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Abstract

Recent advancements in Al have made it possible for designers to produce images,
videos, and 3D content from natural language. However, text prompts require designers to
articulate exactly what they want before they have seen what is possible. Designers’ best
tools often work the opposite way: sketches, moodboards, and CAD let designers work
directly on the design itself, drawing, comparing, and adjusting as the artifact takes shape.
I argue that Al as a design material should work the same way. Inside, Al models hold a
rich understanding of style, structure, and semantic relationships that go well beyond what
a text prompt can reach, and internal model controls that designers should be able to
discover and manipulate. This gap matters most in design exploration, where designers
need to move through wide possibility spaces, combine and remix ideas, and rapidly
iterate.

Effective Al steering interfaces for design exploration come from aligning three things:
the tasks designers want to do, the control mechanisms a model exposes, and the interface
representations that put those mechanisms in the designer’s hands. This thesis refers to this
alignment as the Human-Al-Interface (HAI) Triangle. Alignment is operationalized through
three vertex conditions: controllability (the Al mechanism exposes handles that a designer
can act on), affordance (the controls match the moves the task requires), and intuitiveness
(the representation draws on conventions designers already work with). The framework is
grounded in four systems, each addressing a distinct design task. VideoMap addresses the
navigate task: it projects latent video embeddings onto a 2D map that editors can explore
to find visual and semantic connections across footage. Jigsaw addresses the compose task:
it represents pre-trained models as puzzle pieces that snap together, so designers can build
multimodal AT pipelines without writing code. Inkspire addresses the iterate task: it pairs
iterative sketching with Al-generated scaffolds, allowing designers to refine through strokes
rather than through prompt edits. GENErator addresses the remiz task: it lets designers
mix and evolve style-specific Al models in a shared semantic space, surfacing aesthetic direc-
tions they could not have specified up front. Across user evaluations, participants navigated,
composed, iterated on, and remixed Al capabilities through intuitive and controllable inter-

actions, accomplishing tasks they could not with conventional interfaces.
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Chapter 1

Introduction

“We shape our tools and thereafter our tools shape us.” — John Culkin, 1967

Herbert Simon characterized design as the generation and evaluation of alternatives [5], a
process in which designers generate options and refine them toward goals that often shift
along the way [6, 7]. Throughout this process, the tools that designers work with expand
what they are able to explore: a sketch externalizes a half-formed idea so that it can be
revised, a moodboard places references side by side so that styles can be compared and
combined, and CAD turns complex constraints into something to manipulate rather than
calculate. Each of these tools makes some part of the work visible and workable, and my
thesis asks what happens when AI becomes one of them.

Modern AT offers designers a new kind of material [8]. Models trained on large datasets
encode capabilities that would take years of experience to internalize, learning semantic
relationships between styles, structures, and concepts, and they also expose internal mech-
anisms such as latent spaces and conditioning signals that can be steered [9, 10]. However,
while Al opens up a wide design space, current interfaces leave most of it out of reach. With-
out the right representation, what the model has learned—which combinations work, which
styles harmonize, which structures hold together—remains buried in weights and activations
and largely inaccessible to designers. Most interfaces still offer text boxes and sliders that
bear little relationship to how designers actually work [11]: a text prompt requires designers
to articulate what they want before they have seen what is possible, and a parameter such
as “guidance scale” can typically only be tuned by guessing. When the interface hides what
the model is capable of, designers are left working around it rather than with it.

The word steering appears both in machine learning research on controllable generation
and in recent HCI work on directing model behavior, and I review both bodies of work in
Chapter 2. I use the term here for a more specific act: shaping what a model produces by
acting on its controllable mechanisms, rather than by re-prompting or editing the output

after the fact. AI steering interfaces are the user-facing tools that put those mechanisms in



designers’ hands. For design exploration, that means connecting the moves designers already
make (sketching, comparing, recombining) to the controls a model exposes.

By design exploration I mean the phase of design work where the goal is not yet fixed and
the task is to survey, compare, and recombine possibilities. This is what Buxton describes
as “getting the right design” rather than “getting the design right” [12], and the systems in
this thesis address the first half.

1.1 Thesis Statement

AT steering interfaces designed by aligning design tasks, AI mechanisms, and interface rep-
resentations let designers navigate, compose, iterate, and remix Al capabilities.

The three elements are:

e Design tasks: what designers need to do
e Al mechanisms: what models expose for steering

e Interface representations: how capabilities become visible and manipulable

This thesis refers to this alignment as the Human-AlI-Interface Triangle (HAI Triangle).
Chapter 3 defines alignment through three testable conditions, one per vertex. The Al vertex
requires controllability: the mechanism must expose handles a designer can act on. The
Human vertex requires affordance: the controls must match the moves the task requires.
The Interface vertex requires intuitiveness: the representation must draw on conventions
designers already work with, so they can anticipate what each control will do. When all
three hold, designers steer the model by acting on the representation, without translating
intent into prompts or parameter values.

Chapters 4 through 7 demonstrate the framework through four implemented systems and

user evaluation studies.

1.2 Thesis Organization

In this thesis, I focus on designing Al steering interfaces for design exploration. Chap-
ter 2 reviews related work across five areas: direct manipulation and interaction paradigms,
human-Al interaction, creativity support tools, design space exploration, and modern Al
controllability, establishing the interface paradigms and AI control mechanisms most rele-

vant to my work.



Interface

AL

Figure 1.1. The Human-Al-Interface Triangle: three vertices that must align for effective
Al steering. Chapter 3 develops the framework.

Human

Chapter 3 then introduces the HAI Triangle, which maps the design space between interface
representations and Al control mechanisms. In this chapter I lay out four key tasks for
design exploration and describe what goes wrong when the triangle does not hold.

Aligned with this framework, I have designed and built four Al steering interfaces, each
addressing a distinct task through aligned AI mechanisms and interface representations.
VideoMap (Chapter 4) addresses the navigate task by projecting video frames onto a map
editors can browse. Jigsaw (Chapter 5) addresses the compose task by representing founda-
tion models as puzzle pieces that snap together. Inkspire (Chapter 6) addresses the iterate
task by pairing sketching with structural conditioning. GENErator (Chapter 7) addresses

the remix task by treating style adapters as genes that designers cross, mutate, and evolve.

Table 1.1. The four systems and their HAI Triangle alignments.

System Task AT Mechanism Interface Representation
VideoMap  Navigate Latent space Maps

Jigsaw Compose Pre-trained model chaining Puzzle pieces

Inkspire Iterate Structural guidance Sketching

GENErator Remix Mixing models Evolution

Chapter 8 synthesizes patterns across all four systems, discusses design guidelines for Al
steering, and outlines future directions including generative interfaces and adaptive inter-

faces.



Chapter 2

Related Work

This thesis builds on prior research in direct manipulation and interaction paradigms, human-
Al interaction, creativity support tools, design space exploration, and controllable generation
in modern Al. Direct manipulation established that users steer a system when they can see
its state and act on it directly. Building on this, human-Al interaction studied how to
balance user control with Al initiative, and creativity support research asked what makes
tools effective for creative work. Design research, meanwhile, described how designers move
through possibility spaces, often unable to articulate goals until they see options. Generative
AT completes the picture by producing the controllable mechanisms (latent spaces, condi-
tioning, adapters) that Al steering interfaces can act on. Each thread engages one part of
the problem this thesis takes on. The HATI Triangle (Chapter 3) brings them together; §2.6

closes this chapter by positioning the thesis among them.

2.1 Direct Manipulation and Interaction Paradigms

The vision of computers as tools for augmenting human capability, rather than replacing
human effort, dates to the field’s origins. Engelbart’s “Augmenting Human Intellect” [13]
articulated a vision of computers that expand what humans can think and do, treating the
computer as a tool that makes people more capable rather than one that replaces their effort.
This vision motivates this thesis: Al steering interfaces should augment designers’ creative
capabilities, helping them explore possibilities they could not access before.

The insight that such augmentation requires making systems visible and manipulable emerged
from the earliest interactive computers. Sutherland’s Sketchpad [14] showed that users could
control complex geometric constraints through direct interaction with visible objects rather
than through programming. This work established a foundational principle: making system
state visible and directly manipulable changes how users can work with computational ca-

pabilities.



Shneiderman formalized this principle as direct manipulation [15], identifying three proper-
ties that make interfaces feel controllable: continuous representation of objects of interest,
physical actions rather than complex syntax, and rapid incremental reversible operations
with immediately visible effects. These properties reduce the cognitive distance between
user intention and system action. Users develop accurate mental models because they can
see what the system is doing and immediately observe the effects of their actions.
Hutchins, Hollan, and Norman provided the cognitive analysis of why direct manipulation
works [16]. They identified two components of directness: distance (how closely the interface
language maps to user goals) and engagement (whether users feel they are manipulating
objects directly rather than manipulating descriptions of objects). Direct manipulation
interfaces shorten cognitive distance and raise engagement, lowering the mental resources
required for interaction.

Norman extended this analysis through the concepts of gulfs of execution and evaluation
[17]. The gulf of execution is the difficulty of figuring out how to make the system do what
you want. The gulf of evaluation is the difficulty of determining whether the system did
what you intended. Effective interfaces bridge both gulfs: they make clear what actions are
possible (bridging execution) and make system state visible (bridging evaluation). Norman
also adapted Gibson’s ecological concept of affordances [18]: the relationship between an
object’s properties and what the agent using it can do. Affordances became central to
understanding how interface representations shape what users perceive as possible.
Subramonyam and colleagues extended Norman’s framework to Al systems, identifying a
third gulf specific to modern Al: the gulf of envisioning [19]. Where execution and evaluation
address doing and understanding, envisioning addresses imagining. Users struggle to picture
what they want when the space of possibilities is large and unfamiliar. The gulf of envisioning
captures three misalignments: not knowing what the task should be, not knowing how to
instruct the AI, and not knowing what to expect from the output. Al steering interfaces must
therefore help users envision possibilities they cannot yet articulate, alongside execution and
evaluation.

The gulf of envisioning matters especially for Al steering, because the space designers must
envision is encoded inside the model rather than enumerated in advance. Without an in-
terface that surfaces how possibilities relate, designers fall back on guessing, which means
describing what they have not yet imagined and accepting whatever the model returns. Al
steering interfaces should therefore show structure in the output space, not just present in-
dividual results, so that envisioning becomes something designers do by looking rather than

by writing.



The information visualization community developed related principles for navigating large
information spaces. Shneiderman’s Visual Information-Seeking Mantra (overview first, zoom
and filter, then details on demand) [20] established that users need spatial representations
that show structure at multiple scales. Bederson’s work on zoomable interfaces [21] showed
that continuous navigation through information spaces supports wayfinding and orientation
in ways that discrete pagination cannot.

Recent work has begun applying direct manipulation principles to Al systems. DirectGPT
showed that continuous representation, manipulable outputs, and undo mechanisms improve
LLM interaction compared to chat interfaces [22]. The same principles that made traditional
computing controllable can make AT controllable, if we can find the right representations.
The question this thesis addresses is how to extend direct manipulation to modern AI: how
to make Al capabilities visible, and how to create representations that users can manipulate
to steer model behavior. The challenge is that Al systems operate on learned representations
(latent spaces, attention patterns, adapter weights) that have no natural visual form. That
is the design problem this thesis takes on, and the four systems are concrete attempts at

answers.

2.2 Human-AI Interaction

Horvitz proposed mized-initiative interaction [23], establishing principles for integrating
automated services with direct manipulation. The core insight is that autonomous actions
should be taken only when the expected benefit exceeds the cost of potential errors, and that
interfaces should allow efficient direct invocation and termination of Al assistance. Users
should remain in control of when and how Al participates.

A foundational debate between Shneiderman and Maes [24] established the tension between
user control and Al autonomy. Shneiderman argued that direct manipulation provides pre-
dictability and supports learning, since users come to understand systems by operating them.
Maes argued that some tasks benefit from delegation, especially for users without technical
expertise. This debate framed a key question for human-Al interaction: when should users
steer, and when should Al act autonomously?

Shneiderman later proposed that this framing presents a false dichotomy [25]. High automa-
tion and high human control are not necessarily trade-offs, and systems can be designed to
provide both. This reframing motivates this thesis: Al steering interfaces should make pow-
erful Al capabilities accessible through intuitive controls, so that the model can do hard

generative work while users keep meaningful direction over what gets produced.



Amershi and colleagues developed 18 guidelines for human-AlT interaction, validated through
studies with design practitioners [26]. These guidelines address the full interaction lifecycle:
making clear what the system can do, supporting efficient invocation, providing feedback
about Al state, and letting users correct AI mistakes. The guidelines provide practical
design heuristics, though they do not specify how to surface Al capabilities that lack obvious
interface representations.

Parasuraman, Sheridan, and Wickens proposed four automation function classes: informa-
tion acquisition, information analysis, decision selection, and action implementation, each
spanning levels from fully manual to fully automatic [27]. The framework established that
automation does not simply take over human activity but changes that activity, impos-
ing new coordination demands. Research on trust in automation [28] identified two failure
modes: disuse (when users don’t trust capable systems) and misuse (when users over-trust
unreliable systems). The goal is calibrated trust: users should trust Al based on actual ca-
pability. This requires interfaces that help users understand what Al can and cannot do.
Recent work on co-creative systems has examined what happens when Al takes on a partner
role in creative work. The formative studies in this thesis (Chapters 4 through 7) and
prior co-creative research [25, 26| both find that users prefer high control over Al behavior,
even when offered more autonomous assistance. Two reasons recur: uncertainty about
what Al can do, and limited transparency into what it is doing. Effective interfaces should
therefore make AI’s intermediate steps visible and manipulable, so users can verify and
redirect behavior throughout the creative process.

This thesis focuses on steering for design exploration specifically. The control question takes
a particular form in design work. Designers move through possibility spaces iteratively,
often unable to articulate goals until they see options, and in doing so they survey, compare,
backtrack, and branch. Steering interfaces must therefore support control over how to move
through the space of possibilities, on top of control over what gets produced. The systems
in this thesis approach Al as a capability designers direct through exploration, not an agent

that produces answers on demand.

2.3 Creativity Support Tools

Research on creativity support tools examines what makes computational tools effective for
creative work. Boden’s foundational analysis identified three types of creativity: combinato-
rial (novel combinations of familiar ideas), exploratory (traversing an established conceptual
space), and transformational (restructuring the conceptual space itself) [29]. Each of these

types calls for different tool requirements, and exploratory creativity in particular requires



representations that designers can move through.

Shneiderman’s framework [30] laid out properties that support these creative modes: many
paths to success, low thresholds for beginners and high ceilings for experts, and support
for collaboration. The framework also stresses that creativity tools should support the full
creative process, from collecting inspirations through creating artifacts to sharing results.
Research on constraints and creativity pushes back on the assumption that creative freedom
requires removing limitations. Stokes showed that creative breakthroughs often emerge from
self-imposed constraints that force exploration beyond familiar territory [31]. Acar and
colleagues found that constraints push people off the path of least resistance, prompting
search for more distant ideas [32]. However, the relationship depends on interpretation, and
people who see constraints as opportunities benefit most.

This reframes how to think about Al steering interfaces. Interface representations are them-
selves constraints, in that they limit how designers can interact with Al capabilities. The
design question is whether those constraints are productive ones, opening up creative moves
that designers would not otherwise reach.

Schén’s concept of reflection-in-action [7] describes design as a conversation with materials.
Designers make moves, observe results, and reflect on what the situation reveals. Suwa and
colleagues found that sketching lets designers notice unexpected discovery: they perceive un-
intended relationships in their own sketches that trigger new goals [33]. Effective design tools
support this reflective dialogue by presenting results in forms that invite reinterpretation.
Al steering interfaces can support reflection-in-action when they make Al outputs visible in

structured ways. The interface representation shapes what reflective moves become possible.

2.4 How Designers Explore

Design research has studied how designers explore possibility spaces. MacLean and colleagues
argued that design should produce not just artifacts but design spaces, representations of
possible solutions and the reasoning behind choices [34]. Their QOC notation (Questions,
Options, Criteria) captures design rationale by showing how a design could be different and
why it is the way it is. This framing motivates the thesis: design as exploring a space of
possibilities, not optimizing toward one solution.

Buxton’s work on sketching established that exploration requires rapid generation of many
possibilities [12]. The core tension in design is between “getting the design right” (refining
a chosen direction) and “getting the right design” (exploring to find promising directions).
Sketching supports the latter by letting designers try ideas quickly and at low commitment.

Designers think through sketching, and the act of making externalized representations reveals



possibilities that were not apparent before.

Research on design fization [35] showed that designers can become anchored to initial exam-
ples, constraining their exploration of alternatives. Even flawed examples influence solutions,
because designers incorporate features from what they have seen. Goldschmidt and Smolkov
found that the type and modality of stimuli matter: abstract stimuli may support creativity
more than concrete visual examples that invite direct copying [36].

Dow and colleagues showed that parallel prototyping, creating multiple alternatives before
feedback, outperforms serial iteration [37]. Serial iteration can trap designers in local optima,
whereas parallel exploration maintains broader coverage of the option space. This has direct
implications for Al steering interfaces: tools should support exploring multiple AI outputs
side by side rather than generating and refining one output at a time.

Research on examples and inspiration [38, 39] found that designers use examples a lot,
through both active search (seeking specific references) and passive browsing (staying open to
unexpected inspiration). Interactive example galleries that present browseable, adaptively-
selected examples help users create better designs. The key is supporting deliberate use of
examples rather than defaulting to the most readily available stimuli.

Recent work has extended inspiration research to Al-augmented design. Kang, Lin, and
colleagues developed BioSpark, which uses LLMs to go beyond showing analogical examples
to actively scaffolding the cognitive work of transfer. The system helps designers identify
mechanisms, map them to their problem domain, and elaborate details [40]. This suggests
that AI’s role in supporting exploration can extend from presenting possibilities to helping
users work with them.

Gongalves and colleagues found that designers tend to “hijack their own inspiration process”
by reaching for familiar stimuli [41]. More conscious and deliberate search leads to more
creative results, and ambiguous or partial images foster more novel designs than concrete
examples do. This suggests that Al steering interfaces should present possibilities in forms
that invite interpretation rather than direct copying.

Recent work has begun applying design space concepts to modern Al. Luminate uses LLMs
to generate key dimensions from user prompts, then produces structured responses for sys-
tematic exploration rather than single outputs [42]. Studies with professional writers showed
improved design space exploration compared to unstructured generation. This suggests that
Al interfaces can move beyond “generate one thing” toward “explore a space of possibilities,”
the same shift that design research advocates.

From this tradition, I identify four tasks central to design exploration: navigate (survey pos-
sibilities, discover structure), compose (build complex solutions from simpler parts), iterate

(refine through rapid feedback), and remiz (discover goals through variation). These four



tasks are the design lens used throughout this thesis, with Chapter 3 developing each in
detail.

2.5 Generative AI and Controllable Generation

Generative Al research has developed mechanisms for controlling model outputs. The rise of
diffusion models [10, 43] and large-scale text-to-image systems [44] created new generative
capabilities, but also revealed a gap between what models can do and what users can access
through standard interfaces. Subsequent research developed mechanisms at four levels, each
described in turn below: structural conditioning, parameter-efficient fine-tuning, latent space
navigation, and attention manipulation.

Structural conditioning lets users constrain generation through spatial signals. ControlNet
[4] injects edge maps, depth maps, poses, and sketches into diffusion models, preserving
structural intent while letting the model fill in details, T2I-Adapter [45] provides similar
control through lightweight adapter modules, and GLIGEN [46] adds layout control through
bounding boxes. These mechanisms make it possible to say “generate an image with this

structure” rather than hoping the model infers structure from text alone.

A second family of mechanisms adapts models to specific styles or subjects through parameter
efficient fine-tuning. LoRA (Low-Rank Adaptation) [47] trains small adapter modules that
modify model behavior without changing base weights. DreamBooth [48] fine-tunes models
to generate specific subjects from a few example images. Textual Inversion [49] learns new
“words” in the model’s embedding space that stand in for concepts. With these mechanisms,
users can point to examples rather than describe style in words.

A third family operates inside the model’s learned representations. GANSpace [50] discov-
ered that principal components of GAN latent spaces correspond to interpretable attributes
like viewpoint and lighting. InterFaceGAN [51] found linear boundaries that separate at-
tributes like age and gender. Generative models learn structured spaces where directions
correspond to meaningful variations, and moving through these spaces provides a form of
control distinct from prompting.

A fourth family manipulates attention to support localized editing. Prompt-to-Prompt [52]
showed that swapping cross-attention maps allows targeted changes while keeping the rest of
the composition intact. InstructPix2Pix [53] accepts natural language editing instructions
and changes the relevant part of the image.

Despite the range of mechanisms these four families provide, current interfaces expose them
poorly. Commercial and research tools have converged on a small set of patterns: prompt-

based generation (text box and generate button), parameter sliders (guidance scale, sampling
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steps, style strength), gallery browsing (scrolling through pre-made styles or outputs), and
node-based workflows (connecting processing blocks in directed graphs). Each pattern ad-
dresses part of the control problem, but none surfaces the full structure of what AI models
can do. Prompt interfaces demand verbal articulation before visual exploration. Sliders
expose parameters with no explanation of what those parameters actually do. Galleries let
users browse, but the relationships between options stay implicit. Node editors expose com-
position at the cost of demanding that users understand model internals.

Prompt engineering remains the dominant interaction mode, even though prompts produce
variable results and force users to translate visual ideas into words. Yang and colleagues
showed that non-experts explore prompts opportunistically rather than systematically, the
same pattern researchers have documented in end-user programming [11]. Dang and col-
leagues found that for most users, writing effective prompts remains trial-and-error with
no systematic support, and proposed design goals for prompting interfaces that help users
understand model capabilities and iteratively refine their inputs [54].

Terry proposed that effective human-Al interaction requires alignment along three dimen-
sions: specification (communicating objectives), process (controlling execution), and eval-
uation (understanding outputs) [55]. Current interfaces address none of these dimensions
systematically: most tools offer the same generic interface, a text box and a generate but-
ton, regardless of what control mechanisms the underlying model supports. Style exploration
happens through trial and error rather than structured navigation. Users cannot see how
outputs relate to each other or how their inputs map to variations in the output space.
Research on Al tools for creative work has begun addressing this gap. Opal [56] showed
that structured exploration pipelines help users find usable results more reliably than open-
ended generation. PromptChainer [57] introduced visual chaining of LLM prompts, making
pipeline composition tangible. Sketch-based generation tools like Creative Sketching Partner
(58] address the modality mismatch between visual thinking and verbal prompting. Yet
studies of these tools reveal persistent tensions. DesignAID [59], for instance, found that
generative Al can increase design fixation rather than reduce it. These tensions motivate
the four systems in this thesis, each exploring a new interface representation meant to bridge

the gap between what models can do and what designers can reach.

2.6 Positioning This Thesis

Each of the five areas reviewed above engages one aspect of the problem this thesis takes
on, and none of them engages all of it at once. Direct manipulation research developed the

principle that users control what they can see and act on directly, however it largely predates
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the AI mechanisms that now need such interfaces. Work on human-Al interaction studies
how people relate to Al systems, but it rarely commits to a specific representation through
which they might steer one. Creativity support research specifies what makes a tool effective
for creative work, while leaving open how a large Al possibility space should be rendered so
that a designer can move through it. Design research describes how designers move through
option spaces, though the spaces it typically studies are hand-curated rather than learned.
Generative Al research produces the controllable mechanisms themselves, but it generally
treats interface design as someone else’s problem.

These five literatures fit together into a single design problem, which I describe in Chap-
ter 3 as the HAI Triangle. A design task, an Al mechanism, and an interface representation
must align for steering to work, and each tradition supplies a partial view of that alignment.
Design research identifies the tasks, generative Al supplies the mechanisms, and direct ma-
nipulation and creativity support together specify what may make a representation usable.
My contribution is therefore not the recombination of these literatures, but the observation
that Al steering interfaces may succeed or fail at the points where the three meet.

I treat the four systems in this thesis as tests of that idea. For example, VideoMap pairs
information visualization with diffusion latents to support the navigate task, while GEN-
Erator pairs evolutionary design with style adapters to support remix. Each system is an
alignment hypothesis: a specific combination of task, mechanism, and representation, built
into a working tool. The user studies in Chapters 4 through 7 then examine whether that

alignment allows designers to do work they may not otherwise be able to do.
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Chapter 3

The Human-AI-Interface Triangle

AT models hold far more possibilities than a designer can keep track of, and the interface
decides which of those possibilities a designer can actually reach. In this chapter, I intro-
duce the HAI Triangle, a framework for designing Al steering interfaces that surface latent

capabilities in forms that designers can work with.

3.1 Human, Al, and Interface

I frame the Human-Al-Interface Triangle around three vertices: Human, A, and Interface.
Below, I define each vertex, describe what alignment between them requires, and give tests
for whether a tool has achieved it. The framework is intended to be both diagnostic and
generative, in that it may be used to diagnose why an existing tool falls short and to guide

the design of a new one.

e Human: What do designers need to do? The Human vertex is about design tasks,
the goals designers pursue and the actions they take. It draws on Gibson and Nor-
man’s concept of affordances [17, 18]: the relationship between what designers want

to accomplish and what the system invites them to do.

e AL: What can the Al actually do? The Al vertex is about controllable mechanisms
inside the model. The focus is on the handles underneath: latent spaces that can be

navigated, conditioning inputs that can be structured, weights that can be adapted.

e Interface: How does the designer act on what the Al can do? The Interface vertex
defines what I call the interface representation — the visible, manipulable form (a
map, puzzle pieces, a sketch, an evolution tree) through which the designer reaches the

ATD’s mechanisms.

Alignment is the central claim of the framework: for an Al interface to support steering,

three properties have to hold at once, one per vertex of the triangle. The AI mechanism has
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to expose handles a designer can act on, the controls the interface presents have to afford the
human’s design task, and the interface representation has to draw on conventions designers
already work with, so that the effect of each control may be anticipated before the designer
touches it. Each is a testable alignment condition: controllability at the Al vertex, affordance
at the Human vertex, and intuitiveness at the Interface vertex.

Controllability (AI vertex). The AI mechanism exposes handles a designer can act on,
which typically means interpretable dimensions that interpolate smoothly, discrete inputs
that can be substituted, or weights that can be composed. The controllability test fails
when the only way into the model is a text prompt or a single generate button. The model
may still have considerable capability in such cases. However, its internal degrees of freedom
never reach the designer.

Affordance (Human vertex). The interface controls support the moves the design task
requires. Affordance is inherently relational, sitting between the human’s task and the
interface’s controls. I anchor it at the Human vertex because the task is what determines
which affordances are needed. A navigation task may call for pan, zoom, and filter, while
a composition task may call for connection, ordering, and substitution. The affordance test
fails when the controls force the designer into unnatural moves. For example, someone who
wants to compare options may be given only a serial generate-and-refine loop.
Intuitiveness (Interface vertex). The representation draws on conventions designers
already work with, so the effect of a control can be anticipated before manipulation. A map
invites pan and zoom; a sketch invites strokes that build up structure; a puzzle piece invites
snapping into a compatible neighbor. Because the form is familiar, designers generally reach
for the right move and can predict what will happen when they make it. The intuitiveness
test fails when an interface presents controls that look like steering but have no readable
connection to design practice, such as a numeric guidance scale or a sampling-step counter,
where designers can often only learn what a control does through trial and error.

These three conditions are jointly necessary, and a tool can pass one while failing the others.
When the conditions blur in practice, it helps to ask them in order. Does the model have
a handle to act on at all? Does the control match the move the task requires? Can the
designer anticipate what manipulating the control will do from prior experience with similar
representations?

Consider, for example, a “creativity” slider on a generative tool. There is no internal axis
of the model that maps cleanly to creativity, so controllability fails, and no design task is
simply “increase creativity,” so affordance fails as well. The slider also draws on no design
convention that would let someone predict its effect, and intuitiveness therefore fails too.

Each misalignment pattern in the next section can be described as the failure of one or two
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Figure 3.1. The Human-Al-Interface Triangle. Three vertices (Human Task, Al
Mechanism, Interface Representation) align for effective Al steering, each with its own
alignment condition: affordance (Human), controllability (Al), and intuitiveness
(Interface).

of these conditions.

Triadic models are familiar in HCI: Activity Theory uses subject-tool-object mediation [60],
and Instrumental Interaction frames things in terms of user, instrument, and domain [61].
The HAI Triangle works in the same tradition. However, it does two things differently. First,
it gives three explicit conditions to check (controllability, affordance, intuitiveness), where
prior frameworks leave alignment as something to reason about case by case. Second, it
treats the tool itself as a moving target. A spreadsheet’s computations are not latent the
way a diffusion model’s style space is. For Al tools, the design problem is therefore not only
one of mediation but one of surfacing, and it is around surfacing that the HAI Triangle is
built.

3.1.1 Representations as Working Models

The interface representation does the central work in the triangle. A designer does not
interact with the AI directly, but rather with the representation, which in turn translates
between what the designer intends and what the model can do. Two properties are required
for this translation to work.

First, the representation must mean something coherent on the designer’s side. A map

may mean a spatial overview of related items, a puzzle piece a unit that combines with
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compatible others, and a sketch a low-commitment expression of structural intent. Each of
these meanings carries its own interaction expectations, whether to pan, to snap, or to draw,
and familiar representations lower the cost of entry because designers already have these
patterns of practice ready to apply.

Second, the representation must correspond to something the model can act on. A map only
works if there is a meaningful 2D projection of the Al’s internal state, a puzzle piece only
works if the underlying capabilities have well-defined input and output types, and a sketch
only works if the model accepts structural conditioning. When the representation maps to
a real mechanism, designer moves on one side become model operations on the other; when
it does not, the metaphor is decoration rather than control.

This is closer to Norman’s notion of a working mental model than to a faithful description
of internals [17]. A useful representation does not have to expose how the Al works inside,
as long as the designer can predict what their actions will do. A text prompt is thin in
precisely this sense: it accepts whatever designers can type, but it commits to no particular
structure on the model’s side, and small changes in phrasing produce qualitatively different
results [11]. The designer cannot predict consequences, so prompting collapses to trial and
error. The four representations I develop in this thesis, namely maps, puzzle pieces, sketches,
and evolution trees, all attempt the opposite: a fixed, manipulable surface whose effect on

the model may be consistent enough to plan against.

3.2 Misalignment Patterns

I also find the triangle useful for diagnosing why Al tools fail. When one vertex’s condition
fails, alignment breaks along a specific edge of the triangle, and the three patterns trace
a directed cycle around it. FEach is treated in turn below: affordance failure breaks the
Human-AT edge, controllability failure breaks the Al-Interface edge, and intuitiveness failure

breaks the Human-Interface edge.

3.2.1 Human-AI Misalignment (Affordance Failure)

In this pattern the mechanism is powerful and the interface presents it well. However,
nothing about the pairing connects to what designers need to do. The controllability test
passes and the intuitiveness test passes; what fails is affordance, because the moves the
interface invites do not match moves the design task requires. For example, neural style
transfer turns a photo into a painting, which is impressive once but generally goes nowhere
in a workflow built on iteration and comparison. Generative logo tools often sit in the same

trap, producing variation after variation with no way for the designer to reason about brand
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identity. Text-to-3D systems generate striking models, but the outputs may not be editable,
riggable, or droppable into a production pipeline, and the capability therefore never lands

in actual work.

