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Figure 1: Our axis-centered workflow supports adaptive design-space exploration across creative stages. During early exploration (a), users
navigate diverse variations in an 𝑛 ×𝑛 grid along two meaningful conceptual axes. As they move toward refinement (b), zooming (b1), anchoring
(b2), and decomposition (b3) reconstruct the space to support increasingly focused, fine-grained adjustments.

Abstract
Designers require different design spaces across creative stages:
broad during exploration, and targeted during refinement. Yet ex-
isting agent-driven tools assume a fixed or continuously expanding
space, leaving designers to manage and navigate it themselves. In-
formed by a formative study with five designers, we propose an
axis-centered workflow that adaptively broadens and narrows the
design space to support structured exploration and refinement. We
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implemented this workflow in Surprise2Refine, a prototype that al-
lows users to build and reshape an𝑛×𝑛 design space through a set of
axis-centered interactions as their creative intent evolves. A within-
subjects study with 14 designers shows that Surprise2Refine en-
hances users’ sense of control, supports tracking of scaffolding
paths, and improves the perceived creativity of design outcomes.
We further distill design insights to guide future agent-assisted
tools for creative scaffolding.
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1 Introduction
French painter Corot once observed, “I am never in a hurry to reach
details. First and above all I am interested in the large masses and
the general character of a picture; when these are well established,
then I try for subtleties of form and color” [12]. His account re-
flects a broader pattern in creative design: with creative freedom,
designers often move iteratively from broad exploration toward fo-
cused refinement (Fig. 2) [1, 5, 8, 17]. These changing stages require
differently scoped design spaces—i.e., sets of ideas and solutions
considered for a task or problem—that expand during divergence
and narrow during convergence to match changing information
needs [8, 15, 40]. Early on, designers navigate a broad space as
they experiment with substantially different styles, colors, and lay-
outs while remaining open to unexpected directions or “surprises.”
As promising directions emerge, the space becomes more focused,
supporting increasingly targeted and fine-grained adjustments.

However, existing agent-assisted creative tools provide limited
support for design space adaption across exploratory and refine-
ment stages. Many rely on one-shot generation or iterative prompt-
ing [2, 7, 24], where the design space remains implicit and must be
inferred through successive outputs. Other common approaches
such as galleries [3, 7, 20, 24, 29] make generated alternatives vis-
ible, but the outputs are often unstructured or retrospectively or-
ganized, while latent-space interfaces [16, 22, 28] expose a fixed,
model-defined space that does not evolve with intent. While some
work has begun to explore adaptive or user-directed design spaces
[21, 23, 37], it emphasizes divergence by continually broadening
the space—often through infinite canvases—to encourage ideation.
These approaches offer minimal support for convergence and re-
main largely user-managed, requiring designers to manually struc-
ture and narrow the space as their intent emerges, resulting in
excess cognitive load that can hinder creativity [31, 32].

To address this gap, we conducted a formative study with five
designers to understand how they scaffold creative design, includ-
ing how they navigate broad and unexpected directions (i.e., “sur-
prises”) during exploration and transition toward refinement. We
synthesized our insights into an axis-centered workflow for agent-
assisted design generation (Fig. 1). Specifically, designers interact
with an adaptable design space represented as an 𝑛 × 𝑛 grid, con-
trolled by two configurable conceptual axes. By explicitly defining
dimensions, placing design materials along the axes, and invoking
stage-specific interactions, semantic scales suited to their intent are
constructed: broad and structured for exploring distinct, designer-
relevant directions, and smaller, more targeted variations during
focused refinement. This workflow mirrors the different design
spaces required across divergent and convergent stages, supporting
open-ended exploration with “surprises” in early stages (Fig. 1a)
while enabling focused refinement as ideas take shape (Fig. 1b).
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Figure 2: Overview of designers’ creative scaffolding workflow and
how components of our axis-centered workflow supports structured
design-space exploration across both stages.

We incorporated this axis-centered workflow into our system,
Surprise2Refine, which enables designers to first externalize per-
sonal intent through amoodboard, then generate diverse candidates
in the design space along two meaningful axes. The system then
provides multiple axis-centered interactions (i.e., zooming (Fig. 1b1),
anchoring (Fig. 1b2), decomposition (Fig. 1b3)) to help designers
compare, organize, and refine generated candidates within a fo-
cused space. A backend agent pipeline adaptively adjusts generative
behavior as users interact, encouraging diversity and “surprises”
during early exploration and progressively narrowing visual con-
sistency toward the designer’s emerging intent during refinement.

