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Abstract

Al agents can now operate real user interfaces, produce visual artifacts, and carry out multi-step
tasks from a natural-language request. Capability alone does not always decide who should make
each choice. At many points in a task, an agent has to choose between acting on its own and
bringing the person into the decision. The stakes are higher for blind and low-vision (BLV) people,
who often cannot inspect the visual context the agent is working from. An agent may quietly
pick among options the user never knew existed, make an error the user cannot verify, or settle
on a result that looks reasonable but leaves the user no way to tell whether it is any good, let
alone to their taste.

This dissertation takes up the question of who should choose in two parts. The first part asks
how an agent can preserve the person’s agency while it executes. I built a Ul agent that detects
steps where the instruction leaves a real choice open, pauses there, describes the alternatives, and
lets blind and low-vision users supply the preference the agent is missing [1]. In a study over
real-world web tasks, participants working with this agent completed more tasks and reached
outcomes that matched their intent more often than participants relying on fully autonomous
agents. Interaction of that kind rests on perception, so I also developed a synthetic data pipeline
that generates slides and interfaces as code, keeping structural labels attached, which lets models
learn to parse visual layouts without large hand-annotated datasets [2]. The same question
extends beyond a single application to open-ended activity, where an assistant has to recognize
what a person is doing and what help they need [3], and to place events in time before it can
judge when to step in [4].

The second part asks how an agent should act once a person hands a choice over (especially
a visual one). When blind presentation authors used a system I built to describe visual design
changes in shared slides [5], they asked for more than a record of what changed; they wanted
enough access to the visual decisions to judge and revise the result. Some design judgment is
shared across people, and a model trained on synthetic design flaws and professional ratings can
score interface quality in ways that designers broadly agree on [6]. A shared standard only goes so
far. I collected twelve thousand pairwise judgments from twenty professional designers over the
same generated interfaces [7]; the designers disagreed with one another substantially, and models
personalized to a single designer predicted that designer’s choices better than models trained
on much larger pooled data. The dissertation closes with a computational method that learns a
new user’s design preferences through a short adaptive onboarding and reranks the candidates
of a generative Ul model [8]. In an online study, a few pairwise choices guided personalized
generation more effectively than a written description of the user’s taste.

This dissertation argues that agency in human-agent collaboration has to be allocated deliber-
ately, decision by decision, rather than granted to the agent up front. The argument is rooted in
accessibility, where the cost of a silent choice is easiest to see, but it applies wherever a person
hands work to an agent. Each decision should sit depends on how uncertain the agent is, whether
the person can reach the relevant state on their own, how much the outcome rests on personal
judgment, and how difficult a mistake would be to detect or reverse. Recognizing the moments
when a decision belongs to the person requires grounded perception and temporal context. Acting
on a choice the person has delegated means learning that person’s preferences quickly, because
disagreement between people is information about individuals rather than noise to average away.
These requirements point toward agents that weigh task progress against the person’s control
and taste, revisit that balance at every step as circumstances change, and carry what they learn
about a person from one task to the next.
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Chapter 1

Introduction

A capable agent still has to decide when not to decide.

Through an accessibility lens, this dissertation asks how collaborative agents should surface choices
when user intent is unclear and choose well when users delegate decisions. The answer depends on
what the agent knows, what the person can inspect, whose judgment the choice requires, and how

hard an error would be to reverse.

Al agents have begun to move from conversation into action. A person can ask an agent to
search a website, schedule an appointment, edit a document, compare products, or generate an
interface. The agent then observes a digital environment, chooses a sequence of actions, and
produces an outcome. Greater capability can remove substantial effort. Capability alone does not
tell an agent when to surface a choice or how to choose well on a person’s behalf.

The problem becomes especially clear for blind and low-vision (BLV) people. Many BLV
people use screen readers that expose an interface through a sequential stream of speech or
braille. Visual grouping, spatial relationships, hidden defaults, and changes elsewhere on the
screen can remain difficult to inspect [9, 10]. An agent may see a screenshot, a DOM tree, or an
accessibility structure that the person cannot review at the same speed or level of detail. The
agent can therefore choose among options the person never knew existed, make an error the
person cannot verify, or settle on a visually plausible result that does not match the person’s taste.

The central concern of this dissertation is human agency. I use the term to mean a person’s
practical ability to understand the state that matters, shape consequential decisions, delegate
work on their own terms, and revise the outcome. Agency does not require a person to perform
every action or approve every click. A person can retain agency while an agent handles routine
work. A person can also lose agency while still holding a nominal approval button if the system
hides the relevant alternatives or gives too little information for an informed choice.

I use decision authority for the narrower question of who decides at a particular moment.
Authority can move during a task. The agent may handle a routine and reversible step, return a
preference-sensitive choice to the person, and later act again after the person supplies the missing
judgment. A person may also hand a recurring choice to the agent after the system has learned
enough about the person’s preferences. The thesis is about how to make each shift deliberate
rather than treating one natural-language request as permission for the agent to settle every later
decision.

The dissertation develops the argument in two parts. The first asks how an agent can surface
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FIGURE 1.1: The dissertation’s argument as a decision loop. The agent maintains
a grounded account of the interface and the activity around it (Chapter 4). At
each consequential step, the agent surfaces an unresolved choice in an accessible
form when the user’s intent does not determine the next action (Chapter 3) or
chooses within the delegated scope under shared constraints and learned personal
preferences (Chapters 6 and 7). The agent keeps the outcome inspectable and
revisable (Chapter 5), and each completed decision changes the state that the next
decision starts from.

a choice when the user’s intent no longer determines the next action. The second asks how an
agent can choose well after a person delegates a decision, especially a visual one. Figure 1.1 shows

how the projects fit together.

1.1 Surfacing Choices When User Intent Is Unclear

A natural-language request rarely specifies every decision that an agent will encounter. Consider
the instruction “add the cheapest sweetened sparkling water to my cart” The request names a
product and a price rule. The interface may later reveal three products at the same lowest price,
with different flavors, ratings, quantities, or delivery options. A fully autonomous agent can
choose the first item and report success. The task may be complete according to a benchmark,
while the interaction has removed a choice the person would have cared about.

The example exposes a timing problem. The relevant ambiguity may not exist at the start of
the task. A long questionnaire before execution would ask for details that may never matter, and
the person may not know which distinctions the interface will reveal. The agent has to move
far enough to see the real options, recognize that the instruction no longer determines the next

action, and ask only then.
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Morae, presented in Chapter 3, follows that approach [1]. The agent checks the user’s
instruction against the current UI and action history at each step. When several valid actions
depend on a missing preference, Morae gathers the information needed for comparison, pauses,
and presents accessible controls through which the user can choose. The pause is tied to a concrete
decision rather than to a generic request for confirmation.

A useful pause depends on accurate perception. An agent cannot expose a choice that the
model failed to see, and it cannot explain an outcome when the model lacks a structured account
of the interface. DreamStruct, presented in Chapter 4, generates slides and Uls from code and
keeps the element structure, relationships, captions, and classes as labels [2]. The resulting
synthetic data improves models across several levels of visual understanding without requiring a
hand-annotated dataset for each task.

Longer workflows add another difficulty. An assistant may need to distinguish exploration
from confusion, infer an immediate goal from a partial sequence, and decide whether help
would support the user or interrupt useful work. GUIDE studies behavior state, intent, and help
prediction in open-ended GUI activity [3]. TEMPURA studies the temporal event representations
needed to place actions and transitions in time [4]. Chapter 4 discusses the two projects after the
DreamStruct results because reliable intervention depends on both the structure of a screen and
the history that led to it.

1.2 Choosing Well After a Decision Is Delegated

An agent cannot ask the user about every detail. Repeated questions can become disruptive,
and many requests explicitly ask the system to choose. A design assistant may generate several
interface variants and present one as a starting point. A coding agent may pick a widget style. A
presentation tool may rank suggested layouts. Once the person hands the choice over, the agent
still has to decide what a good result means for that person.

The problem first appears in this dissertation through mixed-ability presentation authoring.
BLV authors often wrote the content of a presentation and relied on a sighted collaborator for
visual design. The authors valued the collaborator’s skill, but they could not always tell what
had changed or give useful feedback on the result. Diffscriber, presented in Chapter 5, identifies
and describes content, layout, and style changes between revisions [5]. The system shows why
access to a final artifact is not enough. A person also needs access to the decisions embedded in
the artifact if they are to review, challenge, or revise it.

Some design judgments can be learned across people. UIClip uses synthetic defects and
professional ratings to learn a shared score for interface relevance and quality [6]. A shared score
can reject broken layouts, unreadable text, or candidates that do not fit the prompt. The harder
cases begin after several candidates satisfy the basic constraints.

DesignPref, presented in Chapter 6, keeps the identity behind each judgment instead of
reducing all labels to a majority vote [7]. Twenty professional designers judged the same generated
interfaces and disagreed substantially. The disagreements followed recognizable trade-offs in
density, hierarchy, visual tone, imagery, and action prominence. Models trained for one designer

predicted that designer’s choices better than models trained on much larger pooled datasets.
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The final chapter of this part asks how a system can learn a new person’s preferences without
requiring hundreds of labels. The method in Chapter 7 uses prior designers as a starting point,
selects a small set of pairwise questions that distinguish among them, and updates a user-specific
preference model after each answer [8]. The model then reranks new interfaces produced for
new prompts. Shared data supplies a prior, while the person’s own choices decide how the prior

should change.

1.3 Accessibility as a Lens on Agency

Accessibility is more than an application domain in this dissertation. BLV interaction makes
assumptions in agent design easier to see. Many systems presume that a user can watch the
cursor, scan the alternatives, notice a default value, or compare a before-and-after state. When
visual monitoring is unavailable, the system must decide what state to expose and how to make
correction possible. The same problem appears for sighted users who face unfamiliar software,
divided attention, small screens, remote execution, or a high cost of error.

Accessibility research also cautions against treating independence as the only measure of
success. People often create access through interdependence, where collaborators contribute
different skills and perspectives [11]. A BLV author may contribute domain knowledge and
narrative structure while a sighted collaborator contributes visual design. An Al system can
support the relationship by communicating changes and by giving each person influence over the
decisions where their knowledge matters. The goal is not to remove collaboration. The goal is to
make the distribution of work, information, and control understandable and revisable.

Ability-based design makes a related point: systems should account for what a person can do
in context rather than assume a fixed average user [12]. For agents, the relevant question extends
beyond whether a person can operate a widget. The agent must also consider whether the person
can reach the evidence behind a decision, verify the outcome, and communicate a preference

through an available modality.

1.4 Research Approach

The dissertation combines HCI studies, interactive systems, and machine learning. Formative
studies identify where current workflows remove choices or hide state. System prototypes test
concrete interaction mechanisms in real interfaces. Technical evaluations isolate pause detection,
structured visual understanding, element correspondence, and preference prediction. User studies
then ask whether the technical change improves task outcomes, awareness, control, feedback, or

preference alignment. Three core ideas recur across the projects:

Represent the state that matters. Agents need more than a screenshot caption. They need
interface elements, relationships, action history, and differences among candidate or revised
artifacts. DreamStruct uses executable code as a source of structured labels. Diffscriber aligns
elements across versions and turns the alignment into navigable change descriptions. The

representations support both model inference and human inspection.
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Ask for human input selectively. A question has value when the answer can change a
meaningful decision. Morae waits until the interface reveals the relevant alternatives. The final
personalization method chooses onboarding comparisons according to expected information gain.
Both systems treat attention as limited and tie each question to uncertainty that matters for the

outcome.

Use shared data without erasing the person. A new user rarely supplies enough data to learn
a model from scratch. DreamStruct supplies broad perceptual supervision. DesignPref and the
final personalization method use population data as a prior while preserving individual evidence.
Shared regularities can help a system begin, but they should not define one universal objective

for every user.

1.5 Thesis Statement and Contributions
The central statement of the dissertation is:

Through an accessibility lens, I build collaborative AI agents that surface choices when

user intent is unclear and choose well when users delegate decisions.

The dissertation supports the claim through a series of contributions.

1. An interaction mechanism that surfaces unresolved choices during UI automation.
Morae detects preference-sensitive decisions from the instruction, current interface, and
action history. It gathers enough context for a useful comparison, pauses at the decision

point, and gives BLV users an accessible way to direct the next action.

2. Structured representations that make visual state and change available for action
and review. DreamStruct generates labeled slides and interfaces for element recogni-
tion, captioning, and classification. Diffscriber aligns presentation revisions and describes
content, layout, and style changes so BLV authors can understand and respond to visual

decisions.

3. Preference-learning methods that help agents choose well after users delegate
decisions. DesignPref shows that identity-linked labels predict a person’s design choices
better than much larger pooled datasets. The final personalization method learns a new
user through adaptive pairwise onboarding and applies the learned preferences to choose

among new generative Ul candidates.

The projects form one progression. Morae surfaces choices when the person’s intent no longer
determines the next action. DreamStruct and Diffscriber make the relevant visual state available.
DesignPref and the final personalization method help agents choose well when people delegate
decisions. Across the progression, agency depends on whether the person can reach, shape, and

revise the decisions that matter.
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1.6 Dissertation Organization

Chapter 2 reviews prior work on human agency and mixed initiative, assistive and collaborative
agents, nonvisual access and mixed-ability authoring, multimodal understanding of interfaces
and workflows, computational design assessment, and personalized preference learning.

Part I asks how agents can preserve agency while they act. Chapter 3 presents Morae through
a field study, system design, technical evaluation, and BLV user study. Chapter 4 presents
DreamStruct’s synthetic data pipeline and evaluations across slide and Ul understanding, then
considers how GUIDE and TEMPURA extend the perception problem to open-ended activity over
time.

Part IT asks how agents should handle visual choices that people delegate. Chapter 5 presents
Diffscriber’s formative study, change representation, system, technical evaluation, and BLV
user study. Chapter 6 begins with shared UI quality assessment through UIClip, then presents
DesignPref’s identity-linked dataset, disagreement analyses, rationales, personalized fine-tuning,
and retrieval experiments. Chapter 7 develops an efficient cold-start preference model and
evaluates the model in an end-to-end generative Ul study.

Chapter 8 returns to the thesis claim and develops three future directions: collaboration across
longer workflows, continual personalization across tasks and contexts, and accessible shared

artifacts that people and agents can inspect and revise together.



Chapter 2

Background

Agency depends on whether a person can understand, shape, and revise the work.

An agent can perform most of a task while the person still retains meaningful control over the
decisions that matter. The literature in this chapter explains how collaborative agents can surface
choices when user intent is unclear, choose well when users delegate decisions, and keep the relevant

state accessible.

Al agents combine questions that earlier fields studied separately. Automation research asks
which functions a machine should perform. Mixed-initiative interaction asks when the person or
the system should take the next step. Accessibility research asks who can reach the information
and controls that the interface exposes. Multimodal learning asks whether the agent can represent
the screen and the activity around it. Computational design and preference learning ask how a
system should assess several valid outcomes without erasing what one person wants.

The fields converge on two problems. During execution, an agent must recognize when
the user’s intent no longer determines the next action and surface the relevant choice in an
accessible form. After a user delegates a decision, the agent must distinguish shared constraints
from personal judgment so it can choose well for that person. Both problems bear on the same
question: how can an agent take on useful work without weakening the person’s practical ability

to understand, shape, and revise the outcome?

2.1 Agency and the Allocation of Work

2.1.1 Agency, autonomy, and mixed initiative

HCI uses agency and autonomy to describe related but distinct properties. The terms can refer
to control, independence, goal pursuit, or the ability to act according to personal values. A
review of three decades of HCI research shows that formal control alone does not guarantee
practical agency [13]. A person may hold an approval button yet lack the information needed for
an informed choice. A person may also delegate substantial work and retain agency when the
delegation remains understandable, bounded, and revisable.

Automation research offers a useful decomposition. Parasuraman, Sheridan, and Wickens
separate information acquisition, information analysis, decision selection, and action implementa-

tion [14]. Recent work adapts the same concern to Al agents and argues for levels that distinguish
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suggestion, shared execution, monitored autonomy, and independent action [15]. The decompo-
sition matters because one natural-language command can shift several functions at once. An
agent may observe the screen, infer the user’s goal, choose among alternatives, and commit the
action before the user learns that a choice arose.

Mixed-initiative interaction treats control as something that can move during the task. Horvitz
frames the handoff as a decision under uncertainty and interruption cost, while Hearst describes
mixed initiative as a fluid exchange in which either party can contribute the next step [16, 17].
Human-centered Al later separated high automation from low human control and argued that
strong systems should support both [18]. The resulting design question is more precise than
asking whether an agent is autonomous: which decision should sit with which party at this
moment, and what information makes the allocation meaningful?

Interactive machine learning and adaptive interfaces add two requirements. Users need an
intelligible view of current system behavior, and their feedback should have a visible effect [19, 20].
Systems such as SUPPLE and mixed-initiative customization tools learned abilities or preferences
while users accepted, rejected, or refined proposed changes [21-26]. The work also exposed a
cost: an accurate adaptation can still harm predictability or spatial memory when the interface
changes without a clear rationale [27]. Human-AlI interaction guidelines and hybrid-intelligence
frameworks reach the same conclusion at a broader level. Systems should communicate capabili-
ties, surface relevant context, support correction, and coordinate human and machine strengths

instead of treating model confidence as permission to act [28, 29].

2.1.2 From GUI automation to collaboration

Large language and multimodal models have made general-purpose GUI agents feasible.
Mind2Web, WebArena, VisualWebArena, and WebVoyager evaluate web navigation from
natural-language goals, while AppAgent, AssistGUI, Ul-Vision, and VideoGUI extend the setting
to mobile, desktop, and video-grounded tasks [30-37]. Most benchmarks reward task completion
or action grounding. The agent receives a goal, executes a trace, and succeeds when the
environment reaches a target state.

Task completion cannot settle every interaction question. Real requests omit constraints, admit
several valid outcomes, and change as users learn about the interface. Creative and analytical
work also uses exploration to form the goal. Studies of feature-rich software find that people often
prefer full automation for routine work but guided or shared-control interaction for learning,
exploration, and creative judgment [38]. CowPilot lets users pause, override, and resume web
navigation; Magentic-UI exposes plans and intervention points; Cocoa supports co-planning and
co-execution; and Plover makes the plan itself available for steering [39-42]. The systems shift
the focus from whether a person can interrupt to whether the agent can coordinate responsibility
without requiring constant supervision.

Proactive assistance sharpens the timing problem. Early work models intervention as a
trade-off among expected benefit, interruption cost, and the risk of a wrong suggestion [16,
43]. Recent programming assistants show that a suggestion can improve productivity or disrupt
the workflow depending on timing, salience, and relevance [44, 45]. ProMemAssist estimates

assistance timing from a model of working memory, while CollabLLM and Proactive Agent train
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language models to contribute before an explicit request [46—-48]. ContextAgent broadens the
observed context to open-world sensory input [49]. New benchmarks separate the decision
chain further: ProAgentBench evaluates when and what to assist from long real-world work
sessions, while KnowU-Bench evaluates preference elicitation, consent, and restraint in a live
mobile GUI [50, 51]. GUIDE brings the problem back to open-ended software work and separates
behavior-state detection, intent prediction, and help prediction [3]. The separation matters.
Repeated clicks may signal confusion, deliberate comparison, or ordinary execution. An agent

needs more than the current screen before it can judge whether a pause or suggestion will help.

2.2 Accessibility and Unequal Access to Agent State

2.2.1 Nonvisual access and assistive agents

Screen readers expose interfaces through speech or braille, often in a sequence that omits or
weakens visual grouping, spatial relationships, and off-screen change. Studies of web use show
persistent accessibility failures and a broader problem of “not knowing what you do not know”:
users cannot request or verify information that the interface never makes discoverable [9, 10,
52]. The problem becomes more consequential when an agent sees screenshots, DOM nodes,
accessibility trees, and remote browser state that the user cannot inspect at the same speed.