3.2.2 Al-Interface Misalignment (Controllability Failure)

In this case the designer has a real task and the interface presents controls, but the mech-
anism underneath has no clean axis along which those controls can act. The affordance
and intuitiveness tests can pass at first glance, with controls that look like steering and
metaphors that look readable; what fails is controllability. The most common version is the
raw-parameter interface, where a “style strength” knob may produce qualitatively different
outputs at 0.7 and at 0.8 because the underlying weight blending is non-monotonic, and
where guidance scales and sampling steps only make sense to someone who has read the
paper. In each case the slider implies a smooth dimension that the mechanism does not
actually have. Designers may then end up moving the values around simply to see what

changes, which is closer to guessing than to steering.

3.2.3 Human-Interface Misalignment (Intuitiveness Failure)

Here the mechanism can do what the designer needs. However, the interface offers no
representation that the designer can read. This appears to be the dominant failure mode in
current Al tools. A blank prompt field asks the designer to say what they want before they
have seen what is possible, when in practice designers typically work the other way around,
by looking, comparing, and narrowing down. The model may encode how styles relate, which
combinations cohere, and where the interesting territory sits, but the textbox flattens all of
it into “describe what you want,” a form that draws on no design convention for surveying a
space. Style libraries with thousands of options sit behind keyword search, and latent spaces
are often reachable only through random sampling. Everything the designer would want to

explore is already in the system, and the interface simply gives no readable way in.

3.2.4 A Worked Diagnostic: Midjourney

Consider Midjourney, one of the most widely used generative image tools. Midjourney ac-
cepts a text prompt and returns four images. Additional controls cover variation, upscaling,
style references (--sref), character references, image weight, and aspect ratio. A --stylize
parameter, ranging from 0 to 1000, governs the model’s interpretive freedom. The HAT Tri-
angle predicts where Midjourney works well and where it struggles by examining its three

conditions in turn.
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Controllability is partial. The model encodes a vast style space, compositional knowledge,
and semantic relationships, but Midjourney exposes only a few of these as handles. Style
references give users an axis on aesthetic direction, and --stylize provides a single knob
over the model’s interpretive freedom. The broader space of what the model can produce
has no surfaced axis. There is no handle for compositional structure, no way to traverse
style neighborhoods, no control over which semantic dimensions to vary.

Affordance depends on which design task the user is doing. For surveying possibilities (the
navigate task), Midjourney is reasonable: the four-image gallery and style references afford
comparison and selection. For composing across modalities (compose), Midjourney has no
affordance at all, since it does not chain capabilities. For iterating on a specific direction
(iterate), affordances are weak: each refinement is a fresh generation from an edited prompt,
not a continuation. The design loop runs through words, not direct manipulation. For
remixing styles (remiz), —-sref provides a partial affordance but does not expose the space
of style combinations the model can produce.

Intuitiveness is uneven. Style references and aspect ratio behave intuitively: a given --sref
code consistently produces images in the same aesthetic family, and aspect ratio is a familiar
control from existing tools. Prompts and --stylize are not. Small phrasing changes can
produce qualitatively different outputs, and --stylize is a numeric parameter that draws
on no familiar design convention, so users cannot anticipate what raising it from 200 to 400
will do without trying it.

The framework predicts that Midjourney users doing the navigate task (looking for inspi-
ration, surveying styles) will have the most successful experience, and that users doing the
iterate task (refining a particular design intent) will struggle most, and empirical reports
match this prediction. Midjourney is widely adopted for inspiration work, where users wel-
come surprise, and widely criticized for production work, where designers need a specific
outcome to refine. The framework explains the pattern: the partial controllability and intu-
itiveness Midjourney offers are sufficient for navigate, where users survey aesthetic directions;
they are not sufficient for iterate, where users need to refine in anticipable steps.

The same analysis applies to other tools in this space. ChatGPT’s DALL-E integration is
a cleaner case of intuitiveness failure with no structural controls at all. Stable Diffusion’s
parameter-rich web interfaces sit between controllability and intuitiveness failures: the pa-
rameters exist, but they are exposed as raw numbers rather than through a representation
designers can read. The four systems in the rest of this thesis are attempts to satisfy all

three conditions for one specific task at a time.
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3.3 Four Design Tasks

In this thesis, I focus on Al-assisted design exploration, which is not a single activity. Design-
ers survey possibilities, build with what they find, refine promising directions, and discover
variations by trying things, and most projects involve all four of these, with the emphasis
shifting as the work progresses.

I call something a design task when it meets three criteria. First, it works on a space of
possibilities, not a single target. Second, it has a recognizable interaction pattern: overview-
and-zoom, connect-and-substitute, sketch-and-revise, or select-and-recombine. Third, a ma-
tured Al mechanism gives that interaction something to act on. Taken together, these three
filters yield the four tasks I develop in this thesis: navigate, compose, iterate, and remix.
The first two filters draw on design and HCI research; the third reflects the current state
of generative Al. Tasks that satisfy the first two but not the third are real exploration
moves that no system in this thesis addresses. For example, critique is a way of moving
through a possibility space by responding to artifacts. However, the Al side of critique
is still developing, in that models producing useful, designer-readable feedback are not yet
reliable. Constraint specification, where designers narrow a space by adding rules, would be
a fifth task. However, current models accept constraints only indirectly through prompts,
so the mechanism side does not yet provide a clean control surface. Comparison sits inside
each task rather than beside them: it is what designers do once a task surface shows them
options.

I did not derive this taxonomy independently of the systems and then test it. The four
tasks were developed in conversation with the four systems, and my claim is not that this is
the only correct partition. Rather, the claim is that the same human—Al-interface analysis
applies to each task, and that it yields tools which do work existing alternatives cannot. A
finer or coarser partition would not break the framework. What matters is that each task
gets an end-to-end controllability—affordance—intuitiveness analysis, not that the four tasks
are exhaustive.

Each of these tasks makes different demands on the AI mechanism and on the interface

representation that sits in front of it, and I discuss each in turn below.

3.3.1 Navigate: Wayfinding in Design Space

Wayfinding through a large collection of possibilities depends on two things: a view wide
enough to see the terrain, and a way to move through it on purpose. Map-based interfaces
support both, through overview, zoom, and filter. Shneiderman’s Visual Information-Seeking

Mantra [20] captures the pattern: overview first, zoom and filter, then details on demand.
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Pad++ and other zoomable Uls pushed this further with multiscale navigation and seman-
tic zoom [21]. What the designer generally wants here is a spatial overview that exposes
relationships and gives them a way to find their place.

Latent space navigation is what makes this tractable on the Al side. GAN and diffusion
latents contain semantically smooth directions that can be used for both organizing and
editing [62, 63], and a line of work including GANSpace [50], InterFaceGAN [51], and
SeFa [64] has shown that interpretable axes can be recovered for meaningful attributes. In
other words, the learned representation can be projected and walked along directions that

line up with concepts the designer already has names for.

3.3.2 Compose: Building with Modular Pieces

Foundation models can be chained together to do things no single model could do alone [57,
65|, with one model’s output becoming another’s input. The interface question is there-
fore how to give the designer hold of those connections rather than burying them in code.
Flow-based interfaces have a long history of doing exactly this: LabVIEW made graphi-
cal dataflow programming widespread [66], and Yahoo Pipes and Node-RED later brought
pipeline composition to end users [67]. The shape designers want is a workflow broken into

discrete pieces that can be wired up and rearranged on the canvas.

3.3.3 Iterate: Rapid Refinement Cycles

Iteration is about tightening the loop between what the designer means and what the system
gives back. Sketching has long been the natural medium for this kind of work, because it
lets designers think while drawing, hold things loosely, and obtain feedback early. SILK
and DENIM put sketching at the center of Ul prototyping [68, 69], and Sketch-n-Sketch
showed how a drawing and its underlying code can stay in sync as each is edited. Structural
conditioning is what lets diffusion models join this loop. ControlNet adds branches that
accept edges, depth, pose, or a sketch as conditioning [4], and GLIGEN takes object layouts
the same way [46]. Spatial and structural constraints carry the designer’s intent forward
while the model fills in the rest.

3.3.4 Remix: Discovering Through Variation

Some goals only become clear by being moved toward, and evolution-based interfaces let
designers guide a search by picking favorites instead of writing specifications. Karl Sims

showed this for artificial evolution of visual forms [70], and Picbreeder scaled the same idea
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into collaborative online evolution [71]. Low-Rank Adaptation [47] provides the AI coun-
terpart: lightweight finetuning toward a particular style, with multiple LoRAs composable

at fine-grained weights so aesthetic directions become parameters the designer can mix.
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Chapter 4

VideoMap: Maps as an Interface for
Navigating the Latent Space

This chapter presents VideoMap, the first of the four systems in this thesis. VideoMap
addresses the navigate task: video editors working with large collections of footage need
to see the whole space of clips and move through it deliberately. VideoMap projects video
frames onto a latent space and uses the resulting layout as a map editors can browse. Within
the HAI Triangle, the design task is navigating a large collection of footage, the AI mechanism

is latent space embeddings, and the interface representation is a map.

This chapter was adapted from: Lin, D. C. E., Caba Heilbron, F., Lee, J. Y., Wang, O.,
& Martelaro, N. (2024). VideoMap: Supporting Video Editing Ezxploration, Brainstorming,
and Prototyping in the Latent Space In Proceedings of the 16th Conference on Creativity &
Cognition (pp. 311-327).

4.1 Introduction

Video editing is creative and complex. Consider a typical workflow. The editor sifts through
large amounts of footage and develops an understanding of the material. They conceptualize
a narrative. They select clips, find connections between them, and weave them together with
suitable transitions. As the edit takes shape, they experiment with different ideas.

Popular video editing interfaces still rely on a sequential timeline, with designs rooted in the
metaphors of hand cutting and splicing film [72]. Footage sits in a grid-like asset management
panel, listed by filename or creation time [73]. These interfaces support assembling frames
in a specific order. But they offer no explicit mechanisms for the creative exploratory aspects
of editing: developing a holistic view of the footage, finding connections between clips, and
experimenting with ideas. We believe that there is an opportunity to build a new video

editing interface that better supports this creative process. We focus on the early stages of
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editing: exploration, brainstorming, and prototyping.

We take inspiration from latent space exploration tools that help users find patterns and
connections within complex datasets [74]. Latent space exploration tools leverage data pro-
cessing and recent machine learning techniques to transform data into vector representations
and enable users to visually explore the data on a spatial interface. Building upon this in-
sight, we ask if we can similarly project video frames onto a latent space and allow editors
to edit videos within this space.

To investigate this possibility, we developed VideoMap, a proof-of-concept video editing
interface based on latent space representations of video frames. VideoMap encodes frames
into latent spaces tailored to specific editing tasks. For example, one latent space places
frames with similar shapes near each other, helping editors find scenes that link into seamless
transitions. Editors may switch between different types of latent space maps that encode
information meaningful to video to focus on different types of tasks, a concept we call

* To facilitate more intuitive navigation of the map, we introduce a set

“swappable lenses.’
of map-inspired navigational elements: nodes, districts, landmarks, and paths [75]. On top
of the map, we built three components: (1) Project Panel for exploring footage, (2) Paths
Explorer for finding transitions, and (3) Route Planner for prototyping rough cuts.

In a user study, we invited both professional and non-professional video editors to test
VideoMap. We found that video editors were able to effectively use VideoMap’s components
to perform the editing tasks listed above. Editors expressed that VideoMap provides a user-
friendly editing experience, reduces tedious grunt work, enhances the overview capability
of video footage, helps identify suitable video transitions, and enables a more exploratory
approach to video editing. We further explored the design space of VideoMap by showcasing
how VideoMap can be customized and extended to support additional applications, including
summarizing videos, finding highlight moments within videos, and text-based video editing.

This research thus makes the following contributions:

e We introduce VideoMap, a proof-of-concept video editing interface that op-
erates on video frames projected onto a latent space. We support intuitive
navigation of the latent space through map-inspired navigational elements and facili-

tate transitioning between different latent spaces using swappable lenses.

e We built three VideoMap components to support editors in three common video
tasks: exploring video footage, finding suitable video transitions, and quickly proto-

typing rough cuts.

e We demonstrate the effectiveness of VideoMap in supporting video editors complete
creative editing tasks through a user study (N=14). Editors felt that VideoMap
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provides a user-friendly editing experience, reduces tedious grunt work, enhances the
overview capability of video footage, promotes editing continuity, and enables a more

exploratory approach to video editing.

e We further demonstrate the versatility of VideoMap by implementing three extended
applications, showcasing how future developers may customize and extend VideoMap

for additional use cases.

4.2 Related Work

Our work is situated among literature on video editing tools, video browsing interfaces, and

latent space exploration tools.

4.2.1 Video Editing Tools

VideoMap contributes to extensive literature on enhanced video editing tools. In this section,
we discuss some past techniques, such as leveraging video metadata, pen input, tangibles,
text-based editing, and automation.

Early research on video editing tools explored how data embedded within and associated with
videos could be used to create new editing interfaces. One of the seminal works, SILVER
[76], uses video metadata to support editors with additional panels to interface with and edit
video footage, such as storyboards, editable transcripts, and timeline views. SILVER shows
how the use of video metadata allows for smart editing capabilities beyond simple cutting,
trimming, and arranging of video frames on the timeline. [77] analyzes video content for
fast motion or zooming and computes a “suitability” score for each video frame to help
editors decide which clips to include in the edit. This suitability score takes information
about the video embedded in the pixels and makes it available as metadata for editing
purposes, showing how metadata derived computationally from the frames can be leveraged
to support creative editing work. VideoMap builds upon these works and leverages new
kinds of metadata derivable with modern machine learning techniques.

Early researchers have also looked into alternative ways to arrange and trim videos. [78]
proposes a way to edit video where the user gives voice comments over the video and the
system creates a newly edited video based on the comments. Other research has explored
augmenting video editing using pen-based technology, allowing editors to edit videos with
direct manipulation [79-81]. Another thread of research explores using tangible interfaces
to allow co-located users to edit videos collaboratively [82-84].

More recent research have mostly explored developing video editing tools that cater to a

specific domain. A large thread of work focuses on building editing tools for text-focused
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videos, such as voiceover videos and talking head videos. [85] helps users edit dialogue-driven
scenes by matching video clips to relevant dialogue. [86] lets users edit talking-head videos by
editing a text transcript. [87] helps recommend b-roll video clips via interactive transcripts.
Similarly, [88] lets users edit text and automatically recommends video clips they filmed to
use in the edit. [89] helps users create videos by recommending matching images over text
and transcripts through the notion of word concreteness (i.e., the extent to which a word
describes something that can be visually experienced). [90] allows users to add images to
podcasts by using natural language processing to identify important geographic locations
and descriptive keywords. Today, several commercial, text-based video editing tools allow
users to edit videos via a paired transcript, including Descript [91] and Type Studio [92]. In
Section 4.7.3, we demonstrate how VideoMap may also be extended to support text-based
video editing.

There have also been efforts to automate the video editing process using algorithmic tech-
niques, including identifying highlight segments [93-95], mimicking professionally-created
videos [96-99], instructing editing objectives in natural language to an LLM-powered agent
[100], and automatically synthesizing sound based on video content [101]. In addition, re-
searchers have also explored automatically converting various forms of content into videos,
such as web page to video [102], markdown to video [103], and physical demonstrations to
video [104]. Although the main objective of VideoMap is not on automatic video editing,
we designed a feature that supports editors in automatically generating an initial draft of
a video (see Section 4.4.4), suggesting its potential to support new kinds of video editing

automation.

4.2.2 Video Browsing Interfaces

A related research area to video editing tools focuses on interfaces to support video browsing.
Browsing and selecting videos from a large set of raw footage is an important first step in
the video editing process. A large body of research investigates the use of direct manipu-
lation techniques [105] for video browsing. Many works have explored video playback by
allowing the user to directly click and drag objects within the video, such as clicking on a
car and dragging it along the road to play the video over time [106-109]. [110] creates a
timeline with dynamic playback speeds to emphasize important content. Another thread of
research supports users in browsing through videos by revealing additional information, such
as additional thumbnails [111, 112], visualizing various types of metadata such as brightness
intensity and hue histograms [113], enhancing the playback of software tutorial videos by
leveraging crowdsourced data from previous user interactions with the tutorials, [114], and

improving the playback of surgical videos by surfacing related surgical videos that perform
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similar surgical steps [115]. In VideoMap, we leverage the content embedded within videos
to enable enhanced browsing of video clips and visualization of connections between video
clips. This allows editors to explore videos based on their content, rather than merely view-
ing them as a list of files.

In addition to visual browsing methods, researchers have also explored adopting text-based
browsing and navigation for content-heavy videos, such as for lecture videos [116, 117],
movies [118], presentation videos [119], and how-to videos [120]. Such text-based browsing
methods allow editors to quickly find the right moment in the footage, helping them focus
more on composing the video than on searching for content. In VideoMap, we also leverage
text-based search of features derived from a semantic latent space to allow editors to find

content within large amounts of footage (see Section 4.4.2.1).

4.2.3 Latent Space Exploration Tools

With advancements in machine learning, researchers in visualization and interpretable ma-
chine learning communities have recently explored methods for visualizing the embeddings of
neural networks. These embeddings are vector representations of data that have been learned
by neural networks. A common initial step of such works involves reducing the dimensions of
these vector representations, which are often high-dimensional, to just two dimensions. This
allows for the data to be visually plotted using x and y coordinates, resulting in a 2D latent
space. Various techniques can be used to reduce the dimension of embeddings while retaining
as much information as possible. Some popular methods include t-SNE [121], HSNE [122],
PCA [123], and UMAP [124]. In VideoMap, we adopt dimensionality-reducing preprocess-
ing to develop a new interface for viewing and working with video footage.

Given a 2D latent space, researchers have investigated the development of interactive inter-
faces to support user exploration [125]. [74] develops an interface to help users interactively
discover meaningful relationships among data points in the latent space. [126] allows users to
discover structural relationships in data, such as the association of items within groups and
the hierarchies of items between groups items. Several works have investigated interfaces for
visualizing semantic relationships of text data [127, 128]. [129] analyzes cooking processes
at scale by clustering recipes with respect to their structural similarities and facilitates pair-
wise comparisons between recipes. [130] allows users to visualize a latent space of gestures.
[131] support users in visualizing a latent space of human interpretable concepts, such as
cars. Many researchers have also worked on tools for comparing multiple latent spaces, such
as by highlighting visual changes [132] and through side-by-side comparisons [133, 134].
Most relevant to our work, [135] train video-specific autoencoders (i.e., autoencoder models

overfitted to the task of regenerating the videos) to visualize video frames on a latent space,
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which could be used to perform video manipulations such as inpainting and creating video
textures (i.e., looping videos). In VideoMap, we draw inspiration from latent space visual-
ization interfaces to assist video editors in identifying patterns and connections within video
footage. We create latent spaces that are meaningful for video editors, representing various

aspects of video editing, such as concepts of semantics, color, and shape.

‘ L;ndmal‘"k
el (centroid frame of district)

Figure 4.1. VideoMap is a proof-of-concept video editing interface that operates on video
frames projected onto a latent space, enabling users to visually uncover patterns and
relationships. We introduce map-inspired navigational elements (node, path, district,
landmark) to support users in navigating the map.

4.3 Principles of VideoMap

We distill three principles to ground the development of VideoMap based on theories and
practices in video editing. These guiding principles include providing an overview of the
video footage, maintaining editing continuity with seamless transitions between clips, and

facilitating exploration and experimentation throughout the editing process.

4.3.1 Principle 1: Overview

As a time-based medium, video forces editors to spend considerable time playing through
and reviewing footage sequentially on a timeline to understand their material. In VideoMap,

we overcome the sequential nature of video browsing by projecting clips onto a 2D latent
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space that offers a comprehensive overview at a glance. Craft and Cairns [136] suggest that
patterns and themes in data can only emerge from a vantage point that comprises the whole
view. Map-like interfaces, such as plots on a 2D latent space, can provide such an overview
of data and have been shown to allow people to better understand the thematic information
across a dataset [137]. We posit that with an enhanced overview, editors will be able to
more easily identify patterns and structure and conceptualize a narrative thread from a set
of video clips. Furthermore, we designed “swappable lenses” for editors to easily switch
between different types of overviews (i.e., different latent spaces) to uncover different types
of patterns within the footage, such as patterns in semantics, color, or shape (see Section
4.4.1.2). We designed the Project Panel component to test how VideoMap can support

editors through an enhanced overview capability.

4.3.2 Principle 2: Continuity

Continuity is one of the key principles of video editing. In the 2012 Asia-Pacific Symposium
on Creative Post-Production, Richard Crittenden, author of the book Film and Video Edit-
ing, comments: “It remains true that good editing tends to be the art that conceals art”. The
goal of continuity is to connect clips seamlessly so that the edits are “invisible” to the viewer
[138]. One editing technique that editors use to achieve continuity is called match cutting
[139]. For example, the editor could cut from a video frame of a bagel to a video frame of a
donut — using two different objects with similar shapes to transition between present and
past scenes, for example. In VideoMap, we aim to assist editors in achieving continuity by
recommending seamless video transitions. Since VideoMap operates in the latent space, we
suggest video transitions for a video clip or frame by finding near neighbors in the latent
space. Taking the shape-based match cut example: By creating a latent space where video
frames containing similar shapes are organized near each other, the bagel video frame and
the donut video frame will be near neighbors in the latent space. We designed the Paths
Explorer component to test how VideoMap can support editors in achieving continuity in

editing.

4.3.3 Principle 3: Exploration

Even with a well-defined narrative and a principle of continuity to follow, video editing
remains a process that involves exploration and experimentation. Film director Ridley Scott
likened editing to the process of painting: “FEditing is like painting, only with film. You are
constantly making choices and trying to find the best way to tell the story.” In VideoMap, we

aim to provide editors with a wide range of exploration mechanisms. First, we created four
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map-inspired navigational elements to help editors explore the latent space: nodes, paths,
districts, and landmarks [75]. Second, we implemented a semantic searching mechanism in
the Project Panel component, allowing editors to quickly locate and discover clips using text
prompts. Third, we recommend multiple alternative video transition options for editors in
the Paths Explorer component. Finally, we designed the Route Planner component, which
can automatically assemble video cuts from user-selected clips, enabling editors to quickly

test and preview the results of different editing ideas.

4.4 Implementation

Our three principles are manifested in VideoMap and guide its implementation. The follow-
ing outlines the implementation of our system. We first detail how we built the base layer
latent space map that powers the VideoMap interface. We then go through how we designed
VideoMap’s main components, including the Project Panel for exploring video footage, Paths
Explorer for finding suitable video transitions, and Route Planner for prototyping video route

cuts.

4.4.1 Building the Map

We implemented VideoMap’s base layer by first creating the 2D latent space. We then
enable flexible reconfiguration of different latent spaces using swappable lenses, and support

intuitive navigation of the map through map-inspired metaphors.

4.4.1.1 Creating the Latent Space

VideoMap is based on a latent space representation of video frames. Specifically, we encode
video frames into vector representations such that they are meaningful for particular video
editing tasks. For example, we can create a latent space map to help editors find shape match
cuts, a type of video transition which links together two scenes that contain similar shapes to
create a smooth transition (see an example from Kubrick’s 2001: A Space Odyssey).
To create this map, we pass video frames through DeepLabv3 [140], an image masking
model, with a ResNet [141] backbone and extract a 512-dimensional vector representation
right after the last visual layer (Figure 4.2a) Our insight is that due to the mask generation
objective, which extracts the dominant shape(s) of an image, vector representations extracted
from DeepLabv3 implicitly encode valuable shape-related information. In other words, video
frames that contain similar shapes should have more similar vector representations.

Next, we project the vector representations of all video frames into a multi-dimensional

latent space. To allow editors to browse through the latent space, we apply t-Distributed
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Deeplabv3 DeeplLabv3
Encoder Decoder

Figure 4.2. The pipeline for creating the shape lens. We pass video frames through
DeepLabv3, an image masking model, to extract shape-related vectors (a). We then apply
t-SNE to reduce the vectors to two dimensions (b) and visually rearrange the vectors by
video to make the videos more skimmable (c).

Stochastic Neighbor Embedding (t-SNE) [121] to reduce the latent space to two dimensions.
In the first iteration of VideoMap, we visualized the vector embeddings directly according to
the coordinates generated from the t-SNE (Figure 4.2b). However, in our pilot tests, editors
felt that this was too messy. They also wished to discern groups of points that belong to the
same videos more easily and be able to “play through” the videos. Therefore, in the current
iteration of VideoMap, we visually rearrange the points on the map by video (Figure 4.2c).
We first compute the centroid of all points for each video, then we then visualize frames
as points horizontally across the centroid at equal distances. We also display the centroid
video frames. Editors can thus play through each video by scrubbing through the points
horizontally. From our user study, we found that editors considered this design to be easy

to use (see Section 4.6).

4.4.1.2 Developing Swappable Lenses

We call the different methods of encoding video frames into meaningful vector representations
as different lenses. In Section 4.4.1.1, we create a shape lens. Under the shape lens, video
editors can identify shape-based match cut opportunities by looking at neighbors on the
latent space. Similarly, one may develop new lenses by finding other ways of encoding
useful vector representations for other use cases. In our proof-of-concept, we implemented a
color lens (video frames organized by color) and a semantic lens (video frames organized
by meaning). To create the color lens, we first extract 3D histograms from each RGB

video frame using 8 bins per channel and normalizing with range = [0, 256], then flatten the
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Prompt

torii gates

Figure 4.3. The editor can search for videos using text prompts (e.g., torii gates).

histogram to generate a 512-dimensional color-based vector. To create the semantic lens, we
encode each video frame through the image encoder of CLIP [9], a neural network that has
learned semantic concepts, to generate a 512-dimensional semantics-based vector. Rather
than creating a one-size-fits-all map, we allow editors to flexibly swap between different lenses
and reconfigure VideoMap according to different criteria. We demonstrate examples of how
video editors creatively made use of the different lenses for different editing tasks in Section
4.5.4.3.

4.4.1.3 Navigating with Nodes, Paths, Districts, and Landmarks

We designed four map-inspired navigational elements to help editors navigate through the
map (Figure 4.1). The four elements are nodes, paths, districts, and landmarks. These
elements are inspired by Lynch’s seminal The Image of the City [75], which studied the
elements people use to form mental maps of a city.

Nodes. The node is a point (i.e., a vector representation of a video frame) that the user
hovers over with their cursor. We follow Schneiderman’s details-on-demand mantra [142]

by expanding the node’s detailed information, such as its corresponding video frame, video

31



filename, and timecode.

Paths. Paths are lines that connect from a user-selected node to its neighboring points
on the latent space. When a user clicks on a node, we display ten paths that start from
the node and connect to the ten closest neighboring points, which are the points with the
smallest cosine distances to the node. We exclude neighboring points that belong to the
same video as the node to ensure that the paths represent video transitions. To obtain
an accurate representation of neighbors, we calculate the distances based on the original
vector representations rather than the rearranged coordinates on the visual map (see Section
4.4.1.1).

Districts. Districts are groups of points with common characteristics. Throughout most of
this paper, we present the version of VideoMap where points that belong to the same video
are grouped into a district. Note that paths connect across two different districts (i.e., video
transitions). We color-code the points by district to visually separate them. We also consider
alternative methods for defining districts, such as through groupings of semantically similar
video frames, in Section 4.7.1.

Landmarks Landmarks are reference markers on the map. With landmarks, the user can
obtain an overview of the map at a glance (Principle 1). We visualize the corresponding
video frames of some points on the map as landmarks. Throughout most of this paper,
we present the version of VideoMap where we generate one landmark for each district by
visualizing the video frame of the point closest to the district’s centroid. We also explore

the option of allowing users to define custom landmarks in Section 4.7.2.

4.4.2 Project Panel

The Project Panel is the first component that the editor can use on VideoMap (Figure 4.4).
We designed Project Panel to enable editors to explore video footage more easily (Principle
1). Traditional video editing software typically feature a grid-like interface that displays all
of the editor’s video files ordered by filename or time of creation. In VideoMap’s Project
Panel, instead of displaying a standard grid, we rearrange the display of the video files
based on the selected lens. For example, Figure 4.4 displays a collection of videos in the
Project Panel under the semantic lens. The editor can swap between different lenses to
rearrange the layout and discover new perspectives on the video footage. To reproduce the
video thumbnails seen in traditional video editing software, we display the landmark for each
video file. The editor may play through the video files by scrubbing the landmarks from left
to right. The editor may also zoom in or out of the map by scrolling to view regions of the

map with less clutter.
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Prompt

Figure 4.4. VideoMap’s Project Panel component. The figure shows a collection of videos
organized under the semantic lens. The editor can play through the videos by scrubbing

the landmarks from left to right (a). Example semantic clusters of videos are shown in (b)
for several videos containing streets and buildings and (c) for concert videos.

4.4.2.1 Prompts

The editor can filter videos with text prompts (Principle 3) (Figure 4.3). For example,
by typing torii gates, the editor can highlight these videos and fade out the rest. We
encode the text prompt using a CLIP text encoder and compare the text embedding to
the image embeddings of video frames, encoded by a CLIP image encoder (i.e., the vector
representations under the semantic lens). From our user study, we found that editors felt

that this method handled prompt searches effectively (see Section 4.5.4.2).
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4.4.3 Paths Explorer

filename: sf_1660106610752.mp4

timecode: 00:00:00:00

Figure 4.5. VideoMap’s Paths Explorer component. The editor can select a video frame to
display ten video transition suggestions based on the selected lens (a). For example, a
video frame with a similar color composition is recommended under the color lens (b).

Paths Explorer is the second component that the editor can use on VideoMap (Figure 4.5).
We designed Paths Explorer to assist editors in finding suitable video transitions (Principle
2). Editors typically arrange videos in a sequential timeline, which can make it difficult for
editors to identify patterns of video frames at different times and across different videos.
With Paths Explorer, we overcome the inherent sequential nature of videos by arranging
them on a 2D map, thereby removing the limitations of viewing video frames along a 1D
timeline (Principle 1). While we only display each video’s landmark in Project Panel, we
display each video’s individual video frames as points in Paths Explorer. We color-code
the points by video (districts) and fade the landmarks to reduce visual clutter. When the
editor clicks on a point, the interface draws 10 paths connecting to nearest neighbor vector
representations from other video(s) (Figure 4.5b). These paths represent potential video
transitions that the system suggests based on the selected lens. For example, Figure 4.5
displays recommended paths that connect between videos with similar color composition
(having two prominent blocks of color divided at the horizon) under the color lens. The

editor can switch between the lenses to discover different types of video transitions.
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4.4.4 Route Planner

Figure 4.6. VideoMap’s Route Planner component. The editor can select several video
clips to automatically generate a rough cut video based on the selected lens (a). For
example, the editor can create a video of a person running through various backgrounds
under the shape lens (b). Route Planner automatically finds the optimal video transitions
(c1 and ¢2).

Route Planner is the third component that the editor can use on VideoMap (Figure 4.6.
We designed Route Planner to help editors automatically generate rough cuts, which is
an initial rudimentary edited version of a video, to quickly explore different video edits
(Principle 3). With Route Planner, the editor can select several video clips and the system
will automatically find an optimal route across paths (see Section 4.4.3) that connect these
video clips, based on the selected lens. For example, Figure 4.6 displays an example route
that connects across multiple videos containing the same running action under the shape
lens. One can think of this component as being analogous to the Google Maps route planner
[143]. The paths connecting video clips are like “streets”. Route Planner finds the fastest
route that travels through the streets and passes through each of the selected video clips
once. Since the “distances” between video clips on the map are determined based on the
selected lens, the editor can switch between the lenses to try out different rough cuts based

on different criteria, such as switching to color to connect clips with similar color grading
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or semantics to connect clips depicting similar objects or activities.

