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The Anatomy of a Generative Prototyping Session

ANONYMOUS AUTHOR(S)

PROTOTYPING

SESSION
THE INTERFACE BEFORE

Sign up for an event

Your name

Email

Event

Sign up

This week

Author talk, Tue 21

Story hour, Wed 22

Genealogy, Fri 24

THE INTERFACE AFTER

Sign up for an event

Your name

Email

Event

Sign up

Author talk, Tue 21
4 seats left

Story hour, Wed 22
8 seats left

Genealogy, Fri 24
2 seats left

THE SYSTEM

THE PROMPT

show the seats left for each event

PROMPT FORMULATION

ABSTRACTION
The level of the request

Product
Design system
Feature
Component

SPECIFICITY
How much the request specifies

1 2 3 4 5
open constrained

MEASURES OF THE EXCHANGE

Changed nodes Verification time

NEXT MOVE

REPAIR
Return to this

request.

PROGRESSION
Ask for

something new.

Fig. 1. While prototyping the event sign-up page of a community library, a participant asks the system to show the seats left for
each event. The feature-level request leaves its concrete implementation largely open to the system. The system returns a modified

interface in which each event lists its remaining seats. The participant accepts the design and progresses to the next prompt. We

dissect this complete exchange, from the prompt and the generated change to the verification and the next move.

In generative prototyping, the user formulates a request, the system realizes it, and the user inspects the prototype before the next
request. This paradigm is rapidly evolving, yet we know little about how these steps relate within a session. In a preregistered study,
100 non-experts used an instrumented generative prototyping environment to complete three tasks in familiar and unfamiliar domains.
We dissected 1,643 generations into prompt formulation, extent of change, verification, and next move. We measured the abstraction
and specificity of prompts and found both associated with the structural extent of the generated change. In a follow-up study, twelve
designers and eight non-experts were interviewed about selected events of their sessions. Based on the qualitative findings, we discuss
how reflective practice extends to verification and how expertise informs formulation and evaluation.

CCS Concepts: • Human-centered computing → Human computer interaction (HCI).

Additional Key Words and Phrases: generative UI, prototyping, prompting, non-experts, design tools
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1 INTRODUCTION

Ask a generative prototyping tool for “an application to manage events” and, within seconds, it returns a fully functioning
application with a calendar connected to a database and a search bar. A few prompts later, you may be requesting to
“make the clock widget smaller and further to the right”. The same system that turns one sentence into a functional
prototype can thus turn subsequent iterations into a tedious sequence of small refinements and attempts to undo
unwanted changes. The above scenario reflects an emerging paradigm for UI design, which we have only just started to
understand.

Generative prototyping tools such as v0, Lovable, and Bolt allow people to produce functional interfaces through
natural-language requests, moving rapidly between an initial idea and a polished prototype. Prior work has shown how
such tools can support early exploration, make interface production accessible across professional roles, and blend
design decisions with their implementation [7, 32]. In conventional prototyping, designers realize a possibility, evaluate
it, and develop their understanding of the problem alongside the solution [4, 6, 23]. In generative prototyping, the
system produces the concrete realization of a request. Users therefore encounter changes whose details they have not
fully specified. Evaluating the result involves establishing what the system changed and judging whether those changes
serve the intended design, unlike previous design iteration.

Recent work on generative UI characterizes users’ requests according to the semantic levels at which they operate in
the interface [25] and documents generated results that omit, add, or extend beyond requested changes [7]. Research on
non-expert prompting further indicates that non-experts struggle with the level of abstraction and vocabulary required
to interact with generative systems [21]. They also have difficulty translating intended outcomes into prompts, with
expertise shaping the formulation of design goals [32]. These studies characterize the requests, the generated results,
the users’ responses, and the role of expertise. This paper dissects the exchange between users and the generative
system itself into measurable parts, providing the first anatomy of generative prototyping.

We conducted two studies using Mark, a custom made generative prototyping environment that reproduces the
core features of commercial generative UI tools. In the first study, 100 participants without professional design or
software-development experience completed three tasks in which they built prototypes in familiar and unfamiliar
domains, and modified an existing interface. The session logs allowed us to examine the relations between prompt
formulation, the resulting system response, and participants’ subsequent moves, and to compare prompt formulation
across domains. In the second study, 12 designers and eight non-experts completed moderated sessions with the same
tasks and explained their strategies in interviews. Their accounts allow us to examine reflective practice in generative
prototyping and the resources participants draw on to formulate requests and evaluate results.

The paper was guided by the following research questions:

• RQ1: How does prompt formulation relate to the structural extent of generated change?
• RQ2: How do participants verify generated changes and decide whether to progress or repair?
• RQ3: How do domain familiarity and design training shape prompt formulation, verification, and repair?

This paper makes three contributions. First, it introduces the generation event as a unit of analysis for dissecting
the exchange into prompt formulation, generated change, verification, and the next move, together with Mark, the
experimental instrument that records these events. Second, it provides a corpus of 1,643 events from 100 sessions and a
preregistered analysis of empirical data showing how prompt formulation relates to the structural extent of generated
change, alongside analyses of verification, repair, and domain familiarity. Third, it develops a qualitative account of
generative prototyping as reflective practice, examining the role of domain knowledge and design experience. We
Manuscript submitted to ACM
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The Anatomy of a Generative Prototyping Session 3

introduce reflection-in-realization to characterize how users reconsider their design intentions while examining the
system’s realization of their requests.

These findings provide an empirical basis for theories of UI prompting and for the design of systems that support
users in formulating requests and evaluating generated results. Mark, the data, and the analysis code are released
without restriction, to enable reproduction, replication, and extension of the study.1

2 RELATEDWORK

2.1 Prototyping and Iterative Design

Prototypes externalize design ideas so that they can be explored, communicated, and evaluated before a system is
complete. A prototype can give provisional form to the role, look and feel, or implementation of a future artifact [12].
Lim et al. describe prototypes as both filters that foreground particular design dimensions and manifestations that
make those dimensions concrete [20]. Because a prototype does not need to resolve every aspect at once, designers
can develop and compare alternatives without committing to a complete solution. Sketching preserves this openness
through quick, disposable, and deliberately incomplete representations that can be revised before a design converges [4].
Functional interface prototypes additionally make behavior available for evaluation, allowing proposed interactions to
be experienced.

Accounts of iterative design describe this reasoning as a reciprocal relation between action and artifact. Schön
characterizes designing as a reflective conversation in which a designer makes a move, encounters its consequences
in the artifact, interprets that “back-talk”, and either develops or revises their understanding of the problem [29].
Later accounts describe this process as the co-evolution of problem and solution representations through successive
transformations [6, 10]. Research on design tools further explains how external representations support this process.
By making partial states and consequences available for inspection and manipulation, they redistribute cognitive work
across designer and artifact [9, 22]. Direct manipulation instantiates this principle at the interface level through a
predefined interaction vocabulary applied to represented objects, with the consequences of each operation immediately
visible [13, 24]. In generative prototyping, users formulate a request and the system realizes it as a change to the
artifact. This fundamentally breaks with previous accounts of prototyping and iterative design, because the reflective
conversation proceeds when the consequences of a design move depend on the system’s interpretation of the request.

2.2 Prompt-Based Interaction

Prompt-based interaction uses natural-language instructions to direct model behavior [28]. Subramonyam et al. define
the gulf of envisioning as the difficulty of formulating an instruction while anticipating a model’s capabilities and
possible outputs [31]. Studies of non-expert prompting find that users often rely on opportunistic revisions, fragile
causal theories, and biased evaluation [36]. PromptMaker treated prompts as shared design artifacts for exploring,
communicating, and revising intended system behavior [14], and studies of collaborative image generation found that
their wording supported exploration and reflection [15].

The formulation of a request is shaped by the user’s prior experience, including application-domain knowledge
and design expertise. Domain knowledge provides concepts and vocabulary for describing the application context
and identifying relevant requirements [11]. Design expertise is associated with richer and more interconnected rep-
resentations of a design problem, strategic problem framing, the identification of constraints and trade-offs, and the

1Project website: https://anatomy.backtothehuman.com/.
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4 Anon.

evaluation of partial solutions [1, 3, 8]. In prompt-based prototyping, product managers, designers, and engineers
make role-specific contributions to defining goals, specifying values, and evaluating model outputs [32]. Professional
designers use interface representations to identify incompatibilities between generated behavior and interface structure,
while UX practitioners rely on professional judgment to assess the relevance and quality of generated material [19, 27].

2.3 Generative UI and Support for Iteration

Lee characterizes generative UI as an iterative and co-creative process in which responsibility is distributed between
designers and computational systems [17]. Studies of professional design practice show that generative AI is used
primarily for ideation and early drafts, while limited control over its outputs constrains its use in iterative design
work [33, 35]. Within generative UI specifically, Chen et al. found that UX practitioners repeatedly reformulated
requests after inspecting generated interfaces, particularly when systems omitted requested details, introduced irrelevant
elements, or made local editing difficult [7]. Park et al. similarly found that requests scoped to one part of an interface
could produce changes elsewhere, and participants asked for scoped editing, change auditing, and rollback [25].

Research systems address these problems by making the structure, scope, or history of generation more explicit.
Park et al. organize design intent across Product, Design System, Feature, and Component levels, using this semantic
representation to support articulation, interpretation, and refinement [25]. JELLY represents generated interfaces
through evolving task models [5]; SQUIRE exposes a scoped tree representation for UI editing [18]; and Athena makes
storyboards, data models, and interface skeletons editable between generations [2]. DesignTrace complements these
approaches with a branching history for revisiting alternatives and preserving earlier decisions [26].

We draw on these accounts to dissect each exchange into prompt formulation, generated change, verification, and
the next move. By relating these parts across complete sessions, we examine how generative prototyping unfolds and
how domain familiarity and design training shape the exchange.

3 MARK AND THE GENERATION EVENT

3.1 The Tool

Mark is a custom generative prototyping environment built for the two studies to reproduce the core features of
commercial tools such as v0, Lovable, and Bolt (Figure 2). Participants initiate generation through a prompt bar at the
foot of the preview; the bar fades at the end of the page so that the prototype remains visible (Figure 2 e ). A prompt
comprises a text and any references attached to it (Figure 2 a – c ). A reference is either a pointed element, selected
in the preview with the pointing tool, or a sketch, drawn on the page with the drawing tool. The system generates
changes to the prototype’s source code in response to the prompt,2 and the preview renders the result as soon as the
generation completes. The prompt bar expands into a history that lists each prompt with the system’s description of the
corresponding change, and undo and redo in the history return the prototype to the state before or after a generation
(Figure 2 d ).

2Generations were produced by gemma-4-31b, an open-source vision-language model served by Cerebras for fast inference, with the same model and
configuration throughout both studies.