Natural-language access can reduce the cost of operating complex software. Capti-Speak and
JustSpeak support speech-based control, conversational access work explores dialogue with screen
readers, and Savant maps natural-language requests to screen-reader actions across desktop
applications [53-56]. Such systems help users issue commands, but a convenient command
channel does not automatically expose the state behind agent decisions. Morae addresses the
gap by surfacing alternatives and pausing when the current instruction does not determine one
outcome [1].

Recent evidence shows that computer-use agents also inherit a sighted interaction model.
A11y-CUA compares blind and low-vision users, sighted users, and agents on the same desktop
and web tasks, and finds large differences in interaction style and agent performance under
assistive-technology conditions [57]. Studies of mainstream generative Al tools likewise report
that blind users value new access to visual information but face uncertainty, inaccessible interfaces,
and difficulty verifying model output [58, 59]. Work on accessibility alignment argues that an
assistive agent must align its perception, action space, feedback, and evaluation with the user’s
access method rather than place a conventional agent behind a voice interface [60]. For this
dissertation, accessibility therefore means access to consequential agent state: the options the

agent found, the action the agent plans, the changes the agent made, and the path to correction.

2.2.2 Interdependence and mixed-ability authoring

Accessibility research also challenges the assumption that independence requires one person
to perform every part of a task. Interdependence treats access as a property that people and

technologies construct together [11]. Studies of collaborative writing show that blind and sighted
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collaborators value shared work but struggle with document state, change awareness, and inacces-
sible collaboration tools [61-64]. The relevant question is not whether help occurred. The question
is whether each collaborator can understand the shared artifact and influence the decisions that
shape it.

Visual authoring makes the gap concrete. Blind creators face barriers when they inspect
artboards, arrange spatial content, or verify how a change affects the whole composition [65-67].
Diffscriber supports mixed-ability presentation authoring by identifying and describing content,
layout, and style changes across slide revisions [5]. GenAssist gives blind creators structured
ways to direct and inspect image generation [68]. Across the systems, access to the final artifact
is only the starting point. Agency also depends on access to the edits, alternatives, and design

reasoning that remain open for negotiation.

2.3 Representing Screens and Ongoing Activity

2.3.1 Structured understanding of interfaces and documents

An agent can coordinate a decision only when it represents the state that the decision depends
on. Ul datasets such as RICO and WebUI pair screenshots with element structure and metadata,
while Spotlight and Ferret-UI connect screen regions to language [69-72]. CogAgent, OmniParser,
and related GUI models improve visual grounding for action selection [73, 74]. UI-Vision extends
evaluation to detailed desktop perception and interaction [36]. The line of work establishes that a
screen is not an ordinary photograph. Text, controls, grouping, hierarchy, and interaction state
all carry task-relevant meaning.

Structured visual documents raise similar problems. Slide-understanding systems recover
layout, reading order, and element roles; accessible presentation systems use the structure to
support nonvisual exploration and feedback [75-79]. A model that only captions the whole screen
can miss the relations that matter for action, such as which label belongs to a field or which image
replaced a text instruction.

Large labeled corpora are expensive because each screenshot may require boxes, classes,
captions, and relationships. Synthetic data offers another route. Diffusion-generated images
can improve representation learning at scale, and StableRep shows that synthetic images can
support strong visual encoders [80, 81]. DreamStruct uses a more controlled source for slides and
interfaces: executable code generates the pixels and also exposes element geometry, hierarchy,
captions, and classes [2]. The pipeline supports several tasks from the same generation process

and reduces dependence on a separate hand-annotation effort for each label type.

2.3.2 From a screen state to an activity over time

A static representation does not explain why the user reached the current screen. Screen-recording
datasets and models begin to capture action sequences, narration, and workflow structure. GUI
Narrator detects and captions GUI actions; VideoGUI and VideoAgentTrek learn from instructional
or unlabeled computer-use videos; grounding work maps observed human demonstrations to

agent actions [37, 82-84]. VideoWebArena evaluates long-context web tasks that require video
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understanding [85]. GUIDE differs from automation benchmarks because the recorded users work
through open-ended tasks, revise plans, explore features, and sometimes need help [3].
Temporal modeling remains difficult for multimodal models. TemporalBench tests fine-grained
order and event relations; Momentor, LITA, TRACE, and VideoLLaMA2 add timestamp grounding,
event modeling, or temporal instruction tuning [86-90]. TEMPURA trains a model first to infer
missing events and causal links, then to segment and caption an untrimmed video with aligned
timestamps [4]. The distinction between state and history is central to assistance. A menu
that opens and closes repeatedly may indicate exploration, confusion, or deliberate comparison.
Temporal context does not remove the ambiguity, but it gives the agent evidence that a single

screenshot cannot provide.

2.4 Delegated Visual Decisions

2.4.1 Shared models of design quality

When a person delegates a visual choice, the agent needs some basis for selecting among candidates.
Traditional evaluation begins with guidelines and expert inspection [91]. Computational measures
estimate clutter, visual complexity, balance, or attention, and the Aalto Interface Metrics service
packages several measures into a reusable toolkit [92-94]. Automated systems also detect specific
usability or accessibility problems [95, 96]. Design tools use related models to search or organize
alternatives, as in Sketchplore, Scout, GUIComp, and VINS [97-100].

Large multimodal models can produce open-ended critiques, but studies find instability, generic
suggestions, and weak grounding in the artifact [101]. UICrit adds designer-authored region-
level critiques and quality ratings, while UIClip learns a compact scoring model from synthetic
defects and professional pairwise judgments [6, 102]. Recent work compares feedback modalities
that designers can use to improve Ul generators and finds value in comments, sketches, and
direct manipulation beyond a single score [103]. The literature supports a layered interpretation
of quality. Shared models can enforce prompt fit, readability, basic hierarchy, and functional
constraints; they do not determine every valid trade-off among density, tone, imagery, and visual

emphasis.

2.4.2 Generative and editable interfaces

Generative systems now produce interface code, presentation layouts, and interactive artifacts
from screenshots or language. Pix2Code established screenshot-to-code generation, and StarVector
and Design2Code extend the approach with modern multimodal models [104-106]. AutoPresent
applies structured generation to presentation slides [107]. Malleable UI work explores interfaces
that change their data model, layout, or level of detail at runtime, while Generative Interfaces
studies when generated interaction can outperform a conversational response [108-110]. Other
work cautions that unconstrained generation can weaken consistency and designer control [111].

Generation changes the role of assessment. A system may create many plausible artifacts
for the same request and show only one. The selector therefore determines the user’s starting

point and can hide alternatives that would require less later editing. Gradual Generation makes
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intermediate customization choices visible during generation, and AlignUI uses preference data
to guide generated controls for new tasks [112, 113]. Design Theater shows a complementary
verification problem: a generator can offer a convincing design rationale while the rendered
interface fails to implement the stated choice [114]. The work reinforces two requirements that
recur in this dissertation. The result should remain editable, and the system should connect the

visible artifact to the decisions and constraints that produced it.

2.4.3 Personal judgment and efficient preference learning

A shared quality model cannot represent every user. Personalized image-aesthetics research
improves prediction when models retain rater identity, user attributes, or user-specific adapta-
tion [115-118]. Goree et al. ask “correct for whom?” and show why aggregate accuracy can hide
failure for particular people [119]. Bias analyses reach a similar concern for multimodal judges
that claim to predict personal aesthetic preference [120].

Pairwise comparison provides a practical signal for subjective choice. Thurstone and Bradley-
Terry models infer latent utility from comparisons, and modern reward learning and preference
optimization use the same basic supervision for language and image generation [121-125]. Con-
ventional pipelines often pool labels across raters or model annotator reliability [126, 127]. Pooling
works when disagreement reflects random error around one target. Pooling loses information
when people apply different but internally coherent objectives.

Personalized alignment methods condition reward models or policies on users, latent prefer-
ence modes, or collaborative representations [128-131]. Hidden-context work also argues that a
distribution over preferences can be more faithful than one modal answer [132]. The practical
obstacle is cold start. A new user supplies only a few labels, so the system has to share statistical
strength without treating the population average as the final objective. Recent methods study
inference-time adaptation from a small number of preference queries [133, 134]. Active elicitation
selects comparisons that reduce uncertainty or improve downstream decisions, rather than asking
arandom set of questions [135-137]. Research on interface personalization also shows that people

need to understand and correct how interaction data influences adaptation [138].

2.5 Open Problem and Dissertation Scope

The literature leaves three linked problems.

The agent has to surface choices when user intent is unclear. Task success does not reveal
whether an agent silently resolved an underspecified or preference-sensitive choice. A useful
handoff requires enough progress to expose the real alternatives, enough context to ask a focused

question, and a policy that weighs uncertainty against interruption cost.

The relevant state has to be available to both parties. An agent cannot ask about an option
that the model failed to perceive. A person cannot meaningfully answer when the interface hides
the evidence, the action history, or the consequences. Accessibility makes the asymmetry visible,
but the same requirement applies whenever an agent acts quickly across remote tools or generated

artifacts.
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The agent has to choose well after a decision is delegated. Shared constraints can reject
broken or irrelevant outputs. Several valid outputs can still encode different tastes. Preference
data should retain whose judgment produced each label, and a deployed system should learn from
sparse personal evidence without erasing the useful prior supplied by other users.

Part I addresses the first two problems. Morae surfaces unresolved choices for blind and
low-vision users. DreamStruct develops structured supervision for the perception that such
coordination requires. GUIDE and TEMPURA extend the representation from one screen to the
user’s evolving activity and its temporal structure. Part II addresses delegated visual decisions.
Diffscriber makes the choices embedded in a revised artifact available for review. UIClip supplies
a shared design-quality signal. DesignPref and the final personalization method retain individual

judgments and learn a new user’s preferences so the agent can choose well after delegation.



Part I

Preserving User Agency During

Agent Automation

An agent that automates work on a person’s behalf makes many small decisions
along the way, and most of them never surface. The two chapters in this part ask
how a collaborative agent can surface a choice when the user’s intent no longer
determines the next action. Chapter 3 presents a UI agent that recognizes when an
instruction leaves a choice open and returns the choice in a form that blind and
low-vision users can act on. Chapter 4 builds the structured visual understanding
required to recognize and explain the available choices, then follows the perception

problem from a single screen out to open-ended activity over time.
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Chapter 3

Morae: Proactively Pausing UI Agents

for User Choices

A person cannot choose among alternatives the agent never reveals.

Morae lets a UI agent advance until the interface makes an unresolved choice concrete. The agent
then gathers the details needed for comparison, pauses before commitment, and presents the options
in an accessible form. The chapter tests whether such pauses improve task success and help blind

and low-vision users reach outcomes that match their own preferences.

¢3: "Add the cheapest sweetened sparkling water to my cart”

(1) Search “sweetened
sparking water”

(2) Click “sort” (3) Sort items by price (from low to high) (4) Add the cheapest option to the cart

EXISTING AGENTS

@circle week

deals
" are here
Get started for free & find

great deals, benefits &
more. Ends 3/29

3
3

e

CLICK the "Add to cart” button for the first item on the|
sorted page (Cherry Citrus Slush; $0.85) [...]

VsS.

OUR AGENTS |
I

PAUSE the automation. Present all available choices
and details for users to express preferences [...]

Cherry Citrus Slush; $0.85; 4.2 out of 5 stars [...] |

Orange Mango; $0.85; 3.9 out of 5 stars [...] |

Strawberry Lemonade; $0.85; 4.3 out of 5 stars [4..]|

FIGURE 3.1: Morae is an accessible Ul agent that proactively pauses automation
at key decision points for BLV users to make choices. For example, when asked
to “add the cheapest sweetened sparkling water to my cart”, existing agents would
automatically choose a product even if multiple items have identical prices. Instead,
Morae pauses automation and presents relevant product differences (e.g., flavors,
ratings) and allows users to choose based on their preferences. By proactively
pausing when user input is necessary, Morae allows users to actively express

preferences during Ul automation.

User interface (UI) agents promise to make inaccessible or complex Uls easier to access for

This chapter is based on work published at the 38th Annual ACM Symposium on User Interface Software and
Technology (UIST 2025) [1], with Dingzeyu Li, Jeffrey P. Bigham, and Amy Pavel.
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blind and low-vision (BLV) users. However, current Ul agents typically perform tasks end-to-
end without involving users in critical choices or making them aware of important contextual
information, thus reducing user agency. For example, in our field study, a BLV participant asked
to buy the cheapest available sparkling water, and the agent automatically chose one from several
equally priced options, without mentioning alternative products with different flavors or better
ratings. To address this problem, we introduce Morae, a Ul agent that automatically identifies
decision points during task execution and pauses so that users can make choices. Morae uses
large multimodal models to interpret user queries alongside UI code and screenshots, and it
prompts users for clarification when a choice requires their input. In a study over real-world web
tasks with BLV participants, Morae helped users complete more tasks and select options that
better matched their preferences, as compared to baseline agents, including OpenAI Operator.
More broadly, this work exemplifies a mixed-initiative approach in which users benefit from the

automation of Ul agents while being able to express their preferences.

3.1 Introduction

A grand challenge in accessible computing is to make user interfaces (Uls) both accessible and
usable for people who are blind or low-vision (BLV) [9, 52]. Accessibility errors can make a Ul
impossible to access or severely reduce its usability [9]. Many BLV people use screen readers,
which convey Uls in a linear form that can become slow and confusing as interfaces grow more
complex [9, 10]. Agents that help users navigate Uls offer one promising response to these
challenges [139, 140], although such agents had limited capabilities until recently.

Recent advances in large language and multimodal models (LLMs/LMMs) have resulted in
much more capable UI agents [141-144] that execute complex automation tasks based on natural
language instructions. For example, on a site like Target [145], a user can instruct an agent to
“add the cheapest sweetened sparkling water to my cart.” The agent then finds the search bar,
inputs the query, sorts the results by price, and selects the first option (Figure 3.1). However,
existing Ul agents assume that users can visually follow the agent’s actions and understand the
surrounding context. This assumption does not hold for BLV users. Consequently, even if the
agent successfully adds the cheapest sweetened sparkling water, a BLV user may remain unaware
that three equally priced but differently rated flavor options were available, some of which the
user might have preferred (Figure 3.1).

To understand the challenges and opportunities that blind users face with Ul agents, we
conducted a field study with four BLV people who used an open-source agent for real-world
automation tasks. The system recorded their queries, task outcomes, and interaction traces.
Our interviews with first-time users revealed enthusiasm about automating tasks such as online
shopping and scheduling meetings by simply providing a few words, yet participants also noted
several challenges. Participants sometimes had difficulty identifying the actions available in
unfamiliar interfaces. Five percent of user queries requested tasks that the current interface could
not support, which reflects the “not knowing what you do not know” problem [10]. Among
executable tasks, 19% were underspecified because required fields or constraints remained unclear,

and 13% presented several valid options, such as equally cheap hotels or equally fast flights. In
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both cases, the agent could choose an arbitrary option without giving the user a meaningful
choice. Users also found it difficult to track the agent’s actions and wanted stronger verification
of potential errors.

To address these challenges, we introduce Morae', an accessible Ul agent that helps BLV
users express preferences during Ul automation. Morae proactively pauses at decision points
whenever the user’s preference is unclear. Morae leverages a large multimodal model (LMM) to
interpret natural language commands and analyze Ul representation (e.g., the web DOM) and
screenshots. To balance effective task execution with user control, Morae introduces a mechanism
called Dynamic Verification of Ambiguous Choices, which internally verifies potential ambiguities
while considering the progress of task execution. At each automation step, Morae generates and
answers internal clarification questions based on relevant metadata such as the user’s queries,
current Ul state, and previous action history. When Morae identifies a critical ambiguity that
requires user input, the agent pauses and asks for clarification (Figure 3.1). Morae also dynamically
generates accessible, interactive controls that let users specify their choices before automation
continues (Figure 3.3). To further support screen reader users, Morae provides real-time audio
feedback synchronized with each agent action. Users can explicitly verify task outcomes after
each automation. Morae also supports users by describing which tasks are available and how users
can complete these tasks, including step-by-step instructions for screen reader-based interactions
(e.g., relevant keyboard shortcuts).

We evaluated Morae through a technical assessment of its core component (i.e., the pause
detection) and a user study examining its interaction experience. In our technical evaluation,
we tested Morae across 256 tasks covering 8 Ul types. Results indicated that Morae’s approach,
based on dynamic verification of ambiguity, significantly outperformed direct prompting, OpenAl
Operator, and other baseline methods. Morae achieved higher task success rates and demonstrated
superior performance in correctly detecting necessary pauses. In our user study involving 10
BLV participants, Morae enabled participants to make decisions that better aligned with their
preferences while maintaining more diverse choices. Users reported a stronger sense of control
over the choices they made and achieved higher automation success rates compared to both the
fully automated baseline agent and OpenAI Operator.

In summary, our contributions are threefold: (i) We release the first dataset of real-world
interactions between blind users and Ul agents; the dataset supports research on human-agent
interaction beyond task automation. (ii) We introduce Morae, an accessible UI agent that proac-
tively pauses at unclear decision points, prompts users to express their preferences through
generative UL and provides in-situ feedback for informed decision-making. (iii) A comparative
study shows that Morae enables BLV users to express preferences more clearly and achieve higher

task-completion rates than off-the-shelf Ul agents.

!Morae, the Latin plural of mora, means pauses or intervals. In linguistics, a mora marks the beat that measures
syllable duration. The notion of incremental timing parallels the discrete pauses in our agent’s action sequence during
task automation.



Chapter 3. Morae: Proactively Pausing UI Agents for User Choices 18

3.2 Related Work

Morae builds on three research strands: (i) accessible language-based Ul assistants, (ii) language-

driven interactive Ul agents, and (iii) proactive Al systems that solicit user input.

3.2.1 Accessible Language-based UI Assistants

Language-based assistants transform the way BLV users interact with digital devices. Mainstream
assistants such as Siri, Alexa, and Google Assistant now perform daily tasks for users such
as setting reminders or initiating phone calls via voice commands. However, these assistants
primarily manage general system-level functions and rarely handle complex, application-specific
interactions. Application-specific macros [146] help automate repetitive actions within specific
programs but generally lack flexibility for natural language interaction. Recent research explores
conversational Ul agents for BLV users to bridge the gap between natural language commands
and application-level interactions [53-56, 147]. For example, JustSpeak [54] enables voice-based
control of mobile applications, allowing users to operate apps through speech. Similarly, Capti-
Speak [53] and ConWeb [147] support web browsing through natural language commands,
providing more accessible online interactions. Phutane et al. [55] explored conversational agents
that encourage Ul exploration through dialogue-based interactions. More recently, researchers
introduced Savant [56], an LLM-powered desktop agent for BLV users. Savant automates desktop
tasks by translating natural language commands into a series of predefined screen reader actions.
This approach significantly improves efficiency and usability compared to traditional screen
readers. However, like most user interface agents, Savant does not proactively seek clarification
when user choices are unclear. Our study with BLV users identifies a critical limitation: users
frequently give ambiguous commands without awareness, and existing agents rarely prompt
users to clarify their preferences. This lack of proactive clarification leads to missed opportunities
for users to express their unique preferences. We thus introduce an agent that proactively pauses

at critical choice moments and allows users to specify their preferences.

