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Figure 1: ImaginationVellum leverages spatial prompting for iterative visual co-creation with generative AI.


Abstract
We introduce ImaginationVellum, a multi-modal spatial canvas
for early-stage visual ideation and concept sketching with genera-
tive AI. The resulting system supports a unique style of human-AI
co-creation where the canvas is the prompt. This means that Imagi-
nationVellum employs the entire 2D canvas as an active prompt
space, where spatial arrangement, proximity, and composition of
diverse content elements—inking, text, images, and intermediate
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results—steer generative visual outcomes. As a technical probe,
ImaginationVellum contributes a set of spatially-grounded di-
rect manipulation tools for iterative visual ideation. In particular,
we introduce Generative Strokes—freeform strokes that spatially
modulate generation and prompt-parameters (articulated along
multiple latent semantic or stylistic dimensions). These techniques
afford rapid traversal of design spaces via convergence, divergence,
re-composition, blending, and remixing of concepts. We detail the
system architecture, design rationale, proximity-dependent intent
tags for localized control, and methods for spatial prompting and
varying output along spatial gradients. Temporal replay and visual-
ization of provenance make ideation trajectories actionable, turning
the design process itself into an artifact that supports reflection-
in-action and revisitation of design decisions. We report insights
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from a preliminary study of how users construct, steer, and revisit
ideas using spatial prompts, and discuss tradeoffs in modulating
spatially-dependent content generation.


CCS Concepts
• Human-centered computing → Interactive systems and
tools; Interaction paradigms; • Computing methodologies →
Artificial intelligence.


Keywords
spatial prompting, generative strokes, generative AI, human-AI
co-creation, sketching, spatial ideation canvas
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1 Introduction
ImaginationVellum is a freeform concept ideation canvas that
supports early-stage design sketching via co-creation with gener-
ative AI, as illustrated in Figure 1, such that the canvas is the
prompt. The ability to freely arrange and organize content—as
well as intermediate work-artifacts—is an important way in which
people make “intelligent use of space” [46] to externalize thinking
and structure complex activities in the spatial arrangement of their
work [38, 99]. ImaginationVellum makes this spatial intelligence
bidirectional by supporting natural human creative practices and
cognitive processes while also enabling spatial arrangement, prox-
imity, and sketching around and on top of content as expressive
inputs to generative AI for human-AI co-creation.


Linear, text-centric chat, however, lacks such spatial affordances
as an interface to generative AI models, among other challenges
that users face with prompting [13, 95, 109]. ImaginationVellum
thus serves as a technology probe [39] that makes key technical
and interaction-technique contributions towards a user experience
for design sketching that leverages this key concept that the canvas
is the prompt.


Sketching as a design practice supports creative workflows [15,
17, 26, 72] by externalizing early-stage concepts, making it an impor-
tant bridge from the spark of an idea to the broader exploration of its
potential [23, 27, 83, 84]. To support design sketching, Imagination-
Vellum’s pan-and-zoom 2D canvas supports mixed (multi-modal)
object types including ink strokes, text, images, and generated con-
tent, all of which—including the composition or select portions
thereof—can be freely arranged, layered, juxtaposed, or interpo-
lated between as “inputs” to generate further content. Through
Spatial Prompting, the ImaginationVellum canvas modulates
generative behavior based on spatial relationships between items,
and adapts prompts and generation parameters based on spatial gra-
dients. Expanding on earlier notions of spatial prompting [24], this


allows for iterative construction, decomposition, and reinterpreta-
tion of prompts directly within the creative ideation environment
of the canvas.


While ImaginationVellum leverages freeform sketching via
pen + touch, if available on a device, it also supports mouse and
keyboard input—and does not necessarily require manual sketching
expertise. Indeed, ImaginationVellum preferentially generates its
co-created outputs as sketch-style images: the rapid, low-fidelity
character of sketches leaves room for the imagination [8, 17] and
invites reflection-in-action (that is, a “conversation” between the
designer and the creative re-interpretation of their materials) [87].
ImaginationVellum thus contributes a 2D freeform canvas that
bolsters these practices by using both the content and the spatial
properties of the canvas itself to steer human-AI co-creation.


To support the ideation process and empower AI to make intelli-
gent use of space, ImaginationVellum introduces a set of spatially
grounded tools that steer the generation of new visual content
through spatial prompting. In particular, we introduce Generative
Strokes as a class of tools that varies AI generation parameters by
distance along a freeform stroke. Users can create strokes along
multiple latent dimensions, such as semantic interpolation between
intent tags, transformation of selected content, convergent itera-
tion and refinement, divergent idea generation, or between low-
and high-fidelity visual styles. Feedforward techniques graphically
indicate the impact of nearby content elements on the output of
Generative Strokes, so that users can see how and to what extent
nearby content influences a generated output. Generative Strokes
leverage Proximity-dependent Intent Tags that weigh elements in-
corporated into the automatically constructed prompt according
to how close they are to the generated content. These can be text
snippets that users create to identify a concept (e.g. “Sci-Fi Lamp” or
“blocky, sharp, spikes”) but proximity also influences other model
parameters (e.g., temperature, diffusion model weights) according
to spatial distance. The canvas furthermore preserves the history
of the design process as an artifact, making the user’s prompt
history, visual alternatives, and trajectories of ideation available for
review and re-activation. First, Temporal Replay of the design-sketch
timeline lets the designer rewind their ideation steps and choose
any moment as a fresh point of departure. And second, Provenance
Graphs allow the designer to quickly see how all content elements
on the canvas contributed to the generation of a selected item.


These tools enable fluid transitions between divergent and con-
vergent phases of design-sketching exploration—with support for
branching styles and pursuit of multiple design possibilities in
parallel—but also iteration and refinement of promising ideas by
re-composing or re-combining select canvas elements. By their
integration in ImaginationVellum’s technical architecture, this
paper makes the following contributions:


• Technical design choices supporting spatial prompting for gen-
erative AI, including mapping of model generation parameters
to spatial gradients, to realize a human-AI co-creation experi-
ence where the canvas is the prompt.


• The ImaginationVellum system as a technology probe for
exploring tightly-coupled human-AI visual co-ideation with
spatially-aware canvas interaction techniques. In particular,
Generative Strokes that allow modulating generative outcomes
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across multiple latent semantic, convergent/divergent, and
stylistic dimensions—for rapid exploration of design spaces,
remixing, and blending of concept ideas directly on the canvas.
We also introduce Temporal Replay and Provenance Visual-
ization techniques that allow users to preserve their design
process as an artifact.


• Preliminary user-study surfacing early insights about a higher
sense of control when steering results via Generative Strokes
and spatial prompting; as well as reactions to revisiting and
revealing the human-AI ideation process, and differences in
perceived values.


Taken together, these contributions demonstrate the rich and
largely untapped design opportunities of a spatial canvas imbued
with content and tools that make intelligent, proximity-dependent
use of space for closely-coupled co-creation with generative AI.
Drawing on the complementary strengths and capabilities of hu-
mans and AI, we believe experiences that appropriately design for
and interweave these capacities could greatly accelerate and extend
human design practices in exciting new ways.


In the following sections we first discuss key related work about
ideationwith generative AI, expressive tools to steer content genera-
tion, and use of spatial canvas ideation spaces. We then illustrate the
expressive tools of ImaginationVellum with two walk-through
scenarios. Next, we explain the design principles and core func-
tionality of ImaginationVellum, and focus on the spatial prompts,
Generative Strokes (across multiple dimensions of expression), the
preservation of the history of the ideation process, and describe our
technical implementation. We then present the findings of our user
study with insights about the use of the spatial canvas interaction
techniques and revisiting the process of ideation. We close with a
discussion and suggest directions for future work.


2 Related Work
Our work builds on concepts in the literature at the intersection of
design ideation, creativity support tools (CSTs), and the emergence
of generative AI as a tool, design material, and medium.