Manuscript submitted to ACM



209

210

211

212

213

214

215

216

217

218

219

220

221

222

223

224

225

226

227

228

229

230

231

232

233

234

235

236

237

238

239

240

241

242

243

244

245

246

247

248

249

250

251

252

253

254

255

256

257

258

259

260

The Anatomy of a Generative Prototyping Session 5

a DESCRIBE
The request is written as text.

Upcoming events

Author talk
Tue 21 July

Story hour
Wed 22 July

Family genealogy
Fri 24 July

Summer book club
Sat 25 July

Sign up

Your name

Email

Event

Author talk

Sign up

2 people have
signed up so far.

Home · 0 changes

add a way to withdraw a sign-up Send

b POINT
A clicked element is attached to the request.

Upcoming events

Author talk
Tue 21 July

Story hour
Wed 22 July

Family genealogy
Fri 24 July

Summer book club
Sat 25 July

Sign up

Your name

Email

Event

Author talk

Sign up

2 people have
signed up so far.

Home · 0 changes

show how full this is div × Send · 1

c SKETCH
A drawing on the page is attached to the request.

Upcoming events

Author talk
Tue 21 July

Story hour
Wed 22 July

Family genealogy
Fri 24 July

Summer book club
Sat 25 July

Sign up

Your name

Email

Event

Author talk

Sign up

2 people have
signed up so far.

Home · 0 changes

delete this button × Send · 1

d HISTORY

Every request and answer is kept.

Home · 1 change

YOU · 18s ago

add a way to withdraw a sign-up

AI · just now

Updated Home.tsx: added a Current sign-ups list
with a withdraw button beside each name.

Describe what you want… Send

e PREVIEW FIRST

The bar fades at the end of the page.

Story hour
Wed 22 July

Family genealogy
Fri 24 July

Summer book club
Sat 25 July

Event

Author talk

Sign up

2 people have
signed up so far.

Fig. 2. Mark, the generative prototyping environment used in both studies. The prompt bar below the preview accepts text prompts a ,

prompts with an attached pointed element b , and prompts with an attached sketch c . The bar expands into a history that lists

each prompt with the system’s description of the change, and its header provides undo and redo d . The bar fades at the end of the

page so that the preview remains visible e .

3.2 Dissecting the Generation Event

The unit of analysis is the generation event, the exchange that extends from a prompt to the participant’s next move.
We characterize prompt formulation through abstraction and specificity.

Abstraction is the level of the prototype at which the prompt operates.We adapt Park et al.’s semantic framework [25]
to classify prompts at four levels: Product (e.g., “create an application to manage events”), Design System (e.g., “use a
warmer color scheme throughout”), Feature (e.g., “add a way to withdraw a sign-up”), and Component (e.g., “make this
button bigger”). The scale is ordinal, from Product as the most abstract to Component as the most concrete. A prompt is
assigned the level of its dominant intention; when several equally prominent intentions operate at different levels, it is
assigned the most abstract of them.

Specificity is the extent to which a request constrains its realization, that is, how much of the realization the request
leaves to the system, coded from 1, when the request states an aim and leaves the change open, to 5, when the request
determines the change entirely. “Make this component prettier” and “make this component green” operate at the same
level of abstraction, but the second constrains the realization more closely, so its specificity is higher.
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6 Anon.

The generated change is measured as changed nodes. The source of the prototype is stored before and after each
generation, each snapshot is parsed as a tree of components, and the number of nodes that the comparison of the two
trees marks as added, removed, or modified provides the extent of the change.

Verification time is the time from the completion of the generation to the participant’s first subsequent composition-
related interaction (typing, pasting, pointing, or sketching), with the intervals during which the browser window is out
of focus subtracted. This interval may include both inspection and planning of the next request, and inspection may
continue after composition begins.

A generation is repaired when the participant’s next move returns to the request that produced it, either by
prompting for that request again or by undoing the generation; repairs are of three types, restate, the request sent
again in other words, refine, the request made more concrete, and revert, the generation undone or its change reversed
by a subsequent prompt. A generation is followed by a progression when the subsequent prompt asks for something
new.

Abstraction, specificity, and the relation between a generation and the following move, with the type of the repair,
are assigned by a coding pipeline, a language model run with versioned prompts,3 whose agreement with two human
coders is reported in Section 4. Changed nodes and verification time are computed directly from the research log.

The research log has three layers, from which these measures are computed. For every generation it stores the
prompt text, from which abstraction and specificity are coded, the two source snapshots and their structural diff, from
which changed nodes are counted, and the nodes that a pointed element or a sketch referenced. Interaction telemetry
records when the participant starts writing each prompt and by which act (typing, pasting, pointing, or sketching),
which marks the end of the verification time, the uses of undo, each of which constitutes a revert, the elements clicked
in the preview, each opening of the task brief, and the intervals during which the browser window is out of focus,
which are subtracted from the verification time. Participants’ informed consent, the start, completion, or timeout of
each task, and the outcome of each generation attempt are stored in the research log. An attempt is committed when
the change is delivered to the preview, aborted when the participant interrupts it, and failed when the generated source
does not pass validation (Appendix B). After an aborted or failed attempt the tool restores the preceding snapshot, and
only committed generations are included in the analyses.

3.3 One Task as Generation Events

In the familiar-domain task of Study 1, a participant received a brief asking for a tool to plan and track decorated cookie
orders. Figure 3 represents the task as a sequence of generation events, with prompts abridged and some steps merged
or altered. The participant began with a Product prompt, “a website that tracks cookie orders”, and the system generated
the whole page. The verification time before composition of the next request was 32 seconds. The participant then
progressed with a series of Component prompts, each pointing at the order form and requesting a delivery choice, a field
for inspiration images, or contact details, with each generation changing a few nodes of the form. A Feature prompt
then asked for a calendar of upcoming orders and opened a new page. The following request, a white background for
the calendar, was reverted through an undo, and the participant returned to the calendar and progressed by asking
for the month name in its heading. A Design System prompt then changed the appearance of the whole site, and two
further requests added a page of recipes and a save button to the form.

3gpt-5.6-luna, prompt set v0.2-exp; the complete prompts are provided in the supplementary materials.
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5
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New order
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9
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Chocolate chip
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oats 300 g · flour 250 g
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New order
·  ·  ·

Email Phone

Save order

Help me
create a
website that
tracks cookie
orders

Add a
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Add a spot
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Show
upcoming
orders as a
calendar
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Make the
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'order
calendar'
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Add a save
button at
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of the form

undo

ABSTRACTION

Product

Design system

Feature

Component

MOVE

progression

refine

restate

revert

SPECIFICITY

unconstrained
constrained

NODES MODIFIED

a few

the whole page

LOOKED AT

seconds before
the next prompt

CHANGED

this part what changed

Fig. 3. A sequence of ten generations represented as generation events, constructed from the familiar-domain task of one participant

completing Study 1. Each numbered circle represents a generation, and the preceding box contains its prompt.

4 STUDY 1: LOGGED PROTOTYPING SESSIONS

4.1 Design and Participants

In Study 1, we recorded complete prototyping sessions to examine the relations between the parts of a generation event.
We used a within-subjects design in which every participant completed three tasks. Participants built prototypes from a
blank canvas in an unfamiliar domain (T1) and in a familiar domain (T3), and modified an existing interface (T2). T1
concerned the least familiar of four domains rated in a pre-study survey, and T3 concerned the topic each participant
reported knowing most deeply. The order of T1 and T3 was counterbalanced, with T2 always second; 48 participants
completed T1 first and 52 completed T3 first. Following a pilot with five participants, we preregistered the study design,
hypotheses, and analyses on the Open Science Framework before data collection.4

4Anonymized view-only link to the preregistration: https://osf.io/8wh4x/?view_only=84f9f96334d44652b9f5ddee4bbf3230;
the materials are deposited in the project at https://osf.io/wgprx/?view_only=01eb2ac01d344b9f832ee38c9f4dd756;
the anonymized Study 1 dataset is available at https://huggingface.co/datasets/backtothehuman/anatomy-generative-prototyping.
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The final sample comprised 100 participants recruited on the crowdsourcing platform Prolific5 with three criteria:
English as a first language, an approval rate of at least 99 percent, and no professional experience in UX, design, or
software development. A desktop browser was furthermore required. Compensation was a base payment of GBP 9,
calibrated on the pilot’s median duration at a target of GBP 12 per hour, plus GBP 1 for every five minutes beyond 45
minutes. A session was valid when it was completed with at least one committed generation per task and its research
log was complete and internally consistent. Participants were instructed to write their requests themselves. Prompts
containing at least eighty typed characters were flagged when the typing rate exceeded ten characters per second,
with pasted characters excluded from the calculation. The preregistration specified exclusion and replacement for
sessions that were invalid or contained three or more flagged prompts. Of the 142 participants who provided consent,
100 completed all three tasks and 42 did not complete the study. The sample included 49 women, 49 men, and two
participants who did not report gender. Age was available for 99 participants (median 35 years, range 18–73).

4.2 Tasks

Each task was introduced by a written brief and had a ten-minute time budget. The unfamiliar- and familiar-domain
tasks used the template below, which identifies the future user of the tool and states three needs. Nine slots allow the
domain-specific noun phrases to vary while preserving the structure of the brief.

Imagine {audience} who needs to {core purpose}.

Right now this is all tracked by hand, and it is getting hard to stay on top of.

Three things matter in their day:

(1) Seeing what is ahead: the {items}, and for each one {detail 1}, {detail 2}, and {detail 3}.

(2) Recording each new {item} as soon as it comes up.

(3) Knowing at a glance {summary statistic}.

Build a first prototype of the tool you would give them. Shape it the way {audience} would actually want it.

There is no right answer.

Each brief states the user’s needs and leaves to the participant how each need is realized through the participant’s own
requests. For T1 we wrote four instances in specialized professional domains (harbor mooring bookings, cold-storage
pallet batches, grain milling runs, and auction lot consignments), and each participant received the one they had rated
as least familiar in the pre-study survey. For T3 the skeleton was filled at session time by a language model6 with the
activity or subject the participant reported knowing most deeply; a deterministic validator checked the format of every
generated brief with a fixed fallback brief (Appendix B).

In T2, every participant started from the same prepared prototype, a working sign-up page for the events of a small
community library, with an event list, a sign-up form, and a sign-up counter. The brief stated three needs: a way for
visitors to withdraw a sign-up, a view of how full each event is, and a sense of how busy the current week has been. It
also stated that the library was satisfied with the rest of the page.

5https://www.prolific.com
6gpt-5.1-2025-11-13, temperature 0, prompt t3-gen-v1.4.
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1 CONSENT

Before you start
what the tool records,
how the data are kept,
that taking part
is voluntary.

I agree to take part.

Continue

2 PRE-STUDY SURVEY

A few quick questions
Occupation

The subject you know best

How often you use AI

Five domains, rated 1 to 7

3 TUTORIAL

Learn the tool by doing
A guided tour of Mark:
generate, point, sketch,
and undo.

make it bigger

4 TASK 1

Unfamiliar
domain

The brief comes from a
profession the participant
does not know.

blank canvas

10 min brief

5 TASK 2

Modification

The prototype already
exists. The brief asks
for three changes.