3.2.2 Language-driven Interactive UI Agents

The idea of interacting with computers through natural language dates to SHRDLU, a pioneering
conversational system introduced in 1968 [148]. SHRDLU allowed users to manipulate virtual
objects in a simplified “block world” through English commands and shaped later research on
natural-language interfaces in human-computer interaction and machine learning [149-156].
Today, language-driven agents like TaxyAl [157] and Browser Use [158] extend natural language
interfaces to automate real-world web tasks. Recent research has also focused on using LLMs
and LMMs to improve the performance and reliability of these autonomous UI agents. Kim et
al. [142] demonstrated that LLMs efficiently complete tasks in simplified Ul benchmarks like Mini-
WoB++ [141], even from minimal demonstrations. Similarly, AutoWebGLM [143] further showed
specialized language agents surpass GPT-4 on realistic web automation tasks in WebArena [31]
and Mind2Web [30].
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Recent research on Ul automation explores richer interactions between users and agents.
MOoTIF [159] introduced a dataset for interactive vision-language navigation that captures am-
biguous or infeasible commands. META-GUI [160] developed multimodal conversational agents
that interact directly with mobile interfaces through natural conversation without a backend APL
LLM4UI [150] used large language models to perform mobile UI tasks such as screen summa-
rization, question answering, and action execution through prompting. WebLINX [161] enabled
conversational guidance for complex web navigation tasks through multiple dialogue turns. Most
recently, CowPilot [39] introduced explicit buffer periods during automation. These buffer pe-
riods let users intervene, stop, or correct agent actions and support task completion through
human-agent collaboration. Despite significant progress, existing research generally assumes
that users can visually track and verify agent actions. Thus, UI automation designed for blind or
low-vision (BLV) users remains largely unexplored. Our research addresses this critical gap by
creating UI agents that proactively pause at unclear decision points, explicitly prompt BLV users
for clarification, and provide clear audio and screen-reader-friendly feedback. Deliberate pauses
and tailored feedback help BLV users participate actively and make informed, personal choices

during UI automation.

3.2.3 Proactive Al Agents that Solicit User Input

Early research on mixed-initiative interfaces established continuous dialogue as a method to clar-
ify user intent and enhance system effectiveness [16]. For example, LookOut proactively extracts
scheduling tasks from user emails [16], and SearchBot anticipates conversational breakdowns by
proactively suggesting relevant search queries [43]. These foundational works inspired subsequent
research on conversational agents that proactively initiate dialogue to enhance task performance
and communication efficiency [162, 163]. Recent research extends proactive conversation into
multimodal and situated contexts. In vision-language navigation tasks, agents proactively re-
quest user clarifications to resolve ambiguous instructions, which directly improves navigation
accuracy [164-166]. Embodied interaction environments such as TEACh [167] and collaborative
dialogue scenarios in Minecraft [168, 169] illustrate proactive strategies for three-dimensional
space. These agents actively clarify task-related ambiguities and align mutual understanding
among users, environments, and agent goals. Similarly, in human-robot interaction, proactive
techniques enable robots to detect and resolve misunderstandings during collaborative tasks.
Examples include inverse semantics frameworks that request human assistance [170], naviga-
tion strategies enhanced by retrospective curiosity-driven clarification [171, 172], and explicit
frameworks addressing communication breakdown and recovery [173, 174]. Recent work has
also explored context-aware, domain-specific proactive agents. For instance, researchers have
developed creation agents [175] that pose clarification questions whenever multi-turn text-to-
image generation encounters uncertainty, and programming agents that examine code context to
propose improvements [44] or flag underspecified issues [176]. Our research builds on earlier work
and introduces an agent that proactively asks BLV users to confirm choices whenever it cannot
infer their preferences during Ul automation. By offering explicit clarification steps through an
agent-driven self-verification process, our approach preserves user agency and maintains task

effectiveness during automated workflows.
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3.3 Understanding Non-Visual Use of Ul Agents

Prior research showed that desktop UI agents can simplify interactions for BLV users compared
with traditional screen readers [56]. However, little work has examined the limitations that BLV
users encounter when they adopt UI agents in the wild. We conducted a one-week field study in
which four BLV participants used a Ul agent for everyday web tasks. We recorded the tasks they
attempted, the agent’s actions, and the resulting outcomes. We then interviewed each participant

about the agent’s benefits and shortcomings. All studies were approved by the institution’s IRB.

3.3.1 Field Study

Participants. We recruited four BLV participants (three female and one male; the original paper
reports full demographic details [1]) through mailing lists. Two participants were totally blind,
and two were legally blind. All participants regularly performed web tasks in professional roles
that included accounting, software engineering, and education. None had prior experience with

UI agents.

Study Apparatus. For data collection, we built on TaxyAl [157], an open-source browser
agent powered by an LLM, with GPT-4 as the default model. Like many recent UI agents from
research [142-144, 155, 156] and industry [158, 177, 178], TaxyAl translates a user command
and a representation of the web interface into actions such as clicks and text entry. To fit the
DOM within the model context, the agent recursively removes invisible elements, redundant text
nodes directly under body, and empty or non-interactive elements. It retains interactive elements
identified by accessibility attributes such as aria-1label, role, and name, assigns each a unique
identifier, and merges single-child nodes when appropriate. The resulting DOM contains the
information needed for task execution without much of the original page complexity.

The agent then matches the command to relevant elements and executes a sequence of actions.
For example, given “add the cheapest sparkling water to my cart,” the agent searches, sorts the
results, and adds an item (Figure 3.1). A numbered action history lets users follow the agent’s
reasoning and interactions (Figure 3.2). We modified TaxyAlI to accept a screenshot alongside
the DOM, log each model response, and capture the interface after every step. We also added the
safety-check prompt from prior work [179] to prevent full automation of high-risk actions such
as checking out an order or deleting files from cloud storage. We created a written guide to help
BLV users install and use browser-based Ul agents. The guide explains UI automation, shows how
to read an agent’s action history, and describes potential outcomes and risks through concrete

examples.

Data Processing and Annotations. We collected 638 unique user queries from BLV participants
along with corresponding automation steps and results. Three participants used Windows (two
primarily used NVDA and one used JAWS), and one participant used macOS with VoiceOver. Two
annotators independently reviewed each collected query using a structured annotation process
with three stages. First, annotators classified each query as (i) valid and feasible, when the Ul
supported a meaningful request; (ii) valid but infeasible, when the request was meaningful but

unsupported by the UI or (iii) invalid, when the query did not express a meaningful automation
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= TaxyA| GPT-40 vooB

Add the cheapest sweetened sparkling water to my cart

Action History D

1 | need to search for sweetened sparkling water first. | will set the search input value to o
* "sweetened sparkling water" and then click the search button.

2 Now that | have set the search term, | need to click the search button to perform the
* search.

3 Now that the search results are displayed, | need to sort the results to find the
* cheapest sweetened sparkling water. | will click the "Sort" button to sort the items.

a | need to select the "Price: low to high" option to sort the items by the cheapest price
* first.

After selecting the "Price: low to high" option, | need to click the "Apply" button to
apply the sorting and view the sorted results.

The cheapest sweetened sparkling water is priced at $0.85. | will add the first one
6. listed, "Cherry Citrus Slush Sweetened Sparkling Water Beverage - 1L Bottle - Market v
Pantry™", to the cart.

The cheapest sweetened sparkling water has already been added to the cart. | should
finish the task.

FIGURE 3.2: TaxyAls interface features a task command input, start/pause au-

tomation button, and action history section displaying step-by-step agent reason-

ing. Here, TaxyAl autonomously executes the task “add the cheapest sweetened

sparkling water to my cart” on Target but does not ask users for their preferences
even though several choices exist.

request. Second, for valid and feasible queries, annotators examined screenshots, reasoning logs,
and user queries to determine whether the agent’s reported “completed” state reflected actual
task completion. They labeled each task as accurately completed, inaccurately completed, or
incomplete. Finally, for inaccurately completed tasks, annotators marked cases in which the
instruction left a user preference unspecified and recorded the exact step where clarification was
needed.

The annotators labeled the first 100 queries together and reached Cohen’s kappa values of
0.96 for query validity, 0.94 for task completion, and 0.82 for ambiguity and user-input require-
ments. After they resolved disagreements and refined the criteria, the annotators divided and

independently labeled the remaining queries.

3.3.2 Dataset Analysis

Valid and invalid user queries. Our dataset contained 616 valid user queries and 22 invalid
queries. The invalid queries typically included greetings (e.g., “How are you doing today?”) or
compliments (e.g., “You have done a great job! Thank you!”) directed toward the UI agent. After
excluding the invalid cases, we analyzed the remaining queries to characterize request types,
automation outcomes, and situations that required additional user input. The original paper

reports additional dataset statistics and analyses [1].

Types of user queries and task automation. Among the valid queries, 12 queries (2%) did not
directly request task automation but instead asked about specific UI capabilities. For instance, one

participant asked on Google Slides, “Can I insert a video from my local computer onto the slide?”



Chapter 3. Morae: Proactively Pausing UI Agents for User Choices 22

Another participant queried Google Calendar capabilities by asking, “Is it possible to automatically
include a Zoom meeting link instead of Google Meet in my calendar event?” The remaining 604
queries explicitly requested task automation. From the 604 automation-oriented queries, the
annotators categorized 28 (5%) as impossible automation requests. These queries resulted in agent
failure either because participants requested tasks on unrelated or incorrect websites (e.g., booking
a hotel on Target’s website) or requested actions unsupported by the platform (e.g., generating
images within Google Docs). Participants submitted the remaining 576 feasible automation
queries across 40 different platforms, representing diverse Ul categories. These platforms included
e-commerce websites, travel booking services (e.g., flights, hotels, restaurants), calendar and
scheduling applications, productivity tools (document and slide editors), communication tools
(email and messaging platforms), social media (X, Reddit), online content services (video streaming,
e-learning), and cloud storage (Google Drive, Dropbox). Within the 576 feasible queries, the agent
reported reaching a “completed” state for 484 (84%) tasks. The remaining 92 (16%) tasks were
“incomplete” due to challenges in navigating complex, multi-level interfaces, performing granular
Ul interactions (such as hovering or drag-and-drop), or satisfying complicated user constraints.
In summary, participants sometimes issued commands that the agent could not execute because
they referred to features they had not yet encountered. We view those “impossible” commands
as genuine instances of users discovering previously unknown interface capabilities. We also
received non-task-related inputs (such as congratulatory messages praising the agent), which we

excluded from our performance analysis because they did not affect task execution.

States of task completion and necessity of user input. For queries marked as “completed”
by the agent, the average query length was 10.3 words, and each involved an average of 4.5
automation steps with pauses occurring at step 3.1. Among these, only 189 tasks were correctly
completed. These tasks mapped directly to one available UI option or interaction, which elimi-
nated any ambiguity regarding user choices and preferences. The remaining 295 queries were
inaccurately labeled as completed (i.e., “inaccurately completed”). Out of these inaccurately
completed queries, 113 involved clear execution failures. For instance, the agent mistakenly
indicated task completion after adding the cheapest item to the cart without first sorting the
results. The other 182 inaccurately completed queries involved ambiguities due to incomplete
user instructions or unspecified preferences. Specifically, 107 queries involved underspecified
user commands. In these scenarios, essential Ul fields either remained empty or kept default
values because users did not specify their preferences clearly. Examples include cases where users
indicated departure and arrival airports but left out critical information such as travel dates, ticket
types (round-trip or one-way), or travel class (economy or business). Additionally, underspecified
queries included ambiguous constraints, such as requesting the “best chocolate” on the website
without defining criteria for “best”. The remaining 75 inaccurately completed queries occurred
when multiple valid options or Ul actions matched the user’s query (e.g., the example presented
in Figure 3.1), but users did not explicitly specify their preference in the original commands. For
example, the agent faced multiple flavored waters with identical lowest prices when tasked with
selecting the cheapest one, or encountered several available layout styles for adding page numbers

when the user had not indicated a preferred style.
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3.3.3 Follow-up Interviews

We interviewed every participant from the field study. For each participant, we selected six
tasks (three that involved ambiguous choices and three that did not) from two applications the
participant tried to automate. Participants compared the Ul agent with a screen reader alone.
They reported persistent navigation difficulties with traditional screen-reader workflows and
agreed that the agent improved task efficiency. However, they also identified gaps for existing

agents, especially when ambiguous choices arose and the agent failed to ask clarifying questions.

How Do UI Agents Improve Task Execution? None of the participants had used a Ul agent
before the study. After hands-on experience, every participant stated that language-based au-
tomation boosted both accessibility and efficiency. P2 remarked, “The agent automates repetitive
operations and lets me decide what I want; it handles the rest.” Participants completed 40% of the
tasks with the agent versus 25% with only a screen reader and worked roughly five times faster
(42s per task versus 217s). They valued the agent’s ability to process complex or repetitive actions,

which allowed them to focus on key decisions.

What Challenges Remain? During the study, the agent often acted without clarifying user
intent. Interviews revealed that in 95% of these situations, participants never realized that multiple
valid options existed. P4 noted, “Without this interview I wouldn’t know there were several choices
at the same price. I need prompts that surface differences and invite my input.” Participants also
struggled to specify complex preferences and to monitor progress. P3 said, “When many fields
appear, I lose track of the required information. A clear scaffold that lists pending items and allows
review would help.” Participants further highlighted limited real-time feedback. The visual action-
history log offered some traceability, yet it seldom conveyed success or failure accurately. Several
tasks appeared complete even when the agent had failed. Participants asked for audible or textual
cues during execution and explicit confirmation at the end. Finally, participants wanted guidance

on manual task completion to ensure independence when automation falls short.

Design Opportunities for Accessible UI Agents. Insights from the interviews suggest five

design directions that address the reported challenges and keep BLV users in control:

« D1: Active choice. Pause at decision points and describe key differences among alternatives.

For example, list the cheapest items side by side so users can select before the agent proceeds.

+ D2: Clear preference input. Provide structured widgets such as drop-downs or number
pickers that capture details text commands might miss, so users can refine a request without

typing the full query again.

« D3: Real-time feedback. Announce ongoing actions through audio or concise status text,

rather than wait until completion, so users remain oriented during lengthy or multi-step tasks.

« D4: Result verification. Prompt users to confirm outcomes, such as “Page numbers added.

Accept or undo?”, and offer quick links for inspection to prevent silent failures.

« D5: Task literacy. Explain the UI's available actions and outline manual workflows so users

can complete tasks with a screen reader when automation tools are unavailable.



Chapter 3. Morae: Proactively Pausing UI Agents for User Choices 24

3.4 Morae

Informed by field studies and interviews, we developed Morae, a UI agent supporting BLV users’
active engagement in Ul automation. Morae addresses identified needs by providing: (i) dynamic
ambiguity verification for user clarification of choices (D1), (ii) interactive preference input
methods (D2), (iii) in-situ feedback on agent actions and outcomes (D3, D4), and (iv) a query
mechanism for available actions and screen reader task guidance (D5). To build Morae, we
extended TaxyAl, the Ul agent used in the field study. TaxyAl runs as a Chrome extension,
requires few system dependencies, and is straightforward to deploy. At each interaction step,
Morae captures the Ul state as a reduced DOM tree and a screenshot. GPT-40 then translates the

user’s command, current observations, and action history into executable actions.

3.4.1 Dynamic Verification of Ambiguous Choices

We aimed to ensure that Morae pauses at appropriate times. To identify suitable pause conditions,
we analyzed our validation dataset. The validation set contains 54 of the 182 tasks (30%) annotated
as cases of “unclear user choice or preference” From these examples, we developed an ambiguity-
aware framework that determines when to pause through a self-ask-then-answer verification
strategy. The complete prompts and model parameters appear in the original paper [1].

At each interaction step i, given user command Q, observed Ul state V (i), and executed action
history H(i), the agent follows three stages to determine the next actions:

Stage 1: Critical Actions. Our agent aims to balance autonomous task execution with timely
intervention. We define critical actions as actions that either involve a user preference or reveal
UI details required for a meaningful ambiguity check. Actions at planned step i are divided into
critical (P,(i)) and non-critical (P, (i)):

P(i) = Pc(i) U Pu(i),  Pe(i) N Py(i) = 0.

The agent prioritizes critical actions so that it can gather enough information before it decides
whether to pause.

Stage 2: Ambiguity Verification. At each step, the agent formulates prioritized questions from
the command Q, observed Ul state V (i), and action history H(i). The questions test two common
cases: selection ambiguity, in which several Ul options or actions satisfy the user’s criteria, and
specification ambiguity, in which the command omits required details or uses an unclear criterion.
The agent answers each verification question with one of four responses (yes, no, unanswerable

and proceed, not important and proceed). An ambiguity indicator A(i) is defined:

1, if any question returns “yes”,
Al) =
0, otherwise.
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The agent also evaluates whether the observed Ul details are sufficient for an informed choice,

represented by indicator I(i):

1) 1, if agent’s recorded details enable informed user decisions,
i) =

0, otherwise.

Stage 3: Decision Function. Finally, the decision function D(i) combines task execution and

ambiguity verification, explicitly determining preference-elicited pauses:

Execute critical actions, if critical actions remain,

D(i) = Pause for clarification, ifA(i) =1,I(i) =1,
Gather more UI details, if A(i) = 1,1(i) =0,
Proceed with next planned actions, if A(i) =0.

Our algorithmic approach balances effective task execution with the need to detect and clarify
unclear user choices or preferences. The agent dynamically verifies whether pausing is necessary
at each interaction step. Our prompt design strategy builds general templates from field-study
observations. The templates adapt to varied scenarios and require only a few task-specific changes.

The approach ensures broad applicability and enables straightforward reuse across diverse tasks.

3.4.2 Generative Ul for Capturing User Choices

When Morae detects ambiguity in user choices during task automation, the agent proactively
pauses the process and prompts users to clarify their preferences. Users can respond by text,
but managing multiple decisions simultaneously can be challenging. For example, if a user asks
the agent to find the fastest flight between two cities but omits travel dates, ticket type (one-
way or round-trip), and travel class (economy or business), the agent pauses. It explicitly lists
missing details and informs users of preset defaults. To simplify preference specification, the agent
generates a Ul that displays the available options and lets users state their preferences (Figure 3.3).
To achieve dynamic Ul generation, the agent first identifies required decision properties and fields
by analyzing the user’s command Q alongside the current Ul state V (i). Based on the identified
elements, the agent then creates appropriate Ul components on the agent interface, such as radio
buttons for single selections or text fields for numeric or text inputs (e.g., meeting time or topics).
Each decision aspect is clearly labeled with proper header levels for screen reader navigation.
Users may interact with the generated controls or respond in text. Their input determines the

agent’s subsequent actions.

3.4.3 In-situ Feedback for Screen Reader Users

To support active decision-making, we incorporate multiple forms of in-situ feedback that help
BLV users remain involved throughout UI automation. Drawing from feedback collected in our
prior studies, the agent provides auditory feedback that corresponds to its actions and states.

A clicking sound plays when the agent selects a button or link, while a typing sound marks
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« Morae GPT-40 v oo

Add the cheapest sweetened sparkling water to my cart

Start Task P

Action History
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Since the current DOM does not provide specific information about sweetened sparkling water, | will

1. proceed to search for it using the search input field.

Since there are multiple items with the same lowest price, | need to sort the items by price first to ensure
2. the cheapest option is identified. After sorting, | will check for any ambiguities among the cheapest v
options.

Since the sorting option "Price: low to high" is available, | will select it and apply the sorting to ensure the -
“  cheapest option is identified. After applying, | will check for any ambiguities among the cheapest options.

Since the sorting option "Price: low to high" has been selected, | need to apply it to ensure the cheapest -
*  option is identified. After applying, | will check for any ambiguities among the cheapest options.

Ambiguity found at final decision step after sorting. The options that are in the same price ($0.85) are: 1.
Cherry Citrus Slush Sweetened Sparkling Water Beverage - 1L Bottle - Market Pantry™ with 4.2 stars and

5. 76 reviews. 2. Orange Mango Sweetened Sparkling Water Beverage - 1L Bottle - Market Pantry™ with 3.9 v
stars and 50 reviews. 3. Strawberry Lemonade Sparkling Water - 33.8 fl oz Bottle - Market Pantry™ with
4.3 stars and 928 reviews. Pausing for user clarification on which option to add to the cart.

