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Abstract—Found object drawing is a creative art form incorporating everyday objects into imaginative images, offering a refreshing
and unique way to express ideas. However, for many people, creating this type of work can be challenging due to difficulties in
generating creative ideas and finding suitable reference images to help translate their ideas onto paper. Based on the findings of a
formative study, we propose GenFODrawing, a creativity support tool to help users create diverse found object drawings. Our system
provides Al-driven textual and visual inspirations, and enhances controllability through sketch-based and box-conditioned image
generation, enabling users to create personalized outputs. We conducted a user study with twelve participants to compare
GenFODrawing to a baseline condition where the participants completed the creative tasks using their own desired approaches
without access to our system. The study demonstrated that GenFODrawing enabled easier exploration of diverse ideas, greater
agency and control through the creative process, and higher creativity support compared to the baseline. A further open-ended study
demonstrated the system’s usability and expressiveness, and all participants found the creative process engaging.

Index Terms—Creativity support tool, idea generation, creative drawing, interactive creation, generative Al.

INTRODUCTION

1
F OUND objects, everyday items discovered by chance and
imbued with special meaning, challenge conventional
perceptions and serve as unique mediums for emotional
expression [1]. This creative manner of repurposing ob-
jects enhances mood, memory, cognition [2], and shows
therapeutic benefits [3]. Found object drawing, as a cre-
ative process of incorporating everyday objects into visual
compositions, enables people to integrate items from their
surroundings, such as household items, foods, and shad-
ows, as part of their drawings (Figure 1). This creates an
interesting interaction between the object’s physical form
and drawn elements, blurring the boundary between reality
and imagination. The combination of the found objects and
the drawn lines encourages people to transform ordinary
items into elements of imaginative expression. Beyond its
artistic value, found object drawing serves as an effective
approach that enhances creative thinking and cognitive
development, finding applications in various domains such
as education [4] and therapeutic practices [5].

Currently, creating found object drawings relies heavily
on individual imagination and manual exploration, often
requiring iterative attempts to discover meaningful object-
drawing combinations. This trial-and-error process can be
time-consuming and cognitively demanding, particularly
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Fig. 1. Found object drawings from Pinterest: they are drawn with
capsules, a watermelon slice, and a shadow, creating object-level or
scene-level compositions.

for those new to this art form or struggling with creative
ideation. Existing creativity support tools primarily focus on
either facilitating the drawing process and results [6]-[11],
or generating visual inspirations through recombining and
transforming existing elements [12]-[14]. However, found
object drawing presents unique challenges that current tools
do not adequately address. Unlike traditional drawing or
design tasks, it requires users to both identify creative
associations for everyday objects and skillfully incorporate
these physical objects into works. It means that users need to
imaginatively interpret found objects as something different
from themselves while maintaining visual plausibility. This
creative process demands support for associative think-
ing [15], [16] and practical guidance in object integration,
which remains unexplored by existing tools.

In order to further investigate users’ needs in creating
found object drawings, we conducted a formative study
with six participants. The findings revealed several key in-
sights. First, the participants identified associative thinking,
i.e., connecting found objects with other objects, as a starting
point of the creative process. Second, the analysis of their
drawing results showed a division between object-level and
scene-level compositions, with varying preferences among



the participants. Lastly, despite differences in drawing skills,
the participants encountered similar challenges in translat-
ing their creative ideas onto paper. They expressed a need
for reference images that are aligned with their creative
intentions, which are often difficult to obtain.

Based on the findings from our formative study, we
introduce GenFODrawing, a creativity support tool that
leverages multiple generative models, including Visual Lan-
guage Model (VLM), Large Language Model (LLM), Text-
to-Image (T2I) model, and Image-to-Image (I12I) model. This
tool aids users in creating found object drawings with both
textual and visual inspirations. GenFODrawing helps users
discover creative possibilities by analyzing the input object
and generating diverse associations within user-specified
themes and drawing area constraints. Users can explore var-
ious visual compositions at both object and scene levels, of-
fering visual descriptions enriched with moods. The system
allows for customization of reference images through con-
trollable text-to-image generation, guided by user style pref-
erences, sketch inputs, and bounding boxes, which enable
users to precisely control the placement and integration of
the found object within the generated image. All generated
references can be further converted into drawing-friendly
formats, supporting the transition from digital ideation
to manual drawing. Through this interactive, human-in-
the-loop workflow, GenFODrawing provides comprehensive
support for found object drawing, from initial ideation to
final execution.

We compared GenFODrawing with a baseline condition
in which participants completed creative tasks using their
own desired approaches and without access to our system.
The results demonstrated that participants reported signif-
icantly higher scores in creativity support and controlla-
bility for GenFODrawing than the baseline. A subsequent
open-ended study showed that all participants successfully
created a variety of found object drawings, and reported
high usability and low workload when using our system.
Several participants emphasized the importance of main-
taining user autonomy and active participation, rather than
passively accepting Al outputs. Thus, effective creativity
support tools should balance the benefits of Al assistance
with mechanisms that foster and preserve human creative
engagement [17], [18].

In summary, the contributions of our work are threefold:

o A formative study that identifies the challenges and
needs of users when creating found object drawings.

o GenFODrawing: a novel creativity support tool that inte-
grates multiple LLMs and introduces sketch-based and
box-conditioned image generation for controllable and
user-aligned outputs. It facilitates associative thinking
with found objects, provides creative and personalized
reference images, and helps users seamlessly incorpo-
rate found objects into their drawings.

o Two user studies: a comparative study with a baseline
system involving 12 participants, demonstrating the ef-
fectiveness of GenFODrawing, and an open-ended study
validating the tool’s usability.

2 RELATED WORK
2.1 Creativity Support Tool (CST)

The creative process typically involves alternating divergent
and convergent thinking to generate new ideas [19]-[21]. To
support this process, researchers have developed CSTs [22],
which integrate computational and interactive technologies
to facilitate creative processes and prevent fixation [23].
Some efforts have focused on implementing drawing, ex-
ploring how to facilitate people’s drawing experience [6]-
[8] or how to get better drawing results [9], [10], while
paying less attention to the creative ideas before draw-
ing. Recent works have attempted to assist users in idea
generation through generated images. These approaches
leverage generative models to provide visual inspirations,
focusing on style transfer [12], [13], semantic variations [24],
or recombination of creative elements [14]. However, found
object drawing poses unique challenges unexplored by cur-
rent CSTs: it requires both breaking conventional thinking
patterns to associate semantically unrelated objects and
seamlessly integrating physical objects into creative compo-
sitions. Such requirements make it difficult to support with
either existing visual search [25] for associative inspiration
or standard image generation for drawing guidance.