To implement Route Planner, we first find the shortest path for all combinations of video
pairs (i.e., optimal video transitions). These paths serve as the “streets” that connect across
different videos. Next, we find the shortest route along the streets that passes through all
videos (i.e., the Shortest Hamiltonian Path Problem) with a dynamic programming approach.
Finally, we visualize the route on the interface and render the rough cut video by traversing
through the route. Since the streets are undirected, some videos may be reversed during the
traversal. This can lead to interesting results where videos are connected with one playing

forward and one playing in reverse.

4.5 User Study

We conducted a user study to observe how professional and non-professional video editors
might use VideoMap to complete creative editing tasks, including developing an overview of
the video clips they have, finding unique transitions and cuts between clips, and crafting a

rough cut of a video. We aimed to address three research questions with the study:

RQ1. How can VideoMap assist editors in exploring video footage?
RQ2. How can VideoMap assist editors in brainstorming suitable video transitions?

RQ3. How can VideoMap assist editors in rapidly prototyping rough cuts?

4.5.1 Study Design

To address our three research questions, we asked video editors to perform the three video
editing tasks using VideoMap. Specifically, we asked participants to use the Project Panel
to explore and familiarize themselves with a collection of video footage, use Paths Explorer
to find video transitions, and use Route Planner to create rough cuts. During the study, we
asked participants to share their computer screens and perform a think-aloud [144] describing
what they were doing and thinking while using VideoMap.

We collected data using three methods. First, participants completed a questionnaire with
written descriptions of their task work (e.g., how the clips are organized) and feedback com-
paring VideoMap to the editing software they normally use (see Questionnaire in Supporting
Documents). Additionally, participants attached screenshots of the interface (e.g., a screen-
shot of a video transition shown in Paths Explorer that they found interesting) and video
outputs from completing the tasks (e.g., a rough cut video generated by Route Planner).

Second, we recorded the participants’ computer screens and transcribed their spoken audio
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throughout the sessions. Third, the first author silently observed participants working and
noted down interesting insights, such as participants’ thoughts while using the system, in-
teraction observations from the screen captures, and the creations participants made while
completing the tasks. Together, these data gave us rich insight into participants’ experiences

with VideoMap and visual evidence of how it supported common editing tasks.

4.5.1.1 Video Collection

We gathered a sample of video clips for participants to use during the editing tasks in
our studies. This collection comprises 30 diverse videos, filmed by the authors in various
locations including San Francisco, Pittsburgh, and Tokyo. The content covers a variety of
categories, including objects like food and architecture, scenery like streets and grassy fields,
and actions like running and scootering. The videos were captured using different camera
equipment, such as mirrorless cameras, smartphones, and 360 action cameras. The video
clip lengths vary from a couple of seconds to several minutes long. Figure 4.4 provides an

overview of the sample video collection displayed in VideoMap’s Project Panel.

4.5.2 Participants

We recruited 14 participants (8 male, 6 female) aged from 23 to 55 (u=28.21, 0=8.78).
Seven of the participants are professional video editors recruited from Upwork [145], a plat-
form for hiring creative freelance workers, and seven of the participants are non-professional
video editors recruited at our institution via word-of-mouth and snowball sampling. We
recruited both professional and non-professional individuals to test VideoMap’s ability to
support professional editing work as well as make video editing more approachable for non-
professionals. We conducted a background survey with the participants before each study to
assess their video editing experience. Professional participants have high self-rated familiar-
ity with video editing (u=5.86, 0=1.46) (7-point Likert scale) and many years of experience
(1=8.07, 0=2.55). Non-professional participants have moderate self-rated familiarity with
video editing (u=4.43, 0=1.27) and several years of experience (x=3.00, 0=1.15). Partici-
pants use various video editing software such as Adobe Premiere Pro, Final Cut Pro, Movavi
Video Suite, iMovie, CapCut, and Google Photos Movie Editor.

4.5.3 Procedure

We conducted the studies over video conference (Zoom). We asked participants to try out
the three components of VideoMap (Project Panel, Paths Explorer, and Route Planner) and

complete a video editing task using each component.
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After obtaining the participant’s consent, we collected background information about their
prior video editing experience. Participants then tried VideoMap. First, they used the
Project Panel to familiarize themselves with the sample video collection and think about how
they could create a video montage using it. We also asked participants to try the different
lenses (semantic, color, shape) and try searching for clips by typing different prompts in
the prompts box. Second, the participant used Paths Explorer to find video transition
opportunities. Third, they used Route Planner to create rough cuts from the provided clips,
picking selections via Project Panel and recording one rough cut they found interesting.
After trying all three components, participants completed a post-study survey about their
experiences and contrasted them with their usual editing software. The study lasted for

approximately 1 hour.

4.5.4 Results

We analyzed our data, including observation notes, audio transcripts, and form responses,
with inductive coding to identify common themes. The following presents our findings. We

note direct quotes from professional participants as P and non-professionals as N.

4.5.4.1 Project Panel

Participants were able to use Project Panel to explore the video footage by familiarizing,
grouping, and uncovering structure among the clips (RQ1). In addition, participants also
noted additional use cases of Project Panel, such as supporting visual ideation and helping
with planning new shots to take. As part of the first task, we asked participants to brainstorm
narrative ideas that utilize the sample video collection. Some ideas from participants include
a video starting from wide-angle shots and then showing details of single activities, a video
that first shows campus life and then has a fancy transition to life during the holidays
(traveling, concerts), and a video introducing various Japanese cuisines.

Familiarize with video footage. Participants were able to use Project Panel to familiarize
themselves quickly with the video collection. P3 expressed that “the beginning process of
editing a video can be really daunting” and Project Panel “takes a lot of the time out of
needing to familiarize yourself with the content that you have”. N3 enjoyed using Project
Panel as a “good preprocessing step” and expressed that it “can save people time trying
to eyeball videos manually themselves.” Participants felt that Project Panel “corresponds
well with [their] mental model of how [they] would look for footage (e.g., grouping common
themes) (N4)” and facilitates a “faster and more intuitive way to explore a collection of video
assets (P4)”.
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Organizing large projects. Participants noted that Project Panel could be especially
useful for organizing large projects, such as being “a unified hub for large projects involving
many team members (P1)”. In particular, many participants enjoyed that Project Panel
helps save time and effort required to manually assign tags to video clips or bin video clips
into folders (P1, P3, P5, P6, P7, N7): “It takes forever to tag clips. It’s either that or
subfolders. It’s such a pain to go through a whole day’s worth of shooting. (P7)”

Uncover structure. Participants stated that Project Panel helps “reveal underlying struc-
ture within the recorded content (P4)”, especially those that “may not be entirely apparent
at first” (P4). Participants enjoyed the “inspiration and surprise factor (N5)” and helps
create “a fresh perspective on clips they might have passed up (P7)”: “Gelting a new take
or generating different ideas is what Al is great for and is how we can use tools like these to
enhance our editing. (P7)” Participants were also able to use Project Panel to easily identify
outlier videos (P2, N5): “This one color is definitely sticking out (P2)”.

Support visual ideation. Participants expressed that having the videos visually arranged
in a 2D space helped them “have a better sense of the clips that they are working with and
see the overall vision of what they want to create (P5)” (Principle 1). For example, some
participants wanted to create a video that takes one scene from each cluster on the map (P1,
P5) while others wanted to create a video that focused only on one cluster on the map (P6,
N2). N1 noted that “seeing similar footage organized in the same place helps [them] figure
out where to look if [they are] searching for certain elements (N1)”.

Plan the shots. Participants reported that Project Panel helped them with planning the
(additional) shots that need to be taken (P5, N2). P5 stated that the “biggest pro [of Project
Panel] was seeing the overall visuals of clips and the amount per grouping. I would use this at
the very beginning of my workflow where I decide what other clips I need to take to complete

the story. For example, if each scene of a trip is in there or if I need more concert clips.”

4.5.4.2 Prompts

Participants were able to make use of the prompt box in Project Panel for various purposes,
such as quickly searching for clips, searching for similar clips, and searching for cinematic
elements. As part of the first task, we asked participants to write down three prompts they
found the most interesting during their explorations. The average length of the prompts is
around 2 words (u=2.24, 0=2.00). The most popular prompt was food, which was included
by 5 participants. We grouped the prompts into 6 categories. Overall, participants searched
for objects 13 times (e.g., bike), scenery 10 times (e.g., outside in a grassy field),
location 6 times (e.g., restaurant), action 7 times (e.g., cooking), time 3 times (e.g.,

daytime), and cinematography elements 3 times (e.g., establishing shot). Some example
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prompts from participants include videos of people (P2), running (N2), blue sky (P6),
autumn colors (N5), motion blur (N5), and establishing shot (P3).

Search for a clip (instantly). Participants used the prompt box to search for clips quickly:
“I would be editing at the hotel after a day of filming. Suppose I went to Rome today and
I remember I went to the Trevi fountain. It’ll be way easier to find it [by searching ‘trevi
fountain’]. (P2)” P5 commented that they could use the prompt box to more easily search
for “clips with triangular elements while not remembering where those clips were” and P3
commented that they could use it to “find good b-roll shots” for interview-style videos.
Search for similar clips. P7 commented that they could use the prompt box to search for
similar clips: “There’s a concert clip. I wonder if there are any other concert-related clips.”
Search for cinematic elements. P3 and P4 commented that they could use it to find
specific cinematic elements to use for their videos, such as an “establishing shot to start off

a video (P3)” or a “wide-angle shot to sprinkle in some drone footage (P4)”.

4.5.4.3 Swappable Lenses

Participants found the Swappable Lenses concept useful and expressed that it helped shine
a light on different perspectives and allowed VideoMap to be able to cater to people with
different editing styles. Participants came up with many creative ways of utilizing Swappable
Lenses. P4 used the color lens to find videos of similar seasons, such as autumn. P5 used
the color lens to arrange videos chronologically, starting with the day and ending with night
scenes. P7 used the color lens to identify videos with warmer and cooler tones. N5 used the
color lens to identify black frames to serve as transition points. N6 expressed the potential
of using the color lens to maintain a steady color grading scheme. P7 used the shape lens
to find videos with similar horizon positions. N6 used the shape lens to identify videos that
contain people running. P4 used the shape lens to find videos containing circular shapes.
P5 used the shape lens to find videos that have similar angles and are rotating in similar
motions.

Shine light on different perspectives. Participants expressed that Swappable Lenses
helped shine light on new perspectives (N1, N4, N5, P7): “They give different perspectives
that focus on different traits of the footage (N1)”. For example, the color lens helped reveal
videos with the same color palette or aesthetic (P1, P3, P4, P6): “In the color lens, I
could see the videos that have warmer colors versus cooler colors, which I didn’t notice this
in the semantic lens. (P7)” In addition, participants found the shape lens useful for finding
videos containing people doing similar actions (N1, N5, N6, P5, P7) or videos with similar
compositions (P4, P7). P7 felt that “the different lenses created subtle filters to the footage

which inspired [their| decision-making process.”
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Something for everyone. Participants expressed that Swappable Lenses allow VideoMap
to be flexible in supporting editors who might prefer different types of editing techniques:
“It also serves users’ preferences in different video editing techniques. Users can choose ways
that work the best for them. (N3)” Among the 14 participants, 8 participants preferred using
the semantic lens the most, 3 participants preferred using the color lens the most, and 3

participants preferred using the shape lens the most.

4.5.4.4 Paths Explorer

Participants were able to use Paths Explorer to identify suitable video transitions by recog-
nizing interesting match cuts with minimal time and effort (RQ2). In addition, participants
also expressed that Paths Explorer also helped encourage and facilitate more exploration.
As part of the second task, we asked participants to record three video transitions they
found the most interesting during their explorations. Some video transitions from partici-
pants include using the shape lens to cut between scenes that have buildings with similar
architectural designs, using the shape lens to cut between scenes with similar composition
(both having two prominent blocks of color divided at the horizon), using the semantic lens
to cut between food scenes, and using the color lens to cut between scenes featuring trees
with similar autumn tones.

Identify match cuts. Participants expressed that Paths Explorer is a “cool and unique way
to conceptually look at footage and generate match cut ideas (P7)”. Participants were able
to easily link together different environments with similar vibes (Principle 2) (P1, P7, N1,
N2, N3, N7): “[Paths Ezplorer] helps find associated concepts across different videos more
easily. (N2)” Non-professional editors found that Paths Explorer changed how they think
about video transitions. For example, N3 noted that Paths Explorer “made [them] put more
thought into transitions” where they “previously had not thought too much about them.” N1
commented that Paths Explorer “inspired a lot of new ideas about how a transition could
be.”

Save time and effort. Participants noted that Paths Explorer helped save time and effort in
finding transitions (P3, P7, N1, N5): “Scrolling over footage and going back and forth can be
very time-consuming and tedious (P7).” P3 commented that “having a lens that specifically
found the paths between matching shapes shaved off hours of looking through footage.” N5
appreciated being able to see “the exact frames that can be connected together”.
Encourage exploration. Participants felt that Paths Explorer helped encourage more
exploration compared to traditional video editing software (Principle 3): “It’s a more ex-
ploratory approach than with the Premiere interface. I can discover relationships between

scenes easier. It’s a great way to anticipate multiple possible transitions without committing

41



to an idea. (P4).” NI appreciated the ability to view multiple transition suggestions to-
gether: “Oh these are kinda cool. This is probably better. I'll choose this one. (N1)” N2
enjoyed the ability to “simultaneously explore frames at different time points and not being

constrained by the temporal ordering of video content.”

4.5.4.5 Route Planner

Participants were able to use Route Planner to quickly prototype rough cuts with automatic
editing of clips (RQ3). In addition, participants also commented that Route Planner is able
to help their editing workflows by generating ideas, facilitating quick previewing of ideas,
and suggesting enhancements. As part of the third task, we asked participants to record a
rough cut generated by Route Planner that they found the most interesting. Some rough
cuts by participants include using the shape lens to generate a video of a person running
with different backgrounds, using the shape lens to generate a video with a seamless foot
transition, and using the color lens to generate a video that starts from daytime and ends
with nighttime.

Automatic editing. Participants enjoyed being able to quickly generate edited rough cuts
using Route Planner (P2, P3, N1, N2, N3, N6): “It reduced the hassle of trying to arrange
clips in a way that makes visual sense. Using traditional software would have made this
process take hours. (P3)” P2 and N6 commented that Route Planner could be helpful for
publishing video content on social media platforms: “It could be great for platforms that need
content generated quickly, like TikTok. It could easily help create content like a supercut or
quick preview. (P2)” Participants felt that Route Planner generated quality cuts: “It’s a
very cool video. That foot part didn’t even seem like a transition. It just seemed so seamless
that I thought it was the same video. (N3)”

Generate ideas. Participants commented the Route Planner can be used for idea gener-
ation. For example, N1 commented that they could throw clips into Route Planner before
jumping into editing to “quickly plan out an editing plan.” On the other hand, N5 com-
mented that they would primarily use Project Panel and Paths Explorer and “use Route
Planner if [they] run out of creative ideas.”

Preview ideas quickly. Participants felt that Route Planner helps editors “try out different
ideas faster than the traditional software (N6)” (Principle 3). P7 commented that “/Route
Planner| was a really good way for [them] to visually come up with and execute ideas. When
using Route Planner, I had thought of many different ways the videos and clips could have
been edited together.”

Suggest enhancements. Participants noted that Route Planner could be used as a tool

for suggesting editing enhancements. P7 commented that they could first “manually do a
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rough cut, then give Route Planner the clips that [they] used and see if it could come up with

a better cut.”

4.6 Discussion

Participants generally felt that VideoMap offers a user-friendly approach to video editing
(P3, P5, P6, N1, N2, N6). Specifically, non-professionals remarked that VideoMap “makes
editing tasks much easier (N6)”, possesses a “smoother learning curve (N1)”, and offers a
“more fun way to edit videos (N2).” Additionally, participants expressed that VideoMap
helps reduce the non-creative grunt work involved in video editing, allowing for greater focus
on creative aspects (P5, N5, N6): “Trying to write my process in Premiere made me realize
how complicated it actually is to do this task, [and] how much manual searching and scrolling
through frames I do. (P5)”. N6 explained that their workflow of organizing video footage
using traditional editors involves “manually sorting the wideos in a file browser, picking
the videos that [they are] most interested in, then manually uploading them into the editing
software (N6)”. With Project Panel, they could “have all videos uploaded at once, then filter
with prompts using the ideas [they] have in mind (N6)”.

One clear benefit of VideoMap is its enhanced overview capability (Principle 1). By break-
ing the sequential nature of browsing videos, viewing videos across a latent space in the
Project Panel helps editors explore raw footage, enabling them to better familiarize them-
selves with and uncover structure within the footage (RQ1): “/VideoMap] helped me get a
more comprehensive overview of the materials more quickly (P4)”. PT reflected: “I think
the traditional video editor can leave much to be desired. [VideoMap] is a fresh take on the
old concept, allowing for the clips to shine and visually show [me] what they are and how
[I] might think to compose them.” N5 commented that “/VideoMap] is a more inspirational
way of organizing video clips” and N3 noted that “/VideoMap] helps editors tell better stories
with connected themes, color, and shape”. Given an enhanced overview, participants were
also able to visually ideate narratives, such as creating a video that weaves together one clip
from each cluster on the map (P1, P5), or conversely, creating a video that only focuses on
clips from one cluster (P6, N2). In addition, P5 was also able to utilize the overview to
“decide what other clips [they] need to take to complete the story”, such as capturing more
concert footage after noticing relatively small semantic concert clusters on the map.

By operating on the latent space, VideoMap helps visualize semantic or visual neighbors,
thereby incentivizing editors to maintain continuity in their edits (Principle 2). Paths Ex-
plorer assists editors in brainstorming opportunities to create continuous transitions through

transition recommendations to latent space neighbors (RQ2): “/Paths Ezplorer] is a cool and
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unique way to conceptually look at footage and generate match cut ideas (P7)”. N5 explained
that “using a traditional video editing software might involve jumping back and forth between
the videos or overlaying frames on top of each other with a lower transparency to see if
there are some common shapes”. P3 contrasted editing transitions using Paths Explorer
with their typical workflow: “It really changes the process of editing. Usually, when you’re
doing this [with traditional editing software], you already have everything onto a timeline,
and you’re like, alright, now let’s find the transitions.” Furthermore, non-professionals felt
that Paths Explorer “made [them] put more thought into transitions [where they/| previously
had not thought too much about them (N3)”, and helped “inspire a lot of new ideas about

W

how a transition could be (N1)

Figure 4.7. VideoMap’s Project Panel can be extended to create summary videos. We
automatically create “semantic districts” that approximately represent the main activities
of a video using k-means clustering under the semantic lens. The editor can select several
landmarks to specify the activities to include in the summary video. Selections are
highlighted with red borders (a) and displayed as a storyboard (b).

VideoMap enables a more exploratory approach to editing through various components and
mechanisms, such as automatic rough cuts with Route Planner, map-inspired navigation el-
ements, prompt searching in Project Panel, and recommending multiple possible transitions

in Paths Explorer (Principle 3). By automatically generating rough cuts, Route Planner
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helps editors quickly test and preview editing ideas (RQ3). Participants utilized the gener-
ated rough cuts for idea generation (“quickly plan out an editing plan (N1)”), previewing the
results of editing ideas (“I had thought of many different ways the videos and clips could have
been edited together (P7)”), and suggesting enhancements (“see if it could come up with a bet-
ter cut (P7)”). Participants commented positively on various interactions and map-inspired
navigation elements, such as scrubbing landmarks to play through videos (P5, P6, N6) and
selecting nodes to visualize paths to neighbors (P4, N1, N2). Participants enjoyed using
prompts in the Project Panel to semantically search for clips in mind or discover new clips:
“It is like the difference between using Google Search and searching information from books
(N2).” Additionally, P4 commented that “Paths Explorer helped [them] discover and plan
possible transitions much faster” and felt like a “more exploratory approach than with [a
traditional editing interface]”, given the ability “to anticipate multiple possible transitions
without committing to an idea” .

Beyond its three core lenses (semantics, color, and shape), VideoMap is designed to be
extensible. We plan to open-source our code so that developers can build new lenses to
support additional editing tasks. The following section demonstrates three such extensions

we implemented to test the design space.

4.7 Extended Applications

We implemented three extended applications of VideoMap to demonstrate how it can be
customized for additional use cases. These applications include (1) video summarization
with semantic districts, (2) video highlights with custom landmarks, and (3) text-based

video editing.

4.7.1 Video Summarization

We show how VideoMap Project Panel can be extended to help editors create summary
videos (Figure 4.7). We first project the source video’s frames into a semantic latent space.
Instead of creating districts per video, we apply k-means clustering to automatically partition
the video frames into “semantic districts.” Since we are working in a semantic space, each
district approximately represents a main activity of the source video. We determine the
number of districts (i.e., k value) using the elbow method [146]. We color-code the districts
and visualize the centroid frame of each district as semantic landmarks. To create the
summary video, the editor can add semantic districts (i.e., main activities) by clicking on the
landmarks, in the order they want them to appear. Selected landmarks are highlighted with
red borders (Figure 4.7a) and displayed as a storyboard at the bottom (Figure 4.7b). We
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Figure 4.8. VideoMap’s Paths Explorer can be extended to create highlight videos. The
editor can upload a photograph (i.e., a custom landmark) depicting an activity (e.g.,
skydiving) (a). Our key insight is that photographs taken by photographers tend to
capture the most highlight-worthy moments of an activity (e.g., when the skydiver jumps
out of the aircraft). We then generate a highlight video using near neighbor video frames
to the custom landmark in the semantic space (b).

generate the summary video by taking three seconds of video centered around the landmark

for each semantic district).

4.7.2 Video Highlights

We show how VideoMap Paths Explorer can be extended to help editors create highlight
videos (Figure 4.8). The editor can first upload a photograph depicting an activity (e.g.,
skydiving). We then project the photograph into the latent space under the semantic lens
and visualize it as a “custom landmark” (Figure 4.8a). Next, we draw a path from the
custom landmark to the nearest video frame in the latent space (Figure 4.8b). Videogenic
[94] found that photographs taken by photographers tend to capture the most highlight-
worthy moments of an activity (e.g., when the skydiver jumps out of the aircraft). Thus,

we take the photograph’s neighboring video frames as the highlight video. We generate the
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highlight video by taking five seconds of video centered around the nearest video frame).

4.7.3 Text-Based Video Editing

@ boarding the plane

jumping out of the plane
freefall
landing on the ground

Add more

~

Figure 4.9. VideoMap’s Route Planner can be extended to edit videos using text. The
editor can describe a desired video using descriptive sentences, like writing a story (a). We
then match each sentence to the closest video clip in the semantic space and generate a
video by finding the shortest route along the clips (b).

We show how VideoMap Route Planner can be extended to support editors in text-based
video editing (Figure 4.9). The editor can first describe the video they want to create using
descriptive sentences, like writing a story (Figure 4.9a). For each sentence, we match the
closest video in the semantic space, using the same CLIP-based method for comparing text
and image embeddings as detailed in our implementation for Prompts (see Section 4.4.2.1).
We then create the shortest route along the videos using the same dynamic programming

approach as detailed in Route Planner (see Section 4.4.4) with an additional ordering con-
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straint (i.e., in the order of the story) (Figure 4.9b).

4.8 Future Work

While VideoMap was positively received in our user study, there are several avenues for
improvement that we plan to address for future work. First, VideoMap currently supports
three types of lenses that facilitate the formation of narratives (semantic) and the creation of
visual transitions (shape and color). In our study, participants suggested additional lenses,
such as a cinematography lens to cluster videos by different shot types (e.g., by training a
shot type classification model), an Image Signal Processor (ISP) lens to cluster videos by
white balance, focus, and exposure values (e.g., by utilizing image analysis algorithms), and
a motion lens to cluster videos by distinct camera movements (e.g., by computing motion
vectors with optical flow [147]). For future work, we plan to open-source the pipeline code
for developers to build new lenses by generating new latent spaces that are meaningful for
video editing. This pipeline could involve generating embeddings using A foundation models
[148] or training custom models tailored to specific video editing objectives. Moreover, we
could also explore the creation of “hybrid lenses.” For instance, we could create a lens with
weightings of 80% shape and 20% semantics to enable the discovery of shape-matching cuts
that also possess related semantics. Hybrid lenses could provide editors with the flexibility
of blending together the properties of multiple lenses, allowing them to fine-tune the latent
space according to their editing goals. Second, due to time constraints, the current design
of our user study consists of users trying out VideoMap without a comparative baseline
system. For future work, it may be interesting to compare editing using VideoMap against
editing on traditional sequential editing timelines and analyze how VideoMap could change
the way people engage in video editing. Finally, while VideoMap currently caters to pri-
marily maintaining the continuity principle in video editing, sometimes editors may wish to
intentionally break this principle and connect two contrasting scenes to create a shocking
effect. To support this, we may extend the Paths Explorer to find far-away cuts. Being able

to find contrasting yet sensible transitions could also be an interesting exploration area.

4.9 Conclusion

This research explores a new paradigm of video editing based on latent space representations
of video frames. We distilled a set of principles grounded on editing practices and theories
and built VideoMap, a proof-of-concept latent space video editing interface. We facilitate
navigation of the latent space through map-inspired navigational elements and enable switch-

ing between different latent spaces using swappable lenses. We implemented three VideoMap
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components to assist editors in three editing tasks: exploring video footage, brainstorming
suitable video transitions, and rapidly prototyping rough cuts. In a user study with both
professionals and non-professionals, we found that VideoMap provides a user-friendly editing
experience, reduces tedious grunt work, enhances the overview capability of video footage,
promotes editing continuity, and enables a more exploratory approach to video editing. We
implemented three extended applications to demonstrate how future developers may cus-
tomize VideoMap for additional editing use cases. Recently, there has been an explosion
of diverse Al foundation models [149] capable of encoding video data into a variety of la-
tent space representations (semantics, 3D depth, human poses, audio, ...) [150]. We hope
VideoMap’s capabilities can be extended over time through the creation of new Al-powered
lenses and support creative ways of co-creating video content with Al on a latent space in-
terface.

Reading VideoMap through the Human-Al-Interface Triangle: the latent space gives a con-
tinuous, navigable axis over visual and semantic relationships in the footage (controllability),
pan, zoom, and lens switching support the moves the navigate task requires (affordance),
and the map metaphor draws on a convention editors already use for spatial layouts, so pan
and zoom do what they look like they should do: traverse the space, re-project on lens switch
(intuitiveness). Navigation works on a space of existing material. The next chapter takes
up composition, where designers build new workflows by chaining model capabilities; Jigsaw

asks what representation lets them do that without writing code.

49



Chapter 5

Jigsaw: Puzzles as an Interface for
Composing Model Chains

This chapter presents Jigsaw, which addresses the compose task. Most creative Al work
involves combining capabilities across modalities. But each model typically lives in its own
tool, and stitching them together requires writing code. Jigsaw represents foundation models
as puzzle pieces that snap together by matching input and output modalities, letting design-
ers chain them without coding. Within the HAI Triangle, the design task is composing Al
capabilities into multimodal workflows, the Al mechanism is pre-trained model chaining, and

the interface representation is the puzzle piece.

This chapter was adapted from: Lin, D. C. E., & Martelaro, N. (2024). Jigsaw: Supporting
Designers to Prototype Multimodal Applications by Assembling AI Foundation Models In
Proceedings of the 2024 CHI Conference on Human Factors in Computing Systems (pp. 1-
15).

5.1 Introduction

AT foundation models have advanced rapidly in the past year [148]. These models, which
are pre-trained on vast quantities of data, can perform many tasks “off the shelf” without
further training. This turns each model into an input-output system and hides much of the
complexity of working with AT [151]. Until recently, building an Al-enabled system meant
curating data, training a model, and sometimes modifying its architecture for the use case
[152].

With powerful plug-and-play capabilities, many designers have begun embracing Al foun-
dation models to enhance their creative workflows. New foundation models support a wide
variety of tasks and modalities, including large language models [153] such as GPT [154]

for text generation and processing, image generation models such as Stable Diffusion [10],
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Figure 5.1. Jigsaw is a prototyping system that lets designers generate creative content
with Al foundation models represented as puzzle pieces. Designers can first search for
model capabilities via the Catalog Panel (a). Designers can drag corresponding puzzle
pieces onto the Assembly Panel (b) and combine different AT capabilities across varying
modalities into a chain by assembling compatible pieces. Designers can specify inputs and
observe the intermediate results of a chain via the Input and Output Panels (c). Designers
can ask the Assembly Assistant (d) to recommend a chain of AI models to accomplish a
task.
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image segmentation models such as Segment Anything [155], and models for video [156],
3D model [157], audio [158] generation.

But integrating foundation models into a creative process is hard. Our initial observations
suggest that these models are often used for one-off tasks or as standalone applications. For
instance, a designer might use ChatGPT [159] to brainstorm and generate ideas, or they
might use Midjourney [160] to generate visual prototypes. To bring results into the rest of
their work, they copy and paste between tools. Most designers also stick to a few highly
publicized models (ChatGPT, Stable Diffusion, MidJourney) and miss what lesser-known
models can do.

To gain a deeper understanding of designers’ challenges when using current AI models in their
creative processes, we conducted a formative study with ten designers. From our formative

study, we identified four key challenges:

1. Designers are often unaware of the full range of capabilities offered by different types

of foundation models.

2. Designers struggle with the need to be ” Al-friendly,” which includes difficulties in

forming effective prompts and selecting optimal parameters.

3. Designers find it challenging to cross-integrate foundation models that exist on different

platforms and are specialized for different modalities.

4. Designers find prototyping with these models to be a slow and arduous process.

Based on the findings from the formative study, we derived four design goals, which informed
the development of Jigsaw, a block-based prototype system that represents foundation mod-
els as puzzle pieces and allows designers to combine the capabilities of different foundation
models by assembling compatible puzzle pieces together. Jigsaw includes features that help
designers discover available foundation model capabilities and find the right model for their
use case. Jigsaw also includes "glue” puzzle pieces that translate design ideas into prompts
for other models, clear explanations of parameters to help users make model adjustments,
and an Assembly Assistant that recommends potential combinations of foundation models
to accomplish a task specified by the designer. To assess the utility of Jigsaw, we invited ten
designers from the formative study to test the system. We evaluate how well designers create
creative Al workflows given a design brief and during free exploration. The results show that
Jigsaw helps designers better understand the capabilities offered by current foundation mod-
els, provides intuitive mechanisms for using and combining models across diverse modalities,
and serves as a visual canvas for design exploration, prototyping, and documentation.

This research thus contributes:
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e A formative study with ten designers that identifies the challenges designers face

when using Al foundation models to support their work.

e Jigsaw, a prototype system that assists designers in combining the capabilities of Al
foundation models across different tasks and modalities through assembling compatible

puzzle pieces.

e A user study that demonstrates the utility of Jigsaw to designers and informs areas

for future block-based prototyping systems for prototyping with Al foundation models.