Choice or Prefernce Specification

Cherry Citrus Slush ($0.85; 4.2 out of 5 stars; 76 reviews)
Orange Mango ($0.85; 3.9 out of 5 stars; 50 reviews)
Strawberry Lemonade ($0.85; 4.3 out of 5 stars; 928 reviews)

FIGURE 3.3: Morae’s interface features a task command input field, a start/pause
automation button, an action history panel that displays the agent’s step-by-step
reasoning, and dynamically generated UI elements for preference selection. In this
scenario, Morae autonomously executes the command “add the cheapest sweetened
sparkling water to my cart” on Target. At a decision point that needs user input,
Morae pauses, presents relevant information, and offers accessible interactive
controls so BLV users can state their choices in a structured manner.

text input. A distinct tone signals a request for clarification, and a confirmation sound marks
a completed action. Users can also request visual verification after a task. GPT-40 drives the
primary automation, while Gemini-2.0-Flash performs the supplementary visual check. The agent
also supports blind users who want to explore and learn an interface. It classifies each query
as either a question about the Ul or a command for automation. We evaluated the classifier on
interface questions from the field study and an equal number of randomly selected automation
commands. The model distinguished the two categories with 96% accuracy. When responding to
interface-specific questions (i.e., what tasks I can do with the UI and how to do specific tasks), the
agent combines external knowledge encoded in the LMM with the current UI state observations.
To provide personalized actionable guidance, we include the user’s screen reader choice gathered
from the survey directly within the model’s prompt. For example, when a user asks, “How do I find
my recent emails in Gmail?”, the agent provides detailed, screen-reader-specific instructions. The
response can explain how to press NVDA + F7 to open the links list, select “Inbox,” and navigate

messages with the arrow keys.

3.5 Technical Evaluation

We evaluated the core computational component of our agent, which determines whether and
when the agent should pause to request user input to make choices or specify preferences. Our
evaluation benchmarks our method against several ablations and OpenAlI Operator. We conducted

these comparisons on a subset of annotated tasks from our field study.



Chapter 3. Morae: Proactively Pausing UI Agents for User Choices 27

3.5.1 Methods

We constructed the test set from two groups of tasks across 20 different application platforms.
The first group included tasks identified during our field study as having ambiguous user choices
or unclear preferences. From this group, we selected 128 tasks (70%), sampling evenly from each
of the eight application categories. The second group consisted of tasks that users marked as
completed without any ambiguous preferences. Similarly, we randomly selected another 128
tasks from this group, ensuring equal representation from the same eight categories. We ensured
the reproducibility of all selected tasks without needing access to personal user accounts or data.
For instance, tasks conducted on platforms like Google Drive were recreated using our own
accounts to generate identical interaction traces. This approach allowed us to accurately produce
ground-truth labels and evaluate the agent in our online setup. For each task in the test set, we
manually recorded and verified two interaction paths: (i) a complete sequence of steps required
for successful task completion without pausing, and (ii) a sequence of steps leading up to the
point when the agent paused to request user input. On average, the agent required 5.4 interaction

steps per task, with pauses typically occurring at step 3.8.

@ Operator Browser Pl

add the cheapest sweetened sparkling water to my cart

Worked for 1 minute ~

g o Order sammary
Searching Target for sparkling water § S , s T -
Accessing sorting options for results o Lo -«—TTTT

Sorting products by low price

Adding cherry citrus sparkling water to cart

Adding Cherry Citrus Slush to cart

Viewing cart to confirm item I've added the "Cherry Citrus Slush Sweetened Sparkling Water Beverage - 1L Bottle -
Market Pantry" to your cart for $0.85. It's available for pickup at the Altoona store

Reviewing cart, confirming checkout details within 2 hours. The total comes to $0.96. Would you like to proceed with checkout or
make any changes?

FIGURE 3.4: The UI of OpenAI’s Operator Agent. Users assign tasks via chat, mon-

itor browser automation through live streaming and text updates, and manually

intervene at any time. The example illustrates Operator autonomously executing

the command “add the cheapest sweetened sparkling water to my cart” on Target
without pausing to ask for the user’s choice.

Unlike conventional offline evaluations, which statically assess agents based on fixed queries,
UI states, and interaction histories, we employed an online evaluation approach [180, 181]. Our
online evaluation captures the interaction between execution and pausing decisions, stochastic
model behavior, and variation in the observed Ul state. We evaluated each agent condition based
on two performance criteria: (i) Task success rate: The agent must either fully execute all
annotated ground-truth steps for tasks requiring no pauses or correctly pause exactly at the
annotated step for tasks needing user input. (ii) Pausing performance: We categorized agent

pausing decisions at the task level into four possible outcomes:

« True Positive (TP): The agent correctly pauses exactly at the annotated step in tasks requiring

a pause.
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- False Positive (FP): The agent pauses incorrectly or unnecessarily. False positives occur when
the agent pauses prematurely (before the annotated step) in pause-required tasks, or at any

step in tasks requiring no pause.

- False Negative (FN): The agent fails to pause at the explicitly annotated pause step. This
scenario includes cases when the agent continues without any pausing or pauses at a later step

after missing the correct annotated step.

« True Negative (TN): The agent successfully completes all annotated steps without pausing in
tasks requiring no pauses. We exclude tasks from TN calculations if the agent neither pauses

nor successfully completes the task.

We compared several variants of our method as baselines. Every variant, including our method,
was built on TaxyAl and used GPT-40 as its LMM backbone. Their primary differences were
the instructions or mechanisms used to trigger pauses; the original paper lists the full prompts.
Additionally, we included OpenAlI Operator as a strong baseline. OpenAl Operator [177] was
explicitly trained for UI operations and optimized for user interactivity and safety. The methods

we compared were:

« Prompting: The agent received explicit instruction to pause whenever user choices or prefer-

ences appeared unclear, supplemented by three descriptive examples.

« Verifying-First-Step: The agent generated ambiguity verification questions at the start of
task execution. Questions were sampled three times, and the system retained the top five as
the verification set. Questions relied solely on the initial user query and UI observation and

remained constant throughout task execution steps.

« Verifying-Per-Step: At every execution step, the agent generated new ambiguity verification
questions based on the current user query, observed Ul states, and prior action history. These

verification questions differed at each step.

« Verifying-Per-Step-with-Planning (Our Method): At each step, our method dynamically
generated ambiguity-verification questions from the user’s query, observed Ul and prior actions.
The agent also considered task progress so that it could request input when a preference appeared

unclear without pausing too early.

« OpenAl Operator [177]: A state-of-the-art Ul agent [181], fine-tuned explicitly on UI opera-

tions. We used the official client interface (Figure 3.4) to execute all tasks.

After each run, we closed and reopened the browser before the next task. Because the agent
remained nondeterministic even at a model temperature of zero, we ran every task three times
per method and compared each outcome with the ground-truth annotation. We report the mean

performance acCross runs.

3.5.2 Results

Our approach achieved the highest average task success rate of 55.2%, outperforming Opera-

tor by 2.1 percentage points. The main improvement came from tasks that required pauses,
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Method Task Success Rate ‘ Pausing Performance
Pause Required Pause Not Required Overall ‘ Precision Recall F1-score
Prompting 18.0% 33.1% 25.5% 60.0% 18.6% 28.4%
Verifying-First-Step 32.3% 25.0% 28.6% 30.2% 40.8% 34.8%
Verifying-Per-Step 41.1% 27.9% 34.5% 326%  57.9%  41.7%
OpenAl Operator 50.8% 55.5% 53.1% 58.7% 59.1% 59.0%
Verifying-Per-Step-with-Planning (Ours) 65.6% 44.8% 55.2% ‘ 59.7% 69.8%  64.4%

TaBLE 3.1: Task completion rate and pausing performance for each method we
benchmark in our technical evaluation.

where our approach increased success rates from 50.8% (Operator) to 65.6%. We also observed
a significant recall improvement of 10.7 percentage points over Operator. The self-verification
process primarily contributed to this gain by improving sensitivity to unclear user choices, such as
distinguishing multiple calendar entries labeled “Tuesday” for scheduling a meeting. Compared to
other variants of our method, our approach consistently demonstrated higher success rates across
both pause-required and non-pause tasks. For tasks without pauses, the agent effectively planned
and prioritized critical actions, continuously monitored task progress, and anticipated potential
needs for user input. For tasks requiring pauses, the self-verification method more accurately
determined the correct moment to request user input than simpler prompting methods. Addition-
ally, our method balanced proactive detection of pauses with continuous task execution to avoid
unnecessary pauses. Alternative variants relying only on verification at initial or intermediate
stages frequently paused prematurely to resolve ambiguities without fulfilling task requirements
or obtaining sufficient context for an informed user decision. While our approach still paused
unnecessarily (precision errors) or missed opportunities to pause (recall errors), it demonstrated
greater overall robustness than the other methods in automating tasks while identifying the

pauses needed to clarify user preferences. The original paper describes additional failure cases [1].

3.6 User Evaluation

We conducted a user evaluation to assess the usability of Morae by comparing it with two baseline
agents: TaxyAl with GPT-40 as its LMM backbone and OpenAlI Operator. Each participant

performed nine tasks across three applications with all three agents.

3.6.1 Method

Participants. We recruited 10 BLV participants aged between 28 and 55 (U1-U10; four women
and six men) through online mailing lists. The evaluation involved a 2-hour remote Zoom
session. Participants had diverse professional backgrounds including students, customer support
specialists, accessibility consultants, and software engineers. All participants had extensive
experience with screen readers, general web browsing, and Al-based accessibility tools such
as ChatGPT, BeMyAlI, and SeeingAl. None had previously participated in our formative study
nor used the Ul agent before. Participants received compensation of $100 per hour, and the

institution’s IRB approved the study.
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Procedure. The study began with demographic data collection and an overview highlighting
core features of each agent. Before the study, participants reviewed documentation for Morae,
TaxyAl, and Operator and learned how to use each agent independently. Participants completed
three tasks on each of three websites: (i) Target [145], where they added the highest-rated beer
to the cart, found details about the latest video-game deal for a specified brand, and bought the
best-selling shorts; (ii) Google Calendar [182], where they turned off a notification, added an
event, and modified an existing event; and (iii) Google Docs [183], where they reviewed recent
edits, inserted page numbers, and added a code block. All tasks were sampled from the test set we
used in our technical evaluation to further validate the results when users are actually involved.
We matched task complexity between websites to ensure balanced comparison across agents.
Participants experienced each agent in a counterbalanced order.

After using each agent, participants rated their experiences subjectively on a 7-point Likert scale

(7 = highly positive) for:

« Satisfaction with Choices: Satisfaction with choices made during the task.

« Awareness of Choices: Awareness of available choices provided by the agent.

« Control over Choices: Sense of active control during choice-making.

+ Ease of Choice-making: Ease of providing input when making choices.

+ Awareness of Actions: Awareness of actions performed by the agent.

« Awareness of Results: Awareness of the outcomes resulting from agent actions.
 Perceived Usefulness: Overall perception of the agent’s usefulness for task automation.

« Confidence in Use: Confidence in independently using the agent for task automation.

In our study, we measured user satisfaction with the task outcome through a composite of
related metrics: “Satisfaction with Choices”, “Control over Choices”, and “Perceived Usefulness”.
We concluded with follow-up interviews about participants’ interaction strategies and their

perceptions of each agent’s strengths and limitations.

Analysis. All sessions were recorded, and qualitative data from interviews and user comments
were transcribed. We categorized qualitative feedback into two main areas: (i) strategies par-
ticipants adopted during interactions, and (ii) perceived benefits and limitations of each agent.
Subjective Likert ratings across three conditions (TaxyAlI, Morae, Operator) were analyzed using
Kruskal-Wallis H tests, followed by pairwise Mann-Whitney U tests with Bonferroni correction.
Objective measures, including task completion time, task success rate, and number of decisions
aligned with user preferences, were compared using repeated-measures ANOVA with paired
post-hoc t-tests. To quantify the diversity of user decisions, we computed decision entropy D,
which measures uncertainty or randomness in users’ choices. For a task with up to N options,

entropy was defined as:

N
D, == ) p(x)log(p(x:))
i=1
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User Ratings with Statistical Significance

ws TaxyAl
B Morae

@ Operator
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Average User Ratings (7-point Likert Scale)

FIGURE 3.5: The average ratings for each of three agent conditions (TaxyAl, Morae,

Operator) across eight subjective evaluation criteria (Satisfaction with Choices,

Awareness of Choices, Control over Choices, Ease of Choice-making, Awareness

of Actions, Awareness of Results, Perceived Usefulness, Confidence in Use) for
our user evaluation.

where p(x;) represents the probability of selecting option x;. Higher entropy indicates greater

diversity and autonomy in selections, while lower values suggest uniformity.

3.6.2 Results

All participants (U1-U10) preferred Morae to TaxyAl and Operator. They described Morae as more
accessible and easier to use, and they valued the additional opportunities to express preferences.
Morae received significantly higher usefulness ratings (¢ = 6.50, ¢ = 0.50) compared to TaxyAl
(u =3.20,0 =0.87; U = 0.0, p < 0.001) and Operator (¢ = 5.60, ¢ = 0.49; U = 55.0, p = 0.015).
Participants reported significantly greater confidence in using Morae independently (¢ = 6.60,
0 = 0.49) versus TaxyAl (u = 2.20, 0 = 0.75; U = 0.0, p < 0.001) and Operator (u = 5.50, 0 = 0.67;
U =64.0, p < 0.001).

Active User Involvement in Decision-Making. Participants spent significantly more time
completing tasks with Morae (u = 129.40 sec, 0 = 13.75) compared to TaxyAl (i = 55.70 sec,
o =8.51;t(9) = 12.56, p < 0.01) and Operator (1 = 86.60 sec, 0 = 9.11; £(9) = 10.87, p < 0.01).
Morae required more time because it paused to present alternatives and solicit informed choices
when several options were available. Correspondingly, participants made significantly more
preference-aligned choices on average with Morae (¢ = 4.03, 0 = 0.75) compared to Operator
(1 =2.98, 0 = 0.69; t(9) = 3.45, p < 0.01) and TaxyAl (4 = 1.92, o = 0.84; £(9) = 6.87, p < 0.001).
Decision-making entropy was also notably higher with Morae (D, = 1.58) compared to Operator
(D, = 0.86) and TaxyAl (D, = 0.22), indicating greater diversity and autonomy in participant
choices. Participants also successfully completed significantly more tasks on average using Morae
(¢ = 5.50, 0 = 0.71) compared to Operator (¢ = 3.90, 0 = 0.57; t(9) = 5.38, p < 0.001) and
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TaxyAl (u = 2.60, 0 = 0.52; t(9) = 10.19, p < 0.001). Participants consistently rated Morae
significantly higher on critical aspects related to choice-making, including Satisfaction with
Choices (u = 6.80, 0 = 0.40), Awareness of Choices (1 = 6.50, ¢ = 0.67), Control over Choices
(u = 6.70, 0 = 0.46), and Ease of Choice-making (1 = 6.40, o = 0.49), compared to both TaxyAl
and Operator (all pairwise comparisons p < 0.01). Qualitative feedback further reinforced these
findings: participants highlighted Morae’s ability to proactively pause and give users opportunities
to express preferences. For instance, U4 stated, “When selecting the best-rated beer or identifying
product details at Target, Morae clearly described all available choices and allowed me to decide
independently, unlike Operator or TaxyAl which made selections on my behalf without detailed
explanations and disclosure on potential multiple choices.” Similarly, U7 remarked, “With Morae,
managing event details on Google Calendar was straightforward; I was always aware of the available
fields I am missing or should choose from. With the interactive Uls that scaffold my decision process,
I could more easily choose what I wanted while be aware of all default values that were filled.”
Despite all the benefits Morae provided, participants indicated that Morae could improve
further by providing more interpretable information on the agent’s decision confidence. For
instance, U3 expressed, ‘T appreciate Morae proactively pausing to let me make decisions, but I wish
the agent could share how confident it feels about its suggested options. A confidence score or similar
cue would help me decide when to interrupt and explore the Ul myself.” Additionally, participants
recommended implementing customizable pause mechanisms to recognize individual differences
in comfort and confidence with automation. U6 explained, “Personally, I am comfortable allowing
the agent to proceed independently, but other BLV users might prefer more frequent pauses due
to monitoring challenges. A feature letting users define their preferred level of intervention would

significantly enhance the experience.”

Better In-Situ Feedback for Agent Actions and Outcomes. Participants reported significantly
higher Awareness of Actions and Awareness of Results with Morae (actions: p = 6.20, ¢ = 0.60;
results: p = 6.40, 0 = 0.49) compared to TaxyAl (actions: y = 3.50, ¢ = 0.92; results: p = 2.60,
o =1.02; U = 0.0, p < 0.001) and Operator (actions: y = 4.90, ¢ = 0.54; results: p = 4.60,
o =0.58; U = 64.0, p < 0.001). Morae provided clear audio feedback at each step and explicit task
completion confirmations. This design notably improved participants’ confidence in recognizing
successful interactions. Participant U5 explained, “Morae clearly informed me through audio
cues whenever I successfully modified events in Google Calendar and confirmed each step explicitly.
With Operator, I often felt uncertain about whether my requested changes took effect.” Although
Operator demonstrated state-of-the-art agent capabilities, its reliance on remotely streamed visual
screenshots limited accessibility. Participants reported that Operator felt straightforward to
instruct initially but verifying task outcomes independently became difficult without local screen
reader access. Consequently, participants needed greater trust in Operator’s remotely executed
actions compared to Morae’s immediate and verifiable feedback. Participants also found Morae’s
screen reader-specific guidance clearer and more instructive. U2 stated, “When I asked agents
about how to insert page numbers in Google Docs, Morae explicitly guided me through each step with
potential shortcut, unlike TaxyAl or Operator, which left me guessing about what actions I should
do if I did the task by my own.” Participants recommended improvements for Morae, including

customizable audio feedback (U9) and additional modalities such as haptic signals (U1), to further
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enhance overall accessibility.

3.7 Discussion

3.7.1 Task Success Rate for Current UI Agents

Our technical and user evaluations demonstrate promising results. Specifically, our agent ef-
fectively balances autonomous task execution and active user engagement in decision-making.
Nevertheless, the sample size of our studies remains limited due to the specialized nature of our
target user group and practical constraints during data collection. Larger studies could test the
agent across a broader range of users and tasks and could supply training data for more reliable
pause prediction. Rapid changes in open-source agents also make repeated evaluation valuable. In
terms of task performance, current open-source alternatives and OpenAl Operator achieve success
rates comparable to those reported in prior studies [180, 181], ranging between 30% and 60%.
Operator currently establishes the highest benchmark for fully automated interactions without
user intervention. One promising path to stronger robustness involves autonomous exploration.
Prior work [155, 184, 185] generates interaction hypotheses or leverages demonstrations to guide
agents through deep menu hierarchies. Morae complements these techniques with a lightweight
self-verification loop that predicts when user input is required. The pausing module achieves
59.7% precision and 69.8% recall against human annotations, covering almost two-thirds of the
94% human upper bound while relying on no task-specific fine-tuning. Such recall already un-
locks sizable gains in preference-critical scenarios; further exploration-based training should
close the remaining gap and reduce unnecessary interruptions. While future improvements in
accuracy for fully automated agents are likely, high accuracy alone is insufficient for practical
adoption. Effective UI agents must actively involve users during crucial decision points, especially
if user preferences are unclear. Our agent is the first to address the challenge by incorporating a
self-verification loop within a balanced execution mechanism. The design explicitly prioritizes
active user participation in Ul automation tasks and sustains user engagement throughout the

human-agent interaction.