A closely related system, MetaMap [26], facilitates vi-
sual metaphor ideation by enabling associative exploration
using example images retrieved from large datasets based
on semantic, color, or shape similarity. Our work differs
from MetaMap in several key aspects: (1) we leverage
recent VLMs to directly generate shape-based associations,
allowing for suggestions unconstrained by dataset coverage;
(2) our system emphasizes conceptual association rather
than merely retrieving images, encouraging broader idea
generation; and (3) associative thinking is only the starting
point in our interactive pipeline, which further supports
users through visual description generation and reference
image synthesis with generative models. This multi-stage
approach more fully involves users in the creative process.
Beyond images, textual materials can also stimulate creative
thinking through abstraction. This is exemplified in mood
boards, which traditionally combine both visual and textual
elements. Recent works [13], [27] leveraged Al techniques
to enhance mood boards and support ideation. Inspired
by these works, we developed the first Al-driven CST for
creative found object drawing, leveraging both texts and
images for idea generation.

2.2 Human-Al Co-Creation

The concept of co-creation has been explored for decades.
Licklider et al. [28] proposed the concept of human-
computer symbiosis, which means cooperative interaction
between humans and computers, and they suggest that this
symbiotic partnership would be significantly more effective
than humans performing intellectual operations indepen-
dently. With the rapid advancement of Al technology, co-
creation between humans and Al has become a prominent
topic. So far, existing works have explored human-AI co-
creation topics across various domains, achieving notable
progress, such as music [29], video [30], [31], writing [32],
[33], programming tutorials [34], sports news [35], de-
sign [36], [37], etc. Some studies indicate that Al-driven



co-creation has significant potential in enhancing creative
ideation. Liao et al. [38] discussed that Al could provide
inspiration, widen design scope, or trigger design actions by
suggesting texts or images. Kim et al. [39] showed that Al’s
involvement in design ideation could effectively slow the
decline in novelty, variety, and quantity of ideas. However,
recent work suggests these gains may come at a cost. Kumar
et al. [18] found that although LLM assistance yields short-
term boosts in both divergent and convergent tasks, it can
actually undermine people’s independent creative perfor-
mance when Al support is removed. Doshi et al. [40] also
showed that generative Al may enhance individual creativ-
ity but drive homogenization and reduce collective novelty.
Building on extensive human—AlI co-creation research, our
system empowers users with multiple control dimensions
to overcome idea homogenization and assert agency in the
creative process of found object drawing.
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Although LLMs can produce diverse outputs, generating re-
sults that align with user intentions remains challenging. To
meet users” expectations, prompt engineering has become
an important strategy. Chain-of-thought reasoning [41] is
a widely used approach that guides models to analyze
and solve problems step by step. Providing instructions
and examples can also help the model understand users’
expected outputs, known as in-context learning [42], [43].
In the case of T2I models, researchers have focused on
controllable generation to achieve satisfactory visual out-
puts. Existing works attempted to enhance the controlla-
bility of results by introducing additional input conditions,
including sketches [44], segmentation masks [45], bounding
boxes [46], etc. Our work explores the integration of these
generative techniques into the creative process of found
object drawing, enabling VLMs and LLMs to help users
explore ideas that align with their creative intentions, as
well as using a sketch-based T2I model to generate precise
reference images and an I2I model to convert them to pencil
sketches for drawing guidance.

Intent Expression in Generative Models

3 FORMATIVE STUDY

To investigate the challenges in creating found object draw-
ings and identify user’s needs for a creativity support tool,
we conducted a formative study with an emphasis on seek-
ing the answers to the following questions:

o How do users create found object drawings?
e What challenges do users encounter in the creative
process of found object drawings?

After the study, we summarized important findings and
formulated our system design goals.

3.1 Participants

Our recruitment aimed to include both novices and de-
sign professionals to understand how users with different
expertise levels approach this creative task. We recruited
six participants (4 males and 2 females, P1 to P6) aged
between 24 and 30 (M = 26.7, SD = 2.73). They were PhD
students from various fields, including computer science

Fig. 2. Two representative drawings in the formative study: the left one
(from P1) shows a telescope (object-level), and the right one (from P6)
shows a night scene of a modern city (scene-level).

(P1), human-computer interaction (P2 and P3), communi-
cation studies (P4), and design (P5 and P6). Among these
participants, P5 and P6 were considered professionals due to
their formal training in design. None of the participants had
prior experience creating found object drawings, but they
had seen such works on online platforms such as Instagram
and TikTok, and expressed strong interest in this art form.

3.2 Procedure

We conducted a 40-minute in-person session with each
participant, consisting of a task explanation (5 minutes),
a creative task (15 minutes), and a semi-structured inter-
view (20 minutes). The participants were asked to create
multiple found object drawings using a battery as the
found object. We chose batteries because they are common
everyday objects with a simple cylindrical shape, making
them accessible for creative reinterpretation. We believed
this would encourage active participation, enabling us to ob-
serve the participants’ creative process and collect valuable
insights. During the task, the participants were required to
think aloud and explain their motivation for each step. The
follow-up interview focused on their creative process and
challenges encountered. Each participant received a 7 USD
coupon as compensation, and sessions were recorded with
consent for later analysis.

3.3 Findings
3.3.1 Creative Process

Our observations revealed a three-step creative process in
found object drawing: observing and thinking, searching
for reference images, and drawing. The initial observation
stage is critical as it requires the participants to reinterpret
everyday objects into new visual concepts, though some
participants (e.g., P2) found this challenging. We noticed
that the participants rarely used reference images during the
first stage, possibly due to limitations in existing search tools
(e.g. Google Search). Traditional image search methods,
whether text-based or image-based, are not well-suited for
found object drawing: image-based searches focus on visual
similarity rather than creative transformation, while text-
based searches require predetermined concepts. As a result,
the participants relied more heavily on their imagination.
Most participants (P1-5) used reference images primarily for
developing ideas or refining drawings in later stages, while
P6 relied less on reference images throughout the process,
as he had extensive drawing experience.



3.3.2 Challenges and Needs

C1: associative thinking. Most participants were able to
come up with associations from the battery (number of
results: M = 5.2, SD = 2.39), and those (P5 and P6) having a
design background produced the most, with 6 and 9 results,
respectively. Other participants (P1, P3, and P4) initially
suggested a few simple ideas and found it challenging to
continue generating more, while P2 gave up after coming
up with a vague idea. The participants with a design back-
ground (P5 and P6) were able to generate various ideas effi-
ciently in the beginning, but gradually experienced a decline
in their ideation pace. To overcome this, they used auxiliary
methods to facilitate further brainstorming, such as observ-
ing their surroundings or randomly searching for images for
inspiration but with little success. P5 said, “The battery can
be viewed as a cylinder, and any cylindrical object in daily life
can be considered.” Similar statements were also made by P1,
P3, P4, and P6, and they indicated that geometric features,
rather than other attributes such as color or texture, served
as their primary source for making associations. However,
even for such a simple shape, it remained challenging for
them to come up with satisfying ideas. Several participants
(P1, P3-5) mentioned that while it was easy to associate
various cylindrical objects from everyday life, they preferred
ideas that were unique and hard to conceive, which placed
high demands on their associative abilities. P2 mentioned
that after starting the experiment, he focused on the battery
itself, which led him to fall into a fixed mindset, making
it difficult to notice other more apparent characteristics.
All participants expected a solution to provide them with
numerous unique ideas.