5.2 Related Work

This work draws on prior research in Al foundation models, visual programming interfaces,

and designer-Al interaction.

5.2.1 Al Foundation Models

The term ”foundation models” characterizes an emerging family of machine learning models
[148], often underpinned by the Transformer architecture [161] and trained on vast amounts
of data. The researchers who introduced this term defined foundation models as "models
trained on broad data (generally using self-supervision at scale) that can be adapted to
a wide range of downstream tasks.” [149] The strength of foundation models lies in their
capacity for out-of-the-box usage across various tasks. This signifies an improvement from
the previous Al landscape, where users had to create their own datasets for custom use cases
and fine-tune models [152].

Prominent examples of foundation models include large language models such as GPT [154]
which can perform a variety of text generation tasks and image generation models such as
Stable Diffusion [10] which can generate a diverse range of images from text-based prompts.
Foundation models also go beyond generative models and include models for tasks such
as classification [9], detection [162], segmentation [155], spanning a range of modalities
including text [154], image [10], video [156], 3D models [157], and audio [158]. Many
foundation models perform tasks across modalities, such as text-to-z generative models and
z-to-text classification models. In turn, this allows foundation models to be treated as z-to-z
input-output systems. Such abstraction greatly simplifies how people can use and combine
such models in larger Al-enabled systems. Our research aims 1) to inform designers about
the capabilities offered by foundation models that can be useful for creative tasks, and 2) to

incorporate these capabilities into their creative workflows. In particular, we are interested
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in exploring how designers can combine the capabilities of multiple models across different

tasks and modalities by connecting them together on a visual interface.

5.2.2 Visual Programming Interfaces

Visual programming interfaces (VPIs) have been extensively studied as tools to aid users
in designing and implementing systems through graphical elements rather than text-based
code [163]. A key benefit of VPIs is their lower entry barrier for novice programmers
[164]. There are primarily two main paradigms for VPIs. The first, the dataflow paradigm,
lets users specify how a program transforms data from step to step by connecting nodes
in a directed graph. Pioneering work in this area includes Prograph [165] and LabVIEW
[66]. The second paradigm utilizes block-based function representations and lets users create
programs by connecting compatible components together. Notable works in this area include
Scratch [166] and Blockly [167]. Many commercial creative applications have adopted VPIs,
including game engines such as Unity [168], CAD tools such as Grasshopper [169], and
multimedia development tools such as Max/MSP [170].

VPI concepts have been applied to machine learning applications. For example, Teachable
Machine [171] uses a visual interface to help students learn to train a machine learning
model. ML Blocks [172] assists developers in training, evaluating, and exporting machine
learning model architectures. Very recently, researchers in both academia and industry
have worked on VPIs that support the creation of Al workflows through the combination
of pre-trained models. Several works have investigated node-based interfaces for building
Large Language Model (LLM) pipelines, including PromptChainer [57], FlowiseAI [173],
and Langflow [174]. Most closely related to our work are Rapsai by Du et al. [175] and
ComfyUI [176]. Both tools provide a node-based interface for machine learning researchers
and enthusiasts to build multimedia machine learning pipelines. These tools are catered
more toward users with at least some background knowledge in Al programming, giving
users the flexibility to customize the tools through programming at the expense of exposing
more technical elements to the user.

Our work builds upon prior and concurrent VPI tools and research. However, we made
several design choices for our tool to help better support non-technical designers (Table 5.1).
First, our tool leverages a block-based VPI paradigm, which has been shown to be effective in
supporting novice programming learners [166]. Second, in the same spirit as other creative
AT tools such as RunwayML [177], our tool supports Al capabilities of a diverse range of
modalities. Third, our tool offers integrated Al assistance features for designers, such as
the Assembly Assistant (Section 5.4.4), semantic search (Section 5.4.1.3), and glue pieces

(Section 5.4.1.4). We build on recent advances in the reasoning capabilities of LLMs to
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Table 5.1. Comparison of Jigsaw against related tools. Jigsaw supports non-technical
designers with a beginner-friendly block editor and offers Al capabilities across multiple
modalities. Jigsaw’s Assembly Assistant can help automatically recommend a chain of Al
models for a designer-specified task.

Tool name Interface design | Supported modalities Target audience | Assembly assistant | Release year
Jigsaw Block editor Text, Image, Video, 3D, Audio, Sketch | Designers Yes 2023
PromptChainer | Node editor Text Developers No 2022
FlowiseAl Node editor Text Developers No 2023
Langflow Node editor Text Developers No 2023
Rapsai Node editor Text, Image ML researchers No 2023
ComfyUI Node editor Text, Image, Video ML enthusiasts No 2023
RunwayML Standalone models | Text, Image, Video, 3D, Audio Designers No 2018
Visual ChatGPT | Chatbot Text, Image General public Yes 2023

power these features [178]. To the best of our knowledge, this research is the first to study
1) supporting non-technical designers in prototyping design workflows with Al through a
block-based visual interface and 2) utilizing the plug-and-play capabilities of Al foundation

models that have emerged over the past year, covering a diverse range of tasks and modalities.

5.2.3 Designer-Al Interaction

Several works from the HCI design community have examined the ways in which designers
perceive and interact with AIl. Chiou et al. [59] follow a Research through Design (RtD)
[179] approach and find that AT can offer designers new perspectives and avenues of design
exploration. Shi et al. [180] conduct a landscape analysis of Al and suggest the opportunity
to build more tools that enable co-creativity between designers and Al. Yang [181] proposes
the vision of designers working with Al as a ”design material”. This research follows this
thread of work to build a tool to help designers prototype new design workflows using Al
and with the support of Al

Subramonyam et al. [182] argue that a challenge with using Al as a design material is that
the properties of Al only emerge as part of user experience design. They thus employ data
probes with user data to help elicit Al properties and facilitate working with Al as a design
material. Yang et al. [183] identify that designers often find designing with AI difficult due
to uncertainty about the AI’s capabilities and the complexity of the Al’s outputs. Gmeiner
et al. [184] identify the primary challenges for designers when co-creating with Al design
tools as understanding and manipulating Al outputs and communicating design goals to the
Al In this research, we offer mechanisms to help designers overcome these challenges, such as
conveying Al capabilities, supporting easy inspection and manipulation of Al outputs with

real data, and allowing users to communicate design goals to the Al using natural language.
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Liu et al. [185] find that when designers use the "right” prompts, they achieve significantly
higher quality results from generative models. However, Zamfirescu et al. [186] find that
people generally struggle with writing effective prompts. In this research, we introduce a
puzzle piece (translation glue) to help designers automatically translate pieces of text into
prompts. Yang et al. [187] find that designers are more successful when they collaborate
with data scientists. Using RtD, Yildirim et al. [188] identify that designers develop bound-
ary objects to communicate design intentions with data scientists. In this research, we let
designers document their creative process on a canvas (Assembly panel), which designer par-
ticipants in our user study found to be a useful boundary object for sharing and explaining

ideas.

5.3 Formative Study

We conducted a formative interview study with ten designers to understand how designers

attempt to use Al in their work and inform the development of a new tool to support creative
work with Al

5.3.1 Participants and Procedure

We interviewed ten designers (P1-P10, 6 male and 4 female, aged 24-39), recruited through
known contacts and word of mouth. The designers come from diverse specializations, such
as interior design, product design, graphic design, and video game design. All participants
have more than five years of design work experience and use Al tools to support aspects of
their design processes, such as ChatGPT, Midjourney, and DALL-E [189]. We conducted
one-hour interviews remotely over video conferencing, asking participants to describe their
typical creative workflow, how they use Al to support their work, the specific Al tools
they use, and the pain points they face using Al. Following the interviews, the first author

conducted a thematic analysis of interviews and summarized participants’ key challenges.

5.3.2 Findings and Discussion

We identify four key challenges designers face when using Al to support their work.

5.3.2.1 C1: Limited Knowledge of AI Capabilities

Despite the broad spectrum of Al foundation models available, designers felt they had limited
knowledge of existing models and their capabilities. As a result, they felt like they were
underutilizing the creative support these models could offer. Designers found it hard to

“understand the capabilities of various models in a crowded market (P1)”, which made it
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difficult to pick the right model for a task. Designers also wanted to "easily view a few

example results from the models (P5)” to quickly assess whether a model fits their use case.

5.3.2.2 (C2: Tedious to be Al-friendly

Once designers picked a model, they found it hard to be ” Al-friendly.” This means crafting
effective prompts (for generative models) and tuning model parameters to get good results.
Designers said it took time to "master the art of prompt creation (P2)” and that translating
a design idea into a working prompt was itself a major task. As P5 put it, "behind every
stunning image generated by Stable Diffusion lies a designer’s patience and a relentless pur-
suit of the right prompt.” Participants were also confused about how different parameters

affect results, leading to "endless parameter tweaks (P10)”.

5.3.2.3 (C3: Difficult to Combine Multiple Models

Designers felt that current models cater mostly to simple, singular functions. But realis-
tic design workflows involve multiple tasks across many modalities, so designers ended up
switching between separate Al platforms. This fragmented the design process. As P9 put
it, "switching between Al platforms felt like needing a different kitchen gadget for every step
i a recipe.” Designers also ran into compatibility issues when trying to combine models,
leading to time-consuming troubleshooting. They wanted to “clearly know which models are

compatible with one another (P6).”

5.3.2.4 C(C4: Slow Prototyping and Iteration

Designers noted that ”"seamless prototyping and iteration is crucial to the design process
(P6)”. But when working with Al, they often found it hard to quickly build prototypes
and view results. Setting up and switching models is a lengthy process that blocks rapid
experimentation. When chaining models, designers also often see only the final result. This
makes it hard to understand how each model contributes, and hard to explain design decisions

to clients without tangible intermediate outputs.
5.3.3 Design Goals
To tackle the challenges designers encounter when using Al, we distill four design goals.

5.3.3.1 D1: Catalog of AI Foundation Models

To help designers understand what is available, we compile a catalog of existing foundation

models. For each model, we provide a plain-English explanation of its capabilities and
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example results. We also offer mechanisms for finding models that match a designer’s task.

5.3.3.2 D2: User-friendly instead of Al-friendly

We aim to reduce the need for designers to adapt to the quirks of AI models. First, we offer
assisted prompting that translates design ideas into prompts. Second, we explain model

parameters in plain language, including how changing values affects results.

5.3.3.3 D3: Intuitive Interface for Combining Models

We offer designers an interface that makes it easy to combine task-specific models across
many modalities. The interface visually shows which models can connect. We also provide

an assistive tool that suggests model combinations.

5.3.3.4 D4: Facilitate Effective Prototyping

Designers place high importance on experimentation and iteration. We make it effortless to
try different model combinations and view results. We also let designers inspect intermediate

results within a chain to help diagnose errors and communicate ideas to clients.

5.4 Jigsaw System

The following outlines Jigsaw’s four major components: the (1) Catalog Panel, (2) Assembly
Panel, (3) Input and Output Panels, and (4) Assembly Assistant. We then describe how a

designer can use Jigsaw with an example interior design workflow.

5.4.1 Catalog Panel

The Catalog Panel assists designers in selecting suitable models for their tasks with a catalog

of foundation model components (D1).

5.4.1.1 Curating a catalog of foundation models

We identified six common modalities used in creative work, namely, text, image, video, 3D,
audio, and sketches. Jigsaw curates available models across all possible pairwise permuta-
tions of modalities (e.g., text-to-text, text-to-image, text-to-video, ...). Jigsaw also
includes foundation models that with dual input channels, such as ControlNet [4]. For tasks
supported by multiple models, we prioritize models based on: 1) inference speed (ideally
less than a minute to run), 2) zero-shot capability (plug-and-play use), and 3) the quality of
results (models ranked highly on machine learning benchmarks). Overall, we implemented

a catalog of thirty-nine models across six modalities (see Appendix A.1 for a full listing).
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Figure 5.2. Users can search for model pieces by describing their task in the semantic
search bar (a). Users can hover over a model piece to view a description of its capability,
typical runtime, and an example input and output (b).

5.4.1.2 Representing foundation models as puzzle pieces

Treating foundation models as input/output systems, we represent them as puzzle pieces
with input and output arms. There are two types of pieces. The model piece represents a
model with customizable parameters. The input piece accepts user input via text, media
file, or sketch (see Section 5.4.3). Jigsaw color-codes puzzle pieces based on their input
and output modalities to signals what pieces are compatible with one another (D3). For
example, a text-to-image piece would be colored green on the left and blue on the right.
When a user hovers over a puzzle piece, a tooltip provides a description of its capability,

typical runtime, and an example of an input and output (D1).

5.4.1.3 Helping users find the right piece

Jigsaw provides two mechanisms for users to find model pieces for their tasks (D1): 1) puzzle
pieces are grouped by input modality and 2) users can describe the task in the semantic search
bar. The search returns model pieces with high semantic similarity to the query, scored using
CLIP [9] text embeddings.
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detailed, soft lighting,
trending on artstation”

“a modern living room,
“a modern living room” —3 Ask GPT > realistic, highly

Translation mode

“a minimalist living room
“a modern living room” —3» Ask GPT 3 with smart, sustainable

furniture and ambient,
voice-controlled lighting”

Ideation mode

Figure 5.3. The translation glue piece converts a piece of text into a prompt format
suitable for text-to-z generation models (a). The ideation glue piece generates an idea for a
design task (b).

5.4.1.4 LLMs as glue

Sometimes models do not align directly — for example, when intermediate reasoning is
required. Drawing inspiration from Socratic Models by Zeng et al. [190], we use Large
Language Models (LLMs) as connectors between model pieces. We call these glue pieces.
The user first attaches a model piece capable of conveying the content of a modality in text
(z-to-text). Next, the user attaches the LLM glue piece for language-based reasoning (text-
to-text). Finally, the user attaches a model piece which translates text back into another
modality (text-to-z). To help users connect model pieces in common use cases, Jigsaw

includes three types of glue pieces:

1. The custom glue piece accepts any custom user instruction.

2. The translation glue piece converts a piece of text into a prompt that better aligns
with text-to-z models (e.g., Stable Diffusion) (D2) (Figure 5.3a). We ask GPT to

transform an input into a prompt via the following prompt:

Here are example prompts for a text—to—<modality> generation model:
<list of example prompts>.

Transform <input data> into a prompt. Answer in only the
transformed prompt.

3. The ideation glue piece accepts a design task specified by the user and generates an

idea (Figure 5.3b). We ask GPT to generate an idea via the following prompt.

Generate an idea for <task> based on <input data>. Answer in one
short sentence.
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Figure 5.4. Users can drag puzzle pieces from the Catalog Panel onto the Assembly Panel
(a), select pieces on the Assembly Panel by clicking on them (b), and remove pieces by
dragging them to the trash bin or pressing the delete key (c). Users can duplicate pieces,
and undo and redo actions using hotkeys (d-f).
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Figure 5.5. When the user drags a puzzle piece close to another compatible piece, Jigsaw
displays a semi-transparent preview of the potential connection. If the user releases the
puzzle piece, it will snap into place (a). Conversely, if the user attempts to connect a
puzzle piece to an incompatible piece, the new piece will be repelled, ensuring that users do
not force a fit (b). Users can move multiple puzzle pieces simultaneously (c).

5.4.2 Assembly Panel

The Assembly Panel offers an infinite canvas for combining compatible foundation model
puzzle pieces (D3) (Figure 5.4). When the user clicks on a model piece, a parameters sidebar
allows users to customize a model’s specific parameters. Jigsaw pre-populates each model’s
parameters with sensible defaults and bounds the ranges, so users can experiment freely
without breaking the model (D2). Tooltips explain, in plain English, how the parameter
influences model results and recommends optimal values for common scenarios. Users can
build multiple chains on the canvas and can run each chain separately, allowing parallel

explorations and complex workflows.
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Figure 5.6. Text inputs can be directly typed into the Input Panel (a). Image, video, 3D,
and audio inputs can be uploaded either by drag-and-drop or the file browser (b). Sketch
inputs can be drawn (c). Text outputs can be viewed and copied by the user (d). Image,
video, 3D, audio, and sketch outputs can be viewed in their respective media viewers and
downloaded by the user (e-1).

5.4.3 Input and Output Panels

The Input and Output Panels allow users to input, view, and download media across modal-
ities. Users can type into the input panel (Figure 5.6a), upload files (Figure 5.6b), or draw
sketches (Figure 5.6¢). The Output Panel shows the result of the chain and lets users copy
(Figure 5.6d) or download outputs (Figure 5.6e-1).

The user can select a puzzle piece to view the intermediate inputs and outputs at that
specific piece. Within a chain, the user can also hold shift to select multiple pieces and see

how inputs at one piece affect results several steps downstream.

5.4.4 Assembly Assistant

The Assembly Assistant recommends a chain of puzzle pieces for a user-specified task. The
designer would first provide a natural language description of a task, such as “Add sound
effects for an illustration.” Jigsaw then asks GPT to use a chain of models to accomplish

the task via the following prompt:
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You are given a set of Al models to complete a user’s task.

There are thirty—nine models: <1. text2text () has reasoning capability.
2. text2img() can generate an image from text. 3. text2video() can
generate a video from text, ...>

You can only use the models given. You do not have to use all the
models. You will answer in a JSON format. Here is an example answer:
<example combination of puzzle pieces written in a JSON format for
the frontend to parse>. Your task is to <user—specified task>.

Prior work has found that asking GPT to evaluate its own results can improve the correctness
of its responses [191]. We thus ask GPT to evaluate its own answers based on four criteria

via the following prompt:

<Prompt from the previous step>

<Answer from the previous step>

Here are four criteria that the answer needs to satisfy. If any
criteria are not satisfied , please give me the corrected answer in
JSON format .

Whether the user’s task was understood and completed.

Whether no models outside of the provided ones were used.

Whether the output and input of each step can be connected.
Whether it follows the correct JSON format .

=W N -

Jigsaw then passes the chain of puzzle pieces provided in JSON format to the frontend and
adds them onto the Assembly Panel. The designer can make further edits to the chain, just

like any manually-created chain.

5.4.5 System Walkthrough

We illustrate the interactions supported by Jigsaw using an interior design example. Figure
5.7 displays the final arrangement of puzzle pieces, referred to as the "model mosaic” in this

paper for succinctness.

5.4.5.1 Ideating a design concept from client material

Zaha is an interior designer tasked with creating and presenting a redesigned interior for a
client’s new home. She received a photograph of interior from the client. To begin, Zaha

plans to create a design concept using the client’s photo as a reference (Figure 5.7a). She

drags an puzzle piece from the Catalog Panel onto the Assembly Panel, and

uploads the client’s photo in the Input Panel.
Zaha first identifies existing features in the client’s home, such as built-in structures, furni-

ture, and lights. Thus, Zaha uses the semantic search bar in the Catalog Panel to find a

puzzle piece that can “identify the objects inside the image”. Jigsaw returns the
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depth map

Figure 5.7. An example model mosaic for interior design. The designer can use Jigsaw to
ideate a design concept from client material (a), design the 2D and 3D mockups (b), and
add music to enhance the presentation (c).

piece as the top result. She adds after ‘ ‘ to identify the objects.

Zaha then uses the | Ask GPT| piece in ideation mode, with “contemporary interior concept”

in the Task box, to assist her in brainstorming a concept. After clicking Run, Jigsaw has

suggested a design concept of "An airy space with a minimalist fireplace and ladder, illumi-

nated by low-hanging lamps.”

5.4.5.2 Designing the 2D and 3D mockups

With a design concept in hand, Zaha proceeds to create the visual design (Figure 5.7b). Zaha

quickly duplicates the ‘ ‘ piece to start a new chain, using the client’s photo

as a reference again. She notices that the reference photo includes people, whom she wants

to remove, and adds the ’ ‘ piece. Zaha is interested in experimenting with

Al image generation tools but acknowledges that the room’s structure must remain intact
for the design to be technically feasible. She uses the semantic search bar in the Catalog

Panel to find a puzzle piece that can help "preserve the structure of the room”. Jigsaw

returns ‘ ‘ and ‘ ‘ as the top results. Zaha begins by testing

the ’ ‘ piece and adds the ‘ Generate from text and piece,

which takes in both image and text inputs. For text, she inputs the design concept suggested

in the previous ideation chain.
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Zaha feels that the generated image fails to retain the desired room structure. Recognizing

this, she drags the pieces using edge maps into the trash bin. She tries and
Generate ’ from text and ‘ instead, which better preserves the room’s

structure. To try different design variations, Zaha inspects the parameters tooltip for the

‘Generate from text ‘ ‘and ‘ model in the parameters sidebar. She dis-

covers that she can tinker with the seed value to generate different variations.
Zaha is now satisfied with the redesign, except for the wooden ladder. She believes replac-
ing it with a spiral glass staircase would better fit the contemporary concept. Thus, she

searches for a puzzle piece that can modify an image using text instructions and finds the

Generate from text and piece. Zaha instructs it to “replace the wooden

ladder with a glass spiral staircase.” The newly generated redesign now features a contem-

porary glass spiral staircase.

Zaha would like to visualize a 3D mockup. She discovers the ‘ Generate from

piece and attaches this to the chain, but finds that the generated results are low resolution.

Thus, Zaha searches the Image section of the Catalog Panel for a piece that can help enhance

the image. She finds the ‘ resolution | piece.

5.4.5.3 Presenting the design to the client

To communicate the contemporary design concept, Zaha would like to incorporate a musical
background to complement the design aesthetics. To achieve this, Zaha asks the Assembly
Assistant to "help add music based on the image”. The Assembly Assistant suggests the

following chain of puzzle pieces: ‘Caption to understand the image, | Ask GPT| with
ideation mode to brainstorm a fitting music description, and [Cenerate | to generate

the music (Figure 5.7¢). This outcome is a chill electronic music piece.

5.5 User Study

We conducted a user study to understand how Jigsaw could address designers’ pain points in
working with multiple foundation models, its potential to be integrated into design workflows,

and identify improvement areas.

5.5.1 Participants and Procedure

We invited the ten designers from our formative interviews to participate in a one-hour
remote user study. They were not exposed to Jigsaw’s system or concept prior to the user
study. Participants accessed Jigsaw through a web browser, shared their screen, and verbally

explained what they were doing and thinking (think-aloud).
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5.5.1.1 Introduction (10 minutes)

Participants provided informed consent, and then received an introduction to Jigsaw’s com-

ponents, as described in Section 5.4.

5.5.1.2 Reproduction Task (15 minutes)

Participants were asked to reproduce the interior design model mosaic described in Section
5.4.5. Participants used the starter image shown in Figure 5.7a and a detailed design brief

of the various steps they would need to create (see Section 5.4.5).

5.5.1.3 Free Creation Task (20 minutes)

Participants were asked to freely explore Jigsaw and create their own model mosaics. We
encouraged participants to build workflows beyond a simple chain and try out puzzle pieces

involving multiple modalities.

5.5.1.4 Post-Study Interview (15 minutes)

After the creation activities, we conducted a semi-structured interview asking about partic-
ipants’ experiences using Jigsaw, whether they could see Jigsaw being integrated into their

design workflow, and to identify areas for improving the system.

5.5.2 Results, Discussion, and Future Work

All participants completed the reproduction and free creation tasks. The qualitative themes
below describe what Jigsaw enabled, what participants struggled with, and where they sug-

gested improvements.

5.5.2.1 Helping designers discover and utilize AI capabilities

Participants located Al capabilities via the Catalog Panel’s semantic search bar or by filtering
pieces by modality. Many participants mentioned that they were able to ”discover new Al
abilities [they were] previously unaware of (P9)”. For example, P2, an illustrator, discovered
the capabilities of ControlNet [4], a model that allows users to add additional control to a
text-to-image model, such as a guiding sketch. Figure 5.8 shows the model mosaic created
by P2, who used Jigsaw to create an audio-visual story. In Figure 5.8a, she created visuals
for her story. Instead of using a text-to-image model, she discovered and used ControlNet to
generate images based on a starting sketch. In total, participants used 8 model puzzle pieces
on average (u=7.9, 0=1.29), and all participants explored beyond well-known models such
as GPT and Stable Diffusion (see Appendix A.2 for details). As the number of foundation
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Figure 5.8. Model mosaic by P2, an illustrator, to create an audio-visual story. P2 uses
Jigsaw to create an illustration based on a text description and a reference sketch (a),
generate narrations through a cloned voice (b), and generate accompanying sound effects

(c).
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deliver the line.
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models continues to increase, we plan to expand our set of puzzle pieces for designers over
time.

Participants commented that tooltips “gave [them/] a solid understanding of the capabilities
of each of the puzzle pieces, like what can be expected as output and what types of inputs are
suitable (P1)”. In addition, participants expressed that the assisted prompting mechanism
offered by the translation glue piece "allowed [them] to achieve satisfying results without
the need to laboriously rephrase and tweak prompts (P2)”: "Now, it’s like I speak the Al’s
language. (P5)”.

5.5.2.2 Supporting intuitive prototyping

Participants expressed that ”[they/ enjoyed the idea of building with Al visually with tangible
puzzle pieces (P10)” and found it "easy to pick up and start designing (P3)”. In particular,
participants appreciated the error-proof design: ”Knowing which puzzle pieces can be con-
nected expedites my prototyping. I see the same colors and receive snapping feedback. I don’t
spend time building a workflow and then compile it to find compatibility errors (P3)”. A con-
tribution of this research is showing how the design benefits of block-based VPIs, commonly
catered towards novice programming learners [166, 167, 192], can be effectively applied to
the realm of design prototyping for non-technical designers to work with Al capabilities. An
interesting extension of Jigsaw could be the implementation of a "tutorial mode” to teach
novice designers. The system would disassemble a model mosaic created by an experienced
designer into pieces, allowing a novice designer to recreate it and learn from the experienced
designer’s design process.

Furthermore, participants mentioned that the ability to near-instantaneously see interme-
diate outputs in a chain “helped [them] to quickly test out ideas and make adjustments to
individual steps as needed (P5)”. This aligns with findings from prior research in interactive

program debugging tools [193-195].

5.5.2.3 Serving as a brainstorming and documentation canvas

We observed participants making creative uses of the Assembly Panel, including using it to
test different partial workflows before combining them into more complete workflows and
using it to document their design explorations. Participants expressed that the Assembly
Panel provides ”a playground to be messy and experimental (P3)” and “makes it easy to
track the evolution of an idea (P4).” Moreover, participants commented that the ideation
glue piece was “helpful for brainstorming concepts at the beginning [of the design process]
(P2)”. We observed that designers occasionally passed the outputs of the ideation glue

directly into a generation model, as shown in Figure 5.8c. In other instances, designers
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maintained a shorter chain solely for concept generation. This is shown in the model mosaic
created by P10, a game designer, in Figure 5.9, who created a video game character. He
primarily used the short chain in Figure 5.9a to generate concepts for his character. We
observed that designers frequently created multiple chains to organize different stages of their
design process. Participants noted that since the canvas documents their creative process,
it could serve as “a boundary object for sharing and explaining ideas to clients (P5)”.

Moreover, participants commented that the Assembly Assistant was useful in “generating
an initial configuration of puzzle pieces to start working with (P1)”. This aids in combating
the “blank canvas syndrome (P6)”, a common occurrence at the onset of a creative activity
[196]. In Figure 5.9b, P10 wanted his video game character to look like Superman flying.
However, he initially struggled to come up with a method to accomplish this, so he sought
assistance from the Assembly Assistant. The Assembly Assistant recommended a workflow
of a reference pose image, a pose extraction model, and a ControlNet model that can be
guided by pose. Given this workflow, P10 used a wooden mannequin to specify the pose for

his character.

5.6 Limitations and Future Work

There are several avenues for improvement that we plan to address for future work. First,
we currently implement one AI model per design task (e.g., Stable Diffusion for text-to-
image). We plan to support switching between alternative models. We will surface tradeoffs
(e.g., speed vs. quality) for both the user and Jigsaw’s subcomponents (semantic search
and Assembly Assistant), enable side-by-side comparison, and let users filter models by
criteria like "text-to-image models with a typical runtime under 10 seconds.” Second, we are
interested in expanding Jigsaw to let designers define custom puzzle pieces, as suggested by
P10, and logic operators such as if/else statements and loops, common in other VPIs [170].
Third, we currently use LLMs as glue, using the text modality for intermediate reasoning
(Section 5.4.1.4). We anticipate extending the glue piece to incorporate newer research on
multimodal LLMs (MLLMs), such as GPT-4V [197] and LLaVA [198], to add information
from additional modalities. Fourth, we plan to expand the Input and Output panels to
handle real-time video and audio streams, as suggested by P9. Finally, participants noted
that the Assembly Assistant was less robust to ambiguous tasks or tasks that require very
complicated mosaics. As the Assembly Assistant uses GPT, we anticipate improvements to
the Assembly Assistant as stronger versions of GPT are released. This is also a common
challenge recognized by recent machine learning works that also aim to automatically combine

expert models to solve complex Al tasks [178, 199, 200]. A path forward, as suggested by
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P7, could be to improve the Assembly Assistant to support back-and-forth interactions with
the designer, becoming a design co-pilot that assists designers in creating complex workflows.
As more designers use Jigsaw to create model mosaics, we plan to compile them into a
template gallery that other designers can modify for their own use cases, as suggested by
P8. We believe that the accumulated design templates can serve as a search space for the

Assembly Assistant, enhancing its capabilities as a design search engine.

5.7 Conclusion

This research identifies the challenges designers face when using Al foundation models to
support their work. The research prototype, Jigsaw, uses a puzzle piece metaphor to rep-
resent foundation models and allows the combination of models by assembling compatible
pieces. Feedback from designers using Jigsaw demonstrated that designers discovered new
AT capabilities, combined multiple Al capabilities across various modalities, and flexibly
explored, prototyped, and documented Al-enabled design workflows. We are interested in
extending Jigsaw with more capabilities and hope that this research can help inform future
research on block-based prototyping systems for prototyping with AI foundation models.

Reading Jigsaw through the Human-Al-Interface Triangle: foundation models with typed
inputs and outputs give a composable mechanism designers can chain end-to-end (control-
lability), drag-and-snap puzzle pieces support the moves composition requires (affordance),
and the puzzle metaphor draws on a convention designers already understand, so type-coded
ports and snapping behavior do what they look like they should do (intuitiveness). Compo-
sition assembles a pipeline from discrete pieces. The next chapter shifts to iteration, where
the designer refines a single design through a tight feedback loop with the model; Inkspire

pairs sketching with structural conditioning to keep that loop fast.
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Chapter 6

Inkspire: Sketching as an Interface for
Iterating with Structural Guidance

This chapter presents Inkspire, which addresses the iterate task. Designers iterate through
sketching, but text-to-image tools break the iterative loop by treating each prompt as a
discrete generation rather than a step in an ongoing conversation. Inkspire pairs sketching
as the interface with ControlNet’s structural conditioning, and converts each Al-generated
design back into a low-fidelity sketch scaffold the designer can build on. Within the HAI
Triangle, the design task is iterating through sketching, the AI mechanism is structural

guidance via ControlNet, and the interface representation is the sketch.

This chapter was adapted from: Lin, D. C. E., Kang, H. B., Martelaro, N., Kittur, A., Chen,
Y. Y., & Hong, M. K. (2025). Inkspire: Supporting design exploration with generative Al
through analogical sketching. In Proceedings of the 2025 CHI Conference on Human Factors
in Computing Systems (pp. 1-18).