3.7.2 Levels of Pause Necessity

Morae now relies on a binary pause policy such that the agent either halts or proceeds based on the
user’s command, the visible U, and earlier actions. Our study revealed diverse preferences among
blind and low-vision creators: some steps require an immediate stop, whereas routine operations
can continue without interruption. These observations motivate a graded pause-necessity model
that assigns a continuous score to each step, capturing both interface uncertainty and user-specific
sensitivity. A calibrated threshold, learned from interaction data, can tune the score for every
user and context. Payment dialogs, for instance, would receive a lower threshold than simple
scrolling, triggering pauses more readily. The graded model naturally positions Morae within
mixed-initiative control: the agent yields control when quantified uncertainty surpasses the
threshold. At such moments, Morae presents ranked alternative actions side-by-side and invites

the user to explain why one option best satisfies the goal. The contrastive prompt functions
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as an implicit explanation, echoing contrastive techniques in explainable AI (XAI) [186-188]
and unifying pausing, information disclosure, and user choice into a trust-building strategy.
Future work will refine the calibration procedure so that Morae’s quantitative judgments align
closely with individual preferences and the sensitivity of each task, thereby enhancing both

personalization and automation effectiveness.

3.7.3 Multi-round User Preference Elicitation

Our dataset contains few cases of multi-round preference elicitation. In most annotated scenarios,
once the agent resolves an ambiguity, the agent completes the task without further user clarifica-
tions. Such a pattern suggests users typically have simpler objectives in our dataset. However,
real-world automation tasks often involve more complex user queries with multiple objectives.
Multi-objective queries can introduce multiple ambiguous decision points during a long-horizon
automation process. Each decision point may require continuous clarification and preference
elicitation from users. Handling multi-objective tasks creates significant challenges. Agents need
to balance immediate task execution and adapt to evolving user preferences or changes in the
web context. Future research should study more interactive scenarios for conversational web
navigation [161], including protocols that explicitly incorporate pauses by both the user and
the agent. By actively managing interaction pauses, agents can better adapt to user preferences,

handle complex objectives, and ensure coherent task automation.

3.7.4 Extending the Interaction Scope of Morae

Currently, Morae primarily operates as a web-based tool to enable broad deployment and rapid
iteration across online applications. However, extending the agent’s capabilities to desktop and
mobile platforms would significantly broaden its utility. Future work can integrate more precise
visual recognition models [2, 70, 189] alongside existing LMM models. Recent work [74] has
demonstrated that granular visual recognition can improve agents’ semantic understanding of
user interfaces. Such visual models directly extract UI structures from pixel-level data and provide
metadata similar to DOM trees, including detailed element positions and groupings. Leveraging
granular visual parsing will enhance the agent’s capability to reason accurately about visual
semantics and automate complex tasks effectively across multiple software environments. Addi-
tionally, expanding the agent’s native compatibility with various operating systems would support
research into users’ long-term usage patterns and interactions with diverse digital tools. On the
interaction side, Morae currently supports basic operations such as clicks and text entry. Future
development should broaden the set of interaction methods. Direct calls to native UI control
APIs provided by major operating systems [190-192] will unlock richer interactions and enable
proactive agents to tackle more complex workflows in video editing [78, 79, 193], graphic-design
creation [5, 6, 68, 107], map navigation [194-196] and beyond. Native integration also delivers
deeper functionality and finer control across web, mobile, and desktop platforms. Although ini-
tially developed to enhance accessibility for blind and low-vision (BLV) users, expanding Morae to
support additional disabilities requires further customization. Future development should include

adaptations to feedback mechanisms and interface controls. For instance, simplifying text-based
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feedback can better support individuals with cognitive disabilities, while integrating customizable
UI controls can better accommodate users with motor impairments. Future enhancements can
also focus on compatibility with existing assistive technologies, increasing accessibility for a

broader range of users.

3.7.5 Human Agency During Automation

Our agent can act as a proxy for BLV users to interact with digital interfaces that are difficult
or inaccessible to use. However, we strongly encourage developers to create user interfaces that
are technically accessible as well as intuitive and genuinely usable, which would also benefit
people who use assistive technologies such as screen readers. Our goal extends beyond offering
basic accessibility overlays or automating simple tasks. We developed Morae in response to
the accessibility barriers that users face in complex software. The agent actively supports users
to express and apply unique choices and preferences throughout task execution. Instead of
focusing solely on robust automation that completes tasks automatically, our approach emphasizes
collaboration. Our findings indicate that the agent encourages users to actively explore available
choices, express preferences clearly, and remain engaged and informed during the automation
process. The agent proactively introduces pauses that allow BLV users to express their choices
clearly, an opportunity that standard automation often neglects. The value of Morae extends
beyond successful task completion. The agent lets users express meaningful choices, engage
actively with applications, and learn from the automation process. Ultimately, our approach

positions users as active collaborators who guide automation rather than passive observers.

3.7.6 Beyond Accessible Automation: Broader Agent-driven Applications

Our user study highlights the potential for UI agents to bridge language barriers. One participant
(U5) successfully interacted with a website in Chinese by issuing commands in Polish: “I don’t
speak Chinese at all, but when I typed in Polish, the agent operated successfully and provided
feedback in Polish! The agent not only made the website accessible non-visually but also bridged the
language gap!” Participants further recognized broader implications when agents interact with
user interfaces. Another participant (U10) commented, “Sometimes Al works like a screen reader. If
you make an interface accessible to us [screen reader users], you are also likely making it easier for
Al to navigate!” Such insights highlight that agents can extend beyond accessibility applications.
For example, agents may automate accessibility testing [197], perform usability analyses, and
ensure digital interfaces support diverse human users and Al agents. Difficulties agents encounter
when interacting with user interfaces often reflect similar usability challenges faced by humans.
Therefore, improving interface designs for agent interactions can potentially enhance usability

for human users.

3.8 Conclusion

We introduced Morae, an accessible Ul agent that proactively pauses during task automation

to allow blind and low-vision users to express their preferences and make choices. Driven by
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insights from an in-depth field study and detailed interviews with four BLV individuals, Morae
proactively identifies critical decision points requiring user input. Instead of assuming preferences,
the agent pauses at these junctures and dynamically creates accessible interfaces to enable users
to interactively specify their preferences. Morae uses large multimodal models to interpret
commands, analyze Ul structure, plan and execute tasks, detect ambiguity, and provide contextual
information with in-situ feedback about actions and results. The technical evaluation and user
study show that Morae gives users more opportunities to make informed, preference-aligned
choices, increases the diversity of their decisions, and improves task completion. Morae therefore
offers a foundation for agents that align automation with human judgment and preserve active

user input in real-world interaction.
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Chapter 4

DreamStruct: Understanding Slides

and Uls via Synthetic Data Generation

A meaningful handoff begins with a faithful account of the interface.

DreamStruct uses executable code to generate slides and interfaces together with the structure needed
to train multimodal models. The chapter then extends from one screen to longer activity: GUIDE
asks what the user is doing and whether help would be useful, while TEMPURA develops temporal

representations that place events and transitions in context.

Morae could pause at the right moments only because its models recognized that several
interface options satisfied the user’s instruction. An agent cannot return a choice, describe an
alternative, or explain a result that its models never registered, so the interaction mechanisms in
this dissertation rest on how well models parse structured visual content. Building such models
has typically required collecting and annotating data separately for each task and visual domain,
which limits scale. DreamStruct instead generates structured visuals as code and embeds target
labels in the generated artifacts. The resulting datasets support models trained with little human-
annotated data. We evaluate the approach on three tasks: visual element recognition, screen

description, and visual content classification.

4.1 Introduction

Computational models of visual structure can describe slides and user interfaces (UIs) for people
who are blind [198-201], retarget layouts to new devices [202, 203], and personalize content
according to user ability [192, 204-206]. However, building the underlying machine learning
models that enable these capabilities requires labor-intensive data collection and annotation,
which must be performed for each type of input.

We generate synthetic, structured visuals by producing and rendering code (Figure 4.1). The
pipeline has three phases. First, a large language model (LLM) creates design concepts under
task and design constraints. Second, the model expresses each concept in a labeled declarative

language such as HTML. Third, the pipeline filters, post-processes, and renders the code to produce

This chapter is based on work published at the European Conference on Computer Vision (ECCV 2024) [2], with
Faria Huq, Yue Jiang, Jason Wu, Xin Yue Li, Jeffrey P. Bigham, and Amy Pavel. Section 4.6 discusses coauthored work
led by Saelyne Yang (GUIDE, CVPR 2026) [3] and Jen-Hao Cheng (TEMPURA) [4].



Chapter 4. DreamStruct: Understanding Slides and Uls via Synthetic Data Generation 38

an annotated dataset. The method can apply to many structured visual domains; we evaluate
presentation slides and UI screenshots because both lacked large, high-quality public datasets for
the target tasks. In each domain, we study (i) element recognition, (ii) image captioning, and (iii)
image classification. The pipeline produces synthetically annotated data on demand and supports
later adaptation to real-world data. Compared to automated approaches such as crawling and
metadata extraction [70, 207], our approach can apply to more visual domains (e.g., presentation
slides) and produce more types of annotations (e.g., semantic descriptions, visual classification).

Using our method, we generate two synthetic datasets: one with 10, 053 labeled slides (Dream-
Slides) and another with 9,774 labeled user interfaces (DreamUI). We trained machine learn-
ing models on the synthetic datasets and compared them with models fine-tuned on existing
human-annotated data and models with strong zero-shot performance, including LLaVA [208]
and Qwen-VL [209]. For element recognition, synthetic slide training improved mAP by 10.95
percentage points over training on an equal amount of human-annotated data. Pretraining on
synthetic Uls improved mAP by 5.20 points after adaptation to real Ul data. For image captioning,
the synthetically fine-tuned models achieved average pairwise win rates of 68.9% for slides and
67.1% for Uls against the tested baselines. For image classification, the synthetically fine-tuned
models surpassed counterparts trained on human-annotated data by 18.4 percentage points for
slides and 11.3 points for Uls. The results show that generated code can provide useful supervision

for structured visual semantics and representations.

4.2 Related Work

We review literature in three related areas: (i) understanding slides, (ii) understanding Uls, and

(iii) synthetic data generation for representation learning.

4.2.1 Understanding Slides

Previous research developed human-annotated datasets and models for interpreting visual and
textual content in presentation slides, enabling flexible presentation consumption and authoring
experiences [5, 78, 79, 202, 210]. The SpaSe [76] and WiSe [211] datasets were early resources
that provided manually curated object segmentation masks for 2,000 slides from a large online
presentation platform [212]. Further advancements in slide modeling have involved annotating
bounding boxes for elements on more than 50K slides, facilitating applications such as visual ques-
tion answering [213] and sketch-based slide retrieval [214]. In addition to static slide documents,
the Lecture Presentation Multimodal Dataset [215] includes annotations for approximately 8.6K
graphic elements across 9K slide frames derived from lecture videos. The FitVid dataset [202]
extends the data annotations by labeling both individual-level and semantic-group-level elements
(e.g., headers, footers, bullet text boxes), totaling 26K element annotations across 5.5K slides.
Unlike earlier methods that relied on human annotators, our approach generates synthetic slides

with relevant metadata on demand, minimizing the need for manual annotations.
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4.2.2 Understanding Uls

The introduction of large-scale Ul datasets by prior works [69, 100, 189, 216] enabled the develop-
ment of data-driven approaches for computational Ul modeling - including UI element recognition
and semantic grouping [189, 217-221], assessments of interactivity of Ul elements [207, 222, 223],
and evaluating agentic workflows for Uls [30, 31, 224]. However, collecting such large-scale
datasets is often time-consuming and labor-intensive. Unlike these methods that rely on manual
collection and human annotation for real Ul data, our method uses synthesized Uls as training
data, allowing people to construct datasets flexibly while reducing time and manual effort. We
assess models trained on DreamStruct with existing UI benchmarks for semantic element and

group recognition [100], screen captioning [225], and screen design-pattern classification [226].

4.2.3 Synthetic Data Generation for Representation Learning

The concept of using synthetic data to learn real-world distributions has been applied across
various domains including robotics (sim-to-real) [80, 227, 228] and healthcare [229, 230]. Recent
research has increasingly used generative models to create synthetic data for visual and language
representation learning [81, 231-236]. One particularly relevant work is WebSight [237], which
presents a synthetic dataset of approximately 820K HTML code examples generated from screen
descriptions. Similar methods have been employed to generate synthetic data for other modalities,
such as vector graphics [105, 238], charts [239, 240], animation [241], and 3D models [242,
243]. While these papers generate code to synthesize visuals, their objectives are fundamentally
different from ours. They focus on translating between pixels and code abstractions (pix2code
and code2pix) without explicitly generating task-specific underlying structures, which limits
their applicability in understanding structured visuals (slides and Uls). In contrast, our method
generates task-specific metadata alongside code, providing a fine-grained training source for

structured visual representation learning.

4.3 Methods

Instead of relying on traditional methods for building visual understanding datasets, which require
human annotation of inputs (e.g., screenshots), DreamStruct begins with an abstract specification
of the desired annotations and constraints, then generates the corresponding visual inputs as
renderable code. In this section, we describe our methodology for creating synthetically labeled
slides and Uls. We first explain our generation principles, followed by the generation pipeline

and the analysis of our synthetic datasets.

4.3.1 Generation Principles

To make the generated visuals useful for models evaluated on in-the-wild data, we define explicit
design principles and generation goals. The rules make the desired output concrete and support

more precise prompt instructions [244]. We use three principles (P):

P1. Consistency with existing visual design guidelines: The generated design and layout

should follow established practitioner guidelines. For example, UI controls should measure
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FIGURE 4.1: Overview of the DreamStruct pipeline. From left to right: In the

Ideation Phase, screen descriptions for slides and mobile Uls are generated. In the

Generation Phase, corresponding code is produced based on these descriptions,

guided by the design principles and targeted labels. Finally, in the Production

Phase, visual placeholders are replaced with actual data to render the final slides
and Uls.

at least 44 X 44 pt [245], and the main text on a slide should use a font size larger than 24
pt [246].

P2. Consistency with existing visual design patterns: The generated visual design should
reflect common design patterns (e.g., established themes or layouts). For example, the login
and setting screens are common classes for mobile UI design [226, 247], and the title slides

and section slides are common patterns for presentation design [248-250].

P3. Consistency with target data labels: The generated metadata should align and remain
consistent with all specified data labels for slides and UI benchmarks. The principle applies
to both element-wise [100, 202] and screen-wise semantics [76, 202, 226]. For instance, an

interactive swipe feature in a UI should be categorized as “page indicator.”

4.3.2 Generation Pipeline

Our generation pipeline consists of three steps (Figure 4.1): (1) Ideation: Create design concepts for
slides and UL (2) Generation: Generate code with target labels using design concept descriptions.

(3) Production: Filter, post-process, and render the code to produce the complete slides and Uls.

4.3.2.1 Phase 1: Ideation.

We generate a corpus of design concepts (Cy) for slides and Uls by prompting an LLM with our
generation principles (P) and a set of seed design concept examples (Cs). To obtain our seed
design concept examples (Cs), we examine real-world instances of slides and Uls [202, 215, 226].
From the examination, we select 20 diverse samples for both slides and Uls. We then manually
write descriptions for all the samples based on prior visual description guidelines [5, 251]. Each
human-authored description summarizes the visual content, style, and layout and therefore serves
as a design concept. For example, The slide titled “By the Numbers” presents three key statistics

on disability representation, each in a separate column with a corresponding icon. The statistics
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Conjugations" at the top. It features a bar graph
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the copyright notice at the bottom.

JS
Chart Elements

FIGURE 4.2: An example of a generated slide description with the correspond-
ing generated code and generated slide (top) with example CSS, HTML, and
JavaScript excerpts from the generated code (bottom).

cover general disability prevalence, volunteer participation, and board representation. A source
reference is provided at the bottom. The slide uses a dark gray color scheme. We then prompt
an LLM with P (our design guidelines, design patterns, and target labels) as our instructions
and C; as our few-shot examples to ensure that the generated corpus of design concepts Cy is
consistent with P [252] and with the style of the human-written descriptions. In other words,
Veg € Cyq, ca ~ Gi=05(Cs, P), where G denotes the LLM (gpt-4-1106-preview in this case) and
t denotes the temperature parameter used in G during decoding. This process yields a diverse
corpus Cy in which pairwise BERTScore [253] remains below 0.7, a threshold used in prior work

to identify diverse model-generated descriptions [231].

4.3.2.2 Phase 2: Generation.

We approach visual layout creation for slides and Uls as a code generation task. We use HTML for
layout creation because of its semantic structure, which allows label embedding during generation.
Unlike text-to-image models that generate visual data directly from descriptions, our code-based
method offers flexible visual generation and detailed annotations. To ensure the generated
code for Ycg; € Cy4 has the desired annotation formats and adheres to design guidelines, we
incorporate the principles, P = {P1, P2, P3} in the input instructions (the original paper provides
the complete prompts [2]). Specifically, we instruct the LLM to add additional semantic HTML
attributes as the targeted annotations. For instance, in the element recognition task, individual
element types are labeled with data-type attributes (e.g., <span data-type="text">this is
a text element</span>). For image classification, we label the screen type as attributes
of global <meta> tags (e.g., <meta content="login" name="screentype">). For graphical
elements that can be retrieved or generated, such as images and icons, the model creates an image
element with descriptive alternative text, a placeholder source (<img src="placehold.co">),
and explicit width and height values. For graphical elements that are difficult to obtain through

retrieval or text-to-image generation, the LLM can call external code libraries. For charts, the
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FIGURE 4.3: An example of a generated UI description with the corresponding

generated code and generated UL In the Production phase, our pipeline extracts

alternative text and placeholder image links and uses Bing Search API or DALL -E
to get a link or image to replace the placeholder.

pipeline uses chart. js [254], chartist. js [255], and chart.css [256]. At this step, we have
an updated corpus of pairwise descriptions and annotated code that both follow our principles,
Ch ={Gt=03(ca; P), Yeq € Cqa}.

4.3.2.3 Phase 3: Production.

The final phase post-processes, filters, and renders the generated code. The alternative text
attached to each graphical placeholder serves as the query or prompt for its replacement. For
simple elements such as images and icons, the pipeline queries the Bing Search API and favors
sources with transparent backgrounds. For complex elements such as diagrams, the pipeline
prompts DALL-E. It then downloads each result and replaces the placeholder source. Beyond
rendering graphical elements, the pipeline applies three heuristic post-processing steps: (1) remove
background fill colors when a background image is present; (2) add explicit width and height
values to <img> elements so that assets fit their containers; and (3) keep sliding menus open
on page load so that their contents remain visible. To reduce the low-quality samples caused
by major element occlusion or invalid <img> references, we compute the CLIP score between
the rendered screens and their design concepts, and we filter out examples with a CLIP score
below 0.3. We choose the threshold based on the average image-text alignment for LLM-based
text-to-code generation [257]. In total, we filtered out 215 (2.1%) slide and 336 (3.36%) Ul samples.
The final HTML is rendered within viewports of 1280 x 720 for slides and 628 x 1118 pixels for Uls.
Our updated corpus can be represented as:

Canm = {R(F (cp)) | Vep € Cp, and Veg € Cy, CLIP(R(F (cn)), cq) > 0.3}, where R and F are

the rendering and filtering functions.

Slides  Uls
# of Descriptions 10,268 10,000
# of Generated Code (after filtering) 10,053 9,774
# of Generated Images and Icons 15,593 30,518
# of Generated Charts 2128 -
Avg. # of Elements 6.46 11.08

TABLE 4.1: Statistics of DreamStruct dataset.
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4.3.3 Synthetic Dataset

Table 4.1 presents the statistics for the data generated in DreamStruct!. We created a total of 10,053
slide-code pairs (DreamSlides) and 9,774 Ul-code pairs (DreamUI). We quantitatively compare
DreamStruct with human-annotated datasets in terms of descriptions and element compositions.
DreamStruct provides significantly more detailed descriptions for slides and Uls, averaging
57.23 words and 19.66 named entities per description, compared to 5.74 words and 3.37 named
entities in human-annotated datasets. The differences in element compositions are marginal,
including the number of images per sample (DreamStruct=2.32, human=2.48), charts per sample
(DreamStruct=0.21, human=0.07), diagrams per sample (DreamStruct=0.24, human=0.12), and
total elements per sample (DreamStruct=8.74, human=_8.83). Figure 4.4 illustrates the distribution
of elements in our synthetic slide and UI datasets compared to ground-truth datasets. Even
without explicitly controlling the distribution of element classes during generation, the element
distribution in our synthetic data aligns with real-world datasets [100, 202]. An exception is the
‘upper task bar’ in our synthetic UI dataset, which displays the time and internet signals and is
not typically part of the UI content. Consequently, the upper task bar appears infrequently in our

dataset, as shown in Figure 4.4b.