C2: visual effect. We categorized the participants” draw-
ing results into two types: object level and scene level, as
shown in Figure 2. The categorization was based on the
complexity and context of the drawings. At the object level,
several participants (P1, P3, and P4) focused on drawing
objects with their distinctive features. For example, P1 imag-
ined the battery as the muzzle of a gun and attempted
to draw a futuristic-looking gun, while P3 envisioned the
battery as a candle and created an elaborate birthday cake.
At the scene level, some participants (P2, P5, and P6) incor-
porated additional elements to depict a broader contextual
scene. For instance, P5 envisioned the battery as a locomo-
tive and illustrated a steam train traveling through a forest,
while P6 portrayed a skyscraper within a night cityscape
(Figure 2 (Right)). The participants who preferred object-
level drawings enjoyed portraying the characteristics and
details of individual objects. P4 explained, “I tend to focus
on the target object, making it unique and interesting.” Mean-
while, the participants who preferred scene-level drawings
explained that this approach allowed them to add more
creative content and context, making their visuals feel richer
and more complete. P5 said, “I imagined the battery as a
locomotive, and adding the forest and train tracks made the
drawing more complete and visually interesting.” Similarly, P6
mentioned, “The skyscraper alone felt too plain, so I added the
cityscape to make it more impressive.” The participants also
emphasized the importance of considering both the overall
mood and visual elements, with P5 and P6 noting that they
would contemplate the desired atmosphere before adding
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specific details. However, conceptualizing creative visuals
was challenging due to imagination constraints, all partic-
ipants reported a desire to gain inspiration from different
perspectives to generate more creative visuals.

C3: reference image. Once they had a rough idea, the
participants would use Google Search to find reference
images to gain more inspiration or concrete their ideas.
However, during this process, they often encountered issues
such as mismatched forms, layouts, or styles in the reference
images they found. This challenge was particularly notable
for the participants with limited drawing skills (P1-4). P1
mentioned, “I heavily relied on reference images for drawing,
but I felt frustrated that they never fully meet my requirements.”
They also found it challenging to use reference images for
incorporating found objects. P3 said, “Due to the differences
in shape and size between found objects and the elements in
reference images, it was hard to imagine how to integrate them
into the drawing.” Converting reference images into simple
line drawings posed another obstacle, as they struggled to
outline and structure the images on paper. The participants
with a design background (P5 and P6) still needed the
help of suitable reference images. They stated that these
references helped them further develop their ideas and
depict details, making the final drawings more vivid. All
participants agreed that having proper and personalized
reference images that better matched their creative needs
would significantly improve the creative process.

3.4 Design Goals

Based on the findings above, we distill three design goals for
a novel system facilitating found object drawing creation:

DG1: support broad and diverse associative thinking.
The system should assist users in generating diverse cre-
ative associations based on the found object and allow them
to flexibly control the direction of their exploration, enabling
them to break away from fixed mindsets (C1).

DG2: support multilevel exploration of visual effect.
The system should assist users in developing both object-
level and scene-level visuals while allowing them to convey
creative expression (e.g. moods) in their works (C2).

DG3: support personalized reference generation. The
system should assist users in generating reference images
that align with their creative ideas and provide guidance
for them to create drawings using the found object (C3).

4 GENFODRAWING SYSTEM

In this section, we begin by presenting the framework of the
system in Section 4.1, followed by an overview of its user
interface in Section 4.2, and conclude with details about the
implementation in Section 4.3.

4.1 Framework

Based on the findings from the formative study, we pro-
pose GenFODrawing, a novel system that integrates multi-
ple generative models, including VLM, LLM, T2I, and I2I
models, to assist users in creating found object drawings.
The framework of our system is shown in Figure 3. Given
a user-specified photo, users can first select an object of
interest (the found object) by clicking on it, which is driven
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Fig. 3. The GenFODrawing framework consists of three stages: (a) Input, where users upload a photo and select a found object through
segmentation. (b) Idea Exploration, where the system leverages a series of generative modules (association generator, visual effect generator,
layout generator, prompt generator, and image generator) to collaboratively generate creative visual references. During this stage, users actively
guide the process by selecting associations, refining visual descriptions, adjusting layout compositions, and adding sketches. This human-in-the-
loop workflow ensures that the generated references align with user intent. The dashed labels below indicate the user-guided decision points. (c)
Output, where the final reference image is converted into a pencil sketch with the overlaid found object, supporting users in manual drawing.

by a segmentation model. Users can freely translate, rotate,
and scale the selected found object on the canvas as the
beginning of idea exploration. During idea exploration, we
adopt a human-in-the-loop interaction design, where five
generators collaborate to help users transform found objects
into personalized reference images. The association genera-
tor provides creative, shape-based suggestions for the found
object while considering context such as drawable regions
and object placement. Users can guide association gener-
ation by setting themes or selecting example associations,
enabling diverse and controllable idea exploration (DG1).
Once an association is chosen, the visual effect generator
recommends expressive scene- or object-level descriptions.
Users can further adjust the mood or modify elements and
visual descriptions to better align the results with their in-
tended outcomes (DG2). The layout generator then suggests
layouts for the elements in the selected visual description.
Users can freely adjust the bounding boxes of elements and
provide sketches on the canvas to guide image synthesis.
Prompts for image generation are automatically constructed
by the prompt generator, which incorporates both the se-
lected visual description and user-specified style (see Sec-
tion 4.3 for details). Finally, users can convert the generated
images into pencil sketches and overlay the found object
onto them, providing clear visual guidance for drawing on
paper (DG3).

4.2 User Interface

As illustrated in Figure 4, GenFODrawing consists of three
panels to facilitate the creation of found object drawings for
users. Below, we will introduce each panel in detail.

4.2.1 Drawing Panel

Before idea generation, the user needs to upload a photo
containing a found object of interest to our system. The
drawing panel (Figure 4 (Middle)) displays the uploaded
image and allows the user to directly select the found
object by segmentation. The user can freely transform the
segmented found object on the drawing canvas to control its
position, rotation, and scale. This allows the user not only
to guide the generation of creative associations, but also to

specify the desired placement of the found object in the final
composition. It also provides auxiliary tools like a brush
and eraser, enabling the user to sketch his/her envisioned
images on the drawing canvas. Additionally, the drawing
panel can automatically capture the outer contour of the
found object, allowing the user to quickly use the partial
or entire shape of the object. The user can also click the
“Generate Layout” button to automatically generate a lay-
out based on the visual description and elements obtained
from the idea generation panel. Each element’s bounding
box can then be freely adjusted in terms of position and
scale.