We conducted a within-subjects user study with 14 professional
designers, comparing Surprise2Refine with a baseline version
without the axis-centered interactions to understand how the pro-
posed workflow supports designers’ scaffolding and helps them
make sense of their design decision-making. Our results show that
participants felt greater control over their design process and re-
ported that Surprise2Refine expanded their creative exploration.
Participants also noted that the axis-centered representation helped
them better understand both their own design decisions and the
agent’s generative behavior. Based on these findings, we distill de-
sign insights to inform the development of future agent-assisted
design tools that better support creative scaffolding.

To summarize, our contributions in this paper include:
• An axis-centered workflow, informed by formative studies,
for structured design-space exploration. The workflow utilizes a
dynamic grid with axes that adapt to intent to support controlled
surprises during early exploration and targeted, progressive re-
finement at later stages.

• A working prototype, Surprise2Refine, that instantiates
this workflow through an interface for creative scaffolding, and
a backend agent pipeline that adapts its design-space generation
strategy across different creative stages.

• A comparative user study with 14 professional designers that
evaluates Surprise2Refine’s effectiveness and usability, and sur-
faces additional insights into how our axis-centered workflow
supports designers’ creative scaffolding and decision-making.

https://doi.org/10.1145/3830398.3830612
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2 Related Work
2.1 Models of the Creative Process
Prior work has tried to formalize the creative process but varies
in its characterization [1, 5, 9, 17, 33, 33, 38, 38]. In settings where
designers work toward clearly de�ned goals, some models frame
creativity as a problem-solving process, emphasizing structured
ideation, analysis, and evaluation in sequences similar to engineer-
ing design [17, 19, 36, 38]. However, with greater creative free-
dom, the design process is generally agreed to alternate between
divergence and convergence: early stages involve open-ended ex-
ploration and �surprises,� while later stages focus on increasingly
targeted, low-level adjustments. [1, 5, 8, 9]. For instance, the creativ-
ity diamond [8] characterizes this process as expanding toward a
broad range of possibilities before narrowing toward selected ideas.
Cropley and Cropley [9] argue that divergent and convergent think-
ing are not one-time sequential opposites, but recurring modes that
reappear throughout innovation. Together, these models point to
a sca�olding process in which designers �rst explore diverse pos-
sibilities, remain receptive to unexpected surprises, and only later
commit to a direction and focus on re�ning relevant variations.

In contrast to this divergence-convergence process, existing
agent-driven tools largely apply the problem-solving framing, leav-
ing the design space implicit across one-shot or iterative gener-
ations [3, 7, 20, 24]. While some recent tools begin to support
adaptive or user-directed design spaces, they address only diver-
gence�one component of the broader sca�olding process�by con-
tinually expanding the space, leaving designers to organize emerg-
ing directions and manage convergence themselves [10, 18, 34, 39].
Additionally, these systems often equate divergence with expanding
the space as much as possible, without considering whether those
dimensions are actually meaningful to designers or aligned with
their evolving intent [21, 23, 37]. Thus, in this work, we explore an
axis-centered work�ow that supports designers in sca�olding from
high-level directions toward increasingly focused re�nement while
grounding the process in identity-relevant dimensions.

2.2 Agent-Assisted Design Generation
AI agents are increasingly adopted to support visual design, from
generating layouts to selecting assets. A range of tools re�ect this
shift, including commericial tools such as Adobe Express [3], Mi-
crosoft Designer [24], Canva AI [7], and Leonardo.AI [20], which
rely on agent-generated templates and support design through
conversational edits. Other similar tools include Vinci [14], which
generates advertising posters from product images and taglines;
Brickify [35], which assembles designs from user-speci�ed tokens
and constraints; and GRIDS [11], which rapidly generates GUI
layout candidates. However, since these tools primarily adopt the
problem-solving framing to target applied contexts [19, 34, 35],
their interactions follow a rather linear, sequential pattern: users
specify prompts, the system rapidly produces an output, and users
revise their prompts to obtain new alternatives. These tools en-
courage a process that prioritizes rapid convergence, o�ering little
visibility into the design space and limited support for exploring,
structuring, or reshaping it.