2.1 Creativity, Ideation, & Freeform Sketching
Creativity and ideation are fundamentally non-linear processes—
often characterized in design as a double-diamond structure of diver-
gence, reflection, and convergence [17, 22]—that encompass a range
of human activity [102] including embodied and tool-mediated ac-
tions externalized in the workspace itself [36–38, 46].


Creative activity has long favored freeform expression on 2D
spatial work-surfaces (e.g. [16, 17, 26]). Sketchpad [97] pioneered
direct manipulation with digital sketching, “eliminating typed
statements”—a prescient glimpse of our desire in Imagination-
Vellum to move away from text-chat for prompting AI image
generation. Freeform expression naturally fosters externalization
of nascent ideas [29, 41, 83], enabling low-fidelity, ambiguous ex-
ploration [17, 33]. Previous work shows how digital inking can
facilitate sketching [43, 93], support active reading and notetak-
ing [35, 86], and afford other rich interactive capabilities [50, 85, 89].


In particular, canvas-based interfaces offer flexible spatial work-
spaces for organizing, composing, and reasoning with content. Sys-
tems such as Tivoli [68, 76], DigitalDesk [106], DynaPad [10], and


others [19, 70] demonstrate how spatial arrangement supports cre-
ative knowledge work and contextual linking of media [79, 86]. Can-
vases can be “infinite” [11], but in practice many systems favor page-
based [69, 108, 110] or otherwise constrained navigation [2, 65, 71].
Most importantly, ImaginationVellum demonstrates how genera-
tive AI can amplify early-stage design ideation on a digital canvas,
particularly when the canvas’s content (and the spatial arrangement
thereof) serves as the prompt for human-AI co-creation.


Creativity Support Tools (CSTs) can provide technological sup-
port across the entire life-cycle of ideation, including asset creation,
divergence, convergence, iteration, and managing the creative pro-
cess itself [75, 90, 91]. Support for divergent thinking [17, 34, 98] is
critical, but as ideas percolate, the designer must reflect-in-action on
intermediate work-artifacts to converge on the next design move(s)
to make [88], exemplified by systems such as SketchStorm [55] and
IdeaHound [92]. ImaginationVellum offers a new form of CST for
an AI-infused, freeform workspace where the canvas is the prompt.


2.2 Computational and AI-Assisted Sketching
Another form of artifact support looks to bring sketching skills to
a wider audience, so that anyone can sketch creatively. Previous
strategies include, for example, the close integration of sketch tuto-
rial systems directly within apps [28], automatically inferring rich
3D objects from 2D scribbles [40], or interactive dynamic assistance
lines and grids for 3D sketching [7]. Sketching support can take
the form of a collaborative experience with a machine counterpart.
Systems like DuetDraw [73] and Reframer [51] explored minimal
additions and alterations done to a person’s sketch by the AI in real
time. And Inkspire [54] leverages scaffolding of a person’s loose
sketch strokes for product design exploration.


Traditionally, digital canvases as a medium (and tools to work on
them) emphasize hand-drawn artifacts are draft- or sketch-like in
nature. With the emergence of diffusion models [3], translating the
description of ideas into renderings (at arbitrary levels of style or
fidelity) has become a basic capability in the hands of many. With
the emergence of generative AI, opportunities and challenges arise
for a new generation of CSTs. Our work advances these concepts
by building on the durable and battle-tested 2D canvas form factor.


Many generative AI tools generate images from a text prompt [63,
94], with changes enacted by reformulating the prompt. Emerging
tools like Apple’s Image Wand can generate images inside a 2D
note-taking canvas, while Adobe’s Project Concept extends Design
Galleries [59] to support iterative image-drafting processes with
“richer ways to express and verify intent” [75]. These advancements
show how AI can mediate between sketches and prompts as co-
existing design materials [49], hinting at inherently multi-modal
experiences [24, 57]. ImaginationVellum explores not only the
integration of generative capabilities into a design-ideation canvas,
but also how the medium invites richer, more expressive interac-
tions that support and align with existing creative processes.


2.3 Interacting with Generative AI beyond
Traditional Prompts


Prompt-based interaction remains the dominant paradigm for steer-
ing generative models, but its ubiquity comes with challenges. Users
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Figure 2: Walkthrough scenarios: (a–d) a teacher planning the stage setup for an elementary school theater production, and
(e–h) a maker and builder envisioning a custom designed metal lamp inspired by science fiction.


often rely on trial-and-error strategies, struggle with intent formu-
lation [13, 95, 109], and have a misaligned understanding of the
capabilities of a model [58]. As ideation canvases incorporate gen-
erative AI, opportunities arise for user experiences that go beyond
linear-text chat in terms of expressiveness and specificity. For ex-
ample, recent systems augment prompting with scaffolding [52],
visual feedback [104], and direct manipulation techniques [60].


Techniques also couple steering with tools to manipulate gener-
ation trajectories across temporal and semantic spaces, as in Tale-
Brush [21] to craft expressive narrative story arcs through brush
strokes. And other expression techniques map out prompt possibil-
ities. For example, PromptAid [66] uses visual analytics techniques
to compare, test, and refine prompts. Even more granular, Prompt-
Paint [20] and Prompt Fragments in AI-Instruments [82] expose
the latent structure of prompt spaces, enabling users to explore
alternative phrasings or generation paths. And FusAIn [78] affords
fine-grained control of designers creations through loading expres-
sive textures or colors into pens reconstructing attributes for visual
prompts.


2.3.1 Spatial Layout and Canvases for AI. Space carries meaning
on a canvas, and indeed spatial layout has been explored as a modal-
ity for steering generation. DesignPrompt [77] lets users spatially
compose visual prompts by arranging images, text, and colors, of-
fering an example of how layout can ground intent while offering
intuitive and interpretable control over generative outputs. World-
Smith [24] and Transformative Lenses [82] allow users to guide
content synthesis through region-based sketching or layout com-
position, modulating the diffusion process through local visual
constraints. Similarly, CanvasPic [105] changes the attributes of
generated images based on changes in layout, while users can place
Intent Tags [32] in categorical regions to guide content generation.


While used to express intent, canvases remain a reflective output
space, as seen in Sensecape [96], which uses a pan-and-zoom canvas
to facilitate information foraging and synthesis with language mod-
els. Graphologue [42] offers a framework based on cells, generators,
and lenses [45] that use the canvas to externalize the behavior of
the model and allow for structured exploration of prompts.


By contrast, with ImaginationVellum, we use the canvas as
an input surface to steer AI generation in nuanced ways. Inspired
by visual ideation and sketching tools like SketchStorm [55] and
Inkeraction [89], we aim for fluidity between generating, arrang-
ing, re-mixing, and re-prompting content. Our approach blurs the
boundary between control surface [5, 6, 20, 21, 107] and visual
ideation canvas [55, 89], promoting spatial composition as both a
generative input and evolving artifact for output.


2.3.2 Exploring and Navigating Latent Space. To illuminate the
near-infinite possibilities of generative AI [80], other strategies sup-
port exploring and navigating the latent space defined by particular
models. Early systems such as Design Galleries [59] allowed users
to explore (parametric) design variations via spatial layouts around
an image, but more recent work rekindles notions of AI latent space
navigation. For example, DreamLens [61] visualizes clusters of al-
ternatives across design parameters, while ImageSense [47] and
SemanticCollage [48] facilitate browsing and refinement of visual
ideation through a semantically clustered, moodboard-like layout.


2.3.3 Visual representations of generative AI outcomes. To facilitate
prompt discovery and refinement, systems such as Promptify [14]
cluster and display generated images in chosen dimensions, and
incorporate prompt suggestions. DreamSheets [4] allows the rapid
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sampling of image prompt combinations in a spreadsheet-like inter-
face. Further possibilities for exposing latent spaces include inter-
active visualizations that allow users to compare and steer design
variants [67, 74], making latent variables more tangible and steer-
able through direct manipulation.