4.2.2 Idea Generation Panel

The idea generation panel (Figure 4 (Left)) consists of three
parts: the user-specified options, the association recommen-
dations, and the visual description recommendations. To
better support the user in idea generation, we designed
several features (Figure 4al) with the following rationales:

Drawing area. Found object drawings can be created by
adding elements around or on the found object itself. To
support these two fundamental approaches, we designed a
drawing area configuration feature that allows the user to
specify his/her intended drawing space explicitly. The user
can choose between two options: the “Surrounding” button
to draw around the found object, or the “Surface” button to
draw on its surface.

Theme. When creating found object drawings, people
need to make meaningful associations within specific con-
texts. To assist with this process, we introduced a theme
configuration feature that narrows down possible associa-
tions to specific categories, such as animal, plant, vehicle,
etc.

Mood. Found object drawings can be more expressive
when emotional aspects are incorporated. To help the user
achieve his/her desired emotional effect, we introduced a
mood configuration feature. The user can specify desired
moods, such as happy, surprised, frustrated, etc.

Style. Different artistic styles can significantly influence
the visual impact of the final drawing. To give the user con-
trol over the visual appearance of the work, we introduced a
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style configuration feature. The user can specify the artistic
style, such as realistic, illustration, cartoon, etc.

For theme, mood, and style configurations, the user can
choose from the preset options or input his/her custom
values. Once the user has specified the theme, he/her can
click the “Brainstorm” button to ask the system to recom-
mend associations with the found object (Figure 4a2). Rec-
ommendations are presented as cards, each corresponding
to an implicit (subject, component) pair, which indicates
the functional component the found object can serve in a
particular subject. The card’s title displays the subject, while
the explanation is shown in the format: “The found object
is <component> of <subject>, because...”. The user can

Fig. 6. Different object- (the up row) and scene- (the bottom row) level
reference images recommended by GenFODrawing, with the found
object (orange slice) overlaid on them.

hover over cards to view the complete explanation. When
selecting an association of interest, the user can further
explore similar associations using the “Subject” and “Com-
ponent” buttons, which generate new recommendations by
switching either the subject or the component, as shown in
Figure 5.

After selecting an association of interest, the user can
explore visual descriptions that incorporate the subject,
which are displayed in the lower part of the panel (Fig-
ure 4a3). Each recommendation is presented as a card
containing a title and a detailed description. The system
automatically identifies the main elements present in the
current description (green tags) and also suggests additional
elements (orange tags). The user can freely add, delete, or



edit elements in the list to better fit his/her creative ideas.
By clicking the “Regenerate” button, the user can update the
visual description according to his/her customized element
selection, allowing for broader exploration of different im-
age possibilities. The mood specified by the user will also be
considered when the system generates visual descriptions.
At the bottom left, a toggle button enables the user to switch
between scene-level and object-level recommendations. As
shown in Figure 6, the “Scene” mode provides suggestions
for overall scene descriptions, while the “Object” mode
focuses on the appearance of individual objects. At the
bottom center, the “Generate” and “Regenerate” buttons
allow the user to create or update visual descriptions based
on his/her current selections. This design encourages the
user to flexibly explore a wide range of visual effects and
quickly iterate on his/her creative concepts.

4.2.3

The image generation panel (Figure 4 (Right)) can generate
and display reference images based on the sketch drawn
on the drawing panel and the provided text prompts. The
text prompt can either be entered by the user or, if not
specified, is automatically recommended by the system,
taking into account the user’s style preferences. This panel
also offers a feature that allows the found object to be
overlaid on the current reference image, making it easier
for the user to assess whether it matches the found object
(Figure 6). Additionally, it provides a function to convert
colored images into pencil sketches, helping the user better
perceive the final visual outputs. The user can freely switch
between different generated results listed below to examine
these features on each generated image.

Image Generation Panel

4.3

GenFODrawing is a web-based system composed of a Re-
act]S front-end and a Python Flask server as its back-end,
deployed on a machine with an NVIDIA RTX 4090. To
select a found object of interest from the uploaded photo,
we use the Segment Anything Model [47] to allow users to
click on object areas of interest for segmentation. Given
GPT-40’s [48] powerful multimodal capabilities, we employ
it as both our VLM and LLM underlying models in the
system. All prompts used in our system are provided in
the supplementary materials.

For association recommendation, we design a multi-
step prompting strategy that combines in-context learning
and chain-of-thought reasoning. The prompt provides ex-
ample associations and explicit instructions to guide the
model in generating (subject, component) pairs that are
creative yet recognizable, and non-duplicative (using a his-
torical record). User-specified examples or target themes are
embedded in the prompt to support relevance and user
control. Each output is returned in a standardized JSON
format with concise explanations to enhance transparency
and usability. After generating candidate associations, we
apply a spatial reasoning filter via an additional prompt
step to ensure contextual appropriateness. Specifically, the
model is prompted to examine each association and reason
whether the current orientation and size of the found object
realistically fit the expected component within the subject,

Implementation
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and whether its placement would allow for a natural and
recognizable composition. Associations that may lead to
awkward, unnatural, or unrecognizable results (e.g., mis-
matched rotation, improper scale, or interference from non-
drawable regions) are filtered out. This spatial reasoning
step helps ensure that the recommended associations are
not only semantically plausible but also visually feasible for
subsequent drawing tasks.

For visual description recommendation, we first prompt
the generator to produce different scenes or object vari-
ations that reflect the specified mood. Then, we use the
text encoder of OpenCLIP [49] (‘ViT-G-14') to encode each
candidate description d; into a text embedding e;. These
embeddings capture the semantic meaning of the input text,
enabling us to measure semantic similarity between descrip-
tions via cosine similarity. We compute the pairwise cosine

similarity between all embeddings F = {ej,ea,...,e,} and
seek a maximal subset D’ C D such that:
cos(e;,ej) <6, Vdi,djeD' i#j 1)

where cos(e;, e;) denotes the cosine similarity between the
embeddings of descriptions d; and d;, and 6 = 0.6 is
the similarity threshold used in our implementation. This
constraint ensures that all descriptions retained in D’ are
sufficiently diverse in semantics, avoiding similar sugges-
tions.

For T2I prompt recommendation, we use a tem-
plate of [image info, style tags, quality tags]
to guide the generator in producing high-quality prompts
that align with the selected visual description and desired
style. The prompt explicitly includes all elements mentioned
in the selected visual description. For layout recommenda-
tion, we further instruct the generator to provide bound-
ing boxes for all elements included in the selected visual
description, using the format [x_min, y_min, x_max,
y_max].