Normalized Log Distribution of Slide Element Types in DreamStruct and FitVid Normalized Log Distribution of Ul Element Types in DreamStruct and VINS

mDreamstruc (Synthetic) - Dreamstruct (Synthetic)
= Fitvid (Human-annotated) o1 m—VINS (Human-annotated)

Normalized Log Distribution
Normalized Log Distribution

4
Slide Element Types UI Element Types

(a) Normalized Log Distribution of Slide Element Types  (B) Normalized Log Distribution of UI Element Types in
in DreamStruct and FitVid DreamStruct and VINS

FIGURE 4.4: Normalized Log Distribution of Slide and UI Elements

4.4 Experiments

We evaluate DreamStruct by training or pretraining models on the generated slide and UI datasets
and comparing them with strong baselines trained on human-annotated data or released for zero-
shot use. The chosen models are designed to perform element recognition, image captioning, and
image classification on screenshots, which are essential tasks for the computational understanding
of slides and Uls.

4.4.1 Element Recognition

Element recognition identifies and outlines elements in slides and Uls from pixel input. The

recognition results can be applied to domains such as accessibility [189], design [100], and device

'https://github.com/yihaop/dreamstruct
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retargeting [202]. For our base object recognition models, we selected several vision backbones,
including CenterNet2 [258], Deformable-DETR [259], and EfficientDet-D0 [260].

100 mAP vs. Training Samples for Different Models

—e— CenterNet2 Synthetic Slides
904 ~*- CenterNet2 Real Slides
—+— Deformable-DETR Synthetic Slides

80{ ~*" Deformable-DETR Real Slides
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FIGURE 4.5: Performance of slide element recognition when adding training sam-
ples

4.4.1.1 Slide Element Recognition.

For slide element recognition, we use the FitVid lecture-design dataset [202] with 70% of the data
for training, 15% for validation, and 15% for testing. Slides from the same presentation video
remain in one split, which prevents near-duplicate frames from appearing in both training and
testing. FitVid contains 5,500 slides from 14 domains and labels 12 semantic element types. We
merge semantically close classes, such as “figure” and “picture” into “image” and “handwritten”
into “text box,” which leaves 10 classes: title, text box, image, chart, diagram, table, schematic
diagram, header, footer, and instructor. The dataset provides bounding boxes for both individual
elements and container elements. Its “instructor” class is uncommon in related slide datasets [76,
211, 214, 215].

Our findings show that models trained on synthetic slides achieved higher mean Average
Precision (mAP) than those trained on human-annotated data. Specifically, models trained on
synthetic data achieved an average of 55.3% mAP compared to 44.3% mAP for models trained on
an equivalent sample size of human-annotated data (full training set). The limited performance of
models trained on human-annotated data was due to a lack of visual design variation, as many
training samples were derived from the same video. In contrast, our synthetic data generation
method ensures a diverse dataset, resulting in a more generalized data distribution. Figure 4.5
shows the performance curve as we gradually added more synthetic training samples. Performance
gains plateaued and peaked at an average of 64.4% mAP when training each model with a synthetic
dataset twice the size of the original human-annotated set. Our performance analysis of individual
element types revealed that our models excelled in recognizing tables and charts due to the diverse

data generated through code variations coupled with image retrieval and generation.
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FIGURE 4.6: Performance of Ul element recognition when adding training samples

4.4.1.2 Ul Element Recognition.

For Ul element recognition, we use the VINS mobile UI dataset [100] with the 70/15/15 training,
validation, and test split from prior work [70]. The dataset contains 5K mobile UI screens along
with 12 classes of elements (e.g., ‘text’, ‘image’, ‘text button’, ‘icon’, ‘input field’, ‘switch’, ‘checked
view’, ‘background image’, ‘sliding menu’, ‘upper taskbar’, ‘page indicator’, ‘popup window’)
across the screenshots of i0S and Android applications as well as Ul mockups. The dataset
provides bounding boxes for both individual elements (text, images, text buttons, icons, switches,
checked views, background images, page indicators) and container-type elements (input fields,
upper task bars, sliding menus, popup windows).

To address the element distribution gap between the synthetic and the real-world data, we
adopted a two-stage training approach. Initially, we used our synthetic dataset to pretrain the
models, which allowed us to establish a foundational set of weights. This pretraining step is
crucial as it initializes the model’s weights with knowledge gained from the synthetic UI data,
despite its distributional differences from real-world data. After pretraining, we then finetuned the
models on human-annotated data. This finetuning phase adjusts the pretrained weights to align
more closely with the real-world data distribution, thereby enhancing the model’s performance on
tasks that reflect real-world scenarios. Our findings show that using synthetic Uls for pretraining,
followed by finetuning with only 50 samples of human-annotated data, resulted in an average
mAP improvement of 5.2% compared to training solely with the same set of human-annotated
samples (from an average mAP of 47.2% to 52.4%). As we gradually added human-annotated
samples, the pretraining step continued to show benefits, with an average mAP improvement

from 78.8% to 81.8% when finetuning on the full human-annotated training set (Figure 4.6).

4.4.2 Image Captioning

Image captioning refers to the task of generating descriptions for the screenshots of slides and
Uls. The descriptions can support blind and low-vision individuals in accessing information

from visually structured images [5, 225, 261]. We evaluate the quality of descriptions generated
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from four vision-language model (VLM) variations: our model that fine-tunes LLaVA-1.5-13B
using the synthetic datasets; the original LLaVA model without fine-tuning; the vision language
models including LLaVA or Pix2Struct fine-tuned with existing human-written captions [214,
225]; and GPT-4V (zero-shot). We conducted manual pairwise comparisons with six human
annotators. All annotators first judged the same 50 slide and UI examples so that we could check
preference consistency under procedures from prior caption-rating studies [251, 262]. Each rater
then evaluated about 2,000 randomly sampled comparisons between two model outputs, for 10,392

judgments in total.

4.4.2.1 Slide Image Captioning,.

For slide description, we randomly sampled 732 slides from existing lecture presentation slide
datasets [202, 215] as our test set. Figure 4.7a presents the pairwise win rates between our
methods and baseline conditions including LLaVA zero-shot, LLaVA fine-tuned with existing slide
descriptions [214], and GPT-4V. The model fine-tuned with our synthetic image-description pairs
surpasses those fine-tuned with current description datasets (77.9% win rate) and those derived
from zero-shot inference (97.3% win rate). Our model, though smaller, still achieves a 31.6% win

rate compared to GPT-4V.

4.4.2.2 Ul Image Captioning.

For UI description, we randomly sampled 1,000 UIs from existing Ul datasets [100] as our test
set. Figure 4.7b presents the pairwise comparison results between our methods and baseline
conditions (including LLaVA zero-shot, the vision-language model Pix2Struct [263] finetuned
on existing screen2word dataset [225], and GPT-4V). The model fine-tuned with our synthetic
image-description pairs surpasses those fine-tuned with existing description datasets (64.8% win
rate) and those generated from zero-shot inference (99.2% win rate). Against GPT-4V, our model

achieves a 37.3% win rate despite its smaller backbone.
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FIGURE 4.7: Pairwise win-rate matrices across captioning models
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4.4.3 Image Classification

Image classification involves identifying the themes and designs of individual slides and Uls
across subjects or visual patterns. By categorizing the themes, the machine can perform tasks like
detecting lecture topics or chapters [210, 264, 265], and offering UI design recommendations [100,
226]. We chose two VLMs, LLaVA-1.5-13B [208] and Qwen-VL-Chat-7B [209], as our base classi-
fication models. We compared the classification performance across multiple conditions: base
models fine-tuned on our synthetic datasets; the original base models under zero-shot inference;
base models fine-tuned on existing human-annotated data; and two off-the-shelf VLMs: GPT-4V
and Gemini-1.0-Pro. For the human-annotated dataset, we maintained an 80% training and 20%
testing split for benchmarking. Notably, the current image classification datasets for either Uls or

slides only comprise around 1,000 samples or fewer.

Model Slides Uls
GPT-4V 0.772  0.598
Gemini-1.0-Pro-Vision 0.700  0.533
LLaVA synth (ours) 0.686  0.545
Qwen-VL synth (ours) 0.672  0.558
LLaVA zero-shot 0.462  0.395
Qwen-VL zero-shot 0.473  0.382
LLaVA human-annotated 0.335 0.316

Qwen-VL human-annotated  0.341  0.303

TaBLE 4.2: The classification accuracy of each model for both slides and Uls
(training samples: synthetic ~ 5K; human-annotated ~ 0.5K).

4.4.3.1 Slide Classification.

For slide classification, we selected the top 10 topics from previous datasets [202, 215] and
combined similar themes, resulting in six topics: psychology, communication, law, public health,
computer science, and language learning. We initially sampled 960 slides, excluding irrelevant
ones such as ‘Thank You’ slides, which led to a dataset of 732 slides as our ground truth set.
From this human-annotated set, we randomly chose 25 slides per topic, creating a test sample of
150 slides. Table 4.2 displays the slide classification accuracy. Models trained on our synthetic
slides achieved an average classification accuracy of 52.2%, surpassing the original base model
(46.8%) and the base models fine-tuned with human-annotated data (33.8%). By expanding the
training dataset to 5,033 synthetic slides, our method reached an average accuracy of 67.9%.
However, further increases in sample size resulted in diminishing returns (Figure 4.8a). Despite
this improvement, the optimal performance with the current synthetic sample sizes still lags
behind GPT-4V by 9.3%.

4.4.3.2 UI Classification.

For UI classification, we chose the top-10 design topics from the previous mobile UI design

dataset [226]. We merged the “News” class into “Gallery” because visual appearance did not
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FIGURE 4.8: Performance of Slide and UI Image Classification when scaling up
synthetic training samples

reliably distinguish the original label. This yielded categories including ‘List’, ‘Login’, ‘Settings’,
‘Menu’, ‘Media Player’, ‘Form’, ‘Profile’, “Tutorial’ and ‘Gallery’, resulting in a dataset of 1,020
unique Uls. For evaluation, we randomly selected 25 Uls per category from the dataset, forming a
test set of 225 Uls. With a similar number of training samples, our synthetically-trained models
demonstrated a 42.3% classification accuracy, outperforming the original base models (38.9%) and
base models fine-tuned with human-annotated data (31.0%). With around a ten-fold increase
in training samples to 5358 synthetic Uls, the accuracy rose to 55.2%, although further gains
plateaued with additional training samples (Figure 4.8b). The current synthetic training sample
sizes result in performance that is 4.7% below that of GPT-4V.

For both slide and UI classification, fine-tuning on human-annotated samples reduced per-
formance relative to zero-shot inference. The available structured-visual datasets are small and

class-imbalanced, which can limit fine-tuning, as shown in prior work [70, 266].

4.4.4 Summary

The results of our experiments reveal several key findings. First, in domains like slide under-
standing, where high-quality data is the primary limiting factor, DreamStruct achieves significant
performance gains (+20% mAP). In cases like Ul understanding, which benefit from larger quanti-
ties of human-annotated data, incorporating DreamStruct’s synthetic data still leads to substantial
improvements in a fine-tuning setting (+5% mAP). Across all tasks and domains, training on
DreamStruct’s synthetic data leads to performance gains and allows open-source models (e.g.,
LLaVA, Qwen-VL) to approach the performance of larger proprietary baselines (e.g., GPT, Gemini).
The results show that code-oriented generation can supervise visual representations at several

granularities.



Chapter 4. DreamStruct: Understanding Slides and Uls via Synthetic Data Generation 49

4.5 Limitations

DreamStruct improves several downstream tasks for slide and UI understanding, but the current
generation pipeline still has important limitations.

Quality of Code Generation. Although we specify guidelines for element positioning
and spacing (§4.3.2.2) during our generation, the generated layouts sometimes fail to follow the
specific guidelines, or the generated code adds the metadata into the wrong place. The errors
can cause invalid CSS, overflow, and overlapping elements. For example, the generator placed the
data-type attribute inside CSS rules 1,183 times across 354 screens, even though data-type is an
HTML attribute rather than a CSS property. While we could fix these minor errors by parsing the
HTML during post-processing (§4.3.2.3), future work should be mindful that such errors can occur
in synthetic data-generation frameworks [244]. To improve the code generation quality, future
work can incorporate additional domain-specific filtering models [6, 257] as reward functions to
enhance the code-based visual generation results.

Limitation of Visual Content Generation. The current pipeline uses image alternative text
to retrieve or generate visual content through Bing Image Search and DALL -E (§4.3.2.3). Because
the retrieval or generation request lacks broader screen context, the resulting images may use
inconsistent visual styles. Future work can extend the visual content generation process by
including additional context [267] and visual asset libraries.

Potential Negative Impact of the Work. While our work makes it easier to improve
understanding of structured visual content like slides and Uls, the DreamStruct pipeline could be
misused to create false or misleading content [268]. We do not endorse the use of DreamStruct
to create manipulative content. Future work can investigate the potential risk of synthetic data
generation and design a more robust generation pipeline that handles copyright issues. Our
work may be used for accessibility purposes (especially in accessible creativity domains [5, 68,
79, 193]). For example, blind people may use element recognition to traverse a slide screenshot
from a lecture video using their screen reader [78] and may not be able to detect when our model
produces errors (e.g., by missing an element). Future deployments should warn users of potential
errors when using such models, and future work should continue to improve the accuracy of such

models.

4.6 From Screen Structure to Ongoing Activity

DreamStruct treats a slide or interface as a structured visual state. An assistant that follows a
person through software also needs the history around that state. A repeated click may signal
confusion, careful comparison, or a deliberate test. An undo may repair an error or reflect ordinary
refinement. The same screen can therefore call for help in one workflow and no interruption
in another. The system has to connect what appears on the screen to what the person has been

doing over time.
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(1) User Behavior State Detection (2) Intent Prediction (3) Help Prediction

Which behavior state is the user in? What is the user trying to achieve? Does the user need help? If so, what kind?
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FIGURE 4.9: GUIDE separates user understanding into behavior state, immediate
intent, and help prediction. The benchmark uses open-ended software activity
rather than a fixed expert demonstration.

4.6.1 Recognizing Behavior, Intent, and Help Needs

GUIDE studies open-ended work in feature-rich software, where a user may still be learning both
the task and the tool [3]. The benchmark separates three questions. Behavior state detection asks
whether the person is planning, exploring, acting, debugging, frustrated, or assessing the result.
Intent prediction asks what immediate goal explains the observed activity. Help prediction asks
whether assistance would be useful and what form the assistance should take.

The dataset contains 67.5 hours of screen recordings from 120 novice demonstrations across
ten applications for photo editing, graphic design, presentation design, video editing, and data
analysis. Participants worked on open-ended tasks without a prescribed action sequence or
target appearance. Think-aloud narration supported annotation, while the main evaluation asked
models to infer behavior, intent, and help needs from the visual trace alone.

The evaluation shows why task automation and assistance require different models of success.
The strongest behavior-state result remained below 45% accuracy, and models often read hesitation,
repeated actions, or undo operations as ordinary execution. Intent prediction was easier, but
models still confused nearby goals. Help prediction improved sharply when the model received
structured information about behavior and intent. Longer prefixes of the workflow also helped.
An assistant therefore needs more than a single screenshot or the next likely action; it needs a

representation of how the person’s activity has developed.

4.6.2 Grounding Events and Transitions in Time

The GUIDE results make temporal representation a technical bottleneck. Video models often
sample or compress frames to control computation, which can remove short events and transition
cues. A menu that opens and closes, an edit that is immediately undone, or a cursor that returns
to the same control may carry more information about the user’s state than the static frame that

follows.



Chapter 4. DreamStruct: Understanding Slides and Uls via Synthetic Data Generation 51

@@Training Stage 1: Masked Event Prediction Reasoning
A\

Model Output Format

V|S|on = - \/ N
n . H ) Encod pry | S o <think>
neoder e \ A [context analysis reasoning steps]
Masked Video ‘ :ét:;:/l;:)
i @ . L From 32.5 to 43.0 seconds,
Think step by step to ‘ LLM ‘ 7 : predicted event description ) Gyt e

guess what happen. </answer>

@@Trammg Stage 2: Video Event Segmentation and Temporal Dense Captioning

From, 0.0 to 10.0 seconds,
<detailed event description 1>
ﬁ From 10.0 to 32.5. seconds, ...
<detailed event description 2>
From 32.5 to 43.0 seconds, ...

Describe the video into - <detailed event description 3>
non overlapping events. LLM » Ey, Tl Ez Tz E3T3 54 T4 .

FIGURE 4.10: TEMPURA first learns event continuity through masked-event predic-
tion, then grounds the learned event structure through timestamped segmentation
and dense captioning.

TEMPURA introduces a two-stage training framework for event-level video understanding [4].
The first stage masks one event and trains the model to infer what happened from the visible
events before and after it, together with a causal explanation. The second stage asks the model to
divide an untrimmed video into non-overlapping events with timestamps and dense descriptions.
Training uses VER, a corpus built for the framework that contains 500,000 videos, roughly 18,000
hours of footage, and one million instances across the two stages.

TEMPURA improves temporal grounding, highlight detection, and dense captioning across
more than one base architecture. The stage-order ablation is especially relevant here: masked-
event reasoning works best before dense grounding. A model first benefits from learning how
events connect, then from learning exactly where each event begins and ends. TEMPURA does
not decide whether a person needs help, but the representation can support that later judgment
by showing whether the person has repeated a failed strategy, returned to an earlier state, or

paused to assess a result.

4.6.3 From Representation to Intervention

The three projects address different parts of the same dependency. DreamStruct represents the
structure within a screen. TEMPURA represents the events across a sequence. GUIDE asks what
the sequence reveals about the person and whether help is appropriate. A complete assistant
would connect the layers: perceive the interface and event history, infer the user’s current goal
and state, estimate whether an intervention would help, and present the suggestion or choice in a
form the person can access and dismiss.

The separation also keeps different failures from collapsing into one confidence score. Weak
element recognition calls for better perception. Ambiguous intent may call for a focused question.
Uncertain benefit may call for a quiet, dismissible suggestion rather than a takeover. Predicting
what a person is likely to do is not the same as having permission to do it for them.

The first part of the dissertation has focused on agency while an agent acts. Morae returns
unresolved choices to the person, and DreamStruct supplies the structured visual understanding
that such a handoff depends on. GUIDE and TEMPURA show how the same problem expands
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once an assistant follows an open-ended workflow over time. The next part turns to visual work
that a person has already handed to a collaborator or an agent, and asks how the person can still

understand and shape the result.

4.7 Conclusion

DreamStruct uses code generation to create synthetic structured visuals with embedded labels.
The method offers an efficient alternative to separate manual annotation campaigns for element
recognition, captioning, and classification across presentation slides and user interfaces. The
experiments show that the resulting data improves open-source models at local, screen-level, and
category-level understanding.

DreamStruct supplies a perceptual foundation for collaborative agents. Code exposes element
identities, geometry, hierarchy, and semantic descriptions, which makes the state easier to model
and communicate. GUIDE and TEMPURA show how the problem expands across a workflow: an
agent must connect interface structure to temporal activity before it can reason about assistance.
Better perception cannot guarantee human agency, but an agent cannot return a meaningful

choice or explain a result when it has misunderstood the environment.