2.3.4 Summary. ImaginationVellum pushes many of the above
ideas forward. It takes advantage of its canvas as both output and
input for richer, more expressive creative intentions to relay to
its underlying generative models. It fully embraces many input
channels that include location, inking, text, and images. It also
uses its canvas to help users interactively explore regions of a
latent space. Most importantly, ImaginationVellum opens up new
possibilities of creative interactions for novice and experienced
designers alike.


3 Walkthrough Scenarios
To ground the use of ImaginationVellum in real-world creative
workflows, we describe two concrete walkthrough scenarios. These
examples—one from an educator sketching the stage setup of a
school theater production, and a second one from amaker designing
a science-fiction inspired lamp—serve to contextualize the spatial
prompting interaction techniques. The scenarios show creative
workflowswith ImaginationVellum, and foreshadow the spatially-
aware canvas interaction techniques with generative AI covered in
more detail later in the paper.


Scenario 1: Teacher planning theater stage setup. For the ele-
mentary school theater production “Dinosaur Dreamland”, Leon needs
to explore ideas for the stage setup. He takes a photo of the stage in
the assembly hall, drags it onto the ImaginationVellum canvas, and
converts it into a sketch (Figure 2a). He then adds different tags to
the canvas, describing ideas for the stage setup, and uses multiple
Generative Strokes to see many variations at once (Figure 2b). Along
the path of the Generative Strokes that Leon draws across the can-
vas page, ImaginationVellum creates many variations of inspiring
sketches in response to the intent tags he placed on the canvas. He
finds several great visual ideas for the dinosaur-inspired stage design,
crops the images to the most interesting elements, layers them on top
of the stage sketch, recomposes them, and creates a new combined
sketch (Figure 2c). He continues exploring details of the stage design—
generates, selects, resizes, and rearranges elements—and creates a final
drawing (Figure 2d). Happy with the stage setup, he sends the canvas
to his colleague, who curiously goes over the many creative ideas laid
out on the canvas, and suggests further ideas based on sketches from
different branches of the Generative Strokes.


Scenario 2:Maker envisioning a science-fiction inspired lamp:
Xia’s uncle loves science-fiction movies and she came up with the idea
to craft a scifi-inspired lampmade out of metal in her maker workshop
as a gift for him. Not really sure where to start—but mindful of her
limited manual-sketching expertise—she types “scifi lamp” onto the
ImaginationVellum canvas and scribbles a few quick pen strokes to
indicate the shape of her lamp (Figure 2e). She selects the ink strokes
and ImaginationVellum returns various sketched ideas based on her
wavy scribbles. Intrigued by the visual results of creatively shaped
lamps, and delighted by how well these sketches created by generative
AI turned her own ink strokes into inspiring design ideas, she feels


empowered and continues scribbling across the page—different shapes
and forms she likes, in a playful back and forth with the system. The
canvas page fills with designs, and to further vary the output she
uses Generative Strokes, laying out variations along the path and
alternating the ways her initial ink strokes get converted into design
sketches (Figure 2f). She continues creating branches of variations
with further Generative Strokes, taking different previously generated
lamp designs as source material for a new set of variations. After some
more experimentation, she finds her favorite two designs and changes
sketching styles to see higher-fidelity versions (Figure 2g)—and also
two technical construction line drawings that will help turn her vision
of the science-fiction inspired lamp for her uncle into reality at her
maker workshop (Figure 2h).


Both scenarios demonstrate how ImaginationVellum supports
the visual ideation process, with generating sketches guided by the
user, quickly sampling variations with Generative Strokes, alternating
between preserving and transforming sketching styles, and afford-
ing rich composition and re-mixing of content elements to control
each stage of the ideation. In the remainder of the paper we unpack
the conceptual and technical contributions of spatial prompting (in
particular Generative Strokes).


4 Spatial Prompting
Informing the design of ImaginationVellum’s spatially grounded
interaction techniques, we define Spatial Prompting as a method
for mapping generation parameters to spatial gradients. We intro-
duce technical design choices for mapping spatial input changes to
prompt and generation parameters (Figure 3), with a definition of
spatial prompting in generative AI as follows:


Spatial Prompting maps an n-dimensional spatial
attribute (such as location of an object, relative dis-
tance between items, presence in a particular area)
to either the constructed prompt (e.g., changing
the prompt text or weight of tokens) or any gener-
ation/model parameter (e.g., weight of ControlNet,
temperature, or the classifier free guidance scale).


Spatial prompting design space
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Figure 3: Spatial prompting: mapping different spatial di-
mensions (e.g., 1D changes in relative distance, or 2D layout
changes) to changes of prompts (e.g., changing weight of in-
put tokens) or other generation parameters (e.g., weights,
temperature/CFG).
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Figure 4: ImaginationVellum user interface: (a) canvas for creative co-creation with AI, adding, and re-mixing sketches,
images, and text, (b–d) interface controls for selection, panning, drawing, erasing, and adding intent tags, (e) contextual control
menu for text labels and (f) images, (g,h) controls for selecting generative tools such as Generative Stroke, (i–k) options and
selection of visual style, and (l) controls for temporal replay and activating provenance graph.


The above definition expands on earlier work, such as World-
Smith [24], where spatial prompting refers to the spatial arrange-
ment of multiple 2D source images used to generate a combined
image via inpainting/outpainting, and defining multiple regions of
an image with specific prompt instructions.1


Technical Design Choices for Spatial Prompting. With the
scope of this definition of Spatial Prompting, we can now con-
sider different spatial dimensions and map their change in value to
either changing the prompt or other model parameters. Figure 3
illustrates an overview of these choices:
• Spatial Dimensions (Figure 3 left) are the changes in spa-
tial input. Examples are the relative distance between items,
changes of a 2D layout, or updated 3D position.


• Changes in Generation Parameter (Figure 3 right) are
the dimensions that are controlled and changed. Examples are
a change to the prompt input tokens or weight of tokens, or
a change to generation parameters such as temperature or
weights.


1Different to our definition, in robotics research spatial prompting refers to spatial
directions given as instructions to a robot (e.g., through multi-modal gaze or pointing
input) or to subtle cues influencing the spatial position of a user [81].


• Mapping (Figure 3 middle) is the link in between the spatial
dimensions and the generation parameters. Examples are a
linear mapping, a discrete binary threshold where a change is
happening, or gradual discrete levels. The choice of this map-
ping transfer function determines how generation parameters
are then modulated based on changes in any of the spatial
input dimensions.


This list of technical considerations is not exhaustive, we can
add other parameters (e.g., top-p, penalties, or different models) or
mappings (e.g., piecewise defined function). With Imagination-
Vellum, we applied this notion of Spatial Prompting to inform the
design of tightly-coupled co-ideation interaction techniques with
AI on a digital canvas. We introduce these techniques—in particular,
Generative Strokes—in the following section, and we refer back to
this definition and technical choices for spatial prompting.


5 ImaginationVellum
In this section, we present ImaginationVellum’s design and in-
teraction techniques. We begin by describing the design goals that
guided its conceptualization, then detail the main components of
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the user interface and freeform canvas. We show how these ele-
ments support steering the co-creation with generative AI through
Spatial Prompting. In particular, we introduce Generative Strokes
as a class of techniques that modulate AI generation parameters
or prompts along freeform strokes. And we explain how Temporal
Replay and Provenance Graphs make ideation trajectories action-
able and turn the design process itself into an artifact that affords
reflection.


5.1 Design Goals
Grounded in prior work on generative AI for creative ideation
(Section 2), we identify four primary design goals that informed
the development of ImaginationVellum:


DG1 Support freeform composition and remixing on an
open canvas. A key goal is to treat the 2D canvas as an un-
bounded creative surface where sketches, text, and images—
including AI-generated content—can be freely composed and
reused. With this approach, the canvas with all its content be-
comes the prompt. Flexible layout and serendipitous remixing
are central to real-world creative practice [17, 22, 37, 102].