This design orientation is less suited for sca�olding work�ows
(Fig. 2) that iteratively move between divergent and convergent

stages. Although existing agent-assisted tools can generate multiple
candidates, outputs are typically treated as isolated responses rather
than part of a navigable exploratory space. As a result, designers
must manually track and organize variations across disconnected
generations, making it di�cult to maintain a mental model of emerg-
ing directions or progressively re�ne a chosen path. While some
tools adopt galleries that present multiple alternatives in a uni�ed
view, these outputs are unstructured or organized retrospectively af-
ter generation, rather than produced within a designer-meaningful
space that guides generation [3, 7, 20, 24, 29]. Similarly, latent-space
exploration exposes relationships among generated outputs, but the
underlying space is �xed and model-de�ned rather than constructed
around the designer's evolving intent and creative stage [16, 22, 28].
Our paper addresses this limitation by introducing an axis-centered
work�ow that enables designers to navigate and track multiple
directions within an adaptable design space, then progressively nar-
row it toward re�nement, rather than treating design as a one-pass
prompt-to-output translation process.

2.3 Design Spaces in Human-AI Co-Creation
Since designers have di�erent information needs across creative
stages [15], recent work has begun to explore how agents can help
construct design spaces of possibilities. Luminate [37] uses semantic
axes to expand the design space of possibilities for creative writing,
InspirationGraph [21] represents evolving visual design alterna-
tives as a continuously growing tree, and ImaginationVellum [23]
uses generative strokes on an in�nite canvas to rapidly produce
di�erent art variations. Other work similarly increases variation or
the design space to support early ideation and inspiration: Mood-
Cubes [18] and GANCollage [39] provide AI-assisted collage space
to help users explore visual materials, while WorldSmith [10] and
Sarukkai et al. [34] generate provisional ideas from multimodal or
incomplete inputs. However, the design spaces in these are either
user-managed, or continually expanding with little to no support
for convergence. For example, Luminate is stated to counter �xa-
tion and promote divergent thinking by always enlarging the de-
sign space. Despite acknowledging the importance of convergence,
its scenario leaves users to converge on their own by �selecting
several dots randomly [37]� and �manually bookmark[ing] [37].�
InspirationGraph [21] and ImaginationVellum [23] do not adapt
the space to users' creative stages or underdeveloped intent, as
users have to manually extend a branching tree or spatially guide
generation on an open canvas. The design spaces in these related
systems [10, 18, 21, 23, 34, 39] remains user-managed, and assumes
that users can clearly articulate the directions they wish to explore.

Other work has begun to examine �surprises� in AI-assisted gen-
eration space. For example, GANspiration [27] aims to generate
serendipitous examples by sampling from large design datasets,
while DesignAID [6] uses large language models (LLMs) to broaden
the conceptual design space for image generation. Both aim to
increase the likelihood of inspiration by expanding the diversity
of generations, equating surprise with diversity. However, creativ-
ity research characterizes surprise more precisely, describing it as
emerging from unexpected idea combinations or emergent insights
[4]. Design research further shows that surprise is shaped by de-
signers' expectations and identities, with designers actively seeking
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and interpreting outcomes that resonate with their intentions and
experiences [1, 4]. This suggests that a design space with meaning-
ful surprises arises from the interaction between generated artifacts
and a designer's evolving understanding�shaped by their identity,
experiences, and values�rather than from diversity alone.

Taken together, prior work has begun to explore new ways to
construct design spaces in human-AI co-creation. However, these
spaces remain largely user-managed or oriented toward continual
divergence, while treating �surprises� as a by-product of output
diversity. In contrast, our axis-centered work�ow is motivated by
evidence that designers require di�erent design spaces across di-
vergence and convergence to match their information needs, as
excess cognitive load can hinder creativity [8,15,31,32,40]. Accord-
ingly, our approach dynamically restructures the space to support
both exploration and re�nement. It further builds the space around
designer-relevant dimensions, enabling �surprises� that are not only
diverse but also grounded in designers' identities, supporting more
meaningful design outcomes.