Upcoming events

Author talk
Tue 21 July

Story hour
Wed 22 July

Family genealogy
Fri 24 July

Sign up

Your name

Email

Event

Author talk

Sign up

10 min brief

6 TASK 3

Familiar
domain

The same brief, set in the
subject the participant
knows best.

blank canvas

10 min brief

7 COMPLETION
CODE

You're all set
Your completion
code:

7K9M-D2PL

Paste it into
Prolific to finish.

Fig. 4. Study 1 procedure, from consent to completion. After a survey and guided tutorial, participants built a prototype in an

unfamiliar domain (T1), modified a library registration page (T2), and built a prototype in a familiar domain (T3). The illustrated order

was followed by 48 participants; the other 52 completed T3 before T1, with T2 always second. Participants had ten minutes per task,

excluding generation time.

4.3 Procedure

After providing consent, participants completed the pre-study survey, a mandatory guided tutorial, and the three tasks
(Figure 4). In the pre-study survey, we asked participants about their occupation, the activity or subject they knew most
deeply, their experience with AI tools, their age, and their gender (Appendix A). At the end of the survey, participants
rated their knowledge of the four candidate T1 domains and their generated T3 domain on a 7-point scale. During the
tutorial, participants generated a page, pointed at an element, sketched, and undid a generation in a practice project.

Each task began with its brief. After reading the brief for T1 and T3, participants completed a four-item questionnaire
about their familiarity with the activity described, with each item rated on a 7-point scale (Appendix A). A visible
countdown provided ten minutes per task, excluding generation time. Participants could complete a task early once
at least one generation had committed. When the countdown expired, the system opened the task completion dialog.
After the third task, participants received a completion code.

4.4 Measures

We analyzed generations initiated during the three tasks for which usable versions of the interface code were available
both before and after generation (Subsection 5.1). Generations from the tutorial and other activity before the tasks were
excluded. Following the definitions in Subsection 3.2, we coded each prompt for abstraction and specificity, counted the
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10 Anon.

changed nodes to quantify structural change, and calculated verification time from interaction logs. When a subsequent
move was available, we classified it as a progression or a repair, distinguishing restate, refine, and revert repairs.

We computed the familiarity differential by subtracting the mean of the four questionnaire ratings for T1 from
the corresponding mean for T3. This difference represents how much more familiar participants reported being with
the domain of T3 than with that of T1.

4.5 Hypotheses

We preregistered five hypotheses for Study 1:

RQ1: Prompt formulation and structural change.

H1. Abstraction. The number of changed nodes increases with the abstraction of the prompt.

H2. Specificity. The number of changed nodes decreases with the specificity of the prompt.

RQ2: Verification and repair.

H3. Repair. The lower the specificity of a prompt, the higher the likelihood that its generation is followed by a
repair.

H4. Verification. The likelihood that a generation is followed by a repair increases with its verification time.

RQ3: Domain familiarity.

H5. Familiarity. Participants write more specific prompts in the familiar-domain task (T3) than in the unfamiliar-
domain task (T1).

4.6 Analysis

We coded every committed generation with a language model,7 following the definitions of abstraction, specificity, and
the subsequent move given in Subsection 3.2. We developed the coding prompts over several iterations on pilot sessions.

The pipeline proceeded in three independent calls, one for abstraction, one for specificity, and one for repair. In the
first two, the model received the user request, the task, and the state of the prototype before the generation, and it
assigned the abstraction level of the request in one call and its specificity score in the other. In the third, the model
received the request, a summary of how the interface code had changed, and the text of the next prompt, and it classified
the move that followed the generation as a progression or a repair and named the type of repair. We coded reverts

directly from the undo actions recorded in the log. A generation followed by neither a prompt nor an undo received no
classification of the subsequent move.

As per our preregistration, we report H3 and H4 descriptively, because the repair measure did not meet the required
inter-rater agreement. The corresponding tests are reported in Appendix C. We retained the inferential tests for H1,
H2, and H5, and we discuss the agreement obtained for specificity in Subsection 8.4. For these three tests we used the
preregistered models and one-sided directions, and we applied the Holm correction over the five originally planned
tests, so that the family-wise error rate is controlled at 𝛼 = .05.

H1 and H2, the extent of the change. H1 states that the number of changed nodes increases with the abstraction of the
prompt, and H2 that it decreases with its specificity. Per preregistration, we excluded the first committed generation
of each unfamiliar-domain and familiar-domain task, because these generations create the initial prototype from a

7gpt-5.6-luna. The instructions given to the model are provided in the supplementary materials.
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The Anatomy of a Generative Prototyping Session 11

blank canvas, and reported them separately. We fitted a negative-binomial mixed-effects model, with changed nodes
as the outcome and abstraction and specificity entered together as numeric predictors. This model accounts for the
overdispersion in changed-node counts, whose variance exceeds their mean. A random intercept per participant
accounted for the dependence among generations from the same participant. Including both predictors allowed us to
estimate the association of each with changed nodes while holding the other constant. Abstraction was scored from
1 (Product) to 4 (Component), so higher abstraction corresponds to a lower score. Specificity was scored from 1 to 5,
with higher scores indicating more specific prompts. Both hypotheses therefore predict negative coefficients, which we
evaluated using one-sided tests in the preregistered directions.

H3, repair. H3 states that the probability that a generation is followed by a repair decreases with the specificity of its
prompt. We report the proportion of generations classified as followed by repair at each specificity level. Generations
with neither a following prompt nor an undo were excluded because no subsequent move was available for classification.

H4, verification. H4 states that the probability that a generation is followed by a repair increases with its verification
time. We report the distributions and median verification times before repair and progression. The analysis included
generations with a classified subsequent move and an available verification time.

H5, familiarity. H5 states that the mean specificity of a participant’s prompts is higher in the familiar-domain task than
in the unfamiliar-domain task. For each participant, we computed mean prompt specificity separately for the two tasks.
We compared these paired task means using a one-sided Wilcoxon signed-rank test in the preregistered direction. This
test does not require normally distributed differences. The analysis included participants whose familiarity differential
was at least two points on the 7-point scale and who received a generated T3 brief without a fallback. Seventy-one of
the 100 participants met these criteria.

Preregistered descriptives. Measured collected without specific hypotheses attached, were pre-registered as purely
descriptive reports.

Regeneration similarity measures the structural similarity between repeated realizations of the same prompt.
Each of 50 sampled prompts was resubmitted five times, using the prototype snapshot that preceded the original
generation as the initial state. For each event, we computed one minus the normalized tree edit distance between the
generated component trees, averaged over all pairs of committed reruns. This measure was preregistered as regeneration
dispersion; higher values indicate greater structural similarity (Appendix C).

Vocabulary overlap measures the semantic similarity between participants’ prompt vocabulary and a domain
lexicon generated from each brief. For each brief, we asked a language model to generate a 200-word domain lexicon.
For each participant and task, we extracted unique content words after removing stopwords and interface terms. Density
is the mean of each participant word’s highest cosine similarity to a lexicon word. Coverage is the mean of each lexicon
word’s highest similarity to a word in the participant’s vocabulary. Both measures were computed separately for T1
and T3 (Appendix C).

We also report the distribution of repair types, the relation between changed nodes and repair, participants’ mean
prompt abstraction in T1 and T3, and the Spearman correlation between abstraction and specificity across coded
generations.

Validation of the coding. We assessed coding agreement on 150 sampled generation events, using quadratically
weighted Cohen’s kappa for abstraction and specificity and unweighted kappa for relation and repair type (Table 1).
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12 Anon.

Repair type was assessed only for events both coders classified as repair. Appendix B reports comparisons between
each coder and the model and documents all uses of language models in Study 1.

Table 1. Coding agreement on 150 sampled events. Parentheses give the number of paired ratings. The final column compares model

ratings with human ratings only where both human coders independently agreed on the code being assessed.

Code Human–human 𝜅 (𝑛) LLM vs agreeing human ratings 𝜅 (𝑛)

Abstraction .82 (129) .88 (105)
Specificity .65 (129) .60 (75)
Relation .64 (101) .45 (87)
Repair type .36 (19) —

The preregistration required agreement of at least .70 for each code used inferentially, both between human coders
and between the model and adjudicated human ratings. Because repair relation did not meet this threshold, H3, H4,
and other repair analyses are reported descriptively. Inferential analyses involving specificity were retained despite
agreement below the threshold.

Exploratory analyses. We examined preview interaction in the interval between the completion of a committed
generation and the prompt initiating the next committed generation in the same task. An interval contained preview
interaction when it included at least one click in the preview or navigation between prototype pages, and we report
the observed repair proportions with and without preview interaction, overall and within verification-time intervals
(Appendix C).

We classified prompts by their attached reference (none, a pointed element, or a sketch) and counted the participants
who used each type. The brief-echo analysis classified prompt content words as echoed from the brief, as domain words
absent from the brief, or as other words, and it classified a word absent from the brief as a domain word when its
highest cosine similarity to a word in the domain lexicon was at least .60.

We examined how the estimates for H1 andH2 changed under six alternativemodel specifications, including additional
covariates, separate fits for each task, and the inclusion of opening generations from a blank canvas (Appendix C). The
task-time analysis recorded the countdown at each prompt and whether participants completed the task before the
timeout. To qualitatively compare the prototypes produced in the two building tasks, we scored each participant’s final
T1 and T3 prototypes with two frontier language-model judges.8 We sampled 50 participants from the first 81 sessions
and obtained 49 usable pairs. Each judge received the brief and the prototype’s source code and assigned scores on
seven criteria and overall (Appendix C).

5 STUDY 1: RESULTS

5.1 Session Characteristics

Across the 100 sessions, participants initiated 1,789 generation attempts during the three tasks. Of these, 76 were
aborted and 68 failed, together accounting for 8.0% of attempts. The analysis table contains 1,643 of the 1,645 committed
generations; two were excluded because a usable final source snapshot was unavailable. These comprise 509 generations
in the unfamiliar-domain task (T1), 611 in the familiar-domain task (T3), and 523 in the modification task (T2), with a

8gpt-5.6-terra and claude-opus-5, prompt judge-finals-v1, temperature 0.
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median of 5 per task (interquartile range 3 to 7; Figure 5). The 350 attempts preceding the tasks, including those in the
tutorial, were excluded from these counts and analyses.

a UNFAMILIAR TASK (T1) PARTICIPANTS

1

5

10

15

b FAMILIAR TASK (T3) PARTICIPANTS

1

5

10

15

c MODIFICATION TASK (T2) PARTICIPANTS

1

5

10

15

IT
E

R
A

T
IO

N

ABSTRACTION

Product Design system
Feature Component

SPECIFICITY

unconstrained constrained
CHANGED NODES

1 10
50 100

NEXT MOVE

repair

Fig. 5. The 100 sessions of Study 1, with one panel per task ( a unfamiliar domain; b familiar domain; c modification). Each

column represents one participant, ordered by the number of generations in the unfamiliar-domain task, and each circle one

committed generation, ordered vertically by iteration. Hue represents the abstraction of the prompt (Product, Design System, Feature,

or Component), tone its specificity, from unconstrained to constrained, and area the number of changed nodes. A red link connects a

generation to the repair that followed it. Columns are truncated after the fifteenth iteration, and a chevron marks the tasks that

continued beyond it.