Part 11

Preserving User Agency in

Delegated Decisions

People also delegate choices to agents on purpose, and this part asks how an agent
can choose well once a decision has been delegated. Visual design is the running
case. Chapter 5 makes the design decisions in a revised artifact readable to the blind
and low-vision authors who delegated them. Chapter 6 measures how much of
design judgment is shared across professional designers and how much is personal.
Chapter 7 turns that measurement into a method that learns a new user’s taste
from a very few comparisons and applies it to interfaces generated for prompts the

user has never seen.
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Chapter 5

Diffscriber: Describing Visual Design
Changes to Support Mixed-Ability

Collaborative Presentation Authoring

Delegation preserves agency only when the result remains open to review.

Diffscriber makes visual revisions legible to blind presentation authors who rely on sighted collabo-
rators for slide design. By exposing content, layout, and style changes, the system turns a finished
artifact into something the author can inspect, question, and revise. The study also reveals that access

to changes alone does not settle the design judgment behind them.

The previous chapters examined agency during agent action. This chapter turns to decisions
embedded in the artifacts that agents and collaborators produce. A generated slide, interface,
or document contains choices about content, hierarchy, layout, style, and emphasis. A user can
delegate some of the work while still wanting to understand or revise the result. The problem is
especially visible in mixed-ability visual authoring, where one collaborator can inspect the design
directly and another cannot.

Diffscriber studies presentation authoring between blind and low-vision (BLV) presenters and
sighted collaborators. The system identifies and describes changes between an initial presentation
and a revised visual design. The work begins before current generative Ul systems, but the
workflow anticipates a central issue in agentic creation. A creator supplies goals and content; a
collaborator or model produces a visual artifact; the creator then needs a representation of what

changed in order to accept, reject, or refine the result.

5.1 Presentation Authoring as Mixed-Ability Collaboration

Slide presentations combine textual argument with visual structure. Titles, images, typography,
color, alignment, and spatial grouping shape how an audience interprets the content. Mainstream
presentation tools can expose text and alt text to a screen reader, but visual authoring remains

difficult because creators need to assess the current state after each edit [65]. A screen reader

This chapter is based on work published at the 35th Annual ACM Symposium on User Interface Software and
Technology (UIST 2022) [5], with Jason Wu, Jeffrey Bigham, and Amy Pavel.
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F1GURE 5.1: Diffscriber aligns an author’s initial slide content with a collaborator’s

revised presentation, then describes content, layout, and style changes. The

descriptions let BLV authors review and respond to visual decisions that ordinary
slide accessibility metadata does not expose.

may announce a bounding box or element order without communicating the layout as a coherent
design.

Prior accessibility work made slides easier to consume. Systems converted slides to accessible
HTML, described diagrams, and extracted elements from presentation videos [77, 78, 269]. The
systems primarily support an audience member who needs the content. Authoring poses a
different requirement. A creator needs to know which visual decisions changed, how the changes
relate to the original intent, and where feedback would affect the next revision.

Visual authoring research has explored tactile output, structured editors, and accessible
tools for drawings, maps, websites, artboards, and video [65, 270-273]. Physical or tactile repre-
sentations can communicate spatial structure, but each revision may require a new rendering.
Mixed-ability collaboration offers a practical alternative. An author and collaborator contribute
different expertise, which aligns with an interdependence view of accessibility [11]. The col-
laboration still depends on awareness. Document-editing studies show that blind and sighted
coauthors can lose track of who changed what and where [61-63]. Slides add visual properties

that text-oriented revision histories do not represent.

5.2 Formative Study

We conducted remote semi-structured interviews with nine BLV presenters who had experience
creating and delivering slide-based presentations. Five participants were women and four were
men, with ages from 21 to 58. Participants ranged from low vision to total blindness and presented
from monthly to several times per week. The interviews covered recent authoring workflows,
collaboration strategies, difficulties, and workarounds. Two presenters also shared before-and-

after materials from recent presentations, which provided 37 slides for a change analysis.
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Presenter Collaborator Collaborator Collaborator Presenter Presenter
Authors > Revises > Makes Slides Describes > Provides > Presents
Slides Slides Accessible Changes Feedback Slides

{

FIGURE 5.2: The formative study found a recurring asynchronous workflow. BLV
presenters authored content, sighted collaborators revised the visual design, and
only some workflows included a structured review and feedback round.

5.2.1 A Common Division of Labor

All nine presenters collaborated on slides rather than handling the complete visual design alone.
The presenter usually wrote the content in a Word document or a minimally styled slide deck.
The content included titles, bullet text, and requests for visuals. A sighted colleague, friend, or
professional assistant then created the visual design.

The handoff often ended the authoring process. Six of nine presenters reported that they
sometimes presented the revised slides without another review round. Time pressure, team
norms, and the cost of making the slides accessible all contributed. When further communication
occurred, the collaborator might describe the changes during a call, add accessibility metadata,
or do both. The rare combination of a detailed verbal walkthrough and a fully accessible deck
required substantial effort and usually occurred when an accessibility professional supported the
workflow.

Participants valued the collaborators’ speed and design expertise. The problem was not the
existence of collaboration. The problem was that the presenter could participate only through the
information that the collaborator remembered to communicate. Collaborators often prioritized
content changes because visual style was harder to describe under limited time. A presenter could
later learn from an audience member that the font was too small or that an unexpected visual
element appeared, even though the issue never surfaced in the review.

Accessible slide files did not fully solve the problem. Text and image alt text exposed much of
the content, but position, color, grouping, and emphasis remained difficult to interpret or compare.
Presenters sometimes sought a second sighted opinion because they could not independently

assess whether the collaborator’s design choices served the presentation.

5.2.2 What Changed in the Slides

The 37-slide comparison and participant accounts produced a taxonomy with three high-level

categories.

Content changes. Collaborators added, removed, replaced, or revised elements. Additions
included titles, content-relevant images, decorative images, and shapes. Replacements could map
one initial element to several revised elements, such as a bullet paragraph transformed into a row
of cards. Text requests such as “insert a screenshot here” could become an image. Some text was

shortened or removed to fit the layout.
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Type Operation Examples

Content Add Text, relevant image, decorative image, shape

Content Replace Revise text; replace an instruction or text block with an
image; split one element into several

Content Remove Remove text or an unfollowed instruction

Style Change / define  Typeface, weight, size, color, fill, stroke, background

Layout Reorganize Title-to-body relation; list, row, column, or grid structure

TaBLE 5.1: The change taxonomy derived from participant examples and 37 before-
and-after slides.

Style changes. Collaborators defined or changed typeface, weight, size, color, fill, stroke, and
background properties. Style changed the perceived hierarchy even when the textual content

remained the same.

Layout changes. Collaborators changed the relation between title and body or reorganized groups
of elements. A vertical bullet list could become a horizontal sequence, a grid, or a composition
with an image on one side.

The taxonomy clarifies why a generic slide summary is insufficient. A summary of the revised
slide answers “what is present now.” Collaboration also requires answers to “what decision did

the collaborator make,” “how did the decision transform my input,” and “where should I respond.”

Diffscriber organizes access around the difference rather than only the final state.

5.3 Diffscriber

Diffscriber augments Google Slides with two linked representations: a slide-content list and a
change-description list. The system accepts an original and revised deck, or two snapshots of
the same deck. It extracts slide elements, aligns elements across versions, classifies edits, and

generates hierarchical descriptions.

5.3.1 Slide Content and Change Views

The slide-content list presents every element in an estimated reading order. The first level exposes
text or image descriptions. A second level exposes properties such as position, size, and style.
When an element changed, the interface links the element to the corresponding entry in the
change list. The design lets an author begin with familiar content and request visual metadata
only when needed.

The change-description list groups edits by layout, content, and style. Each group begins with
a summary, followed by individual changes. A user can expand a summary such as “added an
image above each item in the horizontal list” to inspect a specific image and its relative position.
Each description links back to the affected slide element.

The hierarchy responds to a practical tension. Exhaustive visual descriptions can overwhelm
a screen-reader user, while short summaries can omit the exact change that matters. Progressive
disclosure lets the author choose the level of detail. The interface also supports text editing, which

lets the presenter revise content without leaving the accessible view. Diffscriber augments the
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FIGURE 5.3: Diffscriber provides two linked views of the same revision. Authors
can begin from familiar slide content or from a summary of changes, then move
between the views for more detail.

existing editor rather than replacing it, so a user can move from a description to the corresponding

object when direct editing is practical.

5.3.2 Element Correspondence

The central technical problem is correspondence. The system must determine which revised
elements originated from which initial elements. A stable object ID is not enough because
collaborators can copy an element, replace text with an image, split one paragraph into several
cards, or merge several elements into one group.

For an original slide with M elements and a revised slide with N elements, Diffscriber con-

structs a similarity matrix

T,/
ei ej
Ce RMXN, [ B RTSETITOVITE (51)
lle:lllle]

where e; and e;. are semantic representations of source element i and revised element j. Text
elements use their content. Image elements use human-authored alt text when available, an
automatically generated caption, or a direct image embedding. A CLIP representation places text
and images in a shared space [274], which allows an instruction such as “add a cover image” to
align with the image that implements it.

A mutual argmax would produce a one-to-one alignment: a pair is retained only when each
element is the other’s strongest match. Slide revision often creates one-to-many relationships, so
Diffscriber uses an iterated maximum procedure related to word-alignment methods [275]. The
algorithm extracts high-confidence pairs, updates the matrix, and repeats. The resulting graph
can link one source element to several revised elements or several source elements to a shared

target.
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The correspondence graph drives later classification. An unmatched revised element indi-
cates an addition. An unmatched source element indicates a removal or an instruction that the
collaborator did not implement. A text-to-text match with different content indicates revision. A
text-to-image match can indicate that a collaborator converted a written request into a visual.

The graph also lets every description link back to the relevant elements in both versions.

5.3.3 Edit Classification and Description

Rule-based classifiers combine the correspondence graph with slide metadata. The design follows
the change taxonomy from the formative study, which keeps the output close to decisions that

participants wanted to review.

Content changes. A revised element without a source match is described as an addition. A
source element without a revised match is described as a removal or an unfulfilled instruction.
Text-to-text correspondences support sentence-level revision descriptions, while text-to-image
correspondences support descriptions such as “added an image from the request.” The graph also

supports one-to-many replacements, such as one paragraph becoming three horizontal cards.

Style changes. For matched elements, the system compares typeface, weight, size, color, back-
ground, shape type, fill, stroke, and stroke weight. The comparison reports changes to properties
that affect visual emphasis. New elements receive a description of their defined style because no

source style exists.

Layout changes. The system estimates reading order and identifies title and body groups. It
compares the relation between the title and body and fits grouped elements to an approximate
grid. The detector can therefore report that a vertical bullet list became a horizontal row or that
the title moved from above the body to the left side. Relative descriptions avoid forcing users to
interpret raw pixel coordinates.

Descriptions use controlled templates rather than open-ended generation. Templates provide
predictable phrasing and reduce unsupported claims [276]. Location references anchor a new
element to the nearest matched element, for example “added an image below the slide title”
Structural references replace a repeated set of element-level messages with one group-level
summary. Instructional references connect a source request to the visual that implements the
request.

The system orders summaries by estimated importance and supports two levels of detail.
A high-level description compresses repeated edits or describes a group-level transformation.
Fine-grained descriptions enumerate each detected change. The two levels let a user scan the
revision before deciding which parts deserve closer review.

The pipeline produces a factual account of changes, not a complete evaluation of design
quality. Diffscriber can report that the title became bold and purple, or that three images now
appear in a row. The system does not claim that the choice is good for the presentation. The
distinction motivates the personalized assessment work in the next chapters. An agent first needs

a grounded representation of what changed; assessment adds another layer of judgment.



Chapter 5. Diffscriber: Describing Visual Design Changes 60

Representation Precision Recall F1
Sentence transformer + human alt text 0.75 0.88 0.81
Sentence transformer + generated captions 0.73 0.87 0.79
CLIP + human alt text 0.78 0.86  0.81
CLIP + generated captions 0.76 0.84  0.80
CLIP image/text encoders 0.70 0.85  0.77

TABLE 5.2: Overall element-correspondence performance across the four before-
and-after presentation sets.

5.4 Technical Evaluation

We evaluated correspondence because downstream change descriptions depend on the alignment.
No public dataset contained before-and-after presentations authored by BLV presenters and
revised by collaborators. We therefore contacted formative-study participants and collected
four original-and-revised presentation pairs with different topics and authoring processes. The
resulting dataset contained 61 slide pairs. We manually mapped source and revised elements and
retained one-to-many relationships in the ground truth.

The evaluation compared five representations. Sentence Transformer encoded text directly
and encoded images through either human alt text or generated captions. CLIP used human alt
text, generated captions, or its native image encoder. Each configuration used the same matching
procedure. Precision, recall, and F1 followed word-alignment evaluation so that one-to-many
mappings received appropriate credit [277].

All variants achieved similar overall performance. The best configurations reached approxi-
mately 0.81 F1. Recall was generally higher than precision, which means the system found most
true relationships but sometimes added an extra match. Human-authored alt text helped most on
the presentation with the largest amount of visual content. Automated image representations
still recovered useful correspondences when alt text was absent.

The evaluation also exposed a useful separation. Automated representations can support
matching, but informative descriptions still benefit from meaningful alt text. A model can infer that
two elements correspond without knowing the communicative purpose of the image. Accessibility
metadata therefore serves both direct access and better machine interpretation.

The selected system used CLIP because one encoder handled both text and images and
performed well across the presentation sets. The technical results also explain the main error
modes. Rare proper nouns and URLs sometimes produced weak semantic matches. Stylized word
art could fail to align with the source text because the image representation captured appearance
more strongly than the characters. Correspondence errors affected more descriptions than
template errors; once an alignment was correct, only a small fraction of descriptions contained a
spatial phrasing error. The result justified a system design that keeps descriptions inspectable

and linked to the underlying elements.
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5.5 User Study

We conducted a remote study with six BLV presentation authors. Participants reviewed two
professionally redesigned presentations under two conditions: Diffscriber and accessible slides
without change descriptions. The original content came from BLV authors. A professional
designer revised each deck, and five slides per deck were selected to cover additions, removals,
replacements, layout changes, and style changes. Participants received the original materials
before the session so they could assume the role of the author.

For each condition, participants reviewed the revised slides, identified changes, assessed the
revision, and gave feedback or questions for the designer. Condition and presentation order were
counterbalanced. Each slide pair had a five-minute limit. The study measured identified changes,

feedback, navigation behavior, subjective ratings, and qualitative responses.

5.5.1 Change Awareness and Feedback

Diffscriber substantially increased change awareness. Participants identified an average of 28.83
changes with Diffscriber and 10.33 with accessible slides alone, a statistically significant difference
(¢(10) = 12.11, p < 0.00001). The additional descriptions made style and layout changes available,
while the accessible-slide condition mainly exposed text and alt text. Participants also provided
more feedback to the designer, 2.83 comments on average with Diffscriber compared with 0.83
without the change view (¢£(10) = 3.96, p = 0.0027).

Participants rated Diffscriber higher for understanding changes (1 = 6.33 versus 3.33 on
a seven-point scale) and for usefulness during authoring (1 = 6.33 versus 3.33). Five of six
participants began with the high-level change summaries and opened lower-level descriptions
only for selected edits. One participant preferred to navigate from familiar slide elements and
read the associated changes under each element. The difference supports the two-view design
rather than a single prescribed navigation path.

The result matters because the system did more than increase recall of factual edits. Change
awareness created a basis for negotiation. Participants could question an image choice, request
a different layout, or ask why content had been removed. Without the descriptions, several
participants reported that they did not know what feedback to give because they could not infer
the design decisions.

Participants unanimously preferred Diffscriber to accessible slides alone and to their prior
PowerPoint workflows. They rated content changes as the most useful category (u = 6.50),
followed by style (¢ = 6.00) and layout (¢ = 5.83). Raw accessibility metadata such as coordinates
and text properties remained useful (uz = 5.33), but participants preferred relative and structural
descriptions to absolute values. Some participants also saw an educational benefit. A creator
could learn common layout patterns and style conventions from the collaborator’s changes, which

might support more independent authoring over time.

5.5.2 Limits of Description

Participants still encountered description errors when correspondence failed or a source image

lacked meaningful alt text. A false match could produce an implausible replacement description.
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FIGURE 5.4: Participants rated Diffscriber more positively than accessible slides
alone for understanding changes, reviewing the revision, and preparing feedback.

The system also focused on author-observed change types and did not represent every design
property. Some participants wanted a higher-level statement about the quality or intent of the
redesign, not only a list of edits.

The requests reveal the boundary between description and assessment. A description can say
that a title moved to the left and became larger. A design rationale might say that the change
establishes hierarchy. A preference model might say that one author usually favors the resulting
asymmetric layout while another prefers a centered title. Diffscriber supplies the first layer and

makes the need for the next two layers visible.

5.6 Limitations and Extensions

Diffscriber focuses on a common asynchronous workflow in which one deck preserves the slide
order and a collaborator revises the visual design. The current system does not align reordered
slides, detect when one slide becomes several, or summarize a theme change across the entire
deck. Extending correspondence from elements to slide sequences would support larger revisions
and presentation-level summaries.

The Google Slides implementation also relies on platform metadata and a browser-based ex-
traction layer. A screenshot-only version could support other authoring tools but would introduce
additional errors in element segmentation, reading order, and style extraction. DreamStruct’s
structured synthetic data suggests one route for training such models, while platform APIs remain
preferable when they expose reliable semantics.

Description quality depends on the source material. Human-authored alt text improves both
access and correspondence, especially for images with a communicative purpose that generic

captioning cannot infer. Automatic captions keep the system usable when alt text is absent, but a
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deployment should communicate the uncertainty rather than present every inferred relation as
fact.

Finally, the detector covers changes observed in the formative study. Future systems could add
overlap, clipping, contrast, and readability checks, attribute changes to individual collaborators,
and stream descriptions during synchronous editing. The central design should remain stable:
users need a concise overview, access to evidence, and a path from the description to the editable

object.

5.7 Diffscriber as a Probe for Collaborative Agents

Diffscriber predates current general-purpose Ul agents, yet the findings transfer directly to
generative artifact workflows. A user may ask an agent to “make these slides look professional”
or “create a settings page” The model then makes many underdetermined decisions. A final
screenshot does not tell the user which content was dropped, which defaults were introduced,
or how the design changed the emphasis. A conversational rationale can help, but the rationale
needs grounding in the artifact.

The study suggests four lessons for collaborative agents.

Artifacts carry decisions. The result of an agent action is not only a completed task. A
visual artifact records choices about what to include, how to organize it, and what to emphasize.

Collaboration requires a representation of the choices.

Comparison is often more useful than description alone. A user already knows the intended
content. The important information lies in the delta between intent and result, or between two
candidate results. Difference representations reduce the burden of reconstructing both states

separately.

Progressive disclosure supports agency. A fixed summary omits details, while an exhaustive
log overwhelms. Hierarchical descriptions let users choose how deeply to inspect a decision. The

same pattern applies to agent plans, tool traces, and preference explanations.

Grounding precedes judgment. An agent should not claim that a design is clearer or more
polished unless the claim corresponds to observable properties. Diffscriber’s structured change
detection offers a basis for later assessment and verification.

The next chapter develops the assessment layer. UIClip shows how far a shared model of
design quality can go; DesignPref then asks why trained designers still disagree among valid
alternatives and whether a model can predict the judgment of a particular person. The shift moves
from access to a collaborator’s decisions toward alignment when an agent evaluates or selects

visual outcomes on the person’s behalf.

5.8 Conclusion

Diffscriber supports mixed-ability presentation authoring through structured descriptions of
content, layout, and style changes. The formative study showed that BLV presenters commonly

relied on sighted collaborators but lacked a reliable review stage. The system aligned elements
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across slide versions, classified edits, and exposed summaries and details through a screen-reader-
accessible interface. A technical evaluation showed that multimodal correspondence could recover
most relationships across revisions, and a user study showed that change descriptions increased
both awareness and feedback.