DG2 Enable light-weight exploration, juxtaposition, and par-
allel ideation. Early-stage ideation benefits from rapid di-
vergence, convergence, and comparison [33, 34, 88, 92]. Imag-
inationVellum aims to lower the overhead of branching
and comparing ideas in parallel, helping designers swiftly
iterate and visually juxtapose alternatives.


DG3 Preserve the ideation process as a visible artifact. Re-
flection on design decisions, alternative paths, and branch-
ing becomes possible when the process itself is explicitly
recorded and made visible [35, 102]. We aim to capture and
surface decisions, branching points, and evolving sketches or
prompts, so users can revisit and reflect on their trajectories
or share them with collaborators.


DG4 Support fluid transitions between AI generations and
people’smanual creativework.Creators benefit frommov-
ing between AI-generated assistance and manual expression.
ImaginationVellum strives to preserve fluid transitions be-
tween automated generation and hands-on refinement or
composition, so that both can be combined without disrupt-
ing creative flow.


5.2 Interaction with the ImaginationVellum
Canvas & Content


5.2.1 Canvas Interface. ImaginationVellum’s primaryworkspace
is a panning and zooming 2D canvas (Figure 4a), where a person can
freely place sketches, images, text boxes, or AI-generated content
(DG1). The selection tool (Figure 4b) manipulates one or more ele-
ments, and any selected items can serve as inputs for the generative
AI. A user can add content in several ways:


• Digital pen tool (Figure 4c): Creates pressure-sensitive ink
strokes for freeform drawing or written annotations; an eraser
and undo-erase mechanism allow non-destructive removal of
strokes or parts of images, enabled by masks to hide content.


• Text boxes (Figure 4d): Provide typed text for notes or global
and local intent tags (Section 5.2.5).


• Images (in PNG, JPG, or SVG format) can be imported, dragged
directly onto the canvas, or pasted from the system clipboard.


All items can be freely resized, moved, and layered. For any
selected element (or group of elements), a contextmenuwith further
options and controls is visible below the element, as shown for the
text box in Figure 4e and the image in 4f. A user can select generative
tools either from the menu bar (4g) or the context menu of an
image or group (4h), in which case the selected element or group
forms part of the input for the generated content (e.g., transforming
the selection into a new sketch). Generation parameters can be
fine-tuned in various panels: prompt construction (4i), strength of
preserving visual input during generation (4j), and selected visual
sketching style (4k). The top menu also offers features for temporal
replay and provenance graph (Figure 4l).


5.2.2 Free-form vs. Structured vs. Hybrid Canvas. There are differ-
ent strategies for designing digital canvases. Some rely on free-form
unstructured 2D space (e.g., [48, 77, 82, 103]), while others adopt
structured layouts like node-link diagrams [18, 42] or spreadsheet-
like grids [4]. ImaginationVellum uses a free-form canvas for
the ideation process, as this strategy is more closely aligned with
enabling creative workflows and rich manipulation of content. On
the other hand, the system also leverages the layout and grouping
relationships of images, text, and sketches as input dimensions.
Therefore, our design combines both worlds, in a hybrid canvas,
which on the one hand allows free-form manipulation and compo-
sition of elements for creative expressivity, and on the other hand
uses the structure and layout of elements to steer the generation of
content using spatial prompting.


5.2.3 Sketches as Scaffolding Material that Invites Participation.
Sketching is an important asset in the early-stage design and
ideation process. However, being a learned skill, not everyone is
comfortable with the prospect of using sketching as the primary
means for interaction. We implement two methods to facilitate this:


(1) First, any content in ImaginationVellum is generated in a
low-fidelity sketched style. Low-fidelity sketches are a material
that invites participation, encouraging users to co-sketch and
co-ideate with the generative AI independent of their sketching
skills [17, 33].


(2) Second, we augment the user’s own sketching with generative
AI. ImaginationVellum can take any hand-drawn sketches
by the user and create generative AI driven sketches based on
those scribbles (examples shown in Figure 5). This approach
encourages iterative user scribbling over AI sketches, layer-
ing changes, and quickly regenerating new variations, without
implying a final polished artifact.


In this way, the sketches become a material substrate, lowering
the threshold for participation, and providing the right fidelity at
the right time [33]. As users advance through their ideation process,
they can adjust the sketching fidelity in the system, for example,
using lower-fidelity ambiguous sketches during early ideation, and
higher fidelity design sketches during later stages.


To accommodate a variety of visual preferences and design
phases, we curated 22 reference sketch styles, loosely categorized
into: (1) rough hand-drawn and drafting sketches which are ideal for
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Figure 5: Examples of the different sketching styles recreated
by ImaginationVellum using Stable Diffusion and Refer-
ence ControlNet (Prompt: “scifi lamp”, from thewalkthrough
scenario): from left to right, a person scribbles on the page,
turns this into a lower-fidelity idea sketch, a higher fidelity
drawing, and a technical drawing sketch.


early ideation, (2) sketched black and white line drawings which cre-
ate sharper and more defined lines and decrease ambiguity, and (3)
higher fidelity design sketches and marker drawings. The user can
at any time switch styles for their own sketches, a previously gen-
erated image, or a selection of multiple objects (Figure 4k). We use
a reference style ControlNet [111] to preserve each of these sketch-
ing styles when generating new content, to create a co-sketching
experience that brings a user into the flow of sketching with the AI
by locking the fidelity of generated images.


5.2.4 Sequences, Composition, and Re-mixing. ImaginationVel-
lum encourages turn-taking between the user and the generative
model during ideation. Users may import a photo, convert it into
a sketch, then make freehand edits, prompting the AI to generate
new versions or partial re-draws in an iterative revision sequence
(Figure 6a). Beyond revision, users can re-mix existing generated
artifacts: for instance, layering an image of a plant with an architec-
tural photo to inspire a new hybrid design (Figure 6b). From the first
results, the shape of the original plant does not come through in the
design, so there is another composition with the images, leading to
a new design of the building. Figure 6c shows an example where
a user re-mixes previously generated images of a lamp design by
composing different elements of images together, adding missing


details by sketching, and finally initiates the generation of a new
sketch. These quick manipulations treat generative-AI images
as a material for further creation and help mitigate challenges in
creative human-AI workflows like design fixation [101].


5.2.5 Steering Content Generation with Proximity-Dependent Intent
Tags. To guide AI outputs, ImaginationVellum extends the con-
cept of micro-prompting [32] with local and global intent tags. A
user can place intent tags as text boxes on the canvas (Figure 4d).
• Global Intent Tags apply to the entire canvas regardless of their
position on the canvas.


• Local Intent Tags vary in weight according to spatial proximity.
Images generated near a local tag will be influenced by that tag
more than those placed farther away.
Combining global and local tags allows the user nuanced


control—maintaining a broad language while selectively experi-
menting with local variations (e.g., distinct shapes, textures). The
next section outlines how these intent tags are used by generative
tools to construct prompts for generating new content.


5.3 Generative Strokes
We designed a set of interaction techniques that leverage the canvas
as a prompt to create new generated content. These techniques
leverage spatial and semantic relationships to modulate prompt
construction and guide the creation of new images (an overview
of the techniques is shown in Figure 8). A user can select these
generative tools directly from the main toolbar (Figure 4g) or the
contextual menu of an image or group of objects (Figure 4h).


5.3.1 Semantic Generative Strokes and Prompt Construction. With
Semantic Generative Strokes (G1), users can rapidly define where to
add generative sketches by simply drawing a freehand line across
the canvas. As the user draws a line, the system creates a series
of generative images at intervals along the path. For each image,
ImaginationVellum computes its distance to any local intent tag,
as well as the global tags placed on the canvas, then constructs a
prompt with the appropriate weights.