From consent to session completion, including generation time, sessions lasted 16 to 79 minutes, with a median of 39
minutes (𝐼𝑄𝑅 = 16). Participants completed 225 of the 300 tasks (75%) before the countdown expired, with a median of
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14 Anon.

4.0 minutes remaining. They submitted 1,790 prompts during the tasks, including one without an associated generation
attempt. Of these prompts, 63% were submitted within the first five minutes of a task; the share peaked in the second
minute, at 15%, and decreased from the sixth (Figure 6 a ). The opening prompt contained a median of 12 content
words and the prompts from the second iteration onward, where iteration is the position of a generation event within its
task, a median of 5 to 6 (Figure 6 b ). Fifty-seven of the 100 participants attached at least one pointed element or sketch
to a prompt, and the 25 participants with the most references accounted for 75% of the 354 references (Figure 6 c ).

a PROMPT TIMING

Most prompts are sent early in the task.

0.00

0.05

0.10

0.15

0.20
SHARE OF THE PROMPTS

MINUTE OF THE TASK

even

0.15

n = 1,790 prompts

1 2 3 4 5 6 7 8 9 10

b PROMPT LENGTH

Requests are shorter after the opening
prompt.

0

5

10

15

20
CONTENT WORDS PER PROMPT, MEDIAN

ITERATION OF THE TASK

12

5

1 2 3 4 5 6 7 8 9 10+

c REFERENCE USE

Reference use varies across
participants.

0

10

20

30

40

PARTICIPANTS

43

17
19

21

neither pointing sketching both
REFERENCES USED

Fig. 6. Prompt timing, prompt length, and reference use across the 100 sessions, with the three tasks pooled. Panel a gives the

proportion of all prompts submitted in each minute of a task, with 95% Wilson intervals. Panel b gives the median number of

content words per prompt at each iteration, with 95% bootstrap intervals and iterations 10 and later pooled in the last point. Panel c
counts the participants by the type of reference they used across the three tasks, neither, pointing only, sketching only, or both.

Feature was the most frequent level of the prompts, 59%, against 24% Component, 15% Product, and 2% Design
System, and specificity levels 1 to 5 accounted for 2%, 39%, 33%, 18%, and 8% of the prompts. The opening prompt on the
blank canvas of T1 and T3 was Product in 186 of the 200 tasks (Figure 7 a ), whereas in the modification task it was
Feature in 96% of the tasks, and Product prompts remained rare throughout the task (Figure 7 b ). From the second
iteration onward, Feature and Component prompts accounted for 93% of the generations. Abstraction and specificity
were correlated, with a Spearman 𝜌 of .46 over the coded generations, so that more concrete prompts were also more
specific.
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a BUILDING A NEW PROTOTYPE (T1 AND T3)

Two hundred tasks began from an empty canvas.

0

20

40

60

80

100
TASKS, PERCENT

ITERATION

PRODUCT

FEATURE

COMPONENT

STOPPED

1 2 4 6 8 10

b MODIFYING A PROTOTYPE (T2)

One hundred tasks began from the same existing interface.

0

20

40

60

80

100
TASKS, PERCENT

ITERATION

FEATURE

COMPONENT

STOPPED

1 2 4 6 8 10

Fig. 7. The abstraction of the prompts at each iteration, for the two blank-page tasks pooled a and the modification task b , as a

percentage of the task instances. Iteration is the position of a generation event within its task. Abstraction runs from Product at the

top to Design System, Feature, and Component, and the tasks already completed are shown in grey at the bottom.

5.2 Formulation and the Extent of the Change (RQ1)

RQ1 asks how prompt formulation relates to the structural extent of generated change. H1 predicts more changed
nodes for more abstract prompts, and H2 fewer changed nodes for more specific prompts. Both associations were in
the preregistered directions and remained significant after Holm correction (Table 2). In the negative-binomial mixed
model, each level from Product toward Component was associated with a 42% lower expected number of changed nodes
(Figure 8 H1 ), and each point of specificity with a 32% lower expected number (Figure 8 H2 ), holding the other measure
constant.

Both associations remained consistent in the robustness analysis. Under the six alternative specifications, the
abstraction coefficient ranged from −0.61 to −0.49 and the specificity coefficient from −0.40 to −0.34, with every 95%
confidence interval excluding zero (Appendix C).

The 50 sampled events had a median regeneration similarity of 0.975. Event-level mean distances had a median
of 0.025 both between reruns and between reruns and the generation originally received by the participant. These
distances decreased with prompt specificity, with exploratory Spearman correlations of 𝑟𝑠 (48) = −.23, 𝑝 = .103, and
𝑟𝑠 (48) = −.40, 𝑝 = .004, respectively (Appendix C).
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H1 ABSTRACTION CHANGE
The number of changed nodes increases with the abstraction of
the prompt.
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CHANGED NODES, LOG SCALE
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100

CHANGED NODES, LOG SCALE

PROMPT ABSTRACTION

40

14.5

8

2

Product Design system Feature Component

β = -0.54, p < .001

H2 SPECIFICITY CHANGE
The number of changed nodes decreases with the specificity of
the prompt.
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CHANGED NODES, LOG SCALE
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CHANGED NODES, LOG SCALE

PROMPT SPECIFICITY

8
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1
1 2 3 4 5

β = -0.38, p < .001

Fig. 8. The two preregistered tests on the extent of the change, H1 and H2. Each panel plots the number of changed nodes on a log

scale against the abstraction (H1) or the specificity (H2) of the prompt, with a labelled bar at each group median and a box for the

quartiles. The arrows in the titles give the direction each hypothesis expects, and each panel reports the coefficient of its preregistered

model. The markers indicate whether the tests met the Holm-adjusted significance threshold; the displayed 𝑝-values are unadjusted

and one-sided.

Table 2. The three retained inferential tests. H1 and H2 estimates are model coefficients on the log count scale, with standard errors

in parentheses. For H5, the estimate is the mean within-participant difference in specificity (T3 minus T1), with the Wilcoxon statistic

𝑉 in parentheses. Both unadjusted and Holm-adjusted one-sided 𝑝-values are reported; the correction retains a family size of five. H3

and H4 are reported descriptively in Subsection 5.3.

Test Model and predictor Estimate 𝑝 Holm 𝑝 𝑛 Conclusion

H1 negative-binomial mixed model of
changed nodes; abstraction

−0.54 (0.05) < .001 < .001 1,437 generations supported

H2 the same model; specificity −0.38 (0.04) < .001 < .001 1,437 generations supported

H5 paired Wilcoxon signed-rank test;
mean specificity, T3 minus T1

0.03 (𝑉 = 1,096) .355 1.00 71 participants not supported

5.3 Inspection, Progression, and Repair (RQ2)

RQ2 asks how participants verify generated changes and decide whether to progress or repair. H3 concerns repair in
relation to prompt specificity, and H4 concerns repair in relation to verification time.

Using the model classifications and logged undo actions, repair followed 26% of generations with a classified
subsequent move (350 of 1,340). Across specificity levels 1 to 5, the observed repair proportions were 37%, 26%, 28%,
24%, and 20%, respectively (Figure 9 H3 ). Median verification time was 19 seconds before repair and 21 seconds before
progression (Figure 9 H4 ).

Preview interaction was measured in the 1,343 gaps between consecutive committed generations of a task (97
participants). A preview interaction was recorded in 45% of the gaps (95% Wilson interval 43 to 48%), in similar
proportions across abstraction levels and tasks (Appendix C). Among the 1,338 gaps with a classified subsequent move,
repair followed 29% of those with preview interaction (178 of 604; 95% confidence interval 26 to 33%) and 23% of those
Manuscript submitted to ACM



833

834

835

836

837

838

839

840

841

842

843

844

845

846

847

848

849

850

851

852

853

854

855

856

857

858

859

860

861

862

863

864

865

866

867

868

869

870

871

872

873

874

875

876

877

878

879

880

881

882

883

884

The Anatomy of a Generative Prototyping Session 17

H3 REPAIR BY PROMPT SPECIFICITY
Observed proportions with 95% Wilson intervals.

0.0

0.2

0.4

0.6

0.8
SHARE OF GENERATIONS REPAIRED

PROMPT SPECIFICITY

0.37

0.26 0.28
0.24

0.20

0.26 overall

1 2 3 4 5

H4 VERIFICATION TIME BY SUBSEQUENT MOVE
Distributions and medians for each subsequent move.

3 10 30 100 300
VERIFICATION TIME, SECONDS, LOG SCALE

DENSITY

median 19 s

median 21 s

progression
repair

Fig. 9. Descriptive comparisons corresponding to H3 and H4. Panel H3 shows the proportion of generations followed by repair

at each specificity level, with 95% Wilson intervals and the overall proportion as a dashed line. Panel H4 shows verification-time

distributions on a log scale before progression and repair, with their medians.

without it (170 of 734; 20 to 26%). The observed repair proportion was higher with preview interaction in each of the
four verification-time intervals shown in Figure 10 c .

A repair followed 38% of generations after a Product prompt, 36% after a Design System prompt, 23% after a Feature
prompt, and 24% after a Component prompt (Figure 10 a ).

The model classified 43 repairs as restate and 242 as refine; a further 65 repairs were identified from undo actions
(Figure 10 b ; Appendix C). The generations followed by a repair had changed a median of 11 nodes, compared with
7.5 for those followed by a progression, and the committed generation that followed a repaired one (for restate and
refine, the generation produced by the repair prompt) changed a median of 4 nodes.
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a REPAIR AND ABSTRACTION

Repair rates differ across levels of
prompt abstraction.
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PROMPT ABSTRACTION
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0.24
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Feature Component

b REPAIR TYPES BY TASK

Refinement accounts for most repairs in
each task.
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SHARE OF THE TASK'S REPAIRS

71%

17%

12%

unfamiliar
n = 124

73%

11%

16%

familiar
n = 122

62% refine

9% restate

29% revert

modification
n = 104

TASK

c REPAIR AND VERIFICATION

Repair is more frequent in gaps with
preview interaction.

0.0
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0.6
SHARE OF GAPS REPAIRED

no interaction

with interaction

<10 s 10-30 s 30-60 s 60 s+
VERIFICATION TIME

Fig. 10. Repair classifications across the 100 sessions, using model codes for progression, restate, and refine, and logged undo actions

for revert. Panel a gives the proportion of generations followed by a repair by the abstraction of the prompt, with 95% Wilson

intervals and the overall proportion as a dashed line. Panel b shows the distribution of restate, refine, and revert within each task.