6.1 Introduction

We have seen significant progress in the capabilities of text-to-image (T2I) models, many
of which are now able to generate realistic images using text [201]. These models not only
accelerate the process of converting thoughts into visuals but can also potentially create
serendipitous inspirations for users [202]. Recent research has also opened up new possibil-
ities for translating one image representation into another, such as transforming a sketched
drawing into detailed designs [4]. Consequently, many designers have begun embracing the
use of T2I models to enhance their creative work.

However, despite the proposed benefits T2I models, integrating them into the designer’s
creative workflow can be challenging. In particular, recent works have observed that designers

experience a high level of fization [203] when using generative Al [204] leading them to
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explore fewer novel ideas than may otherwise be beneficial for innovation. For instance, a
designer might write a text prompt and hit generate. Upon viewing the result, they might
adjust a few words in their prompt and hit generate again [205]—repeating this process akin
to using a slot machine [206]. Their final prompt tends to be conceptually similar to their
original one, often with small, incremental modifications aimed at getting the Al to create
their initial design intention, instead of exploring new diverse design spaces [204]. As found
in prior work, unsupported text-only prompting can be a limiting interface for generating
good outputs from GenAl [186].

To understand how professional designers might experience these challenges with GenAl in
their own processes, we conducted a comprehensive day-long exchange session with a team
of professional designers from a large automotive company. The team outlined their design
process, from conceptualizing a product design sketch based on a specific guiding theme
to presenting final designs to stakeholders. From our discussions with the designers, we

identified three key challenges in their use of GenAl:

C1 Designing through text prompts feels unnatural as compared to their traditional sketch-

ing and ideation process.

C2 T2I models struggle with generating inspiring designs from abstract concepts (e.g.,

"protective” car), a technique the team uses to create more novel designs.

C3 It is difficult to directly build on generated designs—they appear “too complete”, po-

tentially leading to fixation.

To help designers working with GenAl avoid design fixation, we might take inspiration from
design research working to break designer fixation. Two common strategies in line with
what we learned from the professional design team include analogy-driven design [207-209],
where concepts from outside the domain area are used to foster inspiration in the domain
area (addressing C2) and providing multimodal interfaces that work visually and with lower-
fidelity assets (addressing C1 & C3).

Several recent works in HCI have focused on developing new interfaces for GenAl to help
designers explore a larger design space, including interactive prompting which aims help
people who often have limited prompting ability [210], multimodal search [211], and visually
navigating a 2D latent space interface [212]. Nonetheless, being able to help designers move
beyond one thread of thinking and explore a wider design space while still taking inspiration
and building on generated designs remains a significant limitation preventing GenAl to be
fully integrated into designers’ work. While the ML community offers methods to increase

editing freedom of generated images, including local inpainting [213] and instruction-based
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image editing [214], these methods remove designers away from their natural rhythm of
interaction with ideas.

In this paper, we introduce a workflow of continuous exploration with T2l models, encour-
aging designers to adopt a mindset that facilitates more iterative and exploratory design
generation. Specifically, we built Inkspire, a proof-of-concept tool that provides a more fa-
miliar interaction built around iterative sketching and by leveraging the concept of analogical
design to facilitate inspiration around design ideas. Our tool integrates analogical inspira-
tion to promote concept-level ideation from abstract themes, allowing designers to recognize
creative possibilities without needing to come up with them and write prompts manually.
This reduces cognitive friction, enabling fluid exploration of new ideas [215]. Additionally,
inspired by prior works on drawing assistance systems that convert photographs into sketches
to teach people how to draw [216], we introduce a new mechanism that converts high-fidelity
AT designs into high-quality but low-resolution sketch scaffolds, directly underlaid on the de-
signer’s canvas. The scaffolding provides a transparent view into the current state of the
Al and helps designers build on AI designs without being overly fixated on photorealistic
renders. Finally, we enable a new design generation every time a new pen stroke is drawn
(with near real-time performance), encouraging designers to consider small but meaningful
changes in form and refinement with each pen stroke, thereby creating many more oppor-
tunities for designers to explore new directions. All of these components are designed to be
seamlessly integrated into the sketch process familiar to designers.

To understand how designers use Inkspire, we invited both professional designers and novice
users to design everyday products. We also asked them to use a baseline condition of a state-
of-the-art ControlNet [4], which allows designers to use sketches and user-written prompts to
guide generative design, but does not provide our proposed analogy inspirations or convert
designs into lower resolution sketches, and requires the user to choose when they generate
explicitly. The results show that users rated Inkspire as providing significantly more in-
spiration and exploration over baseline ControlNet. The interaction that users had with
Inkspire was drastically different than using a baseline ControlNet—designers using Inkspire
generated many more concept sketches and showed a process that appears more co-creative,
whereas when using ControlNet they focused on manual sketching and refining prompts be-
fore handing off to the generative system. Inkspire enabled designers to more effectively
co-create designs with T2I models with significantly increased partnership, controllability,
communication, and sense of attribution over their creations.

This research thus contributes:

e Inkspire, a proof-of-concept, iterative sketching tool that helps ground abstract con-

cepts into analogies and converts Al-generated images into abstracted sketch scaffolds
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to support fluid design iteration and avoid fixation.

e A within-subjects study showing that Inkspire embodies a more iterative and ex-
ploratory workflow with T2I models, with designers rating Inkspire with significantly

higher inspiration, exploration, and attributes of co-creation.

6.2 Related Work

This work builds on prior research in human-Al co-creativity for helping people generate
ideas [217]. Specifically, we build upon prior works aiming to help designers create new
visual concepts through text to image models and visual inputs [218-220]. We review how
generative Al systems have been shown to increase idea generation, but counterintuitively
can lead to more design fixation. We then review possible solutions for overcoming design
fixation including analogy-driven design, computational sketching tools, and reducing the

fidelity of generated images.

6.2.1 Generative Al and Design Fixation

One of the proposed benefits of generative Al is to help designers avoid design fization, where
designers remain stuck in a single line of thinking and a limited set of ideas, thus limiting
the conceptual novelty of ideas and potential for innovation [203]. While many of the works
suggest that generative Al can help people generate more ideas, potentially helping them to
move into new conceptual spaces, recent experimental work has found contradictory results
on generative Al’s impact on design fixation. DesignAID [221] leverages large language
models and image generators to help people explore a large, diverse space of ideas and
was found to provide more inspiration than search-based tools. However, people rated the
generative Al ideas as less valuable, with the paper authors suggesting that the ideas may
not have been diverse enough, not well matched to the problem, or just not enough to
break people design fixation. Bordas et al. [222] find that people using ChatGPT 3.5 to
help generate ideas to protect an egg falling from 10 meters increased their idea generation
but remained overly fixated on specific solutions. Wadinambiarachchi et al. [204] find
that participants designing a chatbot avatar concept with a text-to-image generator showed
significantly higher design fixation, with fewer ideas, less variety, and less originality than
participants using an image search engine or working unassisted. The authors suggest that
people’s limited prompting ability, a known issue when lay people try to use LLMs [186], led
them to simply copy keywords from the design brief, limiting the language used to generate

the images. Davis et al. [212] and Zhang et al. [223] report similar findings, where designers
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working with text-only image generators showed limited creative exploration, again due to
people’s limited abilities with text prompting.

To overcome the fixating issues of text-based generative systems, Davis et al. [212] developed
a generative system taking example images of dresses and provided graphical buttons and
sliders to generate more realistic vs. creative ideas and alter shape, color and texture.
This visual generative system was preferred by designers and lead to more creative idea
explorations. However, the high-fidelity images presented by many image generation tools,
which Wadinambiarachchi et al. [204] suggest could lead to more fixation based on prior
design research showing that high-fidelity images lead to more fixation over rougher sketches
(224, 225].

In our work, we explore how to overcome the fixating issues that many generative Al systems
have today. First, we look to help designers explore more novel ideas by providing interfaces
that overcome their limited prompting abilities and help them generate more novel ideas. For
this, we look to analogy-driven design as a potential solution. Second, we move away from
text-only generation and provide more visual interfaces for design exploration (C1), helping
better match how designers come up with ideas. We explore how iterative, computational
sketching can be used as an visual input to image generation. Third, we break from showing
only high-fidelity images which could lead to design fixation and explore how Al generated
images can be altered and presented to designers in lower resolution forms to see if such

representations may scaffold new ideas.

6.2.2 Analogy-Driven Design

Analogy-driven design, or design-by-analogy, is an approach to drawing inspiration from a
known domain, including concepts and products, to find novel solutions to a target domain.
Many text-based research systems and prototypes, such as DANE [226], Idea-Inspire 4.0
[227], and BioTRIZ [228], support design ideation by retrieving analogies and mapping
them onto a target problem based on inferred similarities.

Recent proliferation of text and image data repositories combined with advances in vision
and language models gave rise to new multimodal approaches that expand analogy-driven
design to the visual domain [209]. For instance, Kwon et al. developed an approach that
leverages visual similarity to discover visual analogies for generating new ideas [229]. In
addition, Zhang and Jin proposed an unsupervised deep learning model, Sketch-pix2seq, to
extract shape features from Quickdraw sketches, creating a latent space that enables defining
visual similarities and searching for analogical sketches [230]. Jiang et al. developed a CNN-
based model to create feature vectors representing patent images, which combine visual and

technological information to enhance visual stimuli retrieval [231]. While these models
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present promising methods to support image-based analogy-driven design, the specialized
nature of these models reduces their practical appeal to designers seeking exposure to out-
of-distribution inspirations.

Large pre-trained models provide exciting opportunities to support domain-agnostic analogy
based image retrieval. While T2I models alone struggle to generate images from an abstract
concept such as "mystery” [232], machine learning research has demonstrated the use of
LLMs to convert abstract concepts into semantically meaningful physical representations,
thereby streamlining the process for downstream T2I generation tasks [233-235]. For in-
stance, Fan et al. introduced an approach that extends an abstract concept such as peace
with concrete objects (e.g., white doves, olive branches), then rewriting the original prompt
to incorporate the objects in a scene [234]. Liao et al. proposed the Text-to-Image genera-
tion for Abstract Concepts (TTAC) framework that builds on a three-layer artwork theory to
clarify the intent of the abstract concept with a detailed definition, then transforming it into
semantically-related physical objects and concept-dependent form [233]. However, much of
this work focused on scene illustration with multiple objects. Moreover, techniques that rely
on automated prompt enrichment reduce the steerability of T2I models. In Inkspire, we
apply a similar process through the use of LLMs and and analogical reasoning to convert
an abstract concept into individual physical objects from across multiple domains. We in-
vestigate how providing users with a menu of analogical concepts can help the user rapidly
generate diverse analogical-grounded designs with T2I models, to overcome the current chal-
lenges of creating inspiring designs from abstract design prompts (C2) in ways that also offer

them more control over design space exploration.

6.2.3 Guided Sketching

Research has explored various computational techniques that provide sketch guidance to aid
in several use cases including skill building, serving as reference points, and encouraging
creative exploration.

Many existing systems have explored guided sketching tools that help novices learn how to
sketch. ShadowDraw [216] offers real-time shadow-based feedback, while systems such as
The Drawing Assistant [236] and Painting with Bob [237] focus on translating photographs
to sketches. Several works have explored crowdsourcing-based approaches. Systems like
Limpaecher et al. [238] and Sketchy [239] leverage collective human knowledge to provide
guidance. These systems excel at teaching specific drawing techniques but are less suited for
open-ended creative exploration. Similarly, portrait-specific systems such as DualFace [240],
which employs a two-stage drawing guidance for freehand portraits, and PortraitSketch [241],

which provides face sketching assistance, demonstrate the value of domain-specific guidance
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but are constrained to a narrow use case.

Most relevant to Inkspire is Creative Sketching Partner [242], which retrieves sketches that
are visually and conceptually similar to the user’s sketches as a means to stimulate explo-
ration and inspire new designs. This system demonstrates the potential of computational
guided sketching systems to inspire new designs. However, it has the limitation of relying
on existing sketch databases, whereas in this work, we leverage the generative capabilities of
AL

In our work, we draw inspiration from empirical research by Williford et al. [243], whose
analysis of 240 concept sketches revealed that ambiguous sketch underlays could reduce fix-
ation on conventional forms and promote divergent thinking, guided sketching techniques
such as ShadowDraw [216], and existing design practices of sketch scaffolding [244]. With
Inkspire, we propose a novel computational pipeline for converting GenAl designs into ab-
stracted, yet high-quality sketching scaffolds that underlay the user’s canvas. To the best of
our knowledge, this work is the first to support the full closed-loop-cycle of sketching GenAl
designs and abstracting GenAl designs into sketches. Through this technique, we address the
challenge of building on GenAl images that are "too complete” (C3) by drawing designers’
attention away from the high-fidelity generated image and inspire designers to iterate on top

of the silhouette of GenAl designs with low friction.

6.3 Formative Session with Design Professionals

To understand how professional designers use Text-to-Image (T2I) models in their work, we
conducted a day-long exchange session with a team of seven professional product designers
from a large automotive company. The designers in our exchange session work at a top 5 au-
tomotive manufacturing company and cover multiple disciplines of training spanning a wide
range of roles in the company, including creative director, modeling lead, interior designer,
exterior designer, artistic creator, conceptual lead creator, UX/UI and strategy. There is
significant cross-collaboration across departments globally and with other companies in the
industry. The designers also have experience in using T2I tools such as Midjourney [160]
and Vizcom [245]. The designers showed our team their design processes in presentations
with specific examples from their past work. This included sketches, concept boards, and
various documentations of collaborative meetings for a wide range of mobility concepts. The
designers also showed their process of using current T2I tools, and we discussed new ideas on
how to design tools to support them. From our interaction with the designers, we identified
key challenges they face when using T2I models and summarized them into three design

goals to inform the development of Inkspire.
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6.3.1 Design Goals

Design Goal 1. Sketching as a Natural Method of Interaction.

Designers emphasized that prompting is an unnatural approach to designing. They expressed
difficulty in effectively conveying design ideas through language [186]. They often felt con-
strained by the need to craft comprehensive prompts, which limited their ability to explore
a wider range of ideas. In contrast, designers expressed a preference for approaching design
tasks through sketching [6], often beginning with just a simple line or silhouette. Therefore,
our first design goal is to allow designers to interact with AI via sketching as a natural
method of interaction. We aim to support designers in starting with simple abstract lines
and assist them in progressing towards complete sketches.

Design Goal 2. Visually-Concrete Inspirations.

Designers mentioned that design briefs are typically inherently abstract, for example, ”de-
sign a vehicle that conveys a sense of protectiveness”. However, they found T2I models to
generally produce poor and generic results when prompted with such abstract terms [246].
Even when resorting to prompt engineering tricks, they find it challenging to visualize ab-
stract concepts in concrete forms. Therefore, our second design goal is to assist designers
in visualizing abstract design themes through visually-concrete inspirations. Inspired by the
way designers may draw inspiration from nature [247], we aim to recommend analogical
inspirations [248] to designers and make it easy for them to quickly visualize a variety of
diverse inspirations.

Design Goal 3. Complete the Feedback Loop.

Designers expressed difficulty in iterating on Al-generated designs and they described the
process of using T2I models as a one-way process. They feel that the generated designs
look "too complete”, making it difficult for them to envision new ways to build on them.
Often, designers find themselves in a position where they can either choose to use a design
or discard it entirely. Therefore, we aim to bridge the gap in the feedback loop — while T2I
models transform ideas into images, our goal is to transform images back into abstractions

(i.e., sketches), to allow designers to continue the iteration process.

6.4 Inkspire

We first illustrate how a user would use Inkspire through a concept car design example.
We then describe the technical implementation of Inkspire, which consists of two primary
components: Sketch2Design (generating Al designs from sketches and analogies) and De-

sign2Sketch (converting AT designs into lower fidelity sketch scaffolding).
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Figure 6.1. The Inkspire interface. The designer may use the Analogical Panel (a) to ideate
analogical inspirations for abstract concepts (e.g., “protective car” — “tortoise car”). The
designer may sketch on the Sketching Panel (b) to iteratively guide Al design generations.
For each iteration, we display a sketch scaffolding under the canvas. This scaffolding is
created through abstracting Al designs into lower fidelity. Finally, the designer may view
the history of iterations on the Evolution Panel (c).
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6.4.1 System Walkthrough

DeLorean is an automotive designer tasked with creating a concept car design that embodies
a sense of "protectiveness” (Figure 6.1).

Ideating a Design Concept.

To begin, DeLorean uses the Analogy Panel (Figure 6.1a) to generate visually-concrete
inspirations for the abstract concept (Design Goal 2). He uses "car” as the subject and
"protective” as the abstract concept, then clicks on the inspiration button. He is presented
with a selection of inspirations, color-coded by categories: nature, fashion, and architecture.
DeLorean experiments with several inspirations (such as bunker, armadillo, tortoise) by
clicking on them. For each inspiration he selects, the Al generates a design in the Fvolution
Panel (Figure 6.1c). He can manually edit inspirations in the concept box and manually
click on the generate button. DeLorean decides to use tortoise as his inspiration.
Iterating on Designs through Sketching.

DeLorean now iteratively guides the AI through sketching in the Sketching Panel (Figure
6.1b) (Design Goal 1). He starts off with a simple silhouette line, and the Al generates an
initial design in the Evolution Panel. In the Sketching Panel, DeLorean sees a scaffolding
abstracted from the initial AI design (Design Goal 3). This allows him to take inspiration
from the Al designs without being overly fixated on photorealistic renders. He is drawn to
the bold curve of the windshield area shown in the scaffolding and loosely traces this part
to add to his sketch. The Al then generates a new design and scaffolding.

DeLorean repeats this back-and-forth process with the AI (Design Goal 1), continuing to
iterate on his designs through sketching until he achieves a design that satisfies him. To
navigate between iterations, restart a sketch, or refine parts of the sketch, he uses the Undo,
Clear, and FEraser tools. To explore design variations using the same input (the same inspi-

ration and sketches), he uses the Remiz tool.

6.4.2 Sketch2Design

The Sketch2Design component helps users brainstorm design concepts and generate product
designs through sketching (Figure 6.2). First, the user specifies the subject that they are
designing for (e.g., car) and an initial abstract concept (e.g., protective). To brainstorm more
concrete design ideas for the abstract concept (Design Goal 2), we leverage Large Language
Models (LLMs) (GPT-4) [154] to generate analogical inspirations (Figure 6.2a). We leverage
prior techniques in chain-of-thought reasoning [249] to break down the problem of creating
analogies based on the given concept word. We take a two-step prompting approach shown

in the listings below. We first prompt the LLM to detail the design principles for the given
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Figure 6.2. Sketch2Design pipeline, including (a) inspiration generation with LLMs, (b)
sketch-guided design generation, and (c) foreground extraction.

subject (e.g., car design).

Describe the key design principles in <subject> design in one short

paragraph.

Such design principles can be useful as context [250] to ground the LLM to ideate inspirations
that are more suitable for the specific product domain. An example intermediary result from

this step for the domain of car design could be:

Key design principles for car design include aerodynamics exteriors

for fuel efficiency and performance...

Given the design principles, we then prompt the LLM to generate analogical inspirations.
Our definition of analogy draws on the work of Gentner [251]. This definition involves
identifying parallel relations from a source domain to apply to a target domain even when
their surface features differ. We have structured our prompt using this definition of analogies
by finding visually concrete objects from three source domains (nature, architecture, fashion)

that convey concepts of the target domain (abstract concept).

You are a <subject> designer. The design principles in <subject> design
are as follows: <design principles from Step 1>. Brainstorm analogical
inspirations for <subject> design to convey a sense of <concept> from

one of the following domains: mnature, architecture, or fashion. Answer
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in a bullet-point list of 10 items (iteml\nitem2...\nitem3) using visually-concrete

objects not adjectives and don’t repeat.

We empirically found that prompting specifically for the domains of nature, architecture,
and fashion leads to particularly interesting inspirations. Furthermore, these domains are
outside of the primary product design domain and are common sources of inspiration for
designers. The LLM then provides single noun-phrases as results (e.g., protectiveness —
tortoise, armadillo, armor).

The user may select a recommended inspiration and continue branching out to explore further
inspirations. For example, selecting tortoise and rerunning the analogy inspiration chain
could result in new analogies such as tortoise — tank, backpack, treasure chest. The
user may also freely change their concept (e.g., changing protectiveness to freedom, resulting
in a new set of analogical inspirations). In our current implementation, users cannot return to
previous inspirations or explore multiple inspiration branches in parallel. When a user selects
an inspiration, it serves as a base to generate another set of inspirations. Furthermore, the
generated inspirations remain independent of what the user sketches on the canvas. These
features suggest potential areas for future work.

After selecting an analogical design inspiration, the user may create product designs by
sketching on a canvas. Our conversations with the professional design team revealed that
they often start a design with a single silhouette line (Design Goal 1). In Inkspire, the user
may start generating images with as little as a single stroke (Figure 6.2b). Using ControlNet
[4] to guide Stable Diffusion [10], we generate a product design guided by the initial stroke.
The user may continue adding additional strokes. Each time a stroke is drawn, we generate
a new design, making the creation process iterative and implicitly encouraging users to focus
on sketching instead of engineering text prompts (i.e., the current paradigm of working with
T2I models).

ControlNet does not support per-stroke interaction out-of-the-box as it struggles with in-
complete sketches, which is especially problematic during the initial stages of user sketching.
Thus, we adapted the ControlNet model with a dynamic guidance scale to enable our desired
per-stroke interaction (Equation 6.1). The guidance scale is a parameter for controlling how
closely the model adheres to user input. We initialize with a low guidance scale to handle
incomplete sketches. We progressively increase the guidance scale as the designer adds more
ink to the sketch, pushing the generations to become more sensitive to the user’s sketch over

time.

G(n)=T7—-4-05% (6.1)
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Figure 6.3. Comparison of our Design2Sketch method with potential alternative methods,
such as edge detection, manga line extraction models, and models trained explicitly on
pairs of sketches and images.

where G(n) is the guidance scale at n number of strokes by the user. The guidance scale
starts at 3 when n=0 and approaches a maximum of 7 as the sketch becomes more complete
(n~10). The decay term 0.53 creates a sharp logarithmic growth in guidance scale that
converges gradually at the maximum value.

By gradually increasing the guidance scale, Inkspire allows the user to more precisely guide
the generations as their sketches become more complete and well-defined. We maintain
the same initial seed (seed specifies the random noise used to initialize image generations)
between generations to maintain consistency between iterations and for near-real-time gener-
ations. The user may click on the "remix” button to change to a different seed and generate
more diverse designs that break from the current thread that the designer is exploring. Fi-
nally, we remove unnecessary backgrounds from the generated design using a foreground
extraction method [252] (Figure 6.2c).

6.4.3 Design2Sketch

The Design2Sketch component helps users build on top of previously generated designs by
converting them into scaffoldings by abstracting a design into a reduced-fidelity sketch-
style with the aim of reducing design fixation on the high-fidelity image (Figure 6.4). The
scaffolding appears as a transparent underlay beneath the user’s canvas, functioning like
tracing paper [253] that updates in real-time as they sketch. This enables the user to draw
inspiration from aspects of the previously generated designs and also helps them overcome
the challenge of starting with a blank canvas [196], especially during the early stages of
sketching. The user can continue iterating through sketching, completing the sketch-to-
design-to-sketch feedback loop (Design Goal 3).

While there are many methods for reducing high fidelity images into lower-resolution, we
introduce a novel approach for converting designs to sketch scaffolds. We initially tested

existing methods including Canny edge detection [254], HED soft edge extraction [255], a
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Figure 6.4. Design2Sketch pipeline, including (a) semantic segmentation, (b) soft edge
extraction, and (¢) computing an intersection.

state-of-the-art method for extracting main lines from manga illustrations [256], and a neural
network method explicitly trained on pairs of sketches and images. (see Figure 6.3). We
observed that edge extraction methods including Canny edge detection and HED soft edge
extraction frequently produce unwanted lines caused by the texture of designs. Furthermore,
we observed that manga line extraction methods, trained primarily on cartoon illustrations,
can lead to a loss of key lines or produce broken lines. Finally, neural networks explicitly
trained on pairs of sketches and images on the task of translating images to sketches can
create artifacts of excessive sketch stylization, such as shading effects.

In our approach, we combine semantic segmentation and edge extraction. First, we perform
semantic segmentation on the design [155] to create a segmentation map that color-codes a
design into distinct semantic regions (Figure 6.4a). Given the segmentation map, we draw
the boundaries between the different regions to create an image of semantic boundary lines.
Second, we extract soft edges from the design [255] (Figure 6.4b). These soft edges include
varying thickness and line weight, simulating a sketch-like look, though often with many
redundant lines caused by texture. Finally, we take a pixel-wise intersection between the
segmentation map boundary lines from the first step and the extracted soft edges from the

second step as the final scaffolding (Figure 6.4c):

Scaffolding = Boundary(Seg(D)) N SoftEdge(D) (6.2)

where D is the generated design. Through this approach, we are able to acheve the best of

both worlds — creating a sketch scaffolding that achieves a natural sketch look while focusing
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only on the design’s key structural lines, filtered through the boundary lines from semantic

segmentation step.

6.5 User Study

We conducted a within-subjects study to understand how Inkspire could address designers’
pain points in working with T2I models, its potential to be integrated into design workflows,
and identify areas for improvement. We compared Inkspire against a baseline condition using
a typical ControlNet [4] setup consisting of a prompt box and a sketching canvas, adopting

a similar interface layout as Inkspire (see Figure B.2).

6.5.1 Participants

We invited twelve participants (P1-P12, 10 male and 2 female) to participate in a one-hour
user study. Among the participants, six are professional designers who perform product
design activities daily or weekly (self-rated confidence in product design p=6.17, 0=0.75;
self-rated confidence in drawing ©=6.00, 0=1.27; 7-point Likert scale) and six are novices
who have moderate drawing experience (self-rated confidence in drawing pu=4.17, 0=1.33;
7-point Likert scale) but do not actively engage in product design. The participants were
recruited through known contacts and Upwork [145], a platform for hiring freelancers. They
were not exposed to the Inkspire system or concept prior to the user study. Participants

accessed Inkspire and the baseline tool through a web browser.

6.5.2 Measures

For both conditions, we asked participants to complete questionnaires to capture their per-
spectives on using both Inkspire and ControlNet. We assess creativity using the Creativ-
ity Support Index [1], measuring exploration, inspiration, engagement, expressiveness, tool
transparency, and effort /reward tradeoff. We assess designers sense of the human-AT collab-
oration using questions from [2] measuring controllability, communication, harmony, part-
nership, attribution, and ownership. We also asked participants to rate their experiences
of sketching by referencing the sketching principles from Bill Buxton’s Sketching User Ex-
periences [6], measuring how quick and timely, inexpensive and disposable, and loose and
abstract sketching with each tool felt. We asked designers to rate the quality of the final
design created with Inkspire and ControlNet and their overall experience satisfaction using
each tool. All questionnaire questions were rated on a 7-point Likert scale (7=highly agree,

1-highly disagree). We compared the questionnaire measures using parametric paired ¢-tests.

86



Creativity Support
Engagement Inspiration Exploration Expressiveness Tool Transparency Effort/Reward Tradeoff

p=0.46 1 p <0.01 p < 0.01 1 b =0.43 | p=077 1 p =0.30

6 6 61 T 61 61

i | . ﬁ ) i
3 3 37 3 3

24 o 24 ] 24 24 24

o

m
=
o
«
”
-

IS

w

14 L

T T 1 T T T T 1 T T 1 T T 1 T T
Baseline Inkspire Baseline Inkspire Baseline Inkspire Baseline Inkspire Baseline Inkspire Baseline Inkspire

Figure 6.5. Results on creativity measured with the Creativity Support Index (CSI) [1]
(7-point Likert scale, higher is better).

In addition, we log user interaction data, such as when participants draw a new sketch stroke,

edit a prompt, and generate a new design. (Figures B.1).

6.5.3 Procedure

Introduction (5 minutes).

Participants provided informed consent and were given an overview of the study procedures.
In addition, we briefly explain how components of the system, such as the analogy generation
and sketching and scaffolding interaction, works.

Design Tasks (45 minutes).

Participants completed a design task with Inkspire (Figure 6.1) and another design task with
the baseline ControlNet tool (Figure B.2). The two design tasks are "design a lamp with
the theme of serenity” and ”design a chair with the theme of fluidity.” We counterbalance
both the order of the tools and the order of the design tasks. After each condition, the
participants completed the questionnaires.

Post-Study (10 minutes).

Participants gave feedback during a short interview as well as through a free response ques-
tionnaire on the individual subcomponents of Inkspire, their overall experience of using
Inkspire, whether they could see Inkspire being integrated into their design workflow, and
areas for improving the tool. We reviewed these qualitative data to support the quantitative

results.
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Figure 6.6. Example designs created by participants using Inkspire for the design tasks of
designing a fluid chair and a serene lamp. The final participant-generated sketch is shown
on the top, and the generated T2I image is shown on the bottom, along with the selected
analogy word chosen by the participant.
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Figure 6.7. Results on human-Al collaboration measured with Human-Machine
Collaboration Questions from [2] (7-point Likert scale, higher is better).

6.6 Results
6.6.1 Creativity

Participants felt that Inkspire improved support for creativity across some attributes of the
Creativity Support Index (CSI), shown in Figure 6.5. Notably, participants reported sig-
nificantly higher exploration with Inkspire (u=>5.83, 0=1.27) as compared to the baseline
(1=3.83, 0=1.64), (t(11)=3.94, p;0.01, r=0.77, d;=1.13). Participants also reported signif-
icantly higher inspiration (4=5.92, 0=1.24) as compared to the baseline (u=4.00, 0=1.41),
(t(11)=3.44, pj0.01, r=0.72, d;=0.99).

From our interviews, participants noted that the [analogy| inspirations feature is ” helpful
while doing design ideations” (P12) and ”a good tool to brainstorm in the early stage of de-
sign” (P5). Participants also found Inkspire to effectively support the exploration of multiple
ideas, such as a " variety of forms, styles, patterns, and proportions” (P5). P11 explained that
they could explore different design directions by manipulating high-level concepts (“I could
Just make a basic shape, and change a few keywords and the entire look and feel would change
and present me with some great concepts”). In contrast, we observed that in the baseline
condition, many participants focused on sketching extensively on a single idea, a potential
sign of the ”sunk-cost effect” [257] (the more time spent in a given direction, the harder it
is to move to a different one).

We also note that the other attributes of the CSI, Engagement, Expressiveness, Tool Trans-
parency, and Effort/Reward Tradeoff, were not significantly different between Inkspire and
the ControlNet baseline. While Inkspire did not improve these aspects of creativity over
using ControlNet it did not appear to degrade them either. Overall, we find that Inkspire
improved exploration and inspiration, supporting our original design goals and working to-

ward reducing design fixation.
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6.6.2 Human-AI Collaboration

Designer self-ratings of Human-AI Collaboration.