For instance, Figure 7 shows the generation of “retro chair” con-
ceptswith a generative line that transitions between “fluffy,rounded”
and “blocky,sharp,spikes” intent tags—the resulting images
smoothly interpolate between these concepts. The spatial prompt is
constructed by dividing the distance from the image to surrounding
local tags by the maximum distance between the tags (limiting to
the range [0..1]). This distance factor is then mapped with a linear
transfer function (see section 4) to change the weight of prompt to-
kens, forming intent tag weights such as “(fluffy,rounded: 0.25)” and
“(blocky,sharp,spikes: 0.91).” For each image, the complete prompt
is constructed as prompt = [n x global intent tags], [m x
(local intent tags: weight)], [reference style tokens]
using the following elements:
• [n x global intent tags]: all active global intent tags placed
on the canvas are added to the prompt, up to the limit n (config-
urable in the interface: Figure 4i).


• [m x (local intent tags:weight)]: This adds the m closest
local tags (by default, m=2) to the prompt, weighting each ac-
cording to distance. In Stable Diffusion, weights > 1.0 increases
emphasis, while lower weights decrease it. Through in-house
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Figure 6: Examples of iterative workflow sequences and re-composition on the canvas (Actions done by the user are highlighted
in red, such as sketching, composition, or requesting generated images—all other content is generated by ImaginationVellum):
(a) iterative redesign of an interior space, with ImaginationVellum creating new revised sketches based on the user’s drawings
on top of the sketches, choices of style, or added intent tags. (b) composition of content elements is used to guide consecutively
generated images, and (c) another example of re-mixing images and sketches together to generate new content.


Figure 7: Example of a Semantic Generative Stroke blending
content defined by two intent tags.


testing, we found that values above 1.3 can distort the generated
content. Thus, we scale weights from 0 (at maximum distance)
to 1.3 (at minimal distance). Additionally, we set the maximum
radius for each tag to half the canvas size. Both the number of
local tags to use as well as the maximum radius for each tag are
configurable in the interface (Figure 4i).


• [reference style tokens]: These are descriptive tokens that
correspond to the currently selected sketching style (e.g., low-
fidelity pen sketches), complementing the visual reference image
used to control generation.


Two related tools, Generative Stamps and Generative Lenses, pro-
vide further ways to generate new content on the canvas.Generative
Stamps place a single image at the cursor location, mirroring the
logic of Generative Strokes but without continuous interpolation.
This tool is useful for quickly placing images across the canvas.
Building on the notion of Transformative Lenses in [82], Generative
Lenses transform the content beneath them through a generative
process guided by nearby intent tags. They act like filters that remix
the underlying content, based on semantics of nearby intent tags,
while retaining the spatial context.


5.3.2 Rapid Exploration of Design Spaces. Generative Strokes af-
ford rapid exploration of design spaces by allowing the user to
scatter multiple global and local intent tags across the canvas, then
drawing strokes that blend or recombine these concepts.. Figure 9
shows two examples. In (a), we place three local tags to create a
triangular design space similar to Scott McCloud’s visual iconog-
raphy [62]. Images along the edges interpolate between pairs of
tags; images in the center blend all three. Critically, these tags do
not form a fixed structure—they can be arranged flexibly on the
canvas. As the resulting empty spaces between them is filled using
our generative tools, it affords the flexible and creative scanning
of a multi-parameter design space. The second example, Figure 9b,
demonstrates using the Generative Stroke across five local tags to
generate boathouse designs that blend the semantics of each tag.


5.3.3 Class of Different Generative Stroke Tools. While Semantic
Generative Strokes (G1) focus on blending local and global intent
tags, the same principle of modulation in response to spatial gradi-
ents can be applied to other parameters embedded in the canvas. We
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Figure 8: Overview of different classes of Generative Strokes: (G1) Semantic Generative Stroke, creating new content based on
spatially proximate intent tags, (G2) Transformation Generative Stroke, transforming selected content based on semantics of
nearby intent tags, (G3) Variation Generative Stroke, which based on distance creates either converging or diverging alternatives
of the selected content, and (G4) Style Generative Stroke, which changes fidelity of visual sketching style based on distance.


designed three additional Generative Strokes (G2–G4) that trans-
form selected content (images, inked sketches, or any composition)
by controlling different generation parameters along the generative
stroke (see Figure 8).


• G2 | Transformation Generative Stroke transforms a selected
image or sketch guided by spatially proximate intent tags. Prompt
construction remains similar, but instead affects only the visual
appearance. We use a “Scribble/Sketch” ControlNet layer to pre-
serve details of the selected content source.


• G3 | Variation Generative Stroke supports both convergent
and divergent interactions over a design, depending on how a
user draws the stroke relative to the source. As shown in Figure 8-
G3, drawing close or looping tightly around the selected object
yields only subtle modifications, whereas dragging the stroke
away from the object leads to more divergent designs. We achieve
this by mapping the distance to three key factors: (1) the chosen
ControlNet (Canny Edge when closer for fine variations, and
Scribble/Sketch when further away for larger changes), (2) the
ControlNet weight [0..1], and (3) the classifier free guidance scale
(CFG) [4.. 10]. Both the weight and CFG are higher when close,
smaller when further away.


• G4 | Style Generative Stroke uses three distance zones around
the selected object to determine a sketching style: the closest
zone yields low-fidelity drafts, the medium zone create medium-
fidelity line drawing sketches, and the furthest zone switches
to high-fidelity illustrations, allowing the user to easily explore
different sketching fidelities.


All these Generative Stroke techniques illustrate how the dis-
tance along a freeform path can modulate latent or stylistic param-
eters, such as semantic interpolation between tags, transformation
of selected content, convergent iteration and refinement, divergent
idea generation, or switching between low- and high-fidelity rep-
resentations. Some of these mappings are linear (e.g., tag weights
in G1 and G2), others stepwise or discrete thresholds (e.g., binary
switch between ControlNets in G3 and graduated levels for refer-
ence styles in G4). In future work, this design space of Generative
Strokes can be extended to many other latent dimensions.


5.3.4 Override and Manual Control. While the proximity-
dependent techniques are expressive tools to steer generation,
ImaginationVellum provides options to override this behavior
and use manual control for prompting and content generation. For
instance, users can decide to exclusively use global tags, which are
not weighted depending on proximity when added to the prompt.
Used this way, a single global tag becomes a direct prompt input
field, similar to most image generation websites. Advanced users
can also use stable diffusion prompt markup, such as round and
square brackets to increase/decrease the weight of terms directly.


5.3.5 Feedforward of Spatial Prompt Input. Feedforward tech-
niques in interfaces can provide a user advanced information and
preview of an action’s effect [100], and previous research indicated
that such previews of AI outputs before prompt submission can
aid user control [64]2. In ImaginationVellum, whenever a user in-
vokes a generative tool—such as Generative Strokes—feedforward


2The use of the term ’feedforward’ in interaction design is different to the terminology
in machine learning, where feedforward indicates information flow in neural networks.
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Figure 9: Examples of using Generative Strokes to explore
design spaces along a path the user draws on the canvas: (a)
Generative Stroke creates blended variations based on local
intent tags as endpoints (a simplified version of McCloud’s
iconography design space [62]), (b) Generative Stroke along
five local intent tags to quickly sample different designs of a
boathouse.


cues graphically indicate how nearby content elements on the can-
vas will influence the generated outcome. Once a generative tool is
selected in the interface, arrows extending from nearby intent tags
extend to the user’s moving mouse cursor (Figure 10). This includes
arrows from all global and local intent tags that would be part of
the prompt for any content generated at that location on the canvas.
The thickness of lines visually encodes the weight of local intent
tags. This dynamic visual cue updates as the cursor moves, ensuring
the user sees how positional changes alter the prompt—similar to
OctoPocus’s “dynamic guides” [9]. While real-time preview feed-
forward techniques often pose computational challenges [25], an
alternative feedforward technique in ImaginationVellum could
show partial or approximate live previews of generated content at
the cursor position.