Panel c gives the proportion of gaps followed by a repair in four verification-time intervals (under 10 s, 10 to 30 s, 30 to 60 s, and 60

s or more), separately for the gaps with and without a preview interaction, a click in the preview or a navigation to another page,

with 95% Wilson intervals.

5.4 Domain Familiarity (RQ3)

RQ3 asks how domain familiarity and design training shape prompt formulation, verification, and repair. Study 1
addresses domain familiarity; design training is examined in Study 2. H5 predicts higher mean prompt specificity in the
familiar-domain task and was tested on the 71 participants who met the preregistered eligibility criteria. Mean specificity
was 0.03 points higher in T3 than in T1, and H5 was not supported (Holm-adjusted 𝑝 = 1.00; Table 2; Figure 11 H5 ).
Across all 100 participants, mean prompt abstraction was 2.49 in T1 and 2.63 in T3 on the scale from 1 (Product) to 4
(Component).

Among the 71 participants included in H5, median vocabulary density was .61 in T1 and .60 in T3, and median
coverage was .45 and .46 (Appendix C). The exploratory brief-echo analysis showed differences in the origin of prompt
words. The median share of content words echoed from the brief was 47% in T1 and 27% in T3; this share was higher in
T3 for 16 of the 71 participants (Figure 11 + ). The median number of domain words absent from the brief was 0.6 per
prompt in T1 and 1.0 in T3, with higher values in T3 for 44 participants. In the familiar-domain task, prompts echoed
the brief less and contained more domain words absent from it; these comparisons were exploratory and descriptive.

The separate assessment of final prototypes covered 49 participants sampled from the first 81 sessions (Section 4.6).
Mean overall scores, averaged across the two language-model judges, were 5.6 in T1 and 5.5 in T3. The judges’ overall
scores were correlated across the 98 prototypes (Spearman 𝑟𝑠 (96) = .91, 𝑝 < .001).

Manuscript submitted to ACM



937

938

939

940

941

942

943

944

945

946

947

948

949

950

951

952

953

954

955

956

957

958

959

960

961

962

963

964

965

966

967

968

969

970

971

972

973

974

975

976

977

978

979

980

981

982

983

984

985

986

987

988

The Anatomy of a Generative Prototyping Session 19

H5 FAMILIARITY SPECIFICITY
Prompts are more specific in the familiar domain than in the
unfamiliar one.

1

2

3

4

5
MEAN PROMPT SPECIFICITY OF THE PARTICIPANT

2.82
3.00

unfamiliar familiar
DOMAIN OF THE TASK

V = 1,096, p = 0.36
n = 71 participants

+ PROMPT WORDS FROM THE BRIEF
The share of words echoed from the brief was lower in the
familiar domain for 55 of 71 participants.

0.0

0.2

0.4

0.6

0.8

1.0
SHARE OF THE CONTENT WORDS

0.47

0.27

unfamiliar familiar
DOMAIN OF THE TASK

Higher Lower Unchanged

Fig. 11. The preregistered test on domain familiarity, H5, and the exploratory vocabulary finding, for the 71 participants of the H5

test. Panel H5 shows the mean specificity of the prompts of each participant in the unfamiliar and in the familiar domain, joined by a

line, with the two medians and the statistic of the registered Wilcoxon test. In both panels, teal indicates a higher value in the familiar

domain, terracotta a lower value, and grey no change. The arrows in the H5 title give the direction the hypothesis expects. The marker

beside that title indicates whether the test met the Holm-adjusted significance threshold; the displayed 𝑝-value is unadjusted and

one-sided. The second panel plots in the same way the share of content words that the brief also uses.

6 STUDY 2: REPLAY INTERVIEWS

In Study 1, we quantified how prompt formulation, generated change, and subsequent moves relate. These measures do
not reveal why participants formulated a given request, what they expected from the system, or why they continued,
revised, or stopped. In Study 2, we therefore conducted semi-structured interviews with non-experts and professional
designers after they had completed the same tasks.

6.1 Study Design

Through replay of selected moments, referred to as anchors, we explored participants’ expectations, verification of
generated results, and subsequent decisions in relation to their own work. By revisiting requests and prototype states,
participants could explain how the results compared with their expectations, what they had examined, and how they
had decided what to do next.

Because participants had produced different interfaces, we also presented everyone with the same example, a
“vignette” consisting of a request and before-and-after screenshots of a gym interface. By asking participants to evaluate
the same changes and propose a subsequent request, we compared their evaluation criteria and the reasons for their
proposed actions.

At the end of the interview, we asked participants to reflect on the session as a whole, including whether they had
considered starting over and what would make them confident in the tool’s results.

6.2 Participants

We recruited 20 participants through Prolific, university networks, and professional networks: 8 non-experts and 12
professional designers. The non-experts were aged 26 to 54 years; three reported being women and five being men.
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The designers were aged 24 to 40 years; eight reported being women, three being men, and one did not report gender.
Table 3 reports their occupations, familiar-task activities, and frequency of AI-tool use. Participant identifiers use P for
non-experts and D for designers, numbered within each group in session order.

Designers’ reported backgrounds included product and digital design, UX engineering, and HCI research. The
familiar-domain task drew on the activity or subject each participant reported knowing most deeply. For some designers
this was design itself; for others it concerned activities such as sailing, photography, or volunteering. Domain familiarity
and design experience therefore overlap in some cases. Compensation was GBP 25 for Prolific participants, paid as
GBP 0.60 for the booking submission and a GBP 24.40 bonus after the session, and a gift of their choice worth up to
DKK 300 (about EUR 40) for participants recruited through university and professional networks.

6.3 Procedure and Interview Materials

Sessions took place over a video call, with participants sharing their screen and one author moderating. After consenting
to participation and recording, participants completed the survey, tutorial, and tasks described in Section 4.3. During
the tasks, the moderator assisted with technical difficulties and clarified instructions, task terminology, or completion
procedures where needed.

Replay interviews. After the tasks, we selected replay anchors from each session log: the generation event with the
most changed nodes, the first event followed by repair, and the final prototype of the last task. We also included an
event near the median changed-node count with no subsequent repair and randomly sampled one additional event
from those not already selected.

During replay, we revisited the prompt to discuss what participants had wanted to achieve and what they had
expected to be generated. We replayed their interactions with the generated prototype and asked which aspects they
had inspected and whether the result matched their request. Questions such as “Was there anything here you didn’t ask
for?” extended this comparison to unrequested changes.

We connected these evaluations to subsequent decisions by discussing what participants requested next and asking,
for example, “Did seeing this change what you wanted to build?” When participants had initiated repair, we explored
the problem they had identified and the alternatives they had considered. When discussing the final prototype, we
asked why participants had ended the task and what they would have done next without the timer.

The moderator referred to the recording, prompts, and prototype states and adapted the order and wording of
questions to participants’ responses. Questions asked participants to describe what they had intended, expected, and
done before the moderator proposed any reading of a result, and follow-up questions pursued what participants had
raised themselves, sometimes revisiting adjacent events or returning to earlier topics. The selection criteria and complete
interview guide are provided in Appendix D.

Shared vignette. The vignette was a fabricated generation event presented as originating from another participant’s
session. It showed a neighborhood-gym interface before and after the request “make the sign up button stand out and
show how many spots are left for each class” (Figure 12). The after state contained more prominent sign-up buttons
and remaining-capacity labels, an unrequested “Become a member” button, and an alteration to the weekend program:
Saturday’s “Open gym” entry was removed and Sunday’s “Family circuit” entry duplicated. The interface continued to
render normally.

We asked participants to compare the two screens, describe the changes they noticed, and assess whether the result
fulfilled the request. To understand how participants would act on their assessment, we asked “What would you do next?
Manuscript submitted to ACM
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Say it exactly as you would type it.” We discussed their reasons for retaining, revising, or further developing particular
aspects of the interface. Follow-up questions and returns to the before state varied according to the conversation.

THE REQUEST

make the sign up button stand out and show how many spots are left for each class

BEFORE AFTER
Unrequested addition

A membership button is added.

Requested change

Sign-up buttons stand out.
Labels show the places left.

Content error Open gym disappears; Family circuit appears twice.

Fig. 12. The shared vignette and its three kinds of change: the requested emphasis and capacity information, an unrequested

membership action, and an alteration to the weekend content. Linked enlargements show the affected regions. The screenshots show

the study stimulus with the gym name and location replaced; annotations and enlargements were added for the reader and were not

shown to participants.

6.4 Analysis

We analyzed the interviews following the stages described by Kvale and Brinkmann [16]. The recordings were transcribed
automatically,9 and every passage quoted in this paper was checked against the recording. We read each transcript in
full, divided it into passages that each addressed one moment of the session, and restated the theme of each passage from
the participant’s point of view, a procedure Kvale and Brinkmann describe as meaning condensation. The condensed
passages were then grouped across participants into categories that arose from the material and corresponded to the
three questions of the study design, that is, what participants had intended with a request, what they had expected
from its realization, and how they had decided what to do next. The results report these categories with excerpts, and
the discussion interprets them in relation to the measures of Study 1 and to prior accounts of design practice, which
Kvale and Brinkmann distinguish from condensation as meaning interpretation.

9Transcripts were generated with gpt-4o-transcribe-diarize.
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7 STUDY 2: RESULTS

In the replay interviews, participants explained what they had intended with a request, what they had expected the
system to generate from it, and how they had decided to continue, revise, or stop after examining the result. We report
their explanations in this order and relate them to their knowledge of the activity and of interaction design.

7.1 From Intentions to Requests

During replay, we asked participants what they had intended to achieve with their prompts and how they had decided
what to request. Some of the prompts they discussed formulated a modification to the interface or its functionality,
while others formulated the goal, that is, what the prototype should support, and left the realization to the system.

In the familiar task, whose brief asked for a tool to support volunteer coordination, P4 requested a monthly calendar
in addition to the daily view the prototype already provided, stating in the prompt that this would allow them to allocate
volunteers. During replay, they explained that volunteers “really need to plan in advance” in order to rearrange their
other commitments, so that a coordinator needs to see the whole month. In their familiar task, a tool for planning trips,
D10 requested that the permanently visible form for adding trips be accessed through a button, explaining in the same
prompt that they wanted more attention on the schedule. During replay, they described this explanation as “trying
to maybe give my reason”. Both participants had already decided how the interface should change, and their requests
contained that decision together with the goal that motivated it.

In the unfamiliar task, whose brief asked for a grain mill scheduler, P6 listed the milling runs, the information to
record for each run, and the operations of adding, editing, and deleting entries, a prompt they summarized as “build me

this tool, here’s the criteria” and “see what you come up with”, in contrast with instructions about where each element
should appear. D8, whose unfamiliar task asked for a tool to manage a warehouse, copied its brief into their first prompt
as “the best specification I could give for the starting point”. Both prompts stated what the prototype had to support and
left the arrangement of the page and the choice of controls to the system.