3 Formative Study
To better understand designers' sca�olding processes and their chal-
lenges, we conducted a formative study with �ve professional de-
signers (F1� F5) from diverse backgrounds including visual, UI/UX,
and product design. The study explored: (1) how designers transition
from exploration to re�nement; (2) how designers handle unexpected
outcomes and de�ne �good� or �bad� surprises; and (3) how they
envision agent collaborations across creative stages.

The study began with a pre-questionnaire and a semi-structured
interview to understand their usual design work�ows. Participants
then completed a 30-min poster design walkthrough on the theme
�table tennis�. We intentionally chose only a high-level theme to
preserve creative freedom and observe designers' strategies and
unique identities under the same topic. Participants were encour-
aged to think aloud, and optional reference materials were provided
for examining unexpected surprises with external stimuli. They
were free to use any design tools they normally would. Finally, a
post-interview was conducted to obtain their re�ections.

Overall, our study con�rmed that when given greater creative
freedom, designers adopt a creative sca�olding work�ow that iter-
atively shifts between exploration (i.e., divergence) and re�nement
(i.e., convergence). Additionally, the participants are increasingly
integrating AI or agent-assisted tools (e.g., MidJourney [25], GPT
[30], Nano Banana [13]) into their work�ows, but only in problem-
solving contexts with clear requirements (F1, F3, F5) or early brain-
storming (F2, F4). When probed on the characteristics of their AI
usage, participants noted that many existing agents appear to be
�designed from a programmer-oriented perspective� -F3 and do not
align well with their sca�olding process. This suggests a gap be-
tween designers' openness to using agent-assisted tools and the lack
of interaction to support the exploration-to-re�nement work�ow
(Fig. 2). We used these �ndings to derive design considerations for
structured design-space exploration across creative stages, which
directly informed our interaction and system design.

3.1 Design Considerations
The following design considerations are derived to support design
space exploration across creative sca�olding (Fig. 2), from early-
stage exploration (G1, G2) to later-stage re�nement (G3, G4, G5):

G1: Structured diversity across design directions. All par-
ticipants described deliberately exploring substantially di�erent
directions during early brainstorming. Rather than a single concept,
they generate rough designs across diverse compositions, styles,
and ideas to conduct early divergent exploration [1, 5, 8]. These
early ideas are materialized as quick sketches (F1-3, F5) or AI gen-
erations (F2, F4). This suggests that instead of producing visually
similar outputs by repeatedly running the same prompt [3, 7, 24],
generations should cover distinct regions of the design space to
ensure meaningful variation without redundancy.

G2: Inclusion of identity-relevant surprises. In early explo-
ration, all participants were receptive to external inspirations and
may abandon initial directions when a new stimulus resonates with
them. These pivots often emerge from resonant references (F1-5)
or AI generations based on personally meaningful materials (F2-4).
For example, while browsing ping pong images, F3 encountered a
photo of Chinese elders playing that resonated with him, leading
him to recall watching the Olympics with older family members and
pursue a new design direction. This suggests that e�ective surprises
are rarely random but are grounded in the user's personal taste,
experiences, and creative identity [1, 4], surfaced through their
references. Therefore, systems supporting early exploration should
generate surprises grounded in designers' aesthetic preferences and
identity cues, rather than through arbitrary randomness.

G3: Controlled re�nement by exploring smaller variations.
All participants noted that once a promising direction emerges, they
prefer to re�ne variations of that design rather than generate en-
tirely new ones, often through iterative, small, controlled changes.
For example, F2 re�ned a design of elderly Chinese people playing
table tennis and eating hotpots by adjusting facial expressions and
gestures. Similarly, F3 noted using AI to test targeted adjustments,
such as �di�erent placements of visual assets within a poster� -F3,
without altering the overall direction. This suggests that later-stage
re�nement should support generating controlled variants that pre-
serve the chosen direction while enabling targeted adjustments.

G4: Blending of multiple design directions. Participants
noted that during re�nement, they may not immediately commit to
a single direction, as several promising designs can emerge simul-
taneously. In these situations, designers often combine elements
from di�erent directions to generate new variants. For example,
F4 used MidJourney's blending feature to merge multiple designs
and explore how their visual elements could work together. This
suggests that interactions supporting later-stage re�nement should
also enable designers to blend selected designs in controlled ways,
allowing them to iteratively narrow the design space while deciding
which elements to retain or discard.