For image generation, we employ a combination of Sta-
ble Diffusion v1.5 [50] and a ControlNet model [51] fine-
tuned on a partial sketch dataset, since during the early
stages of user exploration, users often provide only minimal
sketch input (e.g., the contour of the found object) as guid-
ance. To enable users to freely explore different placements
of the found object, we adopt a box-conditioned generation
approach similar to [52]. Specifically, at each denoising step
t, given the noised sample x;, we update it via gradient
descent to minimize both cross-attention and self-attention
losses:

Xt ¢ Xt — aVx, (Loa+ Lsa), )

where « is the step size, L¢ 4 is the cross-attention loss, and
L 4 is the self-attention loss.

To obtain the cross-attention map, we first perform a
forward pass of the diffusion model and ControlNet with
the current noised latent x;, the text prompt, and the sketch
image as inputs. We extract the cross-attention maps from all
layers and heads at the 16 x 16 spatial resolution and average
them to produce a single aggregated attention tensor of
shape 16 x 16 x n, where n is the number of text tokens.
We then discard the attention map of the special start-of-text
token (sot) and re-normalize the remaining attention values
along the token dimension using softmax. As a result, each
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Fig. 7. The figure shows two examples of using the object contour as
a partial sketch input under two conditions. Without box conditioning,
users can only express their intent through the sketch, and the gener-
ated content may not match their intent (e.g., in the third column, the
found object is generated as an umbrella instead of a street lamp). With
box conditioning, users can further control the generation with bounding
boxes, resulting in outputs that better align with their creative intent (the
second column). For each row, we use the same seed.

spatial location (4, j) in A" indicates the probability of each
token being present in the corresponding image patch. The
cross-attention loss is computed separately for the fore-
ground (inside the bounding box) and background (outside
the bounding box) regions. The overall cross-attention loss
is defined as:

Loa=Lsg+ Lpg. 3)

The foreground term encourages high attention inside the
corresponding bounding box and is defined as:

LN
Lig= ¥ Z [1 — mean (Top, (Ao M), 4)

i=1

where Top, (z) denotes the set of the top p% largest values
of x (we set p = 80 in our implementation). Focusing only
on the top p% activations avoids imposing constraints on all
attention values, which could harm image fidelity. A! is the
cross-attention maps for the i-th element at denoising step
t, M; is the binary mask for the bounding box of the i-th
element, and NV is the number of elements. The background
term is computed similarly, penalizing high attention values
outside the corresponding bounding box:

N
Lyg = % Zlmean (Topp (Af o (1-M;))). (5)
im
Overall, the foreground and background terms concentrate
token-to-patch attention inside the corresponding bounding
boxes and suppress it elsewhere, thus improving the consis-
tency between the generated objects and the given spatial
layout.

The self-attention maps are obtained in a similar way to
the cross-attention maps, yielding tensors of shape 16 x 16 x
256. Each spatial location (i, j) in S* indicates how much
information the current patch draws from every other patch
in the image. The self-attention loss L£s4 encourages the
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generated content to remain faithful to the region defined
by the corresponding bounding box:

1N 1
Lsa=—
N;|Mi|

where |M;| is the number of patches inside the mask, and
S, is the self-attention maps at step t for patch p. By pe-
nalizing strong self-attention connections between masked
and unmasked patches, this loss limits information leakage
from the object region to patches outside the bounding box,
reducing the risk of propagating object-specific features to
unrelated areas. As shown in Figure 7, directly generat-
ing from limited sketch input can result in inconsistency
with user intent. By conditioning on both sketches and
bounding boxes, we achieve more controllable and precise
image synthesis. This approach allows the found object to
be flexibly positioned and integrated within the generated
image. We also filter out images with low text-image CLIP
scores (below 0.4 in our implementation) to ensure the
quality and relevance of the results. The reference images
can then be transferred to pencil sketches using a style
transfer model [53] with a U-Net structure.

Z mean (S}, ® (1 — M;)), (6)

peEM,;

5 EVALUATION

We first conducted a within-subjects comparative study to
investigate the effectiveness of GenFODrawing. Since no
existing system supports the creation of found object draw-
ings, we compared GenFODrawing to a baseline condition
in which participants completed the creative tasks without
access to our system. In the baseline condition, participants
were free to use any tools or methods they normally rely on,
such as ChatGPT, Google Search, or their own imagination,
allowing us to establish a realistic “without system support”
scenario. This design enables a direct comparison between
the experience with our structured, controllable creative
support system and the experience without such targeted
assistance. After the comparative study, we conducted an
open-ended study to further evaluate the usability and
expressiveness of GenFODrawing.

5.1 Participants

We recruited twelve participants (9 males and 3 females,
P1 to P12), with ages ranging from 25 to 31 (M = 27.75,
SD = 1.66). They are postgraduate students with diverse
backgrounds, from engineering to art. The demographic
information is provided in the supplementary materials.
All participants had seen found object drawings before, but
none had prior experience in creating such works.

5.2 Tasks, Procedure, and Measures

The user study consisted of two phases. In the first phase, a
comparative experiment was conducted where the partici-
pants created found object drawings based on four given ob-
jects: two different leaves and two different clips, as shown
in Figure 8. These objects were divided into two groups,
with the objects in Figure 8(a) and (b) forming one group,
and those in Figure 8(c) and (d) forming the other group.
For each participant, one group was assigned to the baseline



TABLE 1
The CSI and controllability questionnaires used in the comparative
study.

Q1 | I'would be happy to use this tool on a regular basis.

Q2 | Itwas easy for me to explore many different ideas, options,
designs, or outcomes, using this tool.

Q3 | I was able to be very creative while doing the activity
inside this tool.

Q4 | I'became so absorbed in the activity that I forgot about the
tool that I was using.

Q5 | What I was able to produce was worth the effort I had to
exert to produce it.

Q6 | Iam able to adjust the direction of idea exploration quickly
and efficiently according to my creative intention.

Q7 | I am able to precisely control and iteratively refine the
generated results to better fit my creative intention.

Q8 | The system provides a clear and structured process for me
to explore a variety of creative ideas.

condition and the other to the GenFODrawing condition,
and they were required to create one drawing for each
object in both conditions, for a total of four drawings per
participant. The assignment of object groups to conditions
was counterbalanced across participants to control for order
effects, and the sequence of drawing tasks was randomized
within each group. After each condition, the participants
filled out a questionnaire. After completing both conditions,
they engaged in a 15-minute interview. In the second phase,
we conducted an open-ended study that allowed the par-
ticipants to freely choose any nearby object or its shadow
to create a found object drawing. They also filled out a
questionnaire after completing the open-ended task. The
entire study took an average of approximately two hours
per participant, and the participants were compensated with
a coupon of around 15 USD upon completion.

For measurement purposes, we employed a Creativity
Support Index (CSI) [54] questionnaire and a 7-point Likert
scale questionnaire (see Table 1) to respectively assess cre-
ativity support and controllability in the comparative study.
Additionally, we used NASA-TLX [55] and System Usability
Scale (SUS) [56] questionnaires to evaluate workload and
usability of our system in the open-ended study, respec-
tively. The collected data were analyzed using the Wilcoxon
signed-rank test.