The form of a request varied with the task and with the participant’s knowledge of the activity. In their familiar
task, a tracker for their own poker sessions, P6 formulated modifications that followed their own routine of recording
each session, entering the amount won or lost, and reviewing the results, whereas for the unfamiliar task their request
was limited to the criteria in the brief. D8 likewise could not complete the unfamiliar brief without knowing more
about warehouse work, an account consistent with the greater reuse of the brief’s words in the unfamiliar domain
observed in Study 1 (Subsection 5.4). Once the prototype existed, however, D8 examined it “from the usability point

of view, not so much from the domain point of view” and, “imagining how the people work in this domain”, requested
predefined storage-bay values because free-text entry could introduce typing errors, and the recording of incoming
items by selecting existing entries because re-entering them would duplicate work. D5 similarly proposed changing the
orange membership button of the shared gym vignette because they questioned whether it provided sufficient contrast
against the dark-green background. Knowledge of the activity enabled P6 to formulate modifications, while knowledge
of interaction design provided D8 and D5 with another basis for proposing changes.

Describing a modification required effort even when the participant had decided what to change. D5, whose usual
design process consisted of sketching the space occupied by each element and adjusting the arrangement, tried to
imagine the layout before describing it in words, “sketching in my brain and then try to translate it into text”. Because
they found detailed prompting tedious, by the third task they generated one part of the interface first and used the
elements already visible as a reference when describing further additions.
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In participants’ explanations, the choice between the two formulations followed from their knowledge of the activity
or of interaction design and from the effort of describing a realization. This knowledge provided a ground for deciding
how the interface should change, while participants who had difficulty identifying or describing a modification left
more of its realization to the system.

7.2 Expectations of Generated Results

After viewing the generated result, we asked participants whether it corresponded to what they had expected from
their request.

In the familiar trip-planning task, D10 deliberately left the position of the button for adding trips unspecified,
explaining that they had given the system “some freedom”. They had decided which control to introduce but were
willing to consider the system’s choice of placement. D8 expected the system to contribute the requirements they could
not identify themselves. In the unfamiliar warehouse task, they expected the system to supplement the brief, reasoning
that the model would know “the domain better than me, since it’s like some large language model that can dig through a

bunch of stuff and actually give me something that’s reasonable”. During replay, however, they noted that the system “did

not add additional reasonable requirements” and had followed the supplied instructions. D8 therefore evaluated whether
the system had contributed to completing the requirements, in addition to whether it had implemented those already
written.

Participants also held expectations they considered implicit in the request and therefore did not state. In the familiar
poker task, P6 expected a requested graph to display time on the horizontal axis and monetary values on the vertical
axis. When reviewing the graph without these values, they explained that “I thought that might automatically happen”

and suggested that they might need to request them explicitly. D5 similarly reported having to request section titles
during refinement, explaining that “in my mind it’s a given that a section needs a title”. These participants regarded
the omitted details as part of the function or component they had requested. Their expectations derived from familiar
conventions that they assumed the system would follow without separate instructions.

Expectations could also depend on the interface already available. AlthoughD10 left the button’s position unspecified,
they expected the existing form for adding trips to remain within the page when shown or hidden, since they had not
requested a dialog overlay. Their explanation, “I assume it has the context”, referred to the existing prototype as the
basis for interpreting the modification. They expected the system to preserve the form’s presentation without a further
description when only the way of accessing it changed.

Participants described both the contribution they expected from the system and the properties they expected it to
include or preserve without further instructions. These expectations could draw on familiar conventions, the existing
prototype, or knowledge they attributed to the model.

7.3 Verification and Subsequent Decisions

During replay, we asked participants what they had examined after generation and how they had decided what to do
next. For the final prototype, we also asked about their reasons for stopping and what they would have done with more
time. Their accounts connected judgments about the result to what they still wanted to understand, change, or develop.

In the shared gym vignette (Figure 12), the request was to make class sign-up buttons more prominent and show
the number of places left in each class. The after-state also included an unrequested “Become a member” button,
which 12 participants explicitly identified as new. P2 saw a use for this addition and proposed a registration page
with membership benefits and prices. D1 questioned which action users should focus on, since the membership and
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class sign-up buttons had the same colour, and proposed integrating membership into class registration. D8 instead
objected that membership had not been requested, calling its addition “a mistake for me”. D8 justified rejecting the
addition by referring to the request, while P2 and D1 considered its place in the service and the interface and treated
the unrequested change as material to develop.

Similarly, in their unfamiliar task, a tool for managing harbour berths, D6 had expected an Airbnb-style map of
occupied berths without specifying that arrangement, but the generated interface showed two columns of numbered
berths. They considered this plausible because boats would be placed one after another, and explained that they “worked
on top of that”. Having assessed how the arrangement could represent the activity, D6 adopted it as the basis for further
development. Examining the result therefore gave them a reason to reconsider the solution they had initially imagined.

Participants also described uncertainty about whether a result was adequate or whether further changes would be
useful. P3 reported having probably “blindly trusted” the unfamiliar auction prototype because they did not know what
to look for, whereas the familiar chess prototype “needed to match” functionality they already knew. In the auction
task, however, P3 noticed that the pictures did not match the descriptions of the lots and requested a separate page
displaying the available images. They wanted to investigate whether the problem lay in the available pictures or in how
they were matched to particular lots (“That was mainly for debugging.” ). The next request sought information needed to
understand the mismatch, so that verification continued through another generation.

Asked what they would do with another hour, P6 proposed chart filters and session notes for the familiar poker
tracker to support reviewing their play, whereas for the unfamiliar grain mill scheduler they struggled to identify useful
additions. Familiarity with the activity gave P6 a basis for judging which additional functions would be useful. For the
mill, they relied on the requirements supplied in the brief.

Decisions to continue or stop also reflected the objectives participants wanted to pursue and the difficulties they
encountered. After judging the unfamiliar warehouse prototype functionally adequate, D4 continued adjusting its
layout to make it more compact and visually balanced (“functionally, it was enough. It was just me adjusting the visual

preference and visual layout” ). P5 reported satisfaction with the auction prototype before submitting a hammer drawing
to see whether the tool could transform it into an auction graphic, following disappointment with an earlier sketch. With
these further requests, D4 pursued visual refinement and P5 explored the system after they considered the prototype
adequate. Conversely, P2 stopped working on the familiar hiking prototype without the dates they wanted to display
because attempts to add them produced errors. P2 could identify the modification they wanted, but their decision to
finish reflected the difficulty of obtaining it.

Across the three parts of the exchange, participants described intentions and expectations that went beyond what
they wrote in their requests. Their knowledge of the activity and of interaction design helped them identify and judge
requirements, while the effort of describing a realization affected what they specified in advance. They could leave some
choices open to the system while expecting other properties to be included or preserved without further instructions.
After examining the generated result, they adopted a choice, reconsidered what they wanted to build, or investigated a
problem through another generation. Decisions about what the prototype should become were therefore made both
before generation and while examining the system’s realization. Designers and non-experts differed in the references
available to them for these decisions, drawn from interaction design for the former and from the activity for both, and
not in the form of the exchange itself.
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8 DISCUSSION

The discussion relates the generation events measured in Study 1 to the intentions and judgments participants reported
in Study 2. We examine the knowledge on which users ground a design decision, the decisions they defer to the system,
and the way they reconsider their intentions throughout the session.

8.1 Grounding Design Decisions

Study 1 did not support the hypothesis that domain familiarity would produce more specific prompts. The interviews
indicate how familiarity nevertheless helped participants identify requirements and judge their usefulness, including
when they left aspects of the realization unspecified.

Knowledge of the activity allowed participants to draw on their own practices to identify requirements beyond those
in the supplied brief. Prior work on requirements elicitation describes how domain knowledge affects the understanding
and communication of stakeholder needs [11]. In our sessions, the same knowledge connected formulation to verification,
since the reasons for requesting a function also provided grounds for judging whether its realization supported the
activity and which further changes would be useful (Subsection 7.3). In the exploratory analysis of Study 1, prompts in
the unfamiliar domain reused more of the brief’s words (Subsection 5.4). The interviews help interpret this finding, as
participants unfamiliar with the activity described relying on the brief to formulate a request and expecting the system
to supply requirements they could not identify themselves (Subsection 7.2). Expecting this contribution did not, by
itself, resolve their uncertainty about whether the prototype adequately supported the activity. An interface could
satisfy the written request while leaving open what else the activity required.

Knowledge of interaction design provides criteria for evaluating interface choices that users have left to the system.
Prior work describes the interface representations and professional judgment that designers apply to generated
material [19, 27]. In generative prototyping, this knowledge can guide development without being fully expressed in
the prompt. Criteria not stated during formulation can remain part of what users expect and become explicit when
verification identifies a mismatch. Examining the realization can also identify interaction problems that provide reasons
for requesting changes. Design expertise therefore contributes to deciding which generated choices to retain or revise,
in addition to specifying an interface before generation. Such judgments can support revisions in an unfamiliar domain
while leaving open whether the functions themselves meet the needs of the activity.

Expertise can therefore support delegation even when users have not specified the choices they later assess. A
generated interface makes those choices available for verification, but it does not necessarily provide the knowledge
needed to judge them. The ability to obtain a realization can consequently exceed the ability to determine which of its
choices are appropriate and worth developing.

8.2 Deferring Design Decisions

In Study 1, more specific requests were associated with smaller structural changes (Subsection 5.2). Study 2 shows
why the constraints expressed in a request do not fully describe the expectations against which users judge the
result. Participants were willing to consider different realizations, but they also expected particular properties without
requesting them explicitly. The absence of such a property motivated repair even when the system had followed the
written instructions. We distinguish four overlapping reasons for leaving aspects of a realization unspecified, with
different implications for what users request next.
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Delegation based on partial knowledge occurs when users leave details unspecified because they lack the knowledge
to determine what is needed. They provide the available requirements and rely on the system to supply what they
cannot identify themselves, as D8 expected when using the unfamiliar warehouse brief (Subsection 7.2). Generation
then proceeds despite gaps in the requirements, and obtaining a realization does not resolve those gaps, because the user
may still be unable to identify which functions are missing or which additions would be useful. What was unspecified
before generation can therefore remain unresolved afterwards.

The absence of detail can also express a willingness to consider the system’s proposal. Intentional openness can
accompany a goal formulated without prescribing its realization, and also a request for a particular modification. D10, for
example, requested a button for accessing the trip form while deliberately leaving its position open (Subsection 7.2). The
user has specified the change they want and is willing to assess how the system realizes one aspect of it. A subsequent
request can then express a preference formed after seeing the result.

Alongside choices deliberately left open, users may hold implicit expectations about properties they consider part of
the request or assume will be preserved from the existing prototype. Although D10 left the button’s position open,
they expected the trip form to remain within the page, and D5 considered section titles necessary without initially
requesting them (Subsection 7.2). When such a property is omitted or changed, repair requires expressing an expectation
that existed before generation. The omission reflects what the user considered already understood, and it carries no
willingness to consider alternative realizations of that property.