Figure 10: Feedforward: (a,b) arrows indicate local and global
intent tags that will be part of the prompt if the user decides
to generate content at the current cursor position (lineweight
is modulated by weight of the prompt).


5.4 Revealing Ideation Process: Temporal
Replay and Provenance Graph


One of our design goals (DG3) is to support reflection on the design
and ideation process. By design, ImaginationVellum puts empha-
sis on preserving the journey of the ideation process on the canvas
page, by using tools that lay out alternatives, allow branching, or
re-combine and re-mix content—and by keeping this content and
variations on the canvas itself. We argue for the design process as
an artifact itself, emphasizing the value of making the creative or
design process visible for effective collaboration and sensemaking.
We encourage both introspection and sharing of creative journeys,
including the whole canvas, with others—similar to how people
might share their physical ideation sketches with collaborators. We
implemented two techniques to make the ideation process more
visible:
(1) Temporal Replay can play back the timeline of canvas ed-


its. Every action on the canvas (e.g., content created by the
user or generative AI) is time-indexed, allowing replay of the
evolving ideation canvas in a sped-up review (for example, as
a 10 second summary). Unlike a simple video, this replay is
fully interactive: the user can pause at any point and branch
the design from that moment, creating a new canvas page that
inherits prior elements. This facilitates revisiting earlier ideas
or exploring alternative directions without discarding existing
work.


(2) Provenance Graph reveals the provenance of an element.
Upon hovering over an item, this highlights all elements (e.g.,
sketches, generated images, compositions, and intent tags) that
contributed to it, layering them in a color-coded tree structure
(Figure 11a). Items outside the inheritance chain fade to 20%
opacity, providing clarity without clutter. Figure 11b-d show
other examples of canvas pages, and an example provenance
graph for selected items. Critically, the Provenance Graph only
appears on demand to minimize visual noise. This offers a
compromise between a minimally structured freeform canvas
for exploration, while also supporting detailed revelation of
the underlying ideation journey on demand.
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Figure 11: Reviewing the ideation design process on the canvas: (a) provenance graph reveals how intent tags, sketches,
previously generated content, and compositions of artifacts have influenced the patent drawing outline in the lower right
corner. (b–d) Other examples of provenance graphs.


5.5 Implementation
ImaginationVellum is implemented as a web-based architecture
(Figure 12), with JavaScript for the front-end, and REST API services
for the back-end, processing, access to LLMs/VLMs, and Stable
Diffusion.


The front-end uses JavaScript/HTML and Fabric.js [44] library,
and communicates with the back-end Node.js [31] server using Ex-
press.js [30], which synchronizes the access to multiple Stable Dif-
fusion [94] instances. We use a locally hosted Stable Diffusion [94]
server (powered by an NVIDIA RTX 4090 GPU) with a custom
processing pipeline for image generation. We also use the Phi-4 [1]
Large Language Model (LLM) for text analysis and prompt augmen-
tations, and Llava-v1.5-7b [56] Vision Language Model (VLM) for
image/sketch analysis and handwriting recognition.


For image generation, we use multiple ControlNet [111] mod-
els with Stable Diffusion to steer the generation of visual outputs
(illustrated in Figure 12). To preserve content of the source input,
we use a selection of Depth, Canny Edge, and Scribble ControlNet
models (choice of the model depends on how much detail of the
original content to preserve). For constraining outputs to sketch-
ing art styles we use the Reference Style ControlNet model. The
reference module takes one of 22 visual sketching style images
(created by the co-authors of this paper) as reference sources to
recreate the characteristics of each of these sketching styles. We
iteratively refined additional prompt descriptions for each style,
which get added to each image generation request (as positive and
negative prompts), in addition to the prompt constructed from all
intent tags on the spatial canvas. Depending on the type of image
generation, we vary the weight of each ControlNet model (e.g., as
mentioned earlier with the Generative Stroke techniques, where
we change weights, prompts, and other parameters to emphasize
or de-emphasize content preservation). We use image masks and


filters for image manipulations, such as increasing contrast or turn-
ing sketches into transparent PNG images. ImaginationVellum
modifies other parameters such as CFG scale, denoising strength,
and control mode based on the selected interaction technique and
the spatial prompting parameters.


6 Qualitative User Study
We conducted a qualitative user study with six participants to
gather preliminary feedback from both novices and professionals
about the concepts and techniques within ImaginationVellum.
The study was exploratory and small-scale, designed to surface
early reactions to ImaginationVellum’s interaction techniques—in
particular Spatial Prompting and Generative Strokes—andwe report
on participants reflections on expressive control through spatial
prompting, revisiting the co-creation process, and differences in
values for creative workflows with generative AI.


6.1 Study Design
Procedure. The experimenter introduced the study structure solic-
iting genuine feedback on both positive and negative aspects of the
novel techniques of sketching and ideation. After signing a consent
form, indicating their agreement for audio and video recording,
participants sat in front of a Microsoft Surface Studio (28-inch 4.5K
display), inclined as drafting table mode, and had a digital pen avail-
able as well as a mouse and keyboard. The experimenter sat next
to them and used a guided walkthrough methodology, providing
step-by-step instructions for participants to execute, explaining
underlying principles of each sets of technique (e.g. proximity). The
guided walkthrough consisted of three parts:
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Figure 12: ImaginationVellum architecture and implementation.


(1) using generative stamps with labels, sketches, photo import,
and interactions available for composition (crop, transparency,
inking, generating new sketch from selection);


(2) canvas generation replay and provenance graph on hover; and
(3) generative stroke techniques.


After each part, participants had five minutes to experiment on
their own, before the experimenter collected their initial thoughts
and reactions. The experimenter asked about their sense of control
of the generation, the cognitive ownership of the resulting sketches,
the perceived value of the techniques for divergent and convergent
thinking.


After the guided walkthrough, which lasted 30 to 45 minutes on
average, the experimenter asked participants to freely use Imagina-
tionVellum for a task of their choosing. The experimenter reserved
the final five minutes of the session to gather participants’ impres-
sions on most salient strengths and weaknesses of the experience,
as well as their thoughts for future directions.


Participants. We recruited 6 participants (3 men, 3 women) via
mailing lists in a large organization. We selected participants with
prior experience of generative AI systems (ChatGPT, Stable Diffu-
sion, etc.) for creating visual content. The background and skill set
of the participants can be found in Table 1. The study was approved
through the internal Microsoft Research Ethics Review Program.
We conducted one hour in-person study sessions and participants
were compensated with $75 USD gift cards.


Data Collection andAnalysis. We recorded each study session on
video and transcribed the audio. We also recorded the screen, and
used features in ImaginationVellum to save each created canvas,
including the provenance graph and detailed timeline of events.
We inductively coded and analyzed all transcript for emerging
themes, and reviewed the saved canvas files, screen recordings,
visual content, and timelines of used tools/functions.


6.2 Findings
Canvas interaction to steer visual content generation gives
user a higher sense of control than using text input alone. All
participants commented on the value of steering image generation
using sketches “I love that you could draw something and then create
something from that” (P3). In particular, they commented on having
a greater sense of control in contrast to using text input: “being able


to have more control over the sketch versus just letting the AI decide
it for you” (P5).


Dragging images as references was also unanimously praised by
our participants. P6 articulated the value in contrast to prompting:
“With text [prompting] is so it’s so hard to actually get [GenAI models]
to do something interesting, whereas here it’s like, oh, I can show you
with images. Like I really wish you had more skyscrapers here, or I
really wish there was a car. And then you can just kind of pop that
in there and say, you know, try it again. It’s just a different way of
communicating with it.”