5.3 Results

Throughout the experiment under the baseline condition, all
participants chose to primarily utilize ChatGPT (powered
by GPT-40), and most of them (except P2) also used its
integrated image generation capabilities. Additionally, a few
participants used Google Search as a supplementary source.
We analyzed the collected data and interview records. In
this section, we will report the findings.

5.3.1 Quantitative Survey Results

The statistical results of CSI and controllability question-
naires are shown in Table 2. Regarding the Creativity Sup-
port Index (CSI) scores, our system received higher scores
than the baseline across all dimensions, including Enjoy-
ment (M = 5.33 vs. 4.08), Exploration (M = 6.00 vs. 3.75),

Prompt: "a bird perches on a branch, with blooming

(@)

nearby" Prompt: "a seagull flies ovel

T
25
L

Prompt: "a girl walks out of the shop with a chain-strap

Prompt: “a peacock walking on a dirt path beside a pink tree”

(c) (d)

Fig. 8. The figure shows some results created by P12 (a), P3 (b), P4
(c), P6 (d) using GenFODrawing in the comparative study. The first and
third columns show the input sketches along with the specified bounding
boxes, while the second and fourth columns show the system’s outputs,
with the found object overlaid on the images.

Expressiveness (M = 5.75 vs. 3.50), Immersion (M = 5.33
vs. 3.17), and Results Worth Effort (M = 5.58 vs. 4.58). All
differences were statistically significant (p < 0.05). These
findings indicate that our system provides a significantly
enhanced creative experience, particularly in terms of sup-
porting user enjoyment, exploration, expressiveness, and
immersion. For controllability, users felt significantly better
able to adjust the direction of idea exploration (M = 5.83
vs. 342, p = 0.005), to precisely control and iteratively
refine the generated results (M = 5.83 vs. 3.17, p = 0.004),
and to benefit from a clear and structured creative process
(M = 575 vs. 3.08, p = 0.003). These results highlight
the advantages of our system in supporting user creativity
and providing enhanced control over the creative process,
with particularly strong improvements in user exploration,
expressiveness, and controllability.

5.3.2 Qualitative Feedback

Creative Inspiration, Exploration, and Accessibility. The
participants consistently reported that our system provided
more effective creative inspiration compared to the baseline.
The structured, stepwise guidance and multimodal recom-
mendations (both textual and visual) helped users overcome
creative blocks and discover new ideas, especially when
they “had no clear direction at the start” (P4). Some partici-
pants also noted that the system’s ability to specify moods
and adjust elements enabled them to generate a broader
range of ideas and visual possibilities. As P1 described, “The
system’s suggestions sometimes led me to ideas I wouldn’t have
considered on my own.” And P2 noted, “The system’s structured
design and visual feedback are its strengths. It guides me step by
step, which lowers the mental demand and makes it easy to focus
on each small part of the process.” By contrast, in the baseline
condition (ChatGPT), most participants (P1-3, P5-12) found
it necessary to prompt the model multiple times, either to
request ideas or to generate images based on the object. This
process often resulted in increased cognitive load, as users
had to repeatedly construct, edit, and rephrase prompts to
steer the output toward their intended outcomes, as shown
in Figure 9 (Baseline). As P10 commented, “I am not good
at prompt engineering, and sometimes I don’t know how to



TABLE 2
The statistical results of CSI and controllability questionnaires. (: p < 0.05 and #x: p < 0.01).
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GenFODrawing Baseline Statistics
mean std mean std  p-value Sig.
Enjoyment 5.33 1.37 4.08 1.38 .013 *
Exploration 6.00 0.95 375 136 .003 *ok
Creativity Support | Expressiveness 5.75 1.06 3.50 1.57 .003 *k
Immersion 5.33 1.07 3.17 0.94 .001 Hok
Results Worth Effort 5.58 1.00 4.58 1.00 .028 *
Direction Adjustment  5.83 0.83 342 116 .005 ok
Controllability Result Refinement 5.83 0.94 317 134 .004 *%
Structured Process 5.75 0.62 3.08 1.38 .003 Hok
User Prompt Output User Prompt Output User's Drawing P1
| want to draw an imaginary Okay, the clip is only an inspiration.
animal based on the clip. The The body or part of the creature's @
Baseline animal should be something —> —> body should refer to the form of the ~ —> - &
mysterious and cute. The shape clip. But the actual clip should not be
of the clip is part of the animal. shown in the illustration.
User Input Output User Input Output User Input Output User's Drawing
Theme: ioct: Tri Mood: Atranslucent triceratops made of
Dinosaurs @ Mysterious @ clear cr;slal wi(lh light refracting
Ours ) — —5 | through its geometric faceted ?
Composition: body and horn structure.
Object-Level
User Prompt User Prompt Output User's Drawing P8
Imagine this clip as the Eiffel
Tower, with a person taking a Please connect the clip @
Baseline photo in front of it. Then give me y, —> with the Eiffel Tower — | =S A
an image of the scene you have and create an image.
imagined.
User Input Output User Input Output User Input Output User's Drawing
e, 5 e . o
imsical red scooter parked on silent ?
Ours —> Subject: Motorcycle — —= | moon surface. - N - j:[_
Composition: & o
_ Scene-Level
Output User Input Output
A cat is riding a motorcycle,
ready for an adventure down a l
country road.

@ Generate Association @ Select Association @ Generate Visual Description

@ Select visual description, draw sketches, specify boxes @ Generate Reference Image

Fig. 9. The figure shows part of the creative process for P1 and P8 under both the baseline (ChatGPT) and our system conditions in the
comparative study. Due to space limitations, only excerpts of the ChatGPT conversation are shown. When using ChatGPT, participants engaged in

a linear, prompt-by-prompt exploration, repeatedly revising prompts to a
misaligned with users’ creative intent, requiring extra effort and imagin
structured exploration and enables more controllable image generation,

prompt ChatGPT to get the result I want.” Moreover, the linear
conversation workflow of ChatGPT made it cumbersome to
revisit and compare alternative ideas, or to flexibly switch
between different creative directions. As a result, the partic-
ipants reported it was easy to get “stuck” on a single idea
and lose track of alternative directions, making it harder
to systematically try out different creative possibilities. As
P6 remarked, “With the first system (GenFODrawing), I can
always see all the ideas and go back to try another. With the
second one (ChatGPT), the conversation keeps moving forward,
so I usually just go with the first idea that works.” Overall,
the participants found that our system’s structured, visual

pproach their desired outcomes. The outputs were unpredictable and often
ation to adapt the results. In contrast, our system guides users through a
making it easier to explore different ideas and achieve their creative goals.

workflow and step-by-step guidance not only supported
broader creative exploration and helped them avoid idea
fixation but also significantly reduced cognitive demands
and made the process more accessible, especially for those
with less experience in found object drawing and prompt
engineering.