Even when users know what the prototype should support, the effort of formulation can make it difficult to specify
its realization in advance. D5’s shorter requests allowed them to describe additions in relation to elements already
visible, in place of a complete layout composed before generation (Subsection 7.1). The difficulty lay in imagining and
describing the arrangement. Subramonyam et al. discuss the balance between articulating intentions in advance and
developing them through iteration [31]. In our setting, generation provided a reference for subsequent formulation and
allowed users to describe the interface progressively.

What users need to specify next therefore depends on both the choices still open and the expectations they had
assumed the system would satisfy. Examining a generated result can help them resolve an open choice or recognize
that an expected property requires an explicit instruction. In the latter case, repair clarifies the request while leaving
the intended design unchanged. Formulation and evaluation are connected through this examination of what needs to
be communicated, which is consistent with the metacognitive demands described by Tankelevitch et al. [34]. Support
for formulation could therefore help users identify which properties they expect to be preserved, which choices they
want to develop from the result, and which requirements they cannot yet determine. Encouraging greater specificity in
the initial prompt addresses only part of this work, because some details become easier to formulate once a realization
exists, while others require further knowledge of the activity.

8.3 Reflection-in-Realization

In Schön’s account of reflection-in-action, designers evaluate the intended and unintended consequences of their
moves and reconsider intentions through their work with intermediate artifacts [30]. In generative prototyping, users
delegate implementation to a system and then examine how their requests have been realized, including choices they
did not explicitly specify. Verification becomes part of reflection-in-action when users reconsider their requirements,
expectations, or intended workflow while examining what the system has implemented.

We describe the reconsideration of design intentionswhile examining a generated prototype as reflection-in-realization.
While verifying what has been generated, they can revise both what they want the interface to become and what they
Manuscript submitted to ACM
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Request + current prototype

Class signup

Make the signup
button stand out.

System realization

Realize the request
in the current prototype

Choices made visible

Class signup

Inspection

Requested emphasis
Additional choice

Reconsider the design and the next request

Reflection-in-realization

Encountering
possibilities

Could this change
what I want to build?

Questioning
the realization

What happened, and
is it appropriate?

Reflecting on
prompt formulation
What should I specify
or leave open next?

Fig. 13. Three overlapping occasions for reflection-in-realization: encountering possibilities, questioning the realization, and reflecting

on prompt formulation. In the upper schematic, the system modifies the current prototype in response to a request, with the requested

emphasis in yellow and an additional change in terracotta. While inspecting the result, participants may reconsider both the design

and the next request. The lower illustrations show the three occasions through questions participants may pursue within or across

exchanges; these are not sequential stages. All interfaces are schematic.

need to specify next. We distinguish three overlapping occasions according to what users reconsider: encountering
possibilities, questioning the realization, and reflecting on prompt formulation (Figure 13). For example, users may
recognize value in an unrequested function, reconsider how the workflow should be organized, and reformulate their
request to develop this revised design.

Encountering possibilities. Serendipitous discovery can occur when users recognize a use for an unexpected layout or
an unrequested function and reconsider what they want to build. This recognition may lead to adopting a different
representation during a task or proposing further development when discussing a result. Deliberately leaving a choice
open is one route to encountering alternatives, but users can also revise an idea they had already formed after judging a
different realization useful. To develop that possibility, they need to relate it to the activity and decide how it would fit
the interface. Domain knowledge and design experience are therefore relevant to turning an unexpected result into a
direction for further work.

Questioning the realization. To decide whether to retain a generated element, users may examine how it relates to
the request and what it implies for use. An unrequested element can be worth developing, and an element that satisfies
the request can still require revision, so establishing what the system changed is part of deciding whether the change
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is appropriate. We regard verification as reflective when users reconsider a requirement, an expectation, or a design
decision while carrying out this examination. Examining an added function, for example, users may reconsider how
the workflow should be organized, in addition to assessing whether the function fits the workflow they had initially
intended.

When users cannot account for a mismatch, they may seek further information through generation itself. P3 requested
a page of lot images to establish whether the pictures available to the application were unsuitable or whether the
application matched them to the wrong lots, so that the request produced a view through which to investigate the
mismatch (Section 7.3). A request can also investigate the tool, as when P5 submitted a sketch after reporting satisfaction
with the prototype in order to see what the system would produce from it. In both cases the participant generated
something in order to answer a question about the result or about the tool. Verification can therefore continue through
a further generation, so that users reflect on how to obtain the information they need, in addition to the design itself.

Reflecting on prompt formulation. Examining a generated prototype can also lead users to reconsider how they
formulate a request. When a result omits a property that users were expecting, they recognize that the system does not
supply it without instruction and that a later request has to state it. When a result makes part of the interface visible, it
becomes a reference for describing what to add, so that users can place further elements in relation to those already
generated without composing the whole arrangement in advance. Users then revise their assumptions about what the
system infers, what they have to state, and what they can leave open until a realization exists.

8.4 Limitations

Our analysis took the generation event as its unit and the session as its boundary. Both studies used one generative
prototyping tool and short tasks with a countdown, so that the tool and the available time may have shaped participants’
requests and their decisions to stop, alongside their design intentions. Each participant worked in a single session, and
we cannot establish how these practices develop when a user returns to a prototype over several sessions or works in
another environment.

For the Study 1 analysis, we retained the inferences involving specificity although agreement for that variable was
.65 between the human coders and .60 between the model and the agreeing human ratings, below the preregistered
threshold of .70. We are working to refine the coding definitions and instructions, and the revised coding will require
validation on independent cases and a rerun of the affected analyses.

The replay interviews provided retrospective accounts of participants’ decisions, and participants may have developed
explanations while reviewing their sessions that they had not held during the tasks. The replay anchored these accounts
in the prompts and prototype states of the session itself, so that participants explained their decisions with the material
in front of them. We use the accounts as interpretations of a recorded exchange, not to attribute a difference between
the groups to design training.

9 CONCLUSION

This paper dissected generative prototyping into the parts of the generation event, the formulation of a request, the
change the system generates, the verification that follows, and the next move. Across 100 instrumented sessions, the
abstraction and the specificity of a request were associated with the structural extent of the generated change. In replay
interviews, participants explained how they decided what to specify, what they expected the system to realize without
instruction, and how they judged a realization before continuing, revising, or stopping.
Manuscript submitted to ACM
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Participants drew on their knowledge of the activity and of interaction design to formulate requirements and evaluate
realizations. Delegating realization leaves some choices open and exposes others that users expect without stating
them. Examining the generated prototype can therefore lead users to reconsider both what they want to build and what
they need to communicate to the system. Their knowledge provides grounds for directing this process. Obtaining a
realization does not itself establish how to judge its adequacy, and that judgment depends on what users know about
the activity. Generative prototyping tools can support this work by helping users express expectations, assess generated
choices, and develop their intentions across successive realizations. Mark, the data, and the analysis code are released
without restriction, so that the anatomy can be reproduced, extended, and applied to other environments.
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A PARTICIPANTS AND STUDY INSTRUMENTS

A.1 Participant Profiles

The Study 1 sample comprised 100 participants: 49 women, 49 men, and two who did not report gender. Age was
available for 99 participants (median 35 years, range 18–73). AI-tool use was daily for 48 participants, a few times a
week for 33, a few times a month for 16, and a few times ever for three.

Table 3 reports the backgrounds and familiar-task activities of the eight non-experts and twelve designers in Study 2.

Table 3. Backgrounds of the 20 Study 2 participants. Age, gender, occupation, and AI-use frequency were self-reported. The familiar-

task activity identifies the domain used for each participant’s generated familiar task. Occupations have been shortened for readability.

ID Age Gender Occupation Familiar-task activity AI-use frequency

Non-experts

P1 44 Man Technical services manager Scottish football Daily
P2 51 Man Creditors officer Hiking trips Several times a week
P3 26 Man Junior construction consultant Chess Several times a week
P4 45 Woman Accountant Event volunteering Several times a week
P5 31 Man Ghost kitchen owner Cookie baking Daily
P6 50 Man Self-employed Poker Daily
P7 32 Woman Software developer Personal fitness Several times a week
P8 54 Woman Welfare rights adviser Dog showing Several times a week

Designers

D1 40 Not reported Digital designer Music and film history Several times a week
D2 32 Man Lead UX/UI designer Home baking Several times a week
D3 30 Woman Principal product designer Kitesurfing Daily
D4 28 Man PhD researcher Industrial design research Daily
D5 30 Woman HCI postdoctoral researcher Conversational interaction Several times a week
D6 28 Woman Product manager Football coaching Daily
D7 24 Woman UX/UI design intern Youth volunteering Daily
D8 35 Man UX design engineer Bouldering Daily
D9 29 Woman HCI PhD student Design work Daily
D10 33 Woman Product designer Sailing Daily
D11 29 Woman UX specialist User experience design Several times a week
D12 28 Woman User interface designer Toddler parenting Daily

AI-use frequency concerns AI chat tools. “Several times a week” represents the questionnaire response “A few times a week.” “Not
reported” indicates that no gender was supplied.

A.2 Survey Items and Consent

The consent screen specified the data recorded by the study (prompts, prototype snapshots, and interaction telemetry),
the voluntary nature of participation, and the data-storage procedure. Prolific IDs were stored as keyed hashes.
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Table 4. The three instruments of Study 1, with the wording shown to the participant.

Instrument / item Wording as shown Response format

Pre-study survey

Occupation “What is your occupation? Be specific.” free text

Activity or subject “What activity or subject do you know most deeply?”, with the note
“Inside or outside work: a serious hobby, volunteering, anything you
really know.”

free text

AI-tool use “How often do you use AI tools such as ChatGPT?” Never / A few times ever / A
few times a month / A few
times a week / Daily

Age “Age” whole number

Gender “Gender” Woman / Man / Non-binary
/ Prefer not to say

Familiarity check
Five ratings

“How familiar are these to you?”, with the note “Rate how much you
know about each of these domains.”, one row for each of the four
candidate T1 domains, in a fixed order, and one for the generated T3
domain, inserted at a position that varied by participant

7-point scale, 1 = “Never
heard of it”, 7 = “Know it
very well”

Domain knowledge
Four statements

“I am familiar with this kind of work”; “I know the everyday vocabulary
people use in this domain”; “I could describe a typical day of the person
in the brief”; “I have personal or professional experience close to this
domain”

7-point scale, anchored at
“not at all true of me” and
“very true of me”

B GENERATION AND CODING PROCEDURES

B.1 Generation Attempts and Briefs

The tool validates generated source code by compiling the files and loading the page in the preview, and returns
validation errors to the model for up to three rounds of revision. An attempt is classified as failed when the source does
not pass validation after these rounds or the model call returns an error, and as aborted when the participant interrupts
it or the connection closes during generation. For the brief of T3, the participant’s occupation was used in place of the
activity or subject they knew most deeply when that response contained fewer than four characters. A deterministic
validator evaluated every generated brief. A brief that failed validation was regenerated once at temperature 0.8; if the
second brief also failed, the system provided a fixed fallback brief concerning everyday task tracking. The fallback brief
was used in two of the 100 sessions.