Canvas as an affordance in contrast to just text prompting.
P2 noted that a non-linear canvas was more aligned to their design
process noting that it was “way more naturally aligned to my cog-
nitive style and preference for doing anything with visuals.”. They
hinted at a different cognitive mechanisms when crafting prompts
as opposed to ImaginationVellum matching the natural way they
worked on paper: “the biggest Pro is not having to get out of my
visual flow and be in a screen where I’m forced my brain is forced or
organize differently. Even though my brain can organize fine around
words, it’s not necessarily enjoying that when I’m doing something
more creative or generative per se. So the biggest thing is that I don’t
have to put in prompts.”


P6 commented that ImaginationVellum and prompting pro-
vided very different affordances: “I think that when a canvas is in
front of me [...] it puts me in the mode of, like, OK, I want to draw a
thing and have it follow that as opposed to sometimes I’ll approach a
text image generation situation where I’m kind of like I have no idea
what a leprechaun who’s eating a brownie would look like, and it’s
kind of like just make one for me and it’s like, oh, yeah, that’s pretty
good.”


For this reason, P6 felt that when the technique failed to capture
their intent behind their sketch, it was more frustrating than direct
prompting. “with text I might be more forgiving because it’s like
I don’t have an idea, I just type something.” Furthermore, P6 sug-
gested having an option to “bring up a context-free prompt window”
(P6) separate from the canvas—essentially a blank prompt box—for
situations where one just wants to type a quick idea without the
context of the spatial canvas, and then import the resulting image
into the canvas to integrate or remix. This feedback highlights that
while the spatial canvas workflow was generally seen as powerful
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Participant Background Sketching Skills Design Workflow and Generative AI Tool Use


Novice
P1 Management limited –
P5 Executive Assistant limited –


Professional
P2 Design Researcher experienced, pen and paper Figma, Dreamstudio
P3 Professional Designer experienced, and sketches in free time Figma, Adobe Illustrator
P4 Professional Maker experienced, daily, pencil and paper 3D modeling, Maya
P6 Artist experienced Procreate, Procreate Dreams


Table 1: Background, sketching skills, tools part of current design workflow, and generative AI tools used by study participants.


Figure 13: Visual ideation with ImaginationVellum, created by participants during our user study. These explorations were
done after study participants completed the walkthrough, and participants created content based on their own interests and
the topics they were interested in exploring.


P3 qualified the provenance graph of “extremely useful”. They
explained how it revealed what went into the AI generation process
“takes some of the mystery of what the generative creation is doing”,
and suggested to interact with the links of this graph to adjust
weight of factors influencing the generation of the artifact.


P4 was very enthusiastic about the replay capability and ex-
plained this was matching their own process with sketchbooks:
“It’s always important for me to go back and look at sketchbooks from
months ago [...] because I was in this type of emotional state and [...]
I changed so I can actually derive new ideas because I’m in a different
frame of mind, I’m in a different emotional state”. They saw value in
using replay to branch from a prior step: “Go back and then start
from that point. [...] I’m going to diverge. I’m going to go back to step
five and then start a new branch and then that new branch, that new
train of thought it matches closer to what I’m feeling at that moment”.


Different value for different participants. P1, who has limited
sketching skills, saw value in ImaginationVellum to enhance her
drawing skills. They commented “I love that it’s able to enhance
my skills because I have none.” and after a few interactions was very


excited about the results “This is fun. [experimenter: So why is this
fun?] Because I can’t draw and it’s making things for me.”.


P5, who has limited sketching skills as well, highlighted the value
of such canvas to bridge the gap between people with different
drawing skills, allowing them to create together: “I totally see
doing that with my daughter as a quality time. She is a really good
artist, so she and I could like spending hours like playing with this. I
think it can bring people together, you know.”


P4, who has advanced sketching skills, saw value in Imagina-
tionVellum for jump starting his creation process. They re-
flected on generative AI noting that existing models provide a final
output rapidly and that they were not interested in that: “I don’t
want it to replace my drawing, I want it to help me conceptualize.”
After the study they concluded that an intelligent canvas like Imag-
inationVellum would not replace them (“I am the artist” ) and
instead help jump start his creation process with rapid ideation
“This is dope. This is mega dope. This is wow. This is in terms of just
generating content for ideas to riff in order to grow new ideas [...] I can
see a lot of strength in how I can utilize this like I use a sketchbook,
except I’m shortening the amount of time that I’m putting pen to


Table 1: Background, sketching skills, tools part of current design workflow, and generative AI tools used by study participants.


Kitchen design: ideation of kitchen 
designs – but also expectations that 
floor plan sketches can be interpreted.


P3Custom chair design from sketch, 
using generative lines.


P2


Blending of flowerpot with terrarium 
and aquarium. Seven inter-mixed 
generative lines.


P5 Cityscape and fantasy worlds
with generative lines and multiple 
break-outs.


P6Office design, recompositing 
image from generative line for 
use in final outcome.


P5


P1 P2From sketch iterating on 
design for garden house.


Multiple branching generative lines 
to explore interior design options.


Generation from images


Spaceport, using rapid ideation 
process & continuous deletion of 
previous outcomes.


P4


Image composition


Figure 13: Visual ideation with ImaginationVellum, created by participants during our user study. These explorations were
done after study participants completed the walkthrough, and participants created content based on their own interests and
the topics they wanted to explore.


and expressive, users might still desire a way to use simple iso-
lated one-off prompts (especially for very divergent ideas) and later
incorporate those results into the spatial workspace.


Revealing both the human and the AI creation process with
provenance graphs and replay. P2 and P6 praised the value of
replay and provenance graphs to recall their creative process (ex-
amples shown in Figure 14). P2 commented: “I love it because I get
in the zone and I cannot remember... I have a feeling I would do a
lot with that.” while P6 explained that months after a digital art
creation, they often struggled to remember how they arrived at a
particular effect or result.


P3 qualified the provenance graph of “extremely useful”. They
explained how it revealed what went into the AI generation process
“takes some of the mystery of what the generative creation is doing”,
and suggested to interact with the links of this graph to adjust
weight of factors influencing the generation of the artifact.


P4 was very enthusiastic about the replay capability and ex-
plained this was matching their own process with sketchbooks:
“It’s always important for me to go back and look at sketchbooks from


months ago [...] because I was in this type of emotional state and [...]
I changed so I can actually derive new ideas because I’m in a different
frame of mind, I’m in a different emotional state”. They saw value in
using replay to branch from a prior step: “Go back and then start
from that point. [...] I’m going to diverge. I’m going to go back to step
five and then start a new branch and then that new branch, that new
train of thought it matches closer to what I’m feeling at that moment”.


Different value for different participants. P1, who has limited
sketching skills, saw value in ImaginationVellum to enhance her
drawing skills. They commented “I love that it’s able to enhance
my skills because I have none.” and after a few interactions was very
excited about the results “This is fun. [experimenter: So why is this
fun?] Because I can’t draw and it’s making things for me.”.


P5, who has limited sketching skills as well, highlighted the value
of such canvas to bridge the gap between people with different
drawing skills, allowing them to create together: “I totally see
doing that with my daughter as a quality time. She is a really good
artist, so she and I could like spending hours like playing with this. I
think it can bring people together, you know.”







ImaginationVellum UIST ’25, September 28–October 01, 2025, Busan, Republic of Korea


P4, who has advanced sketching skills, saw value in Imagina-
tionVellum for jump starting his creation process. They re-
flected on generative AI noting that existing models provide a final
output rapidly and that they were not interested in that: “I don’t
want it to replace my drawing, I want it to help me conceptualize.”
After the study they concluded that an intelligent canvas like Imag-
inationVellum would not replace them (“I am the artist” ) and
instead help jump start his creation process with rapid ideation
“This is dope. This is mega dope. This is wow. This is in terms of just
generating content for ideas to riff in order to grow new ideas [...] I can
see a lot of strength in how I can utilize this like I use a sketchbook,
except I’m shortening the amount of time that I’m putting pen to
paper so I can get there [to a starting point for a maker/art project]
much quicker.”