Controllability and User Agency. The majority of the
participants highlighted the significantly enhanced sense of
control and authorship provided by our system compared to
the baseline. Features such as changing visual descriptions,
sketching, manipulating bounding boxes, and iterative re-
finement enabled users to directly guide the creative pro-
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Fig. 10. Distribution of NASA-TLX scores across all six items. Lower
scores indicate better perceived user experiences. The complete ques-
tions are provided in the supplementary materials.

cess. As P3 noted, “It’s satisfying to adjust the elements visually
and see immediate changes, rather than having to constantly
figure out how to phrase prompts to steer the model toward what
I want.” In contrast, the participants described the baseline
ChatGPT workflow as more passive and less controllable:
“I can only use text prompts and hope it understands me, but
often the results are not what I imagined. Since it’s a black box,
I'm not sure whether the problem is with my prompt or if it just
doesn’t understand me, which can leave me feeling lost” (P11).
Several participants (P1, P6-8, P10-12) mentioned that, in
many cases, they simply accepted whatever result ChatGPT
produced if it seemed “looked good”, even if it did not fully
match their intention, because making further adjustments
was difficult. As P9 put it, “I just go along with whatever Chat-
GPT gives me, instead of really shaping the result myself.” This
passive interaction reduced their sense of agency over the
final creation. Overall, our system enabled users to actively
direct both the creative process and the output, leading to a
stronger feeling of authorship and creative ownership. The
participants consistently valued the increased transparency,
control, and iterative flexibility our interface provided.

User Engagement and Reference Value. The partici-
pants held different views on the value of generated images
as creative references. Several participants (P1, P6-8, P10-
12) noted that ChatGPT’s image outputs were often un-
predictable. Some results could be used, but others either
misunderstood users” prompts or failed to meet users’ in-
tentions, making them difficult to use directly as drawing
references (see Figure 9 Baseline). As a result, they often
needed to experiment with multiple prompts or rely heavily
on their own imagination to adapt the generated references
and incorporate the found object into their drawing, which
was especially challenging for users with less drawing ex-
perience. By contrast, our system provided more consistent
and controllable outputs. Users could actively influence the
generated reference images by customizing the sketch and
layout, resulting in richer and more personally relevant
visual references (see Figure 9 Ours). This flexibility allowed
users to spend more time exploring and iterating on their
creative ideas, leading to higher engagement. As P12 said,
“The generated results closely match the sketch and bounding
boxes I provided. It's very interesting and makes me want to
try more ideas.” P2 and P3 further noted that, since the
references generated by our system follow the sketch and
layout inputs, they could also use them as guidance for
composition when drawing on paper. Notably, our system
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Fig. 11. Distribution of SUS scores across all ten items. Each label repre-
sents a key summary of the corresponding SUS question. Higher scores
indicate better perceived user experiences. The complete questions are
provided in the supplementary materials.

also provided a function to convert images into pencil
sketch outputs, which several participants found helpful for
lowering the barrier for beginners. As P8 commented, “This
function makes it much easier for me to start, I can focus on the
main structure instead of all the details.” Overall, compared
to the baseline, our system provided greater stability and
richer reference values, fostering more active and sustained
creative engagement.

5.3.3 Open-ended Study Results

In the open-ended study phase, the participants were in-
vited to freely select objects and use our system to create
found object drawings, aiming to evaluate the system’s
usability across a wide range of user-chosen inputs. All
participants successfully completed the task. They selected
a diverse array of found objects, including everyday items
(e.g., earpods, hair clips), natural materials (e.g., leaves,
petals), and shadows, which demonstrates the system’s
broad applicability. Users explored different creative di-
rections by adjusting associations, visual descriptions, and
sketch overlays, with several participants iteratively refining
their work through multiple system features. The distribu-
tion of NASA-TLX scores is shown in Figure 10. Overall,
users reported relatively low levels of perceived workload
when using our system with satisfactory performance. The
average scores for Mental Demand (M = 3.08, SD = 0.90),
Physical Demand (M = 2.75, SD = 1.29), Temporal Demand
M = 267, SD = 0.78), Effort (M = 3.17, SD = 1.11), and
Frustration (M = 2.50, SD = 1.38) were all on the lower
end of the 7-point scale, indicating that the participants
generally found the system easy and comfortable to use.
The average Performance score was high (M = 5.50, SD
= 0.67), suggesting that users felt satisfied with their out-
comes. The distribution of SUS scores is shown in Figure 11.
The results indicate generally positive user perceptions. The
participants expressed a strong willingness to use the tool
frequently (M = 5.33, SD = 1.07) and found it easy to use (M
=5.58, SD = 0.90), with most agreeing that its functions were
well integrated (M = 5.75, SD = 0.87) and that they could
learn to use it quickly (M = 5.58, SD = 1.00). Confidence
in using the tool was also high (M = 5.58, SD = 0.90). In
contrast, the participants largely disagreed with statements
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Fig. 12. Selected results created by the participants in the open-ended
study. More results can be found in the supplementary materials.

suggesting the tool was unnecessarily complex (M = 2.42,
SD = 0.90), inconsistent (M = 2.17, SD = 0.83), or awkward
to use (M = 1.92, SD = 0.79). Scores related to the need
for technical support (M = 3.00, 1.28) and the amount of
learning required (M = 2.50, 1.17) were moderate, indicating
a manageable learning curve. These results demonstrate that
the system is accessible, well-integrated, and supports a
positive overall user experience.

Several selected results are shown in Figure 12. For
example, P3 used magnetic sticks and balls as the wheels
and pedals of a scooter (the first row); P4 transformed a
flower petal into a skirt and added her own creative mod-
ifications to the girl’s figure instead of directly following
the reference image (the second row); P5 used the earpods
as the cow’s horns (the third row); P6 interpreted an open
clip as a beach chair, drawing a man sitting on it (the forth
row); P9 used the shadow of a bag handle as a swing and
drew a girl swinging on it (the fifth row); and P12 used the
shadow of a fork as the angel’s wings (the sixth row). Such
cases illustrate how the system enabled the participants to
reinterpret ordinary objects and their shadows as creative
components within their work. Overall, the participants
found the system effective for stimulating new ideas and

Fig. 13. Some results created by the authors. More results can be found
in the supplementary materials.

supporting creative expression with a wide range of found
objects. These findings demonstrate the system’s strong
usability while maintaining a low workload.

