-test
M SD M SD t(38) p d
Usefulness  5.17 1.38 5.90 1.01 -3.33  0.002™* 0.60
Ease of Use 5.65 1.04 5.76 1.09 -0.56  0.58 0.11
Satisfaction  4.65 1.35 5.42 1.19 -3.59  <0.001*** 0.61

Table 10: Statistics for the comparative analysis of the Stable Diffusion tool with generative.fashion on usefulness, ease of use,
and satisfaction. Levels of statistical significance are denoted as follows: ##p < 0.01, x#xp < 0.001.

Stable Diffusion generative.fashion t-test

M SD M SD t(38) p d
Quantity 5.49 1.32 5.87 1.13 -1.53  0.133 0.314
Quality 4.79 1.59 5.51 1.39 -2.34  0.25 0.480
Diversity 5.21 1.56 5.18 1.47 0.08 0.934 0.017
Pride 5.13 1.45 5.56 1.29 -1.77 0.084+  0.317
Meaningful Contribution 4.46 1.70 4.95 1.64 -1.62  0.113 0.292
Control 3.90 1.68 4.85 1.60 -3.04 0.004** 0.578
Conceptual Realization ~ 4.00 1.86 4.67 1.66 -2.18 0.036*  0.378

Table 11: Statistics for the comparative analysis of the Stable Diffusion tool with generative.fashion on the DSEQ questions.
Levels of statistical significance are denoted as follows: +p < 0.10, *p < 0.05, ##p < 0.01.
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A.6 Supplementary Figures

—— > Magnitude increases along p0

Magnitude increases along p4

Figure A1l: Examples of interpolating images simultaneously along two meaningful directions in the latent space (sleeve and
pattern) found using PCA. The image in the green box shows the original image with 0 magnitude.
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Figure A2: Examples of meaningful principle components p found in the latent space by PCA. (Dim k, Layers a-b) represents
the k’th principle component applied in layers a to b in the 14-layer synthesis network. The images in green boxes are the
original images with 0 magnitude. For each p, we show the result of two images, one in-sample and another out-of-sample.
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