Participants felt that Inkspire improved the experience of collaborating with the Al, across
dimensions of Human-Machine Collaboration questions from [2] rated on 7-point Likert
scales, shown in (Figure 6.7). Participants reported significantly higher controllability when
using Inkspire (1=5.58, 0=1.00) as compared to the baseline (u=4.17, 0=1.19), (¢(11)=3.56,
pi0.01, r=0.73, d;=1.03). Participants felt that they had significantly higher communication
with Inkspire (u=>5.75, 0=1.14) as compared to the baseline (¢=3.92, 0=1.38), (¢(11)=4.52,
pi0.01, r=0.81, dy=1.31). In addition, participants rated having a significantly higher degree
of partnership with the Al when using Inkspire (41=5.83, 0=1.03) as compared to the Control-
Net baseline (u=3.42, 0=1.56), (t(11)=4.57, p;j0.01, r=0.81, d;=1.32). Lastly, participants
rated having significantly more of their own attribution in the designs when using Inkspire
(u=5.25, 0=1.29) as compared to the baseline (u=3.67, 0=1.07),(¢(11)=3.51, p;j0.01, r=0.73,
ds=1.01). Participants did not report significant differences in their feelings of harmony with
the AI or ownership over the designs between Inkspire and baseline ControlNet.

From our interviews and open-response questions, many participants commented that they
found the scaffolding helpful in being able to understand the current state of the AI and
plan subsequent sketches (“[The scaffolding] was useful because it let me know where the
current iteration was so I could tell where I'd like to move it next” (P11)). With scaffolding,
participants felt that they could steer the direction of the design by building on previous
generations (”[scaffolding] helped with building upon the previous Al-generated design and
gave me a direction for what to adjust” (P6), "the Al-generated drawing overlay help/ed]
me to draw my next line” (P3), ” having the [scaffolding] as reference helped me [to] combine
and remiz [old designs] in my [new] sketches ”(P6)). These observations and self-reported
results suggest that Inkspire improves human-Al collaboration by increasing controllability,
communication, and partnership.

Prompting Behavior.

As expected, we observed that participants generally did less prompt engineering when
using Inkspire (u=8.50, 0=6.31, number of prompts) than when using the baseline (u=11.9,
0=10.6, number of prompts). When using the baseline ControlNet system, participants often
relied on manipulating the prompt to change their design whereas they used more diverse
analogical inspirations as prompts when using Inkspire. Analyzing the semantic similarity
between user prompts, we observed a much lower semantic similarity in the Inkspire condition
(1=0.51, 0=0.08) compared to the baseline (u=0.76, =0.13), measured with BERTScore
[258].
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Figure 6.8. Example user iterations with Inkspire (top section) vs. the baseline condition
(bottom section). For each section, the top row shows the prompts, the middle row shows
the sketches and scaffolds, and the bottom row shows the generated designs. Using
Inkspire, users create diverse designs via analogies. In addition, users start with a single
sketch line and continuously build on their sketch, with the guidance of scaffolding. In
contrast, using the baseline, users typically draw a full sketch and update their prompt
with incremental modifications. This may lead to a higher degree of fixation and a smaller
design space explored.
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Figure 6.9. Results on sketching statistics, including total sketching time, sketching
frequency, and time between sketches.

Looking at the logs of prompts designers used, we observed that participants using Control-
Net often stuck to their original prompt, making small edits to make the prompt more and
more detailed (see Figure 6.8). For example, P3 started with the prompt serenity lamp
(i.e., explicitly prompting the Al with the abstract design task), and then expanded it with
additions like serenity lamp with clear glass and black base, serenity lamp with
clear glass and black pedestal, and so on. This result echoes the prompt fixation re-
sults of [204] and adds further evidence to the challenges designer have in knowing how to
prompt [186]. Using Inkspire, participants made fewer manual prompt edits and frequently
utilized the recommended analogical inspirations to guide their prompting direction. For
example, the same participant above (P3) used various analogical inspirations for creating a
fluid chair such as silk, river, and waterfall.

Sketching Behavior.

We observed that participants drew fewer total sketch strokes using Inkspire (u=17.3, 0=7.40,
number of strokes) as compared to using the baseline (1=59.8, =40.5, number of strokes).
When using Inkspire, participants also had a lower sketching frequency (u=12.5, 0=12.5,
strokes/min) as compared to the baseline (u=20.1, 0=12.6, strokes/min), though this was
not significant (¢(11)=-1.67, p=0.12, r=0.45, d;=0.48). Participants also spent more time be-
tween strokes when using Inkspire (u=13.8s, 0=12.1s) as compared to the baseline (u=4.44s,
0=2.94s), (t(11)=2.66, p=0.02, r=0.63, d;=0.77).

Despite participants sketching less and taking longer between adding more ink to their
drawing, participants rated that sketch strokes felt significantly more inexpensive when us-
ing Inkspire (u=6.08, 0=0.90, 7-point Likert scale, higher is better, based on Buxton’s
sketching principles [6]) as compared to using the baseline (u=3.75, 0=1.60, 7-point Lik-
ert scale, higher is better), (¢(11)=>5.01, p;j0.01, r=0.83, ds=1.45). Participants also rated
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Figure 6.10. Example user interaction log. We observe that, using Inkspire, the user
started by ideating several analogical inspirations (thought bubble). Next, they performed
sketching in a highly iterative manner (pencil+sparkles). Overall, the user generated a
significant amount of new designs (sparkles). In contrast, using the baseline condition, the
user sketched in large stretches with infrequent new design generations. We see that this
pattern generally holds true across participants (please see Figure B.1 for data on all
participants).

that the sketching was more abstract when using Inkspire (u=>5.75, 0=1.14, 7-point Likert
scale, higher is better, based on Buxton’s sketching principles [6]) as compared to the base-
line (u=3.83, 0=1.47, 7-point Likert scale, higher is better), (¢(11)=4.24, p;0.01, r=0.79,
ds=1.23). Overall, Inkspire appears to have provided designers with an interface for sketch-
ing ideas collaboratively with AI that improves over the more stilted sketching and image
generation experience of other text-to-image systems.

Analogy Inspirations.

We observed that participants generally explored multiple analogical inspirations (u=4.58,
0=2.43) distributed across the three categories (Nature 4=2.08, 0=1.56; Architecture p=1.58,
0=1.3; Fashion ;=0.917, 0=0.716) (Table B.1). Architecture was the most common final
choice (n=6 instances across participants), followed by Nature (n=4) and Fashion (n=2),
though participants explored Nature-based inspirations more frequently on average. We also
observed that participants frequently switched between analogy categories. For instance,
P12 quickly switched between all three categories. Among the switches, we observed that
Nature— Architecture (n=6) and Nature—Fashion (n=>5) were common transitions. This
may suggest that Nature can serve as a common “bridge” category. Many participants’
final category deviated from their initial category after exploration. For instance, P2 started
with Nature and selected Architecture after exploring 14 different inspirations across all cat-
egories. Overall, participants drew inspiration from all categories, with Nature playing a
central role, though each category proved to be a valuable source for inspiration.

Overall Usage Patterns.

93



By analyzing our logged interaction data, we observed common usage patterns for Inkspire
vs. the baseline ControlNet workflow (please see Figure 6.10 for an illustrative example
and Figure B.1 for the full data). First, participants using Inkspire often start the initial
ideation phase by experimenting with many analogical inspirations to explore the design
space (shown as many thought bubbles during the beginning, Figure 6.10). This early
divergent exploration behavior may suggest that designers were able to consider a wide
range of inspirational ideas at the start of their process. Subsequently, participants using
Inkspire engaged in a highly iterative manner of sketching and interacted with scaffolding,
often drawing one or a small number of strokes, seeing a generation and scaffolding, then
pausing a bit to consider where to move next (shown as many pencils interleaved with
sparkles, Figure 6.10). In contrast, when participants used the baseline system, they often
did a complete full sketch (shown as large stretches of a single pencil, Figure 6.10) before
ever hitting the generate button. Designers made more "Undo” actions, removing strokes
that they had made (as shown in orange blocks). Overall, participants generally created
more new designs with Inkspire than with the baseline condition (shown as significantly
more sparkles in Inkspire than the baseline, Figure 6.10). Together, these patterns show
how when participants used ControlNet, they focused more on crafting a whole sketch then
handing it off to the generative Al rather than working collaboratively back and forth with
the AL

6.6.3 Final Design Quality

Participants rated their final creations as having higher design quality when using Inkspire
(1=5.92, 0=1.08) as compared to the baseline (u=4.58, 0=1.93) on a 7-point Likert scale,
shown in Figure 6.11 (left). Though this difference in design quality ratings is not statisti-
cally significant, the ratings showed less spread than when using the baseline (¢(11)=2.11,
p=0.06, r=0.54, d;=0.61).

In Figure 6.6, we show several example creations from participants. While the quality of
output in general appears relatively high, we do observe that the final results produced with
Inkspire do appear to be more diverse than the results produced with ControlNet. Looking
at the trend of designs created during a user session, we see that the thread of designs
created using ControlNet often do not change tracks, whereas those done with Inkspire
show more diversity of conceptual exploration. An example showing chair designs from two
different users illustrates this in Figure 6.8. The participant using Inkspire (top) shows
a wide exploration of concepts for a transparent chair including glass, silicon, and
jellyfish. Alternatively, a participant using ControlNet creates a modern Italian chair

with a high quality initial sketch and iterations on the prompt from lancia style to lancia
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Figure 6.11. Results on design quality (left) and usage experience (right) (7-point Likert
scale, higher is better).

style, iconic to lancia style, iconic forms. While both final result are generally of
high quality, the final output from the participant using Inkspire is derived from a more
exploratory process over design analogies over the more fixated design process from the

designer working with ControlNet.

6.6.4 Designer Ratings of Usage Experience Satisfaction

Participants rated significantly higher satisfaction with their usage experience when using
Inkspire (u=6.08, 0=1.24) as compared to the baseline (©=4.33, =0.98) when rated on a
7-point Likert scale (¢(11)=3.54, pj0.01, r=0.73, ds=1.02), shown in Figure 6.11 (right).

Based on the interaction logs, Inkspire may improve participants’ experiences of sketching
with AI by supporting low cost experimentation and helping participants draw abstract
sketches that focus on the big picture rather than being bogged down by small details. In
the baseline, we observed that participants drew a number of large strokes in succession before
generating anything, with the majority being "filler” lines (Figure B.1). This generally led
to designers spending more time between trial-and-error attempts to achieve their intended

result, possibly reducing their satisfaction when using ControlNet.

6.7 Discussion

We introduced Inkspire, a prototype system to explore new ways for designers to leverage
generative Al while avoiding design fixation and embedded into their existing practice of

sketching new concepts. We focused on a challenge identified in design research literature
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that exploring a wider range of ideas can lead to improved design outcomes, though designers
often find it difficult to naturally engage in diverse design exploration [37, 259]. Inkspire
helped designers explore a more diverse design space by recommending them with diverse
analogical anchors based on their initial design concept (e.g., turtle, shield, or bunker for
embodying the concept of ”protective”). These analogical concepts were used as input along
with the sketch from the designer to generate new images. The designer could then continue
to iterate on the designs collaboratively with the Al by leveraging stroke-by-stroke generation
and building on low-resolution sketch scaffolds of high fidelity renders. Through a user study,
we found that participants using Inkspire explored a wider design space and qualitatively
changed their ideation process to be more conceptually iterative and collaborative with
the Al In contrast, participants in a control condition, in which they used a state-of-the-
art ControlNet, primarily focused their efforts on crafting full sketches and making small
changes to prompt inputs before having the Al render an image.

A core challenge we grappled with in this work was helping designers to leverage generative Al
while avoiding fixation on the outputs of the AI. We believed this to be especially likely in the
context of creative design and sketching because of several factors derived from our formative
conversations with professional designers and prior research: text prompting leading to what
designers called "unnatural” interaction, text-to-image models struggling with generating
inspiring designs from abstract concepts, both often due to designer’s limited abilities to
prompt well [186, 204, 212, 223| and the Al generating outputs that often look overly
”finished”, a well-known cause of design fixation [204, 224, 225].

Our results suggest a fundamental issue with the structure of prompt- or sketch-focused
generative image interfaces, which is that current controls through prompts or sketches can
engender an affordance of needing to feel relatively complete in order to convey the designer’s
intention. The results from when our participants used ControlNet are similar to results
from Wadinambiarachchi et al. [204] where designers focus most of their effort on minor
iteration of prompts. Needing to provide a rich enough prompt or a full enough sketch may
explain why our participants felt less control over the ideation and less communication and
partnership with the AI model.

In contrast, with Inkspire the design problem prompt and analogical keyword concepts pro-
vide a scaffolding in the design space allowing a single stroke to have expressive meaning
while also generating an output that is relevant to the user’s goals. Relatedly, our work
also explores ways for designers to have a shared mental model of what they are trying to
accomplish versus what the Al is trying to do. For example, an interesting point we noticed
from our participants was that they found the rough sketches inferred from the AI generation

to be useful as control points that showed what the Al was doing and how the user could
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Figure 6.12. Given a scaffold, the user may choose to build on it (by tracing it) or steer the
AT towards a different direction.

emphasize or change that, for example by either drawing over or changing a stroke on the
roughed sketch, respectively (please see Figure 6.12). In this way the rough sketch serves
not only as a scaffold for the designer’s iterative sketching but as a communication tool and
shared mental model with a generative Al partner. The continual updating of both sketch
and analogical concept ultimately leads to a more iterative and collaborative process where
the designer works in turns with the AI. Other generative Al tools could potentially build
on this pattern of rapid turning taking to help promote more co-creativity for their creative
task.

Overall, the interactions we designed into Inkspire appear to have worked in helping our
participants avoid design fixation. As commented on by P6 "the Al was helpful in provid-
ing alternative designs I did not consider previously, especially by adopting a new semantic
understanding of the sketch that differed from my initial intention.” However, even though
working with Inkspire pushed the designers into a space they had not originally considered
and even resulted in them sketching less in total, they found that we also succeeded in
overcoming issues where designers feel less agency when working with generative AI. That
the participants felt they had more agency and more ownership of the final design outputs
suggests the analogies, stroke-based interaction pattern, and scaffolds led to more fluid inter-
action through a design space. Again quoting from P6, Inkspire had ” an interesting workflow
that I think helps make the tool disappear more in comparison to a prompt-based drawing tool.

It allowed me to focus more on sketching than prompt engineering.”
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While our overall results show that Inkspire achieved our design goals, there are some po-
tential issues with Inkspire that could arise and could be considered in future co-creative
systems. First, although we see more evidence of designers moving to more distinct ideas
throughout a session, they still work along a single thread. Prior research has shown that
designers often prototype ideas in parallel and that such parallel exploration can lead to
better design outcomes [37]. One potential way to enable parallel explorations in Inkspire
is to generate numerous analogies for a concept and generate an image for each during each
sketch step. Second, as Inkspire was primarily designed for early explorations, it may not
serve a designer as well during later stages of the design when they have a clear idea in mind
that they are trying to render. In this case, a designer may prefer using a tool such as Con-
trolNet where they can focus on the details they want before handing it to an Al. Lee et al.
similarly proposed an adaptive multimodal T2l system that initially supports early ideation
with a prompt-guided (e.g., protective chair) and sketch-supported (e.g., simple sketch) sys-
tem, which gradually evolves into sketch-guided (e.g., detailed sketch) and prompt-supported
(e.g., "more curved back”) system to help refine the concept in later stages of the creative
process [260]. This suggests potential opportunities for generative systems to provide con-
trols for how much turn taking the Al should aim to have with the designer. Third, Inkspire
and other generative Al approaches may help individual designers break their fixation on
specific ideas, however, if common generative models are used, it may promote collective
design fixation, where everyone’s images begin to look the same as they have a common
source [261]. This being said, Inkspire may work to counteract such collective fixation by
promoting increased designer engagement by focusing more on suggestions of designs though
lower-resolution sketch underlays rather than pixel-level in-painting. Future systems could
explore other techniques for avoiding design fixation, such as showing partial photographs
[225] instead of sketch underlays. Other ideas for reducing fidelity such as blurring or filter-
ing could also promote designers to fill in details on their own, potentially leading to designs

less similar to common output from AI models.

6.7.1 Future Improvements to Inkspire

There are several avenues for future work on improving Inkspire collected from participants’
comments. First, we could improve the sketching canvas with more advanced sketching
features such as line weight control and shading tools, which could allow users to sketch
with greater detail. Second, participants suggested adding more fine-grained region-based
control to the Sketch2Design pipeline. For example, a user could specify different material
types for different regions of the sketch. Third, we could extend the analogical panel to

include the capability to go back to a previous inspiration and perform multiple branches
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of inspiration explorations in parallel. This could help users compare vastly different de-
sign directions. Fourth, we currently adopt a two-step prompting mechanism for generating
analogical inspirations: defining the design principles for the target domain, then generating
visually-concrete object inspirations for the target domain using nature, architecture, and
fashion as source domains. Future work could explore more complex prompting structures,
such as traversing hierarchical tree structures [248], that might lead to better analogical
inspirations. Fifth, Inkspire contains several features that could all affect a user’s behav-
ior, such as automatic per-stroke generation and sketch scaffolding. For future work, we
could conduct additional ablation studies. For example, adding dynamic guidance scale to
enable automatic per-stroke generation for the baseline condition or hiding sketch scaffold-
ing for Inkspire. Sixth, we adopted a within-subjects design with a relatively small sample
size (n=12), which could be improved through larger-scale studies. Seventh, participants
suggested the possibility of adding additional guidance for the Al, such as mechanical and
material constraints, though such a feature may require more research into how to better
connect analogically created T2I design concepts with their feasibility to be manufactured.
Finally, in this paper, we introduce a sketch-generation-scaffold interaction with generated
analogies for abstract concepts through the application of product sketching. We think the
sketching strategy could generalize to other forms of drawing, though the analogies might
be better suited for product design. For example, very recent work has explored a similar
strategy but using an image underlay instead of sketch scaffolding [262]. Future work could
explore extending the system to additional design domains and incorporating background

elements into designs for mockup or decoration.

6.8 Conclusion

This research identifies the challenges designers face when using Text-to-Image (T2I) models
in design and proposes a set of design guidelines for creating new interfaces for interacting
with T2I systems. The research prototype, Inkspire, supports designers in prototyping prod-
uct design concepts with analogical inspirations and through a complete sketch-to-design-to-
sketch feedback loop. Feedback from designers using Inkspire suggests that it could encour-
age more inspiration and exploration of novel design ideas while allowing designers to focus
on iterative sketching collaboratively with the T2l model rather than prompt engineering.
These analogy and sketch scaffolding features allowed designers to generate initial ideas for
a design concept from a single abstract concept and single stroke of the pen to expand them
into multiple alternatives. The iterative interaction and turn-taking between the designer

and the AI helped the designer guide the models toward novel design intentions with the
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potential to overcome design fixation. We are interested in extending Inkspire with more
capabilities and hope that this research can help inform future research on sketch-driven
tools for co-creating with Generative Al models.

Reading Inkspire through the Human-Al-Interface Triangle: structural conditioning via Con-
trolNet gives a handle that responds to spatial input, and the sketch scaffolds make that
interpretation visible step by step (controllability), pen strokes support the moves sketching
requires (affordance), and the sketch is the designer’s native medium for iteration, so each
stroke produces the structural change it implies and the model fills in the rest (intuitiveness).
Iteration converges on an intended design. The next chapter takes the inverse approach: in-
stead of refining toward a target, designers diverge through variation. GENErator treats

style adapters as genes that can be crossed, mutated, and evolved.
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Chapter 7

GENErator: Evolution as an Interface
for Mixing Style Models

This chapter presents GENErator, which addresses the remiz task. Style exploration is
hard to specify in words. A designer may know they want something between Art Deco and
Brutalist without being able to name the result. And tens of thousands of style adapters now
make the space too large to browse by keyword. To address these challenges, we developed
GENErator, a proof-of-concept tool that treats each visual style as a “gene” in a navigable
semantic style space. Designers cross, mutate, and evolve combinations through an evolution
tree that keeps each design’s lineage visible. Within the HAI Triangle, the design task is
discovering styles a designer could not name in advance, the Al mechanism is mixing style

models in a semantic space, and the interface representation is evolution.

This chapter was adapted from a paper conditionally accepted to UIST ’26: Lin, D. C. E., &
Martelaro, N. GENErator: Supporting Design Style Exploration with Generative Al through
Genetic Mixing.

7.1 Introduction

Generative Al models can now be fine-tuned into thousands of style-specific adapters, each
encoding a distinct visual aesthetic. Low-Rank Adaptation (LoRA) models [263], in par-
ticular, have become a popular way for creators to capture and share visual styles (from
Art Deco to Brutalist to Vaporwave), with platforms like CivitAl hosting over 100,000 such
models. Recent advances in multi-LoRA composition have shown that these adapters can be
smoothly blended [264] and combined [265], creating a combinatorial design space of sig-
nificant scale. Product designers have begun experimenting with these adapters for concept
ideation, surface material exploration, and moodboard creation [266, 267|, applying visual

styles to objects like sneakers, handbags, furniture, and vehicles.
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Despite these possibilities, designers face a vast and largely opaque design space. With
tens of thousands of style adapters available, and the combinatorial possibilities of blending
them, the space of achievable styles far exceeds what any designer can explore manually.
Yet current interfaces offer little support for navigation. The typical workflow involves ei-
ther browsing large lists of style adapters or searching for style adapters by keyword and
selecting them by name. Designers then adjust numerical weight sliders, generate an image,
and repeat. The style adapter search process is vocabulary-bound: designers can only find
styles they already know how to name. It is also opaque: slider values bear little meaningful
relationship to visual outcomes, and it is challenging to see how styles relate to one another.
Without visibility into the structure of the style space, exploration defaults to trial-and-error,
a pattern well-documented to cause design fixation [268]. In our pilot sessions with profes-
sional designers from a major automotive company, we observed this firsthand: designers
reported that with existing tools and interfaces, they ’can’t remember how [they] got there’
when a good combination emerged, and that without structured operations, "youre not go-
ing to use 99% of the library.” Recent empirical findings confirm that text-to-image tools
can actually increase rather than decrease fixation through prompt anchoring and output
attachment [269], and that text-based prompting restricts creative exploration, especially
for novices [270].

Prior work has explored ways to address Al design fixation through methods such as key-
word recombination [271], sketch-based interaction [272], cross-domain analogy [273], and
graphical style manipulation [270]. However, these tools address fixation at the level of
input modality or ideation process. There remains limited support for exploring the style
space itself: discovering which styles are available, understanding how they relate, and com-
bining them into new directions. Interactive evolutionary computation (IEC) offered an
early vision for this kind of exploration [274], allowing users to guide aesthetic search by
selecting preferred candidates rather than describing them. But random mutation causes
user fatigue, as most variations bear little meaningful relationship to the selected par-
ent [275, 276]. Meanwhile, LoRA composition has made multi-style blending technically
feasible [264, 265, 277, 278], but the interfaces (CivitAl, Automatic1111) still present de-
signers with sliders and text fields, leaving the style space a black box with little visibility
into how styles relate or where a combination sits in the space.

To address these challenges, we developed GENErator, a proof-of-concept tool that treats
each visual style as a “gene” in a navigable semantic style space. Our key insight is that
by creating embeddings of each style across diverse object contexts and subtracting the
object contribution, we can isolate a content-independent style direction, effectively giving

every gene a semantic address. This facilitates genetic operations that are semantically
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Table 7.1. Comparison of tools for Al-assisted style exploration.

Tool

Exploration strategy

‘What is varied

Semantic guidance

Multi-style composition

Lincage tracking

Style scarch

GENErator Genetic operations Style models (LoRA) | Yes (style embeddings) | Yes (crossover, mutation, evolution) | Yes (evolution tree) | Semantic + reverse image
Pichreeder [279] Collaborative IEC CPPN genotypes No Yes (branching) Yes (phylogenctic free) | Keyword

Artbreeder [280] User-guided [ GAN latent vectors No Yes (weighted crossover) Yes (gencalogy view) | No

Tall & Yaman [281] TEC + acsthe CAN Tatent vectors Partial (acsthetic fitness) | Yes (crossove No No

DesignWeaver [282] Prompts Partial (named dims) Partial (multi-tag) No No

POET [283]

Model outputs

No (automatic)

No

No

No

Luminate [284]

Dimension variation

LLM outputs

Partial (interp. dins)

No

No

Keyword + filter

CreativeConnect [271]

Reference recombination

Text keywords

No

Partial (keyword merge)

No

No

StyleFactory [285]

Strength calibration

Single LoRA weight

No

No

No

No

CivitAl/Vizcom/A111

1286288

Slider adjustment

ToRA weights

No

Yes (manual shders)

No

Keyword

guided rather than random. Designers can discover styles by describing aesthetics, breeding
crossover styles to produce hybrid offspring, mutating styles towards similar or maximally
different regions of the space, and performing natural selection to automatically evolve a pop-
ulation toward a target aesthetic. An evolution tree interface makes the full lineage of every
style combination transparent and traceable. Rather than adjusting opaque parameters,
designers discover, combine, mutate, and evolve styles through operations informed by how
styles relate to each other in the style embedding space. In a within-subjects study (N=12),
we compared GENErator to a standard multi-style slider-based interface where designers
select styles by name and adjust numerical weight sliders. Participants using GENFErator
explored 2.2 times more unique styles, reported significantly improved understanding of style
relationships (ds=1.66), and shifted from linear trial-and-error toward structured branching
exploration.

This research thus contributes:

e A content-independent style embedding technique that isolates each style’s se-
mantic contribution by encoding it across diverse object contexts and subtracting the
object signal, positioning all styles in a shared space to enable guided genetic opera-

tions.

e GENErator, a proof-of-concept tool that supports diverse style exploration through
genetic operations, including crossover, guided mutation (complement and contrast),
natural selection, and an evolution tree that visualizes the full compositional lineage

of every design.

e A within-subjects evaluation (N=12) comparing GENErator to a standard multi-
style slider-based interface, showing significantly broader exploration (2.2 times more
unique styles), improved understanding of how styles can be combined, and supported
a behavioral shift from blind parameter tweaking toward more structured, additive

exploration.
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7.2 Related Work

GENErator builds on prior research in design fixation in Al-assisted design, style representa-
tion and composition in generative Al, and interactive evolutionary computation. Table 7.1

compares GENErator against the most closely related tools for Al-assisted style exploration.

7.2.1 Design Fixation in AI-Assisted Design

Design fixation, the tendency to remain stuck exploring a limited set of ideas [268], has
become a growing concern as generative Al tools enter design practice. Wadinambiarachchi
et al. [269] found that text-to-image tools can increase fixation through anchoring to ef-
fective prompts and fixating on Al outputs rather than exploring alternatives. Doshi and
Hauser [289] report that while Al improves individual creativity, it reduces collective di-
versity. Davis et al. [270] found that graphical interfaces outperform text prompting for
creative exploration.

Several recent systems have proposed approaches for reducing fixation. Some change the
input modality. For example, Inkspire [272] replaces text prompting with a sketch-to-
design-to-sketch feedback loop and analogical inspiration. Others restructure the exploration
process. Luminate [284] lets users vary LLM outputs along interpretable dimensions, Cre-
ativeConnect [271] supports visual reference recombination through keyword extraction, and
DesignWeaver [282] scaffolds T2I product design with named dimensions extracted from gen-
erated designs. Concurrently, POET [283] addresses output homogeneity in text-to-image
generation by automatically discovering and expanding dimensions of variation. Each of
these tools addresses fixation at the level of input modality, ideation process, or output di-
versification. In this work, we aim to operate directly on the style space itself, making its
structure visible and trackable, and allowing designers to compose, mutate, and evolve styles
within it.

A complementary line of work has explored how making generative spaces visible and navi-
gable supports creative exploration. Hartmann et al. [290] established that creating multiple
alternatives in parallel supports design exploration. More recently, InterFaceGAN [291] iden-
tified interpretable semantic directions in GAN latent spaces, GANCollage [292] presented
a mood board interface for composing GAN-generated elements, and Browsing the Latent
Space [293] let users walk through a generative space to discover unexpected outputs. A
growing body of systems have extended this approach to specific creative domains, including
video editing [294], analogical design [273], art browsing [295], spatial ideation [296, 297],
and iterative concept exploration [298-300].

104



These systems establish that visibility supports creative exploration, but most focus on
navigation and selection within existing outputs rather than creating new points in the
space. In our work, we apply genetic diversity operators directly to the style representation
space. Where prior tools help designers express their intent more effectively or navigate
existing outputs, GENErator lets designers create new points through crossover, move toward
semantically relevant neighbors through mutation, and converge toward targets through

natural selection.

7.2.2 Style Representation and Composition in Generative Al

Over the past year, the technical foundations for multi-style composition have advanced
rapidly. B-LoRA [277] showed that style and content can be implicitly separated by train-
ing LoRA on specific transformer blocks, indicating that style is a manipulable parameter
rather than a side effect of generation. K-LoRA [265] achieved training-free multi-LoRA
fusion, demonstrating that multiple styles can be combined without additional optimiza-
tion. DiffMorpher [264] achieved smooth image morphing by interpolating between LoRA
parameters, showing that the LoRA parameter space supports smooth semantic transitions.
CLoRA [278] introduced contrastive test-time attention masking to reduce semantic conflict
when composing multiple LoRAs, Zhong et al. [301] proposed two training-free methods
(LoRA Switch and LoRA Composite) for multi-LoRA composition with the ComposLoRA
benchmark, and CMLoRA [302] used frequency-domain analysis to optimize LoRA inte-
gration order. In the text-embedding domain, EvoPrompt [303] applied genetic operators
to discrete text prompts using LLMs, showing that evolutionary strategies can optimize
prompts for downstream tasks, but for automatic prompt optimization rather than style
exploration.

Many HCI systems focus on helping designers control individual styles. StyleFactory [285]
supports style-strength ranking and alignment visualization for calibrating a single style’s
intensity. DesignPrompt [304] combines images, colors, and text into multimodal prompts
for individual generations, and Generative.fashion [270] offers graphical style exploration
using GANs. Misty [305] supports conceptual blending of UT design examples into proto-
types. While some of these systems support compositional mechanics, few provide ways to
navigate or search across a large combinatorial style space. In current practice, platforms
like CivitAl [286], Vizcom [287], and Automatic1111 [288] present multi-LoRA composi-
tion through weight sliders and text fields, with no semantic search, relationship visibility,
or lineage tracking. In our work, we build on LoRA composition and semantic embeddings
to create a style exploration layer where genetic operations guide designers across the style

space through semantically meaningful composition, rather than manual slider adjustment.
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7.2.3 Interactive Evolutionary Computation

Interactive evolutionary computation (IEC) is a paradigm in which users guide an evolution-
ary process by selecting preferred candidates from a generated population, with the system
producing new candidates through genetic operators such as crossover and mutation [275].
A persistent challenge is user fatigue: because mutations are random, most generated can-
didates bear little relationship to the user’s aesthetic direction, requiring many evaluation
rounds to make progress [275]. Dawkins [306] introduced the concept with biomorphs, sim-
ple shapes evolved through user selection. Sims [274] brought IEC to computer graphics
at SIGGRAPH, establishing that selection is a natural interface for aesthetic preference:
designers pick what they like rather than describing it. Picbreeder [279] extended this to
collaborative online evolution where users could branch from each other’s evolved images,
and Artbreeder [280] brought IEC to millions of users through GAN-based image breeding.
However, Artbreeder’s mutations remain at the level of random perturbations without refer-
ence to named styles or aesthetic concepts, and it provides no lineage tracking across evolved
images.

More recent systems have combined IEC with learned latent spaces. Bontrager et al. [307]
placed GAN latent vectors under evolutionary control, showing that deep generative models
provide compact representations for IEC. Schrum et al. [308] extended this to game level
generation, StyleIE [309] introduced crossover in StyleGAN’s style space, and Hall and
Yaman [281] combined IEC with creative adversarial networks, proposing an “intelligent
mutation” operator based on aesthetic scoring. This last system comes closest to addressing
user fatigue but still lacks semantic guidance: mutations are drawn from a local neighborhood
in latent space without reference to named concepts or user intent.