6 DiIsSCUsSION
6.1 Bridge Physical and Digital Creation through Al

GenFODrawing presents broader implications for integrating
Al support into physical-digital creative practices. While
generative Al has shown remarkable capabilities in purely
digital creation, its application in physical-world creative
tasks remains challenging. Our findings reveal several key
considerations for bridging this physical-digital divide in
creative work. Physical objects and spaces provide natural
constraints and affordances that shape creative thinking dif-
ferently from purely digital environments. While this might
seem limiting, our study shows that these physical con-
straints can actually serve as valuable creative anchors. The
challenge lies in helping Al systems understand and lever-
age these physical contexts, not just as visual inputs, but as
meaningful, creative starting points. This suggests a broader
need for Al systems that can better interpret and respond to
physical creative contexts. The transition between physical
observation and digital augmentation also requires careful
consideration of interaction design. In GenFODrawing, users
can transform a physical object into a digital sketch input
and preview the final results by overlaying the object onto
the generated images, maintaining continuity between the
two domains. This suggests that future Al-supported cre-
ative tools should offer flexible ways to bridge physical
and digital representations. Moreover, these physical con-
straints should serve not only as creative starting points
but also as guiding parameters for Al-generated outputs.
This is particularly crucial for novice users who may lack



professional training: when Al-generated content respects
physical constraints, it becomes more feasible and practi-
cal for real-world implementation. Rather than providing
purely inspiration that might be difficult to execute, this
constrained approach helps users bridge the gap between
digital possibilities and physical creation, making physical
creation more accessible and fulfilling for novice creators.

6.2 User Agency and Control in Human-Al Co-Creation

Our study shows that giving users greater control over the
creative process (e.g., allowing them to select, adjust, and
refine Al-generated suggestions) significantly increases their
engagement and sense of authorship compared to a more
passive experience. Participants reported that features like
sketching, manipulating visual elements, and iterative re-
finement enabled them to more precisely articulate their cre-
ative intentions, leading to higher satisfaction and a stronger
sense of ownership over the final outcome. In contrast, when
working with a more “black-box” ChatGPT user interface,
participants often felt less agency and tended to accept
results that were merely “looked good”, rather than actively
shaping the outcome. This observation is supported by
several participants’ feedback, as described in Section 5.3.2.
While our study did not systematically explore the level
of Al assistance or autonomy, these findings indicate that
preserving user agency and active participation is important
for fostering productive human-AlI co-creation. This aligns
with previous research [57], indicating that creative tools
should support and augment human creative capabilities,
not attempt to replace them.

6.3

Our user studies yielded several implications for designing
future creativity support systems that integrate generative
Al First, structured exploration is essential for reducing
cognitive load. The participants reported that starting from
a blank canvas or prompt was challenging, whereas our
step-by-step workflow, which guides users to explore as-
sociations, experiment with visual effects, arrange layouts,
and refine sketches, helped externalize their thinking and
provided a clear entry point for ideation. Second, balancing
system suggestions with user agency is critical. The partici-
pants valued having control over the process, including the
ability to select associations, adjust layouts, and add their
own sketches, rather than passively receiving generated
outputs. This controllability not only increased their satis-
faction but also enhanced their sense of authorship. Finally,
iterative co-creation encourages deeper engagement and
more diverse outcomes. The participants frequently built
on system-generated results, refined them, and explored
variations, which led to richer and more playful creative
directions. Future systems should facilitate easy revision
and extension of previous outputs, supporting creativity as
an ongoing conversation between the user and the AL

Implications for Designing Creativity Support Tools

6.4 Limitations and Future Work

While our study demonstrates promising results in human-
Al co-creation, it still has several limitations. To ensure
a responsive user experience, we deliberately prioritized
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TABLE 3
Average processing time of each module in GenFODrawing, calculated
over five consecutive runs.

Module Average Time (s)
Association Generation 33.98
Visual Description Generation 24.73
Layout Generation 10.72
Prompt Generation 9.29
Text-to-Image Generation 5.24
Image-to-Image Generation 0.08

efficiency by using Stable Diffusion v1.5 rather than employ-
ing more advanced image generation models. This choice
significantly reduced image generation latency, though at
the cost of some image quality and detail. In the future, we
can explore hybrid strategies to balance the generation time
and quality, such as generating fast, low-resolution images
during early exploration and selectively invoking higher-
quality models for final rendering. Our profiling further
revealed that VLM and LLM inference are the primary bot-
tlenecks causing overall latency. To provide a clearer view of
where runtime costs occur, we report the average processing
time of each module in Table 3, which can guide future
optimization efforts. The current system primarily focuses
on 2D visual features, such as shapes, and relies on the
quality of object segmentation for downstream processing.
As a result, our approach is effective for found objects with
clear boundaries and simple outlines, including most items
and some shadows, as shown in our study. However, more
complex or ambiguous physical objects, such as those with
overlapping elements, irregular shapes, or unclear bound-
aries, remain a challenge. Addressing these limitations will
require integrating more advanced computer vision and
generation techniques to enhance the system’s comprehen-
sion of diverse physical objects and spatial relationships.
While our system supports personalization through themes,
composition levels, moods, and styles, and offers interaction
mechanisms such as guided exploration, editable interfaces,
and fine-grained sketch- and box-conditioned control, fu-
ture work should explore more natural ways for Al to un-
derstand and respond to users’ creative processes, leading to
more intuitive and seamless human—Al co-creation. It is also
important to acknowledge that, despite the positive find-
ings, GenAl-assisted creativity support tools may introduce
new challenges. Prior works [18], [40] suggest that over-
reliance on Al-generated outputs can sometimes reduce
user originality or inadvertently encourage convergence
on similar ideas. Furthermore, some users may experience
diminished agency or engagement if the system does not
provide sufficient opportunities for active participation and
self-expression. As such, future research should continue
to examine these trade-offs and develop design strategies
that both harness the strengths of generative Al and safe-
guard human creativity, autonomy, and diversity of thought.
Overall, our findings highlight the potential of generative
Al to empower human creativity. Future research can build
upon these insights to explore broader creative tasks and
domains, developing human-AlI collaborative systems that
support creative expression across various skill levels.



7 CONCLUSION

We have presented GenFODrawing, a tool designed to en-
hance creativity in found object drawing by incorporating
everyday objects into imaginative works. We began by
identifying the challenges that many individuals encounter
in creating this art form, particularly the difficulties in
generating creative ideas and finding appropriate reference
images to bring their concepts to life on paper. Drawing
from insights gathered in the formative study, our system
uses Al-driven textual and visual inspirations to encourage
users to explore a diverse array of ideas and visuals that
resonate with their creative goals. In the comparative study,
the participants utilizing GenFODrawing reported a more
fulfilling experience in idea exploration, higher agency and
engagement, and significantly enhanced creativity support
and control compared to the baseline condition, where
they used their own preferred tools and methods. Further-
more, the open-ended study involving twelve participants
reaffirmed the system’s usability, with all participants ex-
pressing that the creative process was both engaging and
enjoyable. These results underscore the potential of GenFO-
Drawing to support creativity and bridge the gap between
physical and digital creation.
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