P2, a professional designer researcher, saw value in Imagina-
tionVellum for supporting her creative workflow for both
convergent and divergent thinking. They noted “I would completely
use that both ways... it’s convergent to illustrate a point... but for
divergent thinking too, because it does do some things you’re not
expecting it to do.”


P6, a digital artist, saw value in ImaginationVellum for conver-
gent thinking “a frustration I have with [text to image models] it’s
kind of like you get something back and it’s kind of like, but I want to
shift it in this way. So kind of doing that iteration through little clips of
images [...] this is exciting to me”. On the other hand, P3 highlighted
the value of generative line techniques for experimentation and
divergent thinking “great for creating explorations and to see a lot
of different things”.


Figure 14: Provenance graphs used by participants while
reflecting on their own created canvas (screen capture from
study recordings of P3 and P6).


7 Discussion
Here we discuss several research issues raised by our implementa-
tion, interaction techniques, and user’s reactions to them, including
spatial prompting, the ideation process itself as a design artifact,
control vs. serendipity in generation, and support for divergent vs.
convergent thinking.


Spatial Prompting as Interaction Paradigm. Our core contri-
bution extends traditional prompt-based AI interactions into the
two-dimensional spatial domain by introducing the high degree of
inputs a canvas affords (structure, images, writing, sketching, etc.)
as elements to build rich expressions of intent. By mapping spatial
attributes—such as proximity and layout—to prompt parameters
and generation controls, our work positions the canvas as an active
medium in generating creative outputs, allowing the 2D canvas
to embody semantic meaning beyond organization through spa-
tial arrangement. This spatial prompting approach builds on prior
work that explored region-based constraints [24] and continuous
modulation of generation parameters [82]. While one could argue
that the spatial metaphor as currently realized in ImaginationVel-
lum may not scale well to large-scale or more complex problems,
at least for the case of early-stage ideation of individual design
concepts, our results suggest that spatial prompt variations can
effectively mediate user intent, thereby providing a more expres-
sive mechanism for steering AI outputs compared to conventional
text-based prompts [13, 95, 109]. Taken together, ImaginationVel-
lum’s design decisions, implementation choices, and interaction
techniques illustrate practical approaches to realize our high-level
design vision where the canvas is the prompt.


Process as Design Artifact. Another important aspect of our sys-
tem is the emphasis on process preservation. ImaginationVellum
integrates timeline replay and provenance graphs to document
the evolution of ideas, treating the ideation process as an artifact
for reflection. This capability supports self-assessment, iterative
refinement, and opens the opportunity for collaborative discourse
on design decisions. Through detailed capture of user interactions,
the system facilitates retrospective analysis and knowledge shar-
ing beyond conventional product evaluation. This process-level
documentation proves especially beneficial for iterative workflows,
where revisiting previous states can help novel design directions
or facilitate branching explorations [32, 55].


Control vs. Serendipity—Balancing Acts in the Creative Pro-
cess. One of the tensions we identify in our work is between user
control and serendipity. Spatial prompting tools, such as proximity-
dependent intent tags and generative strokes, empower users by
providing fine-grained control over the generative process. By al-
lowing users to specify weights and parameters through spatial
arrangements, the system creates a tangible sense of agency over
the evolution of an idea. However, this control in the process is com-
plemented by the serendipity of the output artifact. These “happy
accidents”, while an inherent part of using a probabilistic model,
are also essential drivers of creativity. The unpredictability of the
AI output, then, becomes a resource for innovation, steered by the
user.
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Divergent vs. Convergent Thinking. Tools supporting the design
and ideation workflows often delineate divergence and convergence
as discrete phases–mirroring the rigid double diamond framework–
where one is expected to shift cleanly from ideation to refinement.
However, such categorical transitions rarely capture the reality
of creative practice. Instead, our approach embeds both divergent
and convergent modes into the materiality of the tools themselves.
ImaginationVellum is purposefully designed to accommodate
the rapid generation of alternatives (divergence) alongside mech-
anisms for selection and refinement (convergence). For instance,
techniques like generative strokes promote divergent thinking by
enabling rapid sampling of numerous possibilities, which can later
be iterated upon and refined. This inherent duality enables users to
fluidly navigate between exploring a latent idea space and focused
synthesis, supporting an iterative process where serendipitous dis-
covery coexists with intentional refinement. ImaginationVellum
frames the notion of creative progression not as a binary state but
as a continuous spectrum, reflecting the messy, non-linear nature
of creative ideation.


Trade-offs and Implications for Creativity. Boden distinguishes
creative acts that transform a conceptual space (h-creativity) from
those that explore an existing one (p-creativity) [12]. In Imagina-
tionVellum, users realize transformation when they lay out intent
tags and compose new spatial relations, effectively re-shaping the
underlying idea space. Conversely, Generative Strokes automate
rapid exploration by populating that space with low-friction varia-
tions, letting users sample regions.


While Mixed-Initiative Creative Interfaces (like Imagination-
Vellum) can improve human creativity [53], using generative AI in
creativity tools still carries risks. Fixation on early visual outcomes
or suggested design pathways may anchor the user prematurely,
limiting further exploration [101]. Further, novices often accept sys-
tem defaults (e.g., with system prompts), giving up creative agency
[109]. Finally, practitioners using the same foundation model can
steer designers towards similar aesthetic directions, threatening
stylistic diversity at the field level [75].


In order to mitigate some of these risks, GenAI-augmented cre-
ative interfaces should therefore expose contestable AI decisions
via editable micro-prompts, adjustable tag weights, and prove-
nance trails. Additionally, tools should support model pluralism
through quick model swap, domain-specific fine-tuning, and user-
contributed style inventories to counteract monoculture of aesthetic
styles. Finally, treating every temporal snapshot as a re-entry point
can encourage deliberate departures from dominant solution paths
and enable reflexive branching. ImaginationVellum embodies
several of these principles: users can rewrite tag text, drag weight
sliders, inspect provenance trails, switch sketch styles, and rewind
the canvas to fork alternative directions. Future longitudinal deploy-
ments should examine whether such mechanisms merely mitigate
convergence, or genuinely cultivate new conceptual spaces—i.e.,
whether p-creativity ultimately ladders up to h-creativity.


8 Conclusion and Future Work
ImaginationVellum introduces a new approach to early-stage
visual design ideation, by reimagining "the canvas as the prompt"


through a user experience that engenders an expressive space for co-
creation with generative AI in compelling and nuanced ways. Via
spatial prompting, proximity-dependent intent tags, and Generative
Strokes, the system unlocks articulate and expressive outlets to
create, traverse, remix, and refine visual ideas. At the same time, it
also makes the ideation history visible, explorable, and reusable—
turning the often ephemeral ideation thoughts and decisions into a
tangible artifact.


This work opens a promising design space for spatial prompt-
ing interfaces for fluid traversal of idea spaces with generative AI.
Yet, many open research directions remain. What new creative
workflows emerge when rich spatial layouts are treated as living
prompts? Which other spatial dimensions meaningfully map to
the multi-dimensional model parameter space for empowering hu-
mans with new expressive tools? What are the limits of the spatial
metaphor and in what ways (beyond proximity-dependent intent
tags) should it interweave with or cede control to lexical or semantic
modes of expression? What kind of collaboration becomes possible
when both humans and AI co-create, reason, and reflect in a shared
space? What new forms of hybrid visual & prompt literacy might
emerge over time? We hope our work inspires future research on
these and other questions, as well as further explorations of the
"intelligent use of space" as shared, evolving sites of meaning—where
both human and AI can leverage the rich implicit meaning of the
canvas space itself as the prompt.
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