Despite two decades of proposed mitigations [276], the root cause largely remains that
random mutation produces candidates that are mostly irrelevant to the designer’s direction.
In our work, we aim to address this by making mutation semantically guided: complement
mutations select from the most similar styles in the semantic style space, contrast mutations
from the most distant, and natural selection progressively evolves styles towards a user’s

natural language descriptions.

7.3 GENErator

We first illustrate how a designer would use GENErator through a lounge chair design
example. We then describe the technical implementation, covering the latent style space,
gene library and style search, genetic operations, natural selection, and the evolution tree.

We detail technical validations of the system’s core mechanisms in Appendix C.1.
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7.3.1 System Walkthrough

Zaha is a furniture designer exploring styles for a new lounge chair concept. Teaser figure,
Figure 7.2, and Figure 7.4 show example interfaces of this walkthrough.

Zaha first types “fluffy” into the semantic search bar. GENErator ranks all genes in the
database by similarity to her query and surfaces Plush (67% similarity score), Wooly (55%),
and Cotton Candy (42%) (Figure 7.2). She drags Cotton Candy onto the canvas, types
“lounge chair” as the prompt, and the system generates a playful, cloud-like chair in soft
pastel hues.

Zaha also has a photo of a jellyfish that captures a luminous quality she wants. She uploads it
using reverse en-GENE-ering, and the system identifies which genes best match: 42% Glow,
28% Bioluminescent, 18% Ethereal. She drags Glow onto the canvas, over Cotton Candy
to create a crossover. GENErator blends the two style genes, producing an offspring that
merges the softness of Cotton Candy with the luminescence of Glow. The offspring appears
as a child node in the evolution tree.

Wanting to push the hybrid further without losing its character, Zaha right-clicks the hybrid
gene and selects complement mutation. GENErator randomly selects from the top 10% most
semantically similar genes and picks Opalescent, creating a smoother glow. Curious about
an unexpected direction, she tries contrast mutation, which randomly draws from the bottom
10% most dissimilar genes. GENErator adds Geode, producing a crystalline offspring.
Finally, Zaha wants to refine towards a specific aesthetic direction using natural selection.
She types “luxurious” as a natural selection target. GENErator uses her hybrid gene as
the initial seed and automatically evolves populations of styles toward this aesthetic over
three generations, blending in genes like Posh and Diamond that score highest against the
target (Figure 7.4). The evolution tree now shows her full exploration lineage: from initial
search, through crossover and mutation, to automated evolution. She can click any node to

backtrack and branch off in a new direction without losing her current path.

7.3.2 Latent Style Space

For genetic operations to be semantically meaningful, the system needs to know where each
style lives in a shared space. The challenge is that styles are entangled with objects: encoding
“a chair in Chrome” captures both the chrome material and the chair shape. Our approach

isolates the style contribution by subtracting out the object. For each style gene s, we encode

W

N=30 prompts with the style applied (“a chair in Chrome,” “a sneaker in Chrome,” etc.)

” W

and the same N prompts without (“a chair,” “a sneaker,” etc.), take the difference for each

pair, and average: We then take the difference for each pair and average:
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Figure 7.1. The 100-gene style space projected via PCA, with convex hulls drawn around
each of the six categories. Semantically related styles cluster without explicit supervision:
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Figure 7.2. Semantic search in the gene library. Querying “fluffy” ranks all genes by
semantic similarity, surfacing Plush (67%), Wooly (55%), and Cotton Candy (42%).

N
]_ «“ .. 99 “ >
€= ;1 [CLIP( a obj; in styles”) — CLIP(“a obj; )] (7.1)

Each subtraction removes the object’s contribution, and averaging across diverse objects
(N categories: chair, sneaker, lamp, handbag, car, etc.) cancels remaining object bias.
The result is a 768-dimensional vector that captures what the style adds independent of
any particular object. For example, Chrome and Glossy end up nearby because they add
similar reflective qualities regardless of whether they are applied to a chair or a sneaker.
Figure 7.1 shows the resulting 100-gene style space projected via PCA: semantically related
styles cluster together without any explicit category supervision. This differenced averaging
technique is what makes downstream operations work. Complement mutation draws from the
nearest 10% of genes, so tighter clustering in the embedding space means more aesthetically

coherent suggestions. We validate this in Section C.1.

7.3.3 Gene Library and Style Search

GENErator’s gene library contains 100 curated LoRA [263] style adapters sourced from Civ-
itAl, HuggingFace, and our custom-trained models (Figure 7.1). Genes span six categories
(material, texture, movement, light & color, mood, architecture) and are organized with
filterable tags for era, fidelity, and color tone (Figure 7.2).

Designers find genes through two search modes. Semantic search lets designers type a
natural language description (e.g., “dark and moody”) and the system ranks all genes by
cosine similarity between the query’s CLIP embedding and each gene’s style embedding.

Because the embeddings capture semantic meaning rather than keyword overlap, “dark and
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moody” surfaces Coal, Dark Fantasy, Grunge, and Brutalist even though “moody” does
not appear in any trigger word. Reverse en-GENE-ering lets designers upload any reference
image and the system identifies which genes best match its aesthetic, using the CLIP image
encoder in place of the text encoder. Results appear as a ranked list with match scores (e.g.,
“42% Glow, 28% Bioluminescent, 18% Ethereal”), and designers can drag any identified

gene directly onto the canvas.

7.3.4 (Genetic Operations
7.3.4.1 Crossover

combines two parent genes into an offspring by blending their LoRA adapters. The offspring
inherits both parents’ adapter sets, each scaled by a blend ratio a € [0,1] (default 0.5,
adjustable via slider). Each offspring is added as a child node in the evolution tree, connected
to both parents, building a branching exploration structure.

Mutation. introduces new genetic material by blending a source gene with a second gene
selected from the library. GENErator offers three mutation modes that control how far from
the source the offspring lands. Complement draws from the top 10% most similar genes in
the style space (cosine similarity > 799, approximately 0.66), yielding a pool of ~10 candidate
genes that refine within the same aesthetic family. Contrast draws from the bottom 10%
most dissimilar genes (cosine similarity < 7¢), introducing a different aesthetic direction.
Random selects uniformly from the full library. The distinction between modes is not how
blending occurs (all use the same weighted adapter combination as crossover) but where the

second parent comes from in the style space (Figure 7.3).

7.3.5 Natural Selection

While crossover and mutation let designers manually guide exploration one step at a time,
natural selection automates the process: the designer describes where they want to go, and
the system evolves a population of styles toward that target.

The mechanism adapts the Simple Genetic Algorithm (SGA) [310] for semantic style explo-
ration. In standard SGA, mutation is random and fitness is defined externally (e.g., manually
by the user). GENErator makes two changes: mutation is semantically-guided (drawn from
genes semantically related to the target rather than random noise), and fitness is computed
automatically by comparing generated images to the designer’s target description.

Given a target description ¢ (e.g., “luxurious”), the system initializes a population of P
individuals (optionally seeded from the canvas), then iterates. First, each individual is

evaluated by generating an image and scoring how well it matches the target:
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f(g,t) = cos(CLIPjye(Generate(g)), CLIP ex(t)) (7.2)

where Generate(g) renders a product image using gene g’s LoRA adapters, and the cosine
similarity between the image embedding and the target text embedding serves as the fitness
score. The system then selects the top performers weighted by fitness, and mutates each
by blending it with a gene drawn from the top 10% most similar to the target description
(not the parent, as in complement mutation). The loop runs for 3-5 generations (defined
by the user). The result is a grid of evolved designs that progressively embody the target
aesthetic (Figure 7.4).

7.3.6 Evolution Tree

As designers crossover, mutate, and evolve genes, GENErator builds an evolution tree that
tracks the full lineage of every style explored. Parent genes appear above their offspring,
with connection lines showing which operation produced each child (crossover, complement,
contrast, or evolution). Line thickness indicates the contribution of each parent: a thicker
branch means that parent contributed more to the offspring’s blend.

Each offspring receives a creative name generated by an LLM (e.g., crossing Cotton Candy
with Glow might produce Cotton Glow). Hovering over any gene reveals a composition
tooltip showing a pie chart of its genetic makeup, e.g., “45% Cotton Candy, 30% Glow, 25%
Geode”. Designers can click any node to backtrack, branching off from earlier points in the
tree to explore alternative directions without losing their current branch. They can also
bookmark favorite genes, save custom hybrids back to the library for future use, and export
the full canvas as a visual record of their exploration.

Magic Layout. As designers add, crossover, and mutate genes, the canvas can become
cluttered. Magic Layout reorganizes genes so their spatial positions on the canvas reflect
their positions in the style embedding space. Library genes are projected via PCA from
their precomputed embeddings; offspring are positioned as weighted averages of their parents’
positions (matching the blend ratio ), with force-directed repulsion to prevent overlap. The
result: after clicking Magic Layout, the canvas becomes a navigable map of the explored style
territory, showing at a glance which regions have been explored, where clusters of related
experiments formed, and where unexplored gaps remain. Designers can manually drag genes
to override positions at any time.

We implement GENErator as a web application using an infinite canvas interface with
D3.js [311] visualizations of evolution trees. Image generation uses the FLUX.1-dev model [312]
with multi-LoRA support, producing each image in approximately 2 seconds. An LLM rec-

ommends an appropriate camera angle for each product type to keep style comparisons
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luxurious

Simple Deep Deeper
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Figure 7.4. Natural selection evolving a population of three styles toward “luxurious” over
three generations. In each generation, the system scores every candidate among the
population by similarity to the target, selects the fittest, and mutates them using
semantically related genes to produce the next generation. At the final generation, the
winner is selected (gold crown).
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Figure 7.5. Example iteration sequence for a handbag. Starting from Plastic + Plush, the
designer adds or removes genes across six iterations, each building on the previous offspring.
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visually consistent (e.g., a 3/4 front view for a sneaker). Style embeddings are encoded
with the CLIP ViT-L/14 model [313]. All interaction events (generations, gene additions,
crossovers, mutations, evolutions, searches, bookmarks, and weight adjustments) are logged
in a database for post hoc analysis.

We validate three quantitative properties of the embedding and genetic operations in Ap-
pendix C.1. Our embedding method achieves 83% tighter within-group clustering than
straightforward text encoding (d; = 2.32). Complement targets land 24% closer to the
source than random (ds = 3.22), contrast targets 27% farther (d; = 4.76). Figure 7.3 shows
the visual effect across six product types. Natural selection converges monotonically across
all 10 tested aesthetics (Figure C.1).

7.4 User Study

We conducted a within-subjects study to understand how GENErator could support de-
signers in exploring visual styles, its potential to change how designers interact with style
spaces, and to identify areas for improvement. We compared GENErator against a baseline
condition representing a standard interface for multi-style Al image generation tools used by

designers today. The following outlines our participants, baseline, procedure, and measures.

7.4.1 Participants

We invited twelve participants (P1-P12, 8 male and 4 female, aged 1853, u=27.8, 0=9.0) to
participate in the study. Participants were recruited from design programs and professional
practice through known contacts and word of mouth, with the majority coming from one of
the top five industrial design schools in the United States. Design experience ranged from
1 to 26 years (u=6.0, 0=6.8), spanning product design, automotive design, CMF (color,
material, finish), furniture design, architecture, and interaction design. Student participants
typically had professional-level experience through a combination of industry-sponsored in-
ternships and co-op programs. Participants reported moderate familiarity with Al image
generation (u=2.5, 0=1.1, 4-point scale) and low familiarity with LoRA-based style genera-
tion specifically (©=2.0, 0=1.0, 4-point scale). They were not exposed to GENErator prior
to the study. Participants accessed both tools through a web browser. We compensated

participants $40 USD for approximately 90 minutes.

7.4.2 Baseline

The baseline represents a standard interaction model for multi-style Al image generation
tools, similar to widely used platforms such as Automatic1111 WebUT [288], CivitAI’s on-
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line generator [286], and Vizcom [287]. The baseline shares the same gene library (all 100
styles) and the same generation pipeline (same model, resolution, and quality). The differ-
ence is how designers explore. In the baseline, designers select styles from a browsable grid,
adjust individual weight sliders (0-100%) to control each style’s influence, and click Gener-
ate. A generation history grid displays all previous outputs. Clicking any previous result
restores its selected styles and weights, enabling one-click backtracking. This is stronger
than most existing tools, which require designers to manually recreate previous configura-
tions (Figure C.4).

7.4.3 Procedure
7.4.3.1 Introduction (10 minutes)

Participants provided informed consent, completed a background questionnaire, and were

given an overview of both tools.

7.4.3.2 Comparison Tasks (50 minutes)

Participants completed a design task with GENErator and another design task with the
baseline. The two design tasks are “design a futuristic sneaker” and “design a luxurious
handbag.” We counterbalanced both the order of the conditions and the assignment of
design tasks to conditions. Each task lasted 20 minutes. Participants bookmarked their
favorite outputs at the end of each session and completed questionnaires about the tool they
just used. Throughout the comparison tasks, participants shared their screen and verbally

explained their actions and thinking (think-aloud). The researcher observed and took notes.

7.4.3.3 Free Exploration and Post-Study (30 minutes)

Participants used GENErator to design any product of their choice with full creative freedom
(20 minutes). Participants designed water bottles, kitchen tables, flying cars, gaming mice,
and cat food dispensers. Participants then gave feedback through open-ended questions
asking them to compare the two tools, describe moments of surprise or discovery, and discuss

how they might integrate each into their workflow (10 minutes).

7.4.4 Measures

For both conditions, we asked participants to complete questionnaires to capture their ex-
perience using GENErator and the baseline. We assess creativity and exploration using
5-point Likert questions adapted from the Creativity Support Index (CSI) [3]. We included
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Figure 7.6. Likert results across all subjective measures. Left: Creativity and exploration
(adapted from the Creativity Support Index [3]). GENErator rated significantly higher on
ease of exploration, creativity, enjoyment, and satisfaction. Right: Style-specific design
outcomes. GENErator rated significantly higher on diversity, unexpected discovery, and
understanding of style relationships. Error bars show standard deviation.

4 custom questions targeting style-specific dimensions not covered by CSI: diversity of out-
put, unexpected style discovery, understanding of style relationships, and sense of control.
In addition, we log all interaction events to a database with timestamps, including every
generation, crossover, mutation, evolution run, semantic search, bookmark, and weight ad-
justment. We computed post-hoc semantic similarity metrics from user-generated designs,
including style space coverage (convex hull area in PCA-projected embedding space, see
Figure 7.7) and mean pairwise CLIP [313] distance between outputs. We compared all
questionnaire and behavioral measures using parametric paired t-tests. We report effect
sizes (ds) throughout. We reviewed qualitative data from open-ended responses, think-aloud

transcripts, and researcher observation notes to support the quantitative results.

7.5 Results

All twelve participants completed both comparison tasks and the free exploration session.
GENErator improved exploration breadth, style understanding, and creative ownership

across both subjective (Figure 7.6) and behavioral measures (Figures 7.7, 7.8).

7.5.1 Creativity and Exploration

GENErator enables broader exploration and stronger creative ownership. Par-
ticipants reported significantly higher ease of exploration when using GENErator (u=4.25,
0=0.75) as compared to the baseline (4=3.42, 0=0.90) (#(11)=2.59, p;.05, d;=0.75). Par-
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ticipants’ sense of creativity showed the largest effect among the CSI items (u=4.08 vs.
u=3.25, t(11)=3.46, p;.01, d;=1.00). Participants also reported higher enjoyment (u=4.25
vs. pu=3.58, pj.05) and satisfaction with their designs (u=4.00 vs. p=3.08, p;j.05). As P4
put it, using GENErator felt like ‘I made this’ while the baseline felt like ‘the AI made this’
(P4).

This was supported by behavioral data: participants explored 2.2 times more unique base
styles with GENErator (1=16.8, 0=4.5) as compared to the baseline (u=7.5, 0=2.1) (¢(11)=6.26,
pj-01, ds=2.62), and bookmarked 5.2 times more outputs (u=9.2, 0=2.2 vs. u=1.8, 0=14,
pj.01, ds=3.94). Participants also rated their outputs as significantly more diverse (u=4.00
vs. u=3.33, pj.05, ds=0.86). Notably, the mean pairwise cosine distance between explored
styles was comparable between conditions (GENErator 4=0.46 vs. baseline u=0.47, p=.13),
suggesting that GENErator’s advantage comes from visiting more regions of the style space
rather than sampling more distant individual styles (Figure 7.7). Figure C.3 shows P12’s
trajectories as a representative example.

The remaining CSI items (idea tracking, intent expression, regular use, effort-reward, and
control) did not differ significantly between conditions. GENErator did not degrade these

aspects relative to the baseline.

7.5.2 Style Understanding and Discovery

GENErator makes style relationships understandable and leads to more serendip-
itous discoveries. The ability to understand the relationships between styles showed the
largest subjective effect (d;=1.66). Participants rated significantly higher understanding
when using GENErator (u=4.25, 0=0.62) as compared to the baseline (u=2.25, 0=0.75)
(t(11)=5.74, p;.01). The evolution tree interface was noted as a key mechanism: P6 com-
mented ‘you can see the whole tree of styles I explored and eventually see how the end product
was created’ (P6), and P3 described ‘the canvas tool (GENErator) feels more reliable because
I can understand the generation process and adjust it with clearer direction’ (P3). In the
baseline, the same participants called it ‘all blind box behind me’ (P3), and P5 noted ‘the
name of the style doesn’t mean anything because the outcome is very different from the style’
(P5).

Participants also reported significantly more unexpected discoveries with GENErator (u=4.00
vs. pu=2.17, t(11)=7.61, pj.01, d,=2.20). Contrast mutation was a key driver. P7 applied
contrast to a mirrored metal gene, expecting something dull. Instead, GENErator surfaced
a neon light gene: ‘I expected something more bland... like the opposite of mirror’ (P7). The
result was not a literal opposite but an unexpected aesthetic direction. Later, exploring a

flying car concept, P7 observed: ‘Guess it associates flying with translucency. That’s inter-
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Figure 7.7. Per-participant style space coverage in PCA-projected CLIP space. Convex
hulls show GENErator (teal) vs. baseline (orange). The faded gray convex hull shows the
complete style space (the same one as Figure 7.1). GENErator participants generally
covered more of the style space.
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Figure 7.8. Interaction event sequence for P12. The baseline (bottom) is dominated by
weight adjustments (gray). GENErator (top) shows crossover (green), mutation (orange),
evolution (purple), and search (blue), with more bookmarks (stars). See Figure C.6 for all
12 participants.

esting’ (P7). Not all contrast suggestions were immediately accepted, but participants valued
that surprises were interpretable. Not all contrast suggestions were immediately accepted,
but participants valued that surprises were interpretable: P6 described an unexpected glass
texture from crossover as ‘not ezactly like the [parent] styles but also something that came
out of merging them’ (P6). Figure C.2 visualizes this pattern across all participants: com-
plement mutations (blue) generally stay closer to the source gene and contrast mutations

(orange) jump to more distant regions.

7.5.3 Interaction Patterns

GENErator shifts designers from repeated parameter tweaking to structured,
orchestrated exploration. Interaction logs revealed a clear shift in how designers explored
the style space (Figure 7.8). With the baseline, participants followed a linear cycle: search
the library, select styles, adjust weight sliders, generate, then start over. Each generation
largely started from a new slider configuration rather than building on previous results. The
dominant action was weight adjustment (u=47.8, 0=17.0 per session), accounting for nearly
half of all interactions — yet adjusting a slider from 70% to 80% gives little indication of how
the output will change. P9 commented ‘I just keep changing sliders randomly. It’s hard to
understand what’s happening.” (P9).

With GENErator, participants built on previous outputs through crossover, mutation, and
evolution rather than reconfiguring each generation independently. Weight adjustments
dropped significantly to p=1.3 with GENErator (p;j.01, d;=3.87), with participants lever-
aging crossover (p=12.3, 0=>5.9), mutation (u=7.1, c=1.1), and evolution (u=1.6, 0=1.3).
Prompt editing also dropped significantly (u=1.8 vs. u=5.1, pj.01, d;=2.56), suggesting
that genetic operations substantially reduced the role of prompt engineering (Figure C.5).

When P9 ran natural selection (evolution) to evolve Lego toward a futuristic aesthetic, the
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progression was visible: ‘The Lego started blocky and then generation by generation it got
sleeker’ (P9).

P10, with over 25 years of design experience, described GENErator like orchestrating a design
team: ‘Your team of designers is constantly generating ideas... and you are combining and
you say, how about a little bit of this one with this part of that one’ (P10). Several participants
placed GENErator within their broader workflow: P10 saw it as ‘intended for the mood board
phase’ (P10).

7.6 Discussion

A core challenge we grappled with in this work was helping designers explore diverse styles
without resorting to random trial-and-error. Current tools mainly sit at two extremes: fixa-
tion, where vocabulary-bounded search keeps designers circling the same aesthetic territory,
or noise, where random mutation in traditional IEC produces user fatigue [275, 276]. Our
results suggest GENErator enables a middle ground we call guided divergence: exploration
that is simultaneously broader and more intentional than either extreme. Each genetic oper-
ation plays a distinct role: complement refines within an aesthetic family, contrast leaps to
distant territory, crossover blends two directions, and natural selection converges toward a
target. That participants used both complement and contrast throughout their sessions (Sec-
tion 7.5.3) suggests they valued surprise as much as refinement. As P12 put it, GENErator
allowed them to ‘explore without having to know what [they are] looking for.” The content-
independent style embedding is what makes this possible: our validation shows that without
it, within-group similarity drops by 83%, which would make complement less coherent and
contrast less distinct (Section C.1). This principle may generalize to other domains where
AT models can be embedded in a meaningful space (e.g., fonts, music, or motion styles).

Our results also suggest a structural limitation of slider-based interfaces: weight sliders offer
parametric control without semantic meaning. Genetic operations replace opaque parameter
tuning with semantically interpretable composition. Understanding style relationships and
how styles can be combined was the strongest subjective finding (d;=1.66), and the evolution
tree was cited as a primary mechanism. Participants who could see how designs derived from
parent styles reported feeling more confident branching into unfamiliar territory, suggesting
that transparency may enable bolder exploration. Where the baseline’s history grid shows
what was generated, the evolution tree shows how designs relate to each other. Participants
consistently described a shift from ‘I found this’ to ‘I designed this’ (Section 7.5.3). A key
enabler was the gene abstraction itself: where the baseline required designers to express

intent through arbitrary numerical weights, GENErator let them express intent through
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aesthetic relationships: blend these two, surprise me, take this somewhere luxurious.

7.6.1 Limitations and Future Work

There are several avenues for future work collected from participants’ feedback and our
observations. First, GENErator operates at the level of overall visual style. Several par-
ticipants expressed interest in controlling specific visual elements, such as mutating only
the color palette while keeping the form, or crossing over the texture of one design with
the silhouette of another. Second, GENErator currently exists as a standalone exploration
tool. P10 described it as ‘for the mood board phase’ (P10), suggesting it fits early in the
design process. Exporting material parameters or color palettes to downstream tools such
as Figma, Rhino, or KeyShot could bridge the gap between exploration and production.
Third, our study compares the full GENErator system to the baseline. Isolating the contri-
bution of each genetic operation (crossover, mutation, evolution) could be a direction for a
future ablation study. Fourth, we measured exploration breadth and subjective experience
but did not independently evaluate output quality. Compared to the baseline, participants
bookmarked 5.2 times more outputs (pj.01), a behavioral indicator of perceived design value
taken during the task rather than a post-hoc rating. Participants also rated significantly
higher satisfaction (pj.05, ds=0.75). Additional expert quality ratings could complement
these self-report measures. Fifth, natural selection uses CLIP similarity as the fitness func-
tion. While convergence is consistent across 10 tested aesthetics (Figure C.1), CLIP was
not trained for aesthetic judgment specifically. Future work could explore aesthetic-specific
metrics. Sixth, while no participant reported fatigue in our sessions, longer-horizon studies
with explicit fatigue measures would test whether semantic guidance sustains its advantage
as exploration scales up. Finally, our library of 100 genes was curated by the research team.
The embedding technique itself scales (computing additional embeddings is inexpensive), but
deployment with larger ecosystems such as CivitAI’s [286] 100K+ styles would test whether

the experience remains effective at scale.

7.7 Conclusion

This research identifies the challenges designers face when exploring visual styles with Al
generation tools and proposes a content-independent style embedding technique for making
style spaces navigable. The research prototype, GENErator, treats each visual style as a gene
in a semantic space, enabling designers to crossover, mutate, and evolve styles through genetic
operations grounded in these embeddings. In a within-subjects study, participants using

GENErator explored 2.2 times more styles, reported improved understanding of how styles
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relate to one another, and adopted structured, branching exploration patterns rather than
blind trial-and-error. Complement and contrast mutations surfaced styles that participants
had not previously encountered, and the evolution tree made the full compositional history
of every design traceable. More broadly, GENErator demonstrates that genetic abstractions
over semantic embedding spaces offer a viable path for navigating large style libraries. As
generative Al makes the space of possible designs vastly larger than any designer can explore
alone, we hope this work informs future tools that make these latent spaces not just visible,
but operable.

Reading GENErator through the Human-Al-Interface Triangle: style adapters embedded in
a content-independent semantic space give compositional handles over aesthetic direction
(controllability), genetic operations (crossover, complement and contrast mutation, natural
selection) support the moves remixing requires (affordance), and the evolution tree draws on
a biological metaphor designers can read, so each operation produces the categorical effect
it implies, as the technical validation that follows demonstrates (intuitiveness). The four
systems in this thesis together cover the navigate, compose, iterate, and remix tasks. The

next chapter synthesizes the patterns that emerge across the four cases.
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Chapter 8

Discussion and Conclusion

A core challenge I grappled with in this work was how to give designers control over Al
without forcing them to learn the internals of each model. The four systems took different
routes through that problem. However, a number of patterns emerged across all of them. In
this chapter, I examine those patterns, distill a set of design guidelines for Al-powered design

exploration, discuss the limitations of this work, and outline directions for future research.

8.1 Research Contributions

In this thesis, I develop a framework for Al steering interfaces that support design explo-
ration. My core contribution is to show how AI may be made steerable through interactions
that designers already understand, such as navigating a map, assembling pieces, sketching,
and mixing styles.

The Human-Al-Interface (HAI) Triangle. I identify three components that must align
in an effective Al steering interface: design tasks (what designers want to do), AI mech-
anisms (what models can actually control), and interface representations (what designers
manipulate). Alignment is defined through three conditions, one per vertex: controllability
for the AT (the mechanism exposes handles a designer can act on), affordance for the Human
(the controls match the moves the task requires), and intuitiveness for the Interface (the
representation draws on conventions designers already work with, so they can anticipate
what each control will do). When the representation bridges the human task and the Al
mechanism, steering becomes a form of direct manipulation. For example, a map may let
designers navigate a latent space, and puzzle pieces may let them compose model capabil-
ities. However, when the three conditions do not align, designers often struggle even with
a powerful model underneath. The triangle therefore serves two purposes: diagnosing an
existing tool by identifying which condition fails, and designing a new one by working back-

ward from the task and the mechanism to the representation that connects them.
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A design space of AI steering tasks. I map four modes of steering Al for design ex-
ploration, namely navigate, compose, iterate, and remix, each aligned with a distinct Al
mechanism and interface representation (Table 1.1). We implemented each alignment as a
working system and evaluated it in a user study (N=10-14), with the per-system findings
summarized in Table 8.1. Across the four studies, participants were generally able to ac-
complish work that the baselines did not enable.

Design guidelines for Al steering interfaces. Several patterns extend beyond any single
system, and four of them recurred across all four. First, Al models encode rich possibility
spaces that remain hidden without the right interface, and making this knowledge visible and
manipulable is the core design challenge. Second, the exploration process itself often creates
value, and not only the final output. Third, familiar interaction metaphors such as maps,
puzzles, sketches, and style mixing may lower barriers by letting users draw on skills they
already have. Finally, fast feedback appears to support branching exploration rather than

early commitment to a single path. Each of these is developed as a guideline in Section 8.2.

8.2 Design Guidelines for AI Steering Interfaces

While the HAT Triangle is a framework for analyzing Al steering interfaces, the guidelines
below are heuristics for building them. I distilled them from what worked across the four
systems, what participants struggled with, and what appeared to distinguish effective steer-

ing from frustration.

8.2.1 Make the Hidden Visible and Manipulable

Modern AI encodes large possibility spaces that stay hidden without the right
interface. Much of what Al offers lies not in any single output but in the spaces it can
move through. These spaces, which include latent representations, model compositions,
conditioning pathways, and style embeddings, stay hidden from users without an interface
that brings them within reach.

Each system made a different aspect of Al capability visible and manipulable:

In each case, making the capability visible appeared to lead to specific behaviors that the
baseline did not produce. VideoMap editors used latent-space proximity to surface match-
cut candidates across visually similar but semantically distant clips, which a filename search
cannot reach. Jigsaw participants used the catalog to find unfamiliar models. As P9 put it,
they could “discover new Al abilities I was previously unaware of.” They then connected
the models into pipelines, testing feasibility before committing. Inkspire participants treated

the scaffolds as a way to read the Al’s interpretation of their sketch before deciding the next
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Table 8.1. How each system surfaced latent Al capabilities through interface
representations.

System What Was Latent How It Was Surfaced
VideoMap  Semantic/visual  relationships  between Maps
frames
Jigsaw Composable model capabilities Puzzle pieces
Inkspire AT’s interpretation of structure Sketching
GENErator Mixable style-specific models Evolution

stroke. P11 described this as a way to “know where the current iteration was so I could
tell where I'd like to mowve it next.” GENErator participants used complement and contrast
mutations to encounter styles they had not previously known existed, sometimes discovering
them as offspring of unrelated parents.

A design heuristic follows from this pattern. When building an Al tool, we may first ask
“what does this model know that users cannot currently see or manipulate?” The answer

often points toward the interface representation needed to complete the triangle.

8.2.2 Design for Exploration

All four systems supported broader exploration than their baselines, and the magnitude of the
difference is what makes this guideline concrete rather than rhetorical. Inkspire participants
scored significantly higher on the Creativity Support Index’s exploration dimension (x=5.83
vs. 3.83, d;=1.13) and inspiration dimension (©=5.92 vs. 4.00, d;=0.99) than they did
with ControlNet. GENErator participants explored 2.2 times more styles and bookmarked
5.2 times more outputs than the baseline. Jigsaw participants who started from the same
set of puzzle pieces ended with pipelines they did not plan in advance, often discovering
AT capabilities (P9: “discover new Al abilities I was previously unaware of”) in the act
of assembly. VideoMap editors found visual connections such as match cuts and semantic
neighbors that depended on the map view, with no equivalent action in a timeline editor.

We designed these systems so that the exploration process produces value that the final
artifact alone does not capture. For example, with VideoMap much of the work is the act of
moving through the map, and the final edit is only one possible product of that exploration.
Jigsaw’s pieces are similarly designed to be tried in combinations, and users often learn what
their tools can do by snapping them together in ways they had not planned. Inkspire treats
each sketch stroke as part of an ongoing conversation with the model, and GENErator’s

selection and crossover steps are themselves the design activity, in that by the time a user
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has bred a final image they have effectively explored a region of the style space.