B.2 Coding Pipeline and Language Models

The coding pipeline processed each committed generation in three passes (Section 4.6). Table 5 gives the question each
code answers, the input the model received, and the output, and Table 6 every use of a language model in Study 1.
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Table 5. Codes assigned by the coding pipeline, the corresponding coding question, the model input, and the output.

Code Coding question Model input Output

Abstraction at which semantic level does
the prompt operate

the prompt, with its task key
and a flag for the first
generation on the blank canvas

one of Product, Design System, Feature,
Component

Specificity how much does the request
constrain its realization

the prompt alone, with its
reference tokens

1 to 5

Requests which distinct requests does
the prompt contain

the prompt, with its task key
and a flag for the first
generation on the blank canvas

the list of distinct requests, each quoted
from the prompt

Repair relation
and type

does the next prompt return to
this one, and how

the requests, the structural diff
summarized as a list of added,
modified, and removed
elements with their visible text,
and the following prompt

repair, progression, or none, the
repaired request, and the repair type

Table 6. Language-model components used in Study 1, with their specifications and validation procedures.

Component Function Specification Validation

T3 brief
generation

fills the nine domain slots gpt-5.1-2025-11-13, prompt
t3-gen-v1.4 archived
verbatim, temperature 0

deterministic validator on every brief;
pilot criterion of a maximum 15
percent fallback rate

Domain lexicon expands each brief into a
200-word domain lexicon for the
vocabulary overlap

gpt-5.6-luna, lexicon prompt
in the analysis scripts

preregistered descriptive (2), reported
without a test

Coding pipeline abstraction, specificity, requests,
repair relation and type

gpt-5.6-luna, the deposited
prompts for pass 1, specificity
coding, and pass 3

200 events sampled; 129 of the first
150 rated by both coders for
abstraction and specificity; .70
threshold, with an exception for
specificity (Section 4.6)

Final-prototype
judges

score each final prototype
against its brief on seven criteria
and overall

gpt-5.6-terra and
claude-opus-5, prompt
judge-finals-v1,
temperature 0, blinded to task
and domain

exploratory; agreement between the
two judges reported
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Table 7. Coding agreement for the first 150 sampled events. Values are kappa, with the number of paired ratings in parentheses. The

final column compares model ratings with human ratings on events where the two human coders independently agreed on the code.

Code Human–human Coder 1–LLM Coder 2–LLM LLM vs agreeing human ratings

Abstraction .82 (129) .77 (129) .80 (129) .88 (105)

Specificity .65 (129) .54 (129) .36 (129) .60 (75)

Relation .64 (101) .41 (103) .41 (104) .45 (87)

Repair type .36 (19) .38 (17) — —

Abstraction and specificity use quadratically weighted Cohen’s kappa; relation and repair type use unweighted Cohen’s kappa.
Repair-type comparisons include events that both human coders classified as repair. The Coder 1–LLM repair-type comparison
additionally requires a model type rating; it does not require the human coders to agree on repair type. Dashes denote comparisons
not available in the current assessment.

C SUPPLEMENTARY ANALYSES

C.1 Robustness Specifications

The robustness analysis refitted the changed-node model for H1 and H2 under six alternative specifications: task order
as a covariate; iteration (the position of a generation event within its task), task, and task order as covariates; the
preregistered model fitted separately within T1, T3, and T2; and all generations included with an indicator for opening
generations from the blank canvas. Figure 14 reports the abstraction and specificity coefficients for the registered model
and each alternative specification.

H1 Abstraction → change

β, log count

Specification n Estimate

Registered 1,437 -0.54

+ blank canvas 1,637 -0.51

+ order 1,437 -0.54

+ covariates 1,437 -0.51

Unfamiliar 407 -0.58

Familiar 509 -0.49

Modification 521 -0.61

-0.8 -0.4 0

H2 Specificity → change

β, log count

Specification n Estimate

Registered 1,437 -0.38

+ blank canvas 1,637 -0.38

+ order 1,437 -0.38

+ covariates 1,437 -0.38

Unfamiliar 407 -0.34

Familiar 509 -0.40

Modification 521 -0.40

-0.8 -0.4 0

Fig. 14. Robustness of H1 and H2 across model specifications. Squares show abstraction and specificity coefficients in the changed-

node model with 95 percent intervals; teal marks the registered model.

C.2 Preview Interaction

Of the 3,358 clicks recorded in the 1,343 gaps, 64 percent targeted interactive controls (buttons, inputs, selects, links, or
labels), and navigation to another page occurred in 8 percent of gaps. The proportions of gaps with a preview interaction
Manuscript submitted to ACM
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were 42, 46, 48, and 40 percent following Product, Design System, Feature, and Component prompts, respectively
(𝑛 = 218, 28, 763, and 329), and 47, 48, and 41 percent in T1, T3, and T2 (𝑛 = 409, 511, and 423).

C.3 Repair Types by Task

Table 8 reports the repair types within each task. Restate and refine were classified by the coding pipeline; revert was
identified from undo actions.

Table 8. Repair types by task. Percentages are calculated within each task.

Task Repairs Restate (%) Refine (%) Revert (%)

Unfamiliar (T1) 124 17 71 12
Familiar (T3) 122 11 73 16
Modification (T2) 104 9 62 29

C.4 Regeneration Similarity

The 50 generation events were sampled at random, ten per specificity level, from the 1,050 committed generations of the
first 81 sessions with a specificity code, a non-empty prompt, both snapshots available, and no attached pointed-element
or sketch reference. Each rerun underwent the same source-validation procedure as the study’s generations and received
the preceding prompts from the task as its only context. The component trees are labelled by tag alone, so textual
content does not contribute to the distance measure.

The structural similarity between committed reruns of each event and their distance to the generation the participant
received are given by specificity in Figure 15.
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a Similarity between reruns

1 = identical trees · 50 events
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Fig. 15. Regeneration by prompt specificity. Panel a shows each of the 50 events’ mean similarity across pairs of committed reruns,

measured as one minus normalized tree edit distance. Panel b shows the distance of each of the 241 committed reruns from the

original generation. Boxes span the quartiles; black lines and labels mark medians.

C.5 Vocabulary Overlap

A language model (gpt-5.6-luna) expanded each brief into a 200-word domain lexicon. Each unique content word in
a participant’s prompts, after removing stopwords and terms denoting parts of the prototype, was scored by its highest
cosine similarity to the lexicon under the word-embedding model all-MiniLM-L6-v2.

Among the 71 participants included in the H5 analysis, participants used a median of 34 distinct words in T1 and 40
in T3. Because coverage increases with the number of distinct words, an exploratory recomputation sampled 20 distinct
words per participant and task and averaged coverage across 400 samples; median coverage was then .415 in T1 and
.415 in T3 (𝑛 = 82 of the 100 participants, those with at least 20 distinct words in both tasks).

C.6 Final-Prototype Evaluation

Each judge scored each prototype from 1 to 5 on seven criteria (each of the brief’s three needs, domain fit, usability,
visual quality, and code soundness) and from 1 to 10 overall.

Of the seven criteria, only domain fit differed between the two tasks, by 0.36 points in favour of T3 over the 49 pairs
of prototypes; on the 35 pairs from qualified participants the difference was 0.10 points.
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D REPLAY INTERVIEWMATERIALS

D.1 Anchor Selection

The Anchor Sheet linked selected generation events to their prompts, prototype states, and positions in the session
recording. Table 9 summarizes the selection and the topic of each replay anchor. The moderator used these entries
flexibly: not all were discussed, and more than one entry could refer to the same event.

Table 9. Replay anchors, selected moments, and interview topics. A1–A5 refer to events in the participant’s session; V and D refer to

the shared vignette and debrief.

Anchor Selected moment Interview topic

A1 Largest structural change across the three tasks Intentions and expectations

A2 First generation followed by repair; one per task for designers Problem identified and alternatives considered

A3 Final prototype of the last task Stopping, further development, and authorship

A4 Event nearest the median changed-node count, with no subsequent
repair

Verification and subsequent decisions

A5 Random event from those remaining Verification and subsequent decisions

V Shared gym interface before and after generation Noticing changes and proposing the next
request

D Session as a whole Restarting, future use, and trust

Structural change was measured by the number of changed nodes in a committed generation. For A2, repair meant
a subsequent undo, a near-identical resubmission, or a prompt classified as repair by the coding pipeline. Opening
generations in blank-canvas tasks, A1, and the final generation reserved for A3 were excluded. Near-identical prompts
had a Ratcliff/Obershelp similarity ratio of at least .85 after lowercasing and removing bracketed reference tags; the
ratio measures the proportion of characters in matching text blocks. A5 used the fixed random seed 20260818.

After the third task, the script recorded the selected events, repair relations, and coding-pipeline status in the Anchor
Sheet. The moderator could use the sheet to move between the session recording and the corresponding questions.
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D.2 Interview Guide

The interview guide and event-selection procedure were revised during the early sessions; the guide reproduced below
reflects the later version. Questions are grouped by anchor, with additional questions for designers after the shared
questions. Order, wording, and coverage varied during the interviews.

A1: Intentions and expectations

“Take me back to this request: what were you trying to get?” “What did you expect the tool would actually do with this?” “Was there
anything here you didn’t ask for?”

For designers: “Where does this layout come from, in your view?”

A2: Repair and alternatives

“What was wrong here, in your words?” “Why do you think it came out like this?” “What options did you feel you had at that point?”

For designers: on a plausible generation, “How would you have flagged this in a design review?”; on a broken one, “What did this
failure tell you about the tool?”

A3: Stopping and further development

“What told you this was done?” “If the timer hadn’t been there, what would you have done next?” “How much of this feels like yours?”

For designers: “Would you show this to a client as a starting point? What would you fix first?”

A4, A5: Verification and subsequent decisions

“Did this do what you asked?” “What did you do between this landing and your next prompt?” “Did seeing this change what you
wanted to build?”

For designers: “What would you check before trusting this screen?”

V: Shared vignette

“Talk me through what you see. What changed between the two screens?” “Anything else that changed?” “What would you do next?
Say it exactly as you would type it.” “What did the tool do here, in your judgment?”

D: Debrief

“At any point, did you consider starting over from scratch? What made you stay, or restart?” “Outside this study, would you use a tool
like this? For what?” “What would it take for you to trust what it gives you, without checking everything yourself?” and, as the last
question of the debrief, “Is there anything you expected me to ask and I did not?”

For designers: “If a tool like this entered your design work, what would it change in how you work?” “Did anything in the tool conflict
with how you normally work?”
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