G5: Extraction and recombination of speci�c design ele-
ments. Participants also described wanting to combine speci�c
elements from di�erent designs rather than blending entire direc-
tions. �I like this part of this design, but I prefer the [element] of that
one.� -F2, F3, & F4. However, they found it di�cult to express these
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Figure 3: Scale-based agent pipeline for initial generation. Axes, moodboard concepts, and base prompts are used to construct semantic scales
along the X and Y axes, which are then combined and expanded to create unique concept pairs for each cell's prompt template in the = � = grid.

preferences through natural language prompts in existing agent-
assisted tools. This suggests that re�nement interactions should
also allow designers to extract and recombine speci�c elements
across designs through direct selection, enabling �ner control over
how visual components are integrated in subsequent generations.

4 Surprise2Refine
We synthesized these considerations into an axis-centered work�ow
for design-space exploration. Under this work�ow, designers inter-
act with an=Ö= grid along two conceptual axes, each representing
a design dimension. The axes �rst span large variations, producing
controlled yet �surprising� outputs that di�er signi�cantly across
the grid (G1, G2). They can then dynamically expand to reduce
variation while maintaining a structured search space, allowing
users to focus on speci�c directions of interest (G3). Designs can
be repositioned within the grid to enable interpolation and recom-
bination between neighboring examples, supporting blending and
adaptation of design elements within design re�nement (G4, G5).

We implemented a working prototype, Surprise2Refine, based
on this work�ow. Below, we describe the interactions and backend
pipelines of Surprise2Refine in detail. Additional implementa-
tion details, including low-level pipeline speci�cations and prompt
templates, are included in Appendix A.

4.1 Early-stage Exploration (G1, G2)
During this stage, the system generates diverse variations (G1)
consistent with the base prompt and moodboard (Fig. 1a), while
introducing controlled �surprises� to inspire new directions (G2).

4.1.1 Interface Setup and Identity Expression. The interface con-
sists of a moodboard and a=Ö= generation grid. While our approach
generalizes to grids of arbitrary sizes, we use a 3Ö3 grid to balance
design variations with generation time. This also maintains cogni-
tive manageability, as prior work suggests that humans can process
roughly nine items in short-term memory [26]. The moodboard
supports three types of materials to externalize designers' identi-
ties, as found by our formative studies (Section 3): images, sketches,
and text notes. Text entries can be standalone or linked to images
or sketches to provide additional context. The agent, through a
vision�language model (VLM) (Gemini-2.5-Flash-Lite), extracts se-
mantic features from the inputs by returning a �xed-cardinality

keyword set encoding salient semantic attributes. These concepts
are ranked by the VLM based on their prominence across the ex-
tracted features, with the most salient dimensions selected as axes.
Designers provide a high-level prompt describing their design goal,
and can also specify custom axes. These axes represent conceptual
dimensions of variation (e.g., composition, art style) and determine
how designs are created and organized within the grid (G1).

4.1.2 Scales and �Surprise� Generation. Once a pool of candidate
concepts associated with the references is formed (e.g., vibrant
colors, cubist abstraction, Bauhaus geometry), the VLM agent con-
structs a three-point semantic scale for each axis (Fig. 3) by selecting
descriptors most relevant to it from the pool. This ensures that vari-
ations remain consistent with the designer's identity as inferred
from the materials. Each point on the scale is then expanded into
three additional variations, each capturing a di�erent interpreta-
tion of the concept (Fig. 3). The prompt templates used for this
stage are included in Appendix A.1. These semantic variations are
assigned via a row-major, matrix-based mapping, where each cell
corresponds to a unique¹X-scale point• Y-scale pointºpair. Each
pair is selected from lexical variants using a �xed modular rule on
the cell index, ensuring distinct combinations across cells (G1).

The agent samples 1-3 moodboard materials as visual grounding
sources, using a weighting mechanism (Section 4.2.4), for each
axis variation. Sketches are assigned higher weights as designers
reported stronger ownership and creative intent in them. The agent
expands these inputs into a structured prompt by combining a
�xed template�reference instructions, moodboard inputs, and per-
cell axis constraints�with the base prompt. The user prompt is
appended under a �Create:� header to preserve the overall intent.
This introduces two forms of controlled �surprise� (G2): (1) the
semantic scales ensure that each cell explores a distinct region
of the design space while remaining aligned with the moodboard
and (2) under-speci�ed attributes are treated as �exible variables
during prompt expansion. These variables are further varied to
avoid repetitive outputs.