Two design implications follow from this observation. The first is that the right baseline for
an Al exploration tool may not be whether it can produce a usable artifact, but whether
the path to that artifact lets the designer cover more of the space than the alternative does.
The second is that designers of such systems should be wary of optimization targets that
compress the path. A one-shot tool that produces a perfect output on the first try removes
exactly the work that this guideline suggests creates value. The four systems trade some
efficiency on a single output for substantially more coverage of the surrounding space, and

our studies suggest that designers may want this trade.

8.2.3 Familiar Metaphors Lower Barriers

Resnick and colleagues articulated a principle for creative tools: “low floors, wide walls,
high ceilings” [166], meaning that a tool should be easy to start with, supportive of diverse
approaches, and capable of sophisticated outcomes. I found that the triangle framework
helps achieve all three of these properties.

The interface representation provides the low floor, in that maps, puzzles, sketches, and
evolution trees are all things people already understand. Participants in our studies were
generally able to begin exploring immediately because the metaphors were familiar to them:
they already knew how to navigate a map, snap puzzle pieces together, sketch on a canvas,
or mix and evolve styles, and they did not need to learn a new interaction paradigm before
they could start working.

The AI mechanism provides the high ceiling, in that the metaphors sit on top of mechanisms
that encode relationships designers could not specify by hand: CLIP’s semantic organization
of visual content, foundation models’ multimodal chaining, ControlNet’s structural condi-
tioning, LoRA’s style composition. The ceiling is set by what these mechanisms can do, not
by what the metaphor itself can express.

The alignment between the interface representation and the AI mechanism provides the wide
walls, by which I mean multiple valid paths through the space. For example, in VideoMap
some participants found match cuts through the shape lens while others followed narrative
connections through the semantic lens. Across Jigsaw sessions, participants who started
from the same set of pieces often ended with very different pipelines, and personal sketching
styles developed over the course of the Inkspire studies that the system was able to interpret.
With GENErator, mutation and crossover surfaced style combinations that participants had
not planned to explore. The interface supported exploration rather than prescribing a single

correct workflow.
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8.2.4 Immediate Feedback Enables Branching

These systems lean toward play rather than work, in the sense that work tends to push reward
to the end of a task while play keeps users engaged throughout. For example, Inkspire
generates on every stroke with a feedback loop measured in milliseconds, a crossover in
GENErator produces visible offspring right away, and dragging in VideoMap surfaces nearby
frames as the cursor moves.

Fast feedback reshapes exploration in a specific way: when designers see results in mil-
liseconds, they try more variations, backtrack more freely, and stumble onto unexpected
directions. Slow feedback pushes them to commit early; fast feedback gives them room to
branch.

Software development calls this principle hot reloading: when code changes take effect with-
out a restart, programmers stop batching changes and start exploring [314]. We apply the
same principle to Al generation in the systems presented here. A sketch stroke reruns Con-
trolNet, a crossover reblends LoRAs, and dragging on the map re-projects the latent space.
Each gesture causes the model to update in place. A representation that needs a Generate
button to refresh treats the Al output as a destination, whereas a representation that up-
dates as the designer acts treats it as part of the work surface. Jigsaw is slower on purpose.
This is because composing a pipeline is a different kind of exploration than steering a single
generation. Feedback does not have to be instantaneous, but its rhythm should match the
steering work the representation is doing.

I did not manipulate feedback latency as an independent variable in any of the four stud-
ies, so this guideline is a cross-system observation rather than a tested causal claim. It is
consistent with the participant behavior described above and with prior work on responsive
interfaces [314], but a controlled study that compared the same representation under differ-

ent feedback rhythms would be needed to establish the mechanism cleanly.

8.2.5 Match Interface Complexity to AI Role

Across the four systems, the AI’s role varies along a spectrum from stimuli to collaborator.
When Al performance is well below human level, its outputs generally serve as external
stimuli, which is to say raw material for humans to process, filter, and refine. However, as
AT approaches and exceeds human-level performance on a specific task, it may take initiative,
offer alternatives, and adapt to the user’s direction, and in doing so becomes a collaborator
rather than a supplier of raw material.

The systems in this thesis sit at different points along this spectrum:
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Table 8.2. How interface requirements vary with the AI’s role in the human-Al relationship.

Position System(s) AT’s Role Interface Needs

Navigation VideoMap Organizes space for hu- Spatial overview, smooth
man to explore traversal

Orchestration Jigsaw Executes what human Visible connections,
assembles testable sub-pipelines

Collaboration Inkspire, GENErator Interprets input / gener- Fast feedback, visible Al
ates variation state

Inkspire and GENErator are both collaborative but in different ways: Inkspire interprets user
input and shows what it “understood” (the scaffold), while GENErator generates variation
that may surprise the user with possibilities they could not have imagined.

As the Al moves along this spectrum from stimuli to collaborator, the interface must do
more. Stimuli may be presented simply as a feed to scroll through, whereas collaboration
typically requires richer protocols, since the interface has to carry the designer’s intent to
the AT and the AI’s state back to the designer: what it understood, what it can do, where
the exploration currently sits. As Al capability rises in a given domain, the corresponding
interfaces likely need to shift along this spectrum, though the specific representation that

fits the collaborative end is an open design question, not one this thesis resolves.

8.2.6 Tensions Between Guidelines

The five guidelines are not jointly optimizable, and several of them pull against each other,
so any working tool has to choose which to prioritize.

Controllability pulls against simplicity of representation, because exposing more handles
gives designers more to manipulate, but the most intuitive representations lower barriers
precisely by keeping much of the mechanism behind a recognizable shape. GENErator’s
evolution tree exposes many handles and takes longer to learn; VideoMap’s map exposes
fewer and is easier to pick up.

Exploration pulls against immediacy, since some moments call for deliberation, such as
comparing options or backtracking, while others call for fast feedback, such as sketching or
mutating. A rule of “fast feedback always” would conflict with a rule of “let the designer
pause and think.”

Familiarity pulls against collaboration, in that more capable Al needs richer protocols for ne-
gotiating direction with the designer. Those protocols may not yet have familiar metaphors,

because the underlying interaction patterns are new.
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The framework does not resolve these tensions, but it does give a vocabulary for naming
them and a way to reason about which alignment matters most for the specific task the tool

is built around.

8.3 Future Directions

Having built the framework and demonstrated it through four working systems, I next want
to push it into new territory along two axes derived from its structure. Three directions ex-
tend the triangle’s vertices: applying the framework to new task domains (§8.3.1), designing
new representations for emerging AI mechanisms (§8.3.2), and pushing the conditions of con-
trollability, affordance, and intuitiveness upstream into how models are built (§8.3.3). Three
more directions extend the triangle’s edges, one per edge: Al steering interfaces along the
Human — Al edge (§8.3.4), generative interfaces where Al produces the steering surface
along the Al — Interface edge (§8.3.5), and adaptive interfaces where the representation
shifts with each user along the Interface — Human edge (§8.3.6).

Designing new
representations

Interface Interface Interface

/N /N /N

AL Human AT Human AT Human

Engineering Domains beyond
steerable mechanisms design exploration

Figure 8.1. Three future directions, each extending one vertex of the HAI Triangle.
Engineering steerable mechanisms extends the Al vertex, designing models for
controllability from the start. Designing new representations extends the Interface vertex,
creating surfaces for emerging Al mechanisms. Domains beyond design exploration extends
the Human vertex, testing which representations transfer to new tasks.

8.3.1 Beyond Design Exploration

The four design tasks generalize beyond creative design. However, I have only tested the
framework within it. For example, a researcher traversing Al-embedded literature faces the
navigate task, as does an analyst exploring customer segments in high-dimensional data
or a writer surveying narrative directions. Composition fits developers assembling Al cod-

ing agents and scientists building analysis pipelines. Iteration appears wherever a designer
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partially specifies and the AI completes: animation, music arrangement, architectural floor
planning. Evolution applies to preference-led work without clear targets: musicians breeding
beats, fashion designers evolving garments, game designers exploring character variations.
In each case, the framework predicts that representations similar to maps, puzzle pieces,
sketches, and evolution trees should support effective steering, but the framework’s three
conditions must hold under new mechanisms: controllability through embedding-based re-
trieval rather than CLIP, intuitiveness under conventions specific to each domain.

Some domains will resist transfer altogether. High-stakes fields such as medicine and law
require accountability alongside control: representations must expose audit trails, constrain
certain steering paths, and require confirmation before consequential decisions. Domains
with long time horizons, like training a personal assistant over months or curating a recom-
mendation feed over years, need representations that surface patterns across sessions rather
than within one. Domains with multiple stakeholders raise coordination requirements: whose
intent is currently active, how conflicts get resolved, what prior decisions led to the current
state.

My immediate next step here is to apply the framework to a domain where the task structure
matches but the Al mechanism differs from those in this thesis. The test is whether the
framework’s predictions hold across mechanism shifts: embedding-based retrieval for text
rather than CLIP for images, or differentiable rendering rather than diffusion conditioning.
Building and evaluating such a tool would directly address the framework’s central limitation:

it has so far described its own systems, not been used to design new ones.

8.3.2 Designing New Representations

Every new Al mechanism creates a representation design problem: the mechanism exists,
the tasks are real, but no representation yet makes the mechanism steerable. This thesis
demonstrated four representations for four mechanisms, and new mechanisms will keep ar-
riving. Consider chain-of-thought reasoning, where models can now show their intermediate
reasoning steps but users have no way to redirect flawed logic in mid-stream. A reasoning
tree representation could let users trace Al thinking step-by-step, branch at decision points,
prune unproductive paths, and edit intermediate conclusions before the model continues.
With such a representation, chain-of-thought stops being a transparency feature and starts
working as a steering mechanism. In-context learning is similar in shape but different in what
it needs: an example workbench could let users organize examples, weight their importance,
test combinations, and observe how each example shapes model behavior, teaching Al by
showing rather than describing. Attention manipulation extends naturally: an interactive

attention editor could overlay attention weights on inputs and let users boost attention to
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overlooked regions, suppress it on distracting elements, and regenerate with the modified
pattern. Memory mechanisms in newer architectures need similar treatment: a memory
browser to inspect, edit, and reinforce what the Al has retained across sessions.

In each of these cases, a new mechanism appears first and the design problem is to surface it.
However, the relationship between mechanisms and representations runs in both directions.
Sometimes the representation comes first, and the question becomes what mechanism could
support it, which is the subject of §8.3.3. My research agenda develops both sides: designing
interfaces for mechanisms that already exist, and shaping mechanisms to fit interfaces that

designers need.

8.3.3 Engineering Steerable Mechanisms

ControlNet and GLIGEN were engineered for steering from the start. ControlNet exposes
structural conditioning because its designers recognized that spatial control matters for cre-
ative work, and GLIGEN exposes layout control because object placement needs direct
manipulation. However, most Al mechanisms were not engineered this way. They typically
emerged from optimization objectives unrelated to human steering, leaving HCI researchers
to design interfaces around whatever happened to be exposed.

What makes an Al mechanism controllable? Four properties stand out across the four
systems in this thesis. Interpretable dimensions: the mechanism’s parameters should map
to concepts users already understand, as CLIP’s joint image-text space gave VideoMap and
GENErator semantic axes designers could name. Smooth interpolation: small input changes
should produce small output changes, as ControlNet’s structural conditioning gave Inkspire
anticipable updates per stroke. Anticipable responses: users should be able to predict how
their steering will affect the output, the property that distinguishes the four systems from
raw-parameter sliders. Composability: mechanisms should combine cleanly, as foundation
model chaining made Jigsaw’s puzzle metaphor tractable.

These properties may be designed into models rather than discovered after the fact. By
specifying what alignment requires, the framework therefore becomes a target for model
architecture rather than a vocabulary for describing finished tools. My research agenda
pursues this from both sides: designing interfaces that surface new mechanisms (§8.3.2) and
shaping new mechanisms to fit the interfaces designers need. This dual involvement is already
evident in the technical contributions of this thesis. GENErator’s content-independent style
embedding (Chapter 7), Inkspire’s sketch scaffolding pipeline (Chapter 6), and VideoMap’s
multi-lens latent space encoding (Chapter 4) each required substantive engineering on the
mechanism side, not only interface design. A concrete first project would be to train a model

whose latent space is structured for controllability from the start, with axes that align with
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task affordances and a structure that supports an intuitive representation, and compare it
against a conventionally-designed equivalent on a specific design exploration task. If this
works, the framework may become useful as a specification for model architecture, and not

only as a post-hoc analysis tool.

Interface Interface Interface

Generative Adaptive
Interfaces Interfaces

HMW\QV\ AI h HMMGV\

AL Steering
Interfaces

Human

Figure 8.2. Three future directions, each along an edge of the triangle. Generative
interfaces extend the Al — Interface edge, with the AI producing the steering surface itself
given a task and an available mechanism. Al steering interfaces extend the Human — Al
edge, continuing the thesis’s central direction with new tasks, mechanisms, and contexts.
Adaptive interfaces extend the Interface — Human edge, with the representation shifting
to each user’s abilities and preferences.

The three directions above extend each vertex of the triangle. The next three extend the
edges: each one-way flow between human, Al, and interface is its own research direction.
None has been tested in this thesis, and each connects to a substantial literature I cannot

do full justice to here.

8.3.4 Al Steering Interfaces

The Human — Al edge is the center of my research agenda. The four systems in this thesis
demonstrate Al steering interfaces for one designer, one design task, and one session at a
time, and they are starting points rather than end points.

The agenda is to build many more: for emerging Al mechanisms, new design domains, and
design tasks beyond the four developed here. The vertex extensions above (§8.3.1-§8.3.3)
describe what each vertex needs from the framework. The work at this edge is therefore the
construction itself, carried out system by system.

A near-term direction is integration across tasks, since the thesis treats navigate, compose,
iterate, and remix as separate tools but design exploration in practice moves between them.

Consider a designer working on a short video, who might survey footage in a VideoMap-like
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view, pipe selected clips through a Jigsaw-style composition with audio and effects, iterate
on the result through Inkspire-style sketch overlays, and remix the style with GENErator-like
genetic operations, all in one session and in one tool. A concrete project would be a unified
design environment where the four tasks share state. The research question is whether the
HAT Triangle’s three conditions hold across task boundaries: does controllability transfer
when the AI mechanism shifts from latent space to model chaining, and does intuitiveness

survive when designers carry one representation’s conventions into another?

8.3.5 Generative Interfaces

If AT can generate content, it can also generate the interfaces that steer that content. The
HAI Triangle makes this concrete: given a task and an available mechanism, the system
must produce a representation that aligns them. The hard parts of doing so are inference
and usability. Inference is difficult because the system must guess the user’s current task
without being able to ask, and that task may shift mid-interaction. Usability is difficult
because a generated representation that satisfies the framework is not automatically usable,
which is to say that alignment is necessary but not sufficient.

A concrete project would be a generative interface system that, given an Al mechanism and
a task category from the four developed here, outputs a working steering interface aligned
through the framework. Success can be evaluated against hand-designed equivalents: do
designers using the generated interfaces reach comparable task outcomes? If the framework
can drive automatic interface generation, interface design may then scale to every new Al

mechanism without manual work.

8.3.6 Adaptive Interfaces

Al steering interfaces today are predominantly visual and text-driven, leaving out users who
cannot see screens, manipulate fine pointers, or articulate intent in writing. Adaptive acces-
sibility, by which I mean the problem of shifting the representation to fit the user’s abilities,
is among the more pressing open problems in HCI. Wobbrock’s ability-based design [315]
provides a foundation here. For example, we might consider a sonified VideoMap for users
with low vision, or a voice-driven Jigsaw for users with motor impairments. The framework’s
three conditions still apply, but each must hold under a different modality: controllability
through speech-driven handles, affordance through non-visual moves, intuitiveness through
conventions designers already use within that modality.

A concrete project would be to build accessibility-preserving variants of all four systems and

evaluate whether the framework’s alignment conditions hold when the representation shifts
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modality. The deeper research question is whether the HAI Triangle can generate accessi-
bility variants systematically, predicting which controllability, affordance, and intuitiveness
moves transfer across modalities, or whether each requires bespoke design.

An honest tension remains here, in that user-fit and task-fit can pull apart. An interface
that adapts strongly to a user’s habits may end up reinforcing suboptimal patterns rather
than challenging them. Adaptive steering interfaces must be transparent about which fit

they optimize for, and let users see the tradeoff when the two conflict.

8.4 Conclusion

“Now that we can do anything, what will we do?” — Bill Buxton

In this thesis, I present a framework and a set of systems for steering modern Al through
interfaces beyond the prompt. Al can now produce images, compose music, write code, and
simulate worlds. However, capability alone is not enough. People need interfaces through
which they may access that capability, direct it, and understand what is possible.

The four systems each expose a different latent aspect of AI through a direct representa-
tion: maps for navigating latent space, puzzle pieces for composing capabilities, sketches for
steering structure, and evolution for mixing styles. Across the studies, designers navigated,
composed, iterated, and remixed Al capabilities through these representations. They found
video connections invisible to timeline search, assembled multimodal pipelines without writ-
ing code, sketched while the Al followed their structural intent, and bred style combinations
they could not have specified in advance.

In design exploration, the interface representation largely shapes what designers are able
to do with Al Designing an Al tool is therefore as much a problem of representation as
of model capability, and the relationship between machine learning and HCI runs in both
directions. ML produces mechanisms and HCI designs interfaces that surface them, but the
relationship also runs the other way, in that HCI can specify what mechanisms should look
like, and ML can build toward those specifications. The technical contributions of this thesis
already span both sides: each system required engineering on the Al mechanism alongside
interface design. I plan to extend this work in both directions: designing interfaces for newly

emerging mechanisms, and shaping mechanisms to fit the interfaces designers need.
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Appendix A

Jigsaw: Supplementary Materials

A.1 List of Implemented Models

Table A.1. Full list of implemented models in Jigsaw.

Puzzle piece name Model name Input Output

Ask GPT GPT-4 Text Text

Generate image Stable Diffusion Text Image
Generate video AnimateDiff Text Video
Generate 3D model Shap-E Text 3D

Generate sound effects AudioGen Text Audio (Sound Effects)
Generate music MusicGen Text Audio (Music)
Generate speech Bark Text Audio (Speech)
Describe image BLIP Image Text

Tag image Segment Anything Image Text

Extract text in image PyTesseract Image Text

Classify emotion from face ResidualMaskingNetwork | Image Text

Increase image resolution Real-ESRGAN Image Image

Restore distorted face GFPGAN Image Image
Grayscale to Color BigColor Image Image

Remove image background Rembg Image Image

Remove people EdgeConnect Image Image

Get human pose OpenPose Image Image (Pose)
Get segmentation map Segment Anything Image Tmage (Segmentation)
Get depth map MiDaS Image Tmage (Depth)
Get normal map MiDaS Image Image (Normal)
Get edge map HED Image Image (Edge)
Generate 3D model from image One-2-3-45 Image 3D

Classify video X-CLIP Video Text

Remove video background Robust Video Matting Video Video

Increase video resolution RealBasicVSR Video Video

Increase video frame rate RIFE Video Video

Classify music genre MusicClassification Audio Text
Transcribe speech Whisper Audio Text

Generate image from text and driving image Instruct-Pix2Pix Image + Text Image

Edit face with text StyleCLIP Image + Text Image
Generate image from text and human pose ControlNet Image (Pose) + Text Image
Generate image from text and segmentation map | ControlNet Image (Segmentation) + Text | Image
Generate image from text and depth map ControlNet Image (Depth) + Text Image
Generate image from text and normal map ControlNet Image (Normal) + Text Image
Generate image from text and edge map ControlNet Image (Edge) + Text Image
Animate a face to talk SadTalker Image + Audio Video

Clone a voice FreeVC Audio 4+ Audio Audio
Generate image from text and sketch ControlNet Sketch + Text Image
Generate artwork from text and sketch Scribble Stories Sketch + Text Image
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A.2 Participant Model Mosaics

Table A.2. Model mosaics created by participants during the free creation task.

Number of

Participant | Free creation design Names of puzzle pieces used puzzle pieces
used

Ask GPT (custom, ideation, translation),

P1 Designing a formal dress Tag 1mage, Get human pose, 8
Generate image from text and pose,
Remove background, Generate image from text and image
Ask GPT (ideation, translation),

P2 Creating an audio-visual story Generate artwork from text and sketch, 6
Generate speech, Clone a voice, Generate sound effects
Ask GPT (custom, ideation, translation),

P3 Creating a music video Generate speech, Clone a voice, Classify music genre, 9
Generate music, Generate video, Increase video frame rate
Ask GPT (custom, ideation, translation), Grayscale to Color,

P4 Creating multiple movie endings Restore distorted face, Generate image, Generate video, 10
Generate music, Increase video resolution, Increase video frame rate
Ask GPT (ideation, translation), Describe image,
Get segmentation map, Get depth map,

P5 Designing a living room Generate image from text and segmentation map, 9
Generate image from text and depth map,
Remove background, Remove people
Ask GPT (ideation, translation), Generate image,

U Remove background, Generate image from text and image,

P6 Designing a tote bag Get edge map, Generate image from text and edge map, 8
Generate artwork from text and sketch
Ask GPT (custom, ideation, translation), Tag image,

pP7 Designing a logo Generate image, Generate image from text and sketch, 7
Generate artwork from text and sketch
Ask GPT (ideation, translation), Extract text in image,

P8 Enhancing a story for the visually impaired | Describe image, Classify emotion from face, Generate speech, 8
Generate sound effects, Generate music

- . . Ask GPT (ideation, translation), Generate 3D model, .

P9 Designing a 3D model of a vase Generate ifnagc. Remove hackgzound, Generate 3D model from image 6
Ask GPT (ideation, translation), Generate image, Get human pose,

P10 Designing a video game character Generate image from text and human pose, Remove image background, | 8

Generate speech, Animate a face to talk
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A.3 Semantic Search and Assembly Assistant Exam-

ples

Table A.3. Example search queries and returned relevant puzzle pieces using the Catalog

Panel’s semantic search.

Semantic search query

Returned relevant puzzle pieces

Improve content quality

Increase image resolution, Restore distorted face, Increase video resolution,
Increase video frame rate

Describe the image

Describe image, Tag image, Extract text in image, Classify emotion from face

Remove unwanted things

Remove image background, Remove people, Remove video background

Restore an old photo

Grayscale to Color, Restore distorted face, Edit face with text

Get the structure of an image

Get depth map, Get edge map, Get normal map, Get segmentation map

Generate an animation

Generate video, Animate a face to talk

Generate spoken words

Generate speech, Clone a voice

Generate content with only text

Ask GPT, Generate image, Generate video, Generate 3D model, Generate sound effects,
Generate music, Generate speech

Generate content with an image reference

Generate image from text and driving image, Generate 3D model from image,
Edit face with text, Animate a face to talk

Table A.4. Example task queries and recommended combination of puzzle pieces using the

Assembly Assistant.

Assembly Assistant task query

Recommended combination of puzzle pieces

Design clothes for a model

Get human pose, Ask GPT, Generate image from text and human pose

Create an animated cartoon character

Ask GPT, Generate image, Generate speech, Animate a face to talk

Make a recipe for chocolate chip cookies

Ask GPT, Generate speech

Add sound for an illustration book

Describe image, Ask GPT, Generate sound effects

Create a podcast episode on finance

Ask GPT, Generate speech, Clone a voice

Remodel my home interior

Tag image, Ask GPT, Get depth map, Generate image from text and depth map

Create a short sci-fi film

Ask GPT, Generate video, Generate speech, Generate sound effects

Plan a trip to San Francisco

Ask GPT, Generate speech

Turn my sketch into an artwork

Ask GPT, Generate artwork from text and sketch

Give me gardening advice for my plants

Tag image, Ask GPT

Appendix B

Inkspire: Supplementary Materials
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B.1 Participant Usage Logs

Inkspire

Baseline

Figure B.1. Complete participant usage logs when using Inkspire vs. the baseline. Please
see Figure 6.10 for an annotated illustrative example.
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B.2 Baseline Interface

Prompt

Sketch Design

Figure B.2. The baseline interface adopts a similar layout as Inkspire, but without
analogical inspirations, scaffolding sketch underlays, and stroke-by-stroke generations. The
participant would typically manually specify a prompt and draw a complete sketch for the
T2I model — a standard workflow of how designers work with T2I models with additional
sketch control [4].
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B.3 Analogical Inspirations by Participant

Table B.1. Analogical inspirations explored by participants and statistics on inspiration

categories.
D Analogies Category Count Final
Total Nature Architecture Fashion Category

P1  running cheetah, pleated dress, catwalk, 6 2 2 2 Nature
skyscraper, spiral staircase, pleated dress,
jellyfish

P2 waves, waterfall, silk train, flowing dress, 10 4 4 2 Architecture
flowing dress, waves, running river, running
river, waves, willow tree, infinity pool, con-
crete, silhouettes of brutalist buildings, rub-
ble

P3  silk, river, clouds, waterfall 4 3 0 1 Nature

P4 zen garden, moonlight, candle, minimalist 4 1 2 1 Architecture
church

P5  bamboo, bonsai, japanese tea house, zen gar- 4 2 2 0 Architecture
den

P6  bay window, japanese tea house, zen garden, 4 1 3 0 Architecture
lotus flower, zen garden, japanese tea house

P7  lotus 1 1 0 0 Nature

P8  bamboo grove, moonlight, roman column, 7 5 2 0 Nature
snow peak, spring creek, bamboo, zen gar-
den, moonlight

P9 waterfall, pawprint, seashell, sea stone, 6 4 0 2 Fashion
slinky, ribbon

P10 flowing gown 1 0 0 1 Fashion

P11 floating bridge, lava, silk scarf, winding stair- 4 1 2 1 Architecture
case

P12 gaudi’s architecture, ribbon, waterfall, run- 4 1 2 1 Architecture

ning track curve

Appendix C

GENErator: Supplementary Materials
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C.1 Technical Validation

GENErator’s genetic operations are only useful if the underlying style space is well-structured
and the operations perform as intended. In this section, we validate three properties: that
the embedding groups similar styles together, that complement and contrast mutations move
in the intended directions, and that natural selection converges reliably toward a target

aesthetic.

C.1.1 Style Embedding Quality

All genetic operations depend on the underlying embedding space placing similar styles
nearby and dissimilar styles far apart. Without this, complement mutation would draw from
unrelated styles and contrast would be indistinguishable from random. A simpler alternative
is to encode each style’s trigger words directly as an embedding using CLIP [313]. However,

trigger words are often ambiguous: “chrome” conflates the material with the color and

) 7

the web browser, and “glow” and “opalescent” share few linguistic traits despite producing
similar luminous visual effects.

To test whether content-independent style embedding improves on this, we identified 10
groups of aesthetically similar genes (e.g., {Chrome, Glossy, Mirror, Aluminum Foil},
{Glow, Neon, Bioluminescent, Opalescent}) and measured average pairwise cosine sim-
ilarity within each group. Our embedding achieves M = 0.66 (SD = 0.06) within-group
similarity, compared to M = 0.36 (SD = 0.13) for text encoding, an 83% improvement in
cluster tightness (¢(9) = 7.33, p < .01, ds = 2.32). Our technique produces tighter clusters
in 9 of 10 groups. As a result, when complement mutation draws from the nearest 10% of

genes, it more reliably returns styles in the same aesthetic family.

C.1.2 Semantic Directionality of Mutations

For complement and contrast mutations to serve different roles, complement targets should
land closer to the source than random, and contrast targets should land farther. We verified
this by measuring cosine distance from each of the 100 genes to its complement pool (nearest
10%), contrast pool (farthest 10%), and a random selection.

Complement stays closest (M = 0.31, SD = 0.04), 24% closer than random (¢(99) = 32.2,
p < .01, dg = 3.22). Contrast moves farthest (M = 0.52, SD = 0.04), 27% farther than
random (¢(99) = 47.6, p < .01, dy = 4.76). Random falls in the middle (M = 0.41, SD =
0.04). Overall, contrast targets land 1.7 times farther from the source than complement
targets (p < .01). For example, Chrome’s complement is Metallic (similar reflective surface),

while its contrast is Denim (a completely different texture). This separation lets designers
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control how far to push from their current direction, rather than relying only on random
mutation [275, 276].

C.1.3 Natural Selection Convergence

Natural selection is only useful if successive generations actually move toward the designer’s
target rather than drifting. We ran 10 evolution sessions targeting diverse aesthetics (“lux-

W

urious,” “futuristic,” “minimal,” “organic,” “brutalist,” etc.) with a population of 5 and 5
generations each. The fitness score (semantic similarity between the generated image and
the target description) increased monotonically from M = 0.14 (SE = 0.01) at generation
0 to M = 0.87 (SE = 0.02) at generation 5, with no session showing fitness regression (Fig-
ure C.1). This consistency comes from drawing each generation’s mutation candidates from
genes semantically related to the target description, rather than selecting randomly from the
full library. Convergence held across all 10 aesthetics (e.g., from “minimal” to “brutalist”),

suggesting the mechanism generalizes across the style space.
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Convergence in Natural Selection
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Figure C.1. Natural selection convergence across 10 target aesthetics. Average fitness score
increases monotonically from 0.14 to 0.87 over 5 generations, with no session showing
regression. The bold teal line shows the average across all runs.
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C.2 Additional Figures

® Complement
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Figure C.2. Mutation trajectories per participant in PCA-projected style space. Each
arrow connects a source gene to its mutation offspring. Complement mutations (blue)
generally produce shorter arrows that stay near the source and contrast mutations (orange)
generally produce longer arrows that jump to distant regions. Stacked bars (top right of
each subplot) show each participant’s mutation mode distribution, indicating that most
participants used all three modes.
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Style Exploration Trajectories of P12

® AddGene e Crossover @ Complement Mutation Contrast Mutation ® Random Mutation e Evolution
GENErator Baseline
1
10
33 1
33 styles explored 10 styles explored

dot size = time spent prompting + adjusting weights

Figure C.3. Style exploration trajectories for P12 in PCA-projected semantic space. Dot
size encodes time spent prompting and adjusting weights with the same gene combination.
GENErator (left, 33 styles) shows rapid movement across the space through diverse
operations (crossover, complement, contrast, evolution), with small dots indicating frequent
transitions between styles. Baseline (right, 10 styles) shows fewer, larger dots concentrated
in a small region, with repeated loops back to the same gene combinations, a characteristic
of the fixation pattern where designers spend more time tuning familiar styles than
discovering new ones.
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Figure C.4. The baseline interface. Designers select styles from the gene library (a), adjust
weight sliders to control each style’s influence (b), and generate images. A generation
history grid (c) displays all previous outputs. Clicking any previous result restores its
selected styles and weights, enabling one-click backtracking. This provides stronger
backtracking than most real-world tools, which require designers to manually recreate
previous configurations.
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Figure C.5. Mean interaction counts per session for shared operations between GENErator
and baseline (weight adjustments, prompt edits, bookmarks, generations). GENErator
significantly reduced weight adjustments and prompt edits while increasing bookmarks
(designs participants liked). Error bars show standard error.
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Interaction Event Sequences
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Figure C.6. Interaction event sequences for all 12 participants. Baseline (right) is
dominated by trial-and-error weight adjustments and manual prompting. GENErator (left)
shows a diverse mix of crossover, mutation, evolution, and semantic search operations
across all participants. More designs are bookmarked (favorited) when using GENErator.
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