4.2 Later-stage Re�nement (G3, G4, G5)
To support re�nement, the system provides zooming (G3), anchoring
(G4), and decomposition (G5) to help users achieve a satisfactory
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Figure 4: Example of zooming. The axes expand to reduce variation,
generating re�ned variants with small changes along each axis.

Figure 5: Example of anchoring four posters at the grid corners. The
agent extrapolates features from these anchors to create intermedi-
ate designs, while maintaining structured variation along the axes.

result. The work�ow also supports progressive convergence via
natural decay (G2, G3) of contributory moodboard materials.

4.2.1 Zooming. Designers can select any cell to zoom in for the
next generation; surrounding cells then become variations of that
design rather than entirely new directions (G3). The VLM agent
extracts a concept list describing the zoomed image, then combines
these concepts with the grid position, axes, and base prompt to
construct updated 3-point scales (Fig. 4), such that the intersection
level is aligned to the analyzed image and the other levels are
contrastive. The zoomed image becomes the reference for the new
grid, and the agent generates surrounding variants with controlled
changes along the axes. This allows designers to progressively
explore variations around a promising design discovered (G3).

The system also modulates the in�uence of the zoomed im-
age using a zoom-level weighting mechanism. Speci�cally, we
de�ne the probability of incorporating additional references as
%MB¹Iº = max¹0• U � VIº, whereI denotes the zoom level,U is
the initial inclusion probability, andVcontrols the decay rate. For
each cell, a Bernoulli variable determines whether moodboard ref-
erences are included, withE»1MB¼ = %MB¹Iº . Higher zoom levels
increase the in�uence of the zoomed image during generation, pro-
ducing variants that remain closer. Lower zoom levels allow broader
variation, enabling the system to introduce additional contextual

Figure 6: Example of decomposing a poster into textual blocks de-
scribing key themes and concepts, along with circular components
that extract key visual elements and the color palette.

changes or incorporate reference cues. In this way, zooming enables
designers to smoothly transition from broad exploration toward
focused re�nement while maintaining controlled diversity in the
surrounding design space (G1, G3).

4.2.2 Anchoring. Anchoring allows designers to blend visuals from
multiple designs (G4) (Fig. 5). Designers can drag images from the
moodboard into up to nÖn cells or use the �keep� function to retain
generated results directly in the grid. The agent then analyzes the
anchored images to extract concise multimodal design concepts,
returned as a bounded set of short keywords, describing their visual
characteristics. The extracted keywords are then used to construct
the grid's semantic structure: each anchored cell¹A•2ºde�nes its
corresponding X and Y axis levels, with these semantics propagated
across the row and column to maintain consistency.

The agent generates intermediate designs by interpolating be-
tween anchors. This interpolation is spatial: cells sharing a row/-
column with an anchor receive stronger semantic in�uence, while
cells at their intersections blend characteristics from multiple an-
chors. The grid is progressively populated, starting from cells with
stronger anchor in�uence, before expanding to less-constrained
cells. The system maintains an internal grid state that tracks �lled
and un�lled cells. Newly generated designs become additional ref-
erences for subsequent generations, allowing the grid to gradually
converge toward coherent design directions while preserving di-
versity across cells. This allows designers to explore blended design
directions that combine visuals from multiple sources while pre-
serving structured variation across the design space (G1, G4).

4.2.3 Decomposition. Designers can extract reusable components
from moodboard materials to support element-level recombination
(G5). This is achieved through: (1) vision�language analysis to ex-
tract structured, more abstract visual factors (e.g., theme, style),
(2) reference-conditioned image generation to synthesize a uni-
�ed composite representation, and (3) grid slicing to decompose
the composite into individual, reusable design tokens. The VLM-
based agent �rst generates holistic descriptions including the over-
all theme, composition, style, and mood. Then, it extracts visual
concept elements representing salient components of the image.
These are displayed as draggable visual tokens (circles), each rep-
resenting a distinct concept such as a visual motif, compositional
element, or stylistic feature. The agent also extracts the dominant
color palette of the image as a separate palette token. Designers can
drag reusable tokens, such as visual concepts, stylistic elements, or
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