More broadly, the work reframes visual accessibility as participation in design decisions.
Access to the final content is necessary, but a collaborator also needs access to how the artifact
came to be. The next question is what should happen when an agent does more than expose the

decision and begins to assess or select a visual outcome on the person’s behalf.
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Chapter 6

DesignPref: Capturing Personal
Preferences in Visual Design

Generation

Several designs can satisfy the same task and still reflect different people.

A shared evaluator can identify broad failures and common quality signals, as UIClip demonstrates.
DesignPref begins where a shared score becomes insufficient: twenty professional designers judge the
same generated interfaces, disagree in systematic ways, and support models that retain the identity

behind each preference rather than average the differences away.

The previous chapter showed that access to a visual artifact includes access to the decisions
embedded in its revision. A generative design agent faces a related problem before the artifact
reaches the user. Given several plausible interfaces for the same request, the system has to reject
broad defects, check whether each candidate fits the requested function, and decide how to rank
the remaining options.

A single score can help with the first two tasks. The harder question begins after several
candidates are all reasonable. The chapter first reviews UIClip as a model of broadly shared UI
quality, then uses DesignPref to test whether one shared score can represent the judgments of

particular people.

6.1 From Shared Quality to Personal Judgment

User interface design combines task fit, usability, accessibility, and visual communication. Expert
review and usability testing provide rich evidence but require time and specialized labor. Hand-
crafted metrics can estimate properties such as visual complexity, alignment, or color harmony,
yet each metric captures only part of the design and may not reflect the purpose of the screen [92-
94]. UIClip asks whether a learned evaluator can score a screenshot against a natural-language
description while incorporating both relevance and design quality [6].

UIClip adapts the CLIP dual-encoder architecture to UI screenshots. JitterWeb supplies large-

scale supervision by starting from crawled web pages and applying controllable changes to

This chapter is based on DesignPref [7], with Jeffrey P. Bigham and Jason Wu. Section 6.1 discusses UIClip,
published at UIST 2024 and led by Jason Wu [6].
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training. Synthetic JitterWeb pairs provide a clear quality signal, while the profes-
sional BetterApp comparisons remain much harder.

color, contrast, font size, spacing, complexity, and layout. The process produces more than 2.3
million examples with known transformations and quality-oriented descriptions. BetterApp adds
professional judgments on independent real and model-generated interfaces. Twelve designers
compared screens, refined captions, selected a preferred design, and identified the principles that
shaped the choice; after filtering, the collection contained 892 usable pairs. A pairwise training
objective teaches the model to give the preferred screen a higher score for a description of a
well-designed interface.

UIClip outperformed general CLIP models and large multimodal judges on design-choice
prediction. The strongest pairwise-trained variant reached 63.2% accuracy on held-out Better-
App pairs and 87.1% on JitterWeb pairs. The representation also supported defect suggestions,
relevance-aware retrieval, and reranking of interfaces generated from the same prompt. The
results show that Ul-specific supervision can provide a useful shared-quality prior.

The human data also exposed the limit of the prior. Agreement on the common BetterApp pairs
was modest, with Krippendorff’s a« = 0.37. For clearly degraded interfaces, treating disagreement
as noise around a shared target is often reasonable. For valid interfaces that differ in density,
tone, hierarchy, or decoration, the disagreement may reflect stable personal judgment. DesignPref
changes the data collection protocol so that the same designers judge the same pool and every

label keeps the identity of the person who made it.

6.2 DesignPref Dataset

Generative models can now produce several plausible interfaces from the same request. Evalua-
tion and alignment pipelines usually aggregate human preferences through majority vote or a
pooled reward model. Aggregation assumes that disagreement mainly reflects noise around one
underlying utility. Visual design offers a harder case. People can agree that both candidates are
usable and still prefer different information density, visual tone, hierarchy, or decorative style.
DesignPref studies the structure and modelability of the differences. The dataset contains
12,000 pairwise comparisons over generated mobile Uls. Twenty professional designers each
labeled the same 600 pairs and selected one of four preference levels. A follow-up study collected
natural-language rationales on the most contested pairs. The repeated shared pool supports

analyses that ordinary crowdsourced benchmarks cannot provide: every pair has labels from
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every designer, so the dataset can separate item difficulty from persistent differences among

raters.

6.2.1 Dataset Construction
6.2.1.1 UI Generation

We sampled 100 human-written screen descriptions from an existing Ul dataset [225] and expanded
each description through the structured prompting method introduced in DreamStruct [2]. The
prompts covered screen types from the Enrico taxonomy [226]. GPT-5 and Gemini-2.5-Pro
generated executable HTML, CSS, and JavaScript at a high temperature to increase visual diversity.
Each description produced four variants, and the variants yielded six within-prompt pairs. The
final pool contained 400 generated designs and 600 unique comparisons.

The controlled design has two advantages. Candidate pairs share the same functional brief,
so the judgment focuses on visual execution rather than different content. Every designer sees

the same pool, which enables direct measurement of agreement and personalized prediction.

6.2.1.2 Annotation Protocol

We recruited 20 designers with at least one year of professional Ul design experience. Each
designer completed all 600 comparisons in approximately 90 minutes. The interface presented

the prompt and two mobile screens side by side. Designers chose among four labels:
A>B, A>B, B>A B>»A.

The even-numbered scale omitted a neutral option so designers would express slight pref-
erences when neither screen clearly dominated. Each label remained linked to a persistent
anonymized designer identifier. The study compensated participants at $15.55 per hour and

followed an institutionally approved protocol.

6.2.2 How Much Do Designers Agree?

Each judgment can be represented at two granularities. The binary label records which screen
wins. The four-way label also records whether the preference is slight or strong. Agreement is
modest under both views.

For binary preferences, mean pairwise agreement is 0.624. Mean Cohen’s x and multi-rater
Krippendorft’s a both equal 0.248. For four-way labels, raw agreement falls to 0.386, Cohen’s k
to 0.114, and Krippendorff’s & to 0.104. Designer pairs who agree on direction tend to agree more
on strength, with a correlation of » = 0.60, but strength introduces another source of variation.

Part of the gap comes from scale use. Across all labels, 75.54% fall in the middle categories
and 24.46% in the extreme categories. Individual calibration varies dramatically. Some designers
almost never use a strong label, while others use strong labels for most comparisons. A four-way
model must therefore learn both what a person prefers and how the person expresses confidence.

Agreement also depends on screen type. Form screens show the strongest consensus, with

72.11% pairwise agreement and the highest share of extreme choices. Lists, dialers, and search
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FIGURE 6.2: DesignPref’s annotation interface presents a shared functional prompt
and two generated variants. Each designer records both preference direction and
strength.

screens follow at roughly 66 to 68%. Terms pages, camera interfaces, media players, and login
flows remain near 54 to 57%. Across screen types, agreement correlates strongly with the use
of extreme labels (r = 0.774). Structured layouts with a clear primary action tend to produce a
visible winner. Multifunctional or stylistically open screens leave more room for individual taste.

The findings argue against a simple label-noise interpretation. Some items are broadly agreed
upon, especially when one option has a clear functional or readability advantage. Other items
split the same trained designers in stable ways. A useful judge should preserve both patterns: a

shared prior for common defects and a person-specific component for legitimate trade-offs.

6.3 Why Designers Disagree

Agreement statistics show the magnitude of divergence but not its content. We invited the original
designers to a rationale study; 13 returned. We selected 106 highly contested pairs with a majority
margin of at most ten percentage points, which corresponds to a 55/45 split or closer. Designers

saw their earlier choice and wrote a brief explanation. The collection produced 1,378 rationales.

6.3.1 Common Themes

We analyzed the rationales through a two-stage clustering pipeline. Each sentence was embedded

with Sentence-BERT [278]. Fine-grained clusters received a neutral label and summary, then
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FIGURE 6.3: A t-SNE projection of rationale embeddings reveals six recurring
themes. Designers share a vocabulary of design concerns even when they choose
different candidates.

related clusters were merged into broader themes. Six recurring concerns appeared:
1. Clean layout and readability: spacing, alignment, type size, and visual calm.

2. Primary actions and controls: prominence, reachability, and separation from secondary

actions.

3. Perceived modernity and polish: typography, spacing consistency, cohesive accents,

and professional tone.

4. Color, contrast, and theme: background tone, palette cohesion, and emphasis through

contrast.

5. Information architecture and scannability: sections, grouping, hierarchy, and compari-

son structure.

6. Icon clarity and affordance: size, contrast, labels, and the relation between icon form

and action.

The themes resemble familiar design principles, which means disagreement does not arise
because some designers ignore design knowledge. Designers often cite the same concern and
reach opposite conclusions. The divergence lies in how they define, prioritize, or apply the

concern to the current task.

6.3.2 Divergent Trade-offs

We analyzed each contested pair as a unit. GPT-5 received the rationales from both sides and

summarized the main trade-off; a second pass grouped related trade-offs. Four patterns recurred.

Information density. Some designers preferred calm layouts with fewer visible choices. Others
preferred denser screens that exposed more plans, support channels, or browsing options without

another navigation step.
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FIGURE 6.4: Contested pairs reveal recurring trade-offs rather than arbitrary
disagreement. Designers differ on density, palette, imagery, and the amount of
functionality that should remain visible.

Visual style and tone. Light, neutral themes conveyed trust and legibility to one group. Darker

or more saturated palettes conveyed premium quality, expressiveness, or seriousness to another.

Decorative imagery versus focused utility. Large photography, gradients, and illustration
added warmth and brand identity for some designers. Other designers preferred restrained,

text-led layouts that kept attention on the task.

Action prominence and task scope. Task-first designers favored one dominant action with
minimal chrome. Feature-first designers valued visible modes, filters, alerts, and secondary
controls and viewed sparse interfaces as underpowered.

The rationale analysis motivates personalization at the representation level. A fixed rubric
can name the relevant dimensions, but the rubric does not specify a universal weighting. A profile
such as “prefers clean interfaces” also remains underspecified because one person may interpret
cleanliness as generous whitespace and another as compact, well-organized density. Concrete

pairwise choices reveal how the person resolves a trade-off in context.

6.4 Personalized Design Preference Models

DesignPref evaluates two common assessment architectures: a CLIP-style encoder and a decoder-
style multimodal model with retrieval-augmented generation. Both experiments compare person-

alized supervision against pooled supervision.

6.4.1 Data Representation and Splits

A labeled comparison is

Z)pref = {(t’ IA> IB> C) SIS {_2: -1,1, 2}}’ (6-1)
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where ¢ is the screen description, I and I? are the screenshots, and c is the signed strength
label. We used 60/20/20 train, validation, and test splits. All pairs that contained a given screen
ID remained in the same split to prevent visual leakage. Each designer contributed 360 training,
120 validation, and 120 test labels. The full dataset contained 7,200 training and 2,400 validation
and test labels.

6.4.2 UIClip Fine-Tuning

The first model starts from the UIClip checkpoint trained on synthetic UI defects but not on
BetterApp’s human preferences. A pairwise margin loss learns a higher score for the preferred

screen. DesignPref extends the loss so a strong preference requires a larger margin:

L(s%, 8, m) = max{0,m — (s* — sB)}, m= m H4>5, (6.2)
my if A> B.
Negating the score difference covers preferences for B. At inference, the sign predicts direction
and a threshold predicts strength.
A separate model is trained for each designer. Only the final UIClip layer is unfrozen because
360 examples are too few for full-backbone adaptation. Weight decay and early stopping reduce
overfitting. Two pooled baselines use either a matched-size sample from all designers or the full

combined dataset, which contains twenty times as many labels as one personal model.

6.4.3 Personalized Retrieval-Augmented Generation

The second setup adapts UICrit’s multimodal retrieval pipeline [102]. Sentence-BERT embeds the
screen description, and UIClip embeds each screenshot. The pair index stores both screenshot
orders so retrieval remains invariant to whether a candidate appears on the left or right. At
inference, the system retrieves eight similar labeled examples and inserts them into the model
prompt.

Personalized retrieval uses only the target designer’s training labels. Pooled retrieval draws
from all designers. Because every designer labeled the same pairs, pooled retrieval aggregates
the labels for a retrieved pair into one rounded score. The comparison tests whether a small,
identity-matched context provides more useful evidence than a larger context that represents

consensus.

6.5 Evaluation

We report binary preference accuracy, exact four-way accuracy, and Spearman rank correlation
coefficient (SRCC) between predicted and ground-truth strength labels. Metrics are computed

separately for each designer and macro-averaged.
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Model group Setup Binary acc. (%) Four-way acc. (%) SRCC
Personalized models

. . Strength-aware margin 60.16 34.37 0.217

UIClip fine-tuning Binary margin 57.24 28.89 0.180

GPT-5, 8-shot 58.89 38.53 0.211

. . Gemini-2.5-Pro, 8-shot 56.53 22.35 0.170

LMM judge, personalized RAG 0\ o 1 358 Thinking, 8-shot 56.83 42.67 0.132

Qwen3-VL-30B-Thinking, 8-shot 56.20 40.41 0.128

Non-personalized models

UIClip pooled Matched size, N 56.73 32.77 0.150
PP Full pool, 20N 57.45 41.23 0.196
GPT-5, 8-shot 57.62 34.36 0.203

. Gemini-2.5-Pro, 8-shot 56.15 22.56 0.169
LMM judge, pooled RAG Qwen3-VL-235B-Thinking, 8-shot 55.78 41.59 0.122
Qwen3-VL-30B-Thinking, 8-shot 54.78 38.79 0.110

UIClip pretrained 55.07 23.97 0.126

OpenAI CLIP B/32 46.68 23.26 -0.009

Baselines GPT-5 zero-shot 57.70 31.35 0.216
Gemini-2.5-Pro zero-shot 53.65 17.76 0.135

Qwen3-VL-235B-Thinking zero-shot 55.36 22.09 0.131

Qwen3-VL-30B-Thinking zero-shot 54.82 16.17 0.117

TABLE 6.1: Personalized and pooled models on each designer’s held-out compar-
isons. N denotes the per-designer training size; 20N denotes the full pooled set.

6.5.1 Personalized Fine-Tuning

The per-designer UIClip with a strength-aware margin reaches 60.16% binary accuracy and 0.217
SRCC. The pretrained UIClip reaches 55.07% and 0.126, while the original CLIP model remains
below chance on ranking. The personalized model also exceeds both pooled variants on binary
accuracy and SRCC, even though the full pooled model sees twenty times more labels.

The full pooled model performs better on exact four-way accuracy, 41.23% compared with
34.37%. The extra data likely helps the model learn global class boundaries, while individual
designers use the strong categories at very different rates. Binary accuracy and SRCC better
capture whether the personalized model selects and orders the candidates in the same way as the
person. Exact four-way prediction remains an important calibration problem.

The strength-aware loss outperforms a binary-margin variant across all metrics. Four-level
labels therefore contain useful information when the objective exposes the magnitude. Collapsing
the labels to winner and loser discards evidence about how decisively a designer distinguishes

two screens.

6.5.2 Personalized Retrieval

Retrieval shows a similar but smaller pattern. Personalized GPT-5 retrieval improves binary
accuracy from 57.70% zero-shot to 58.89% and four-way accuracy from 31.35 to 38.53%. Both
Qwen models gain one to two binary points and more than twenty four-way points. Personalized
retrieval also exceeds pooled retrieval for GPT-5 and both Qwen variants. Gemini remains nearly
unchanged, which suggests that eight demonstrations do not override its consensus prior.

The gap between personalized and pooled retrieval is narrower than the fine-tuning gap. A

decoder model must infer the person’s latent preference from a small set of examples inside a
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long prompt. The model may treat the examples as task demonstrations rather than evidence

about the user. The result motivates the explicit user representation developed in Chapter 7.

6.6 Shared Constraints and Personal Trade-offs

Shared design constraints and personal preferences address different parts of assessment. A model
can learn a broad prior that recognizes relevance and many visual defects, while the remaining
choice among valid candidates often depends on the person. A practical agent needs both kinds
of evidence.

One way to formalize the distinction is to decompose a design score for candidate I and user

S| t,u) = Ssharea(I | 1) + Spersonal(I | t,u), (6.3)

where t is the design brief. The shared term can penalize broken layout, illegible contrast,
missing content, or poor prompt relevance. The personal term can weight density, tone, hierarchy,
imagery, and feature exposure for the user. The decomposition is conceptual rather than a
claim that the two terms are statistically independent. Personal requirements can also concern
accessibility, and a shared quality prior can reflect population biases. The distinction still gives an
agent a useful decision rule: do not personalize away basic correctness, and do not treat every
valid trade-off as if one universal answer exists.

DesignPref also changes how disagreement should be handled in evaluation. Majority vote
is appropriate when the benchmark seeks a population preference. Majority vote is misleading
when the deployment goal is to serve a known individual. A model can improve agreement with
the majority while becoming less accurate for many users whose tastes differ from the majority.

Identity-linked evaluation makes the target explicit.

6.7 Limitations and Open Questions

DesignPref includes 20 professional designers, which supports dense repeated judgments but
limits analyses of larger preference communities. A broader population could reveal clusters
associated with experience, domain, culture, ability, or design tradition. The current data also
emphasizes disagreement across people. Repeated labels and behavior traces suggest that a
person’s judgment can change with context, attention, or uncertainty, but the dataset does not
fully model intra-person variation.

The modeling experiments cover two representative architectures. Decoder-model fine-tuning,
latent user embeddings, hierarchical Bayesian models, and rationale-conditioned preference
models remain open. The best accuracy also leaves substantial room for improvement. Some
comparisons may not be predictable from screenshots and a short prompt because the designer’s
reasoning depends on a larger product context.

A practical limitation is annotation burden. Six hundred labels took roughly 90 minutes. The
result establishes that personal data can outperform much more pooled data, but it does not

identify the smallest useful budget for a new user. Chapter 7 addresses the cold-start problem by
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using prior designers as a structured prior and selecting a small set of informative onboarding

comparisons.

6.8 Conclusion

DesignPref shows that shared quality does not determine every design choice. Twenty trained
designers disagreed substantially on the same generated interfaces, and their rationales revealed
coherent trade-offs in density, tone, imagery, and action scope. Personalized models predicted
individual judgments more accurately than pooled models trained on much larger datasets.

The lesson is that an agent needs a layered assessment function. Shared supervision can
protect relevance and basic quality, while identity-linked supervision aligns the remaining choices
with a person. The next chapter turns the lesson into an interaction pipeline that learns a useful
preference model from only eight pairwise answers and applies the model to generative Ul

selection.
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Chapter 7

Efficient Personalization of Generative

User Interfaces

Personalization has to begin before a system knows much about the person.

The final method treats prior users as a structured prior and selects a small set of comparisons that
reveal how a new user resolves concrete design trade-offs. The learned profile then reranks newly
generated interfaces. The chapter tests both preference prediction and end-to-end generation under

an eight-comparison onboarding budget.

Chapter 6 established that a global design judge cannot serve every user equally well. The
finding matters for human agency because a delegated choice can still reflect the wrong person’s
values. The result creates a practical problem. A system can train a separate model for a designer
who has supplied hundreds of labels, but a deployed generative interface cannot ask every new
user to complete a 90-minute annotation study. The system needs to infer useful preferences from
a small interaction budget and then apply the inferred preferences to interfaces that did not exist
during training.

This chapter develops a cold-start personalization pipeline for that setting. The method
uses the repeated judgments in DesignPref as a structured prior. A new user does not begin as
an unconstrained point in a large preference space. The method first represents the user as a
distribution over designers in the prior data bank. It then selects a small number of pairwise
questions that are expected to distinguish among the plausible designers. After each answer,
a Bayesian update shifts probability toward prior designers whose choices resemble the new
user’s choices. A retrieval model combines the resulting user distribution with visually similar
comparisons from the data bank. The model can then rank new candidate interfaces for the user.

The design addresses three constraints that arise in generative Ul First, only a few explicit
labels are available for a new user. Second, each prompt creates a new candidate set, so person-
alization cannot rely on a fixed catalog. Third, users may describe broad tastes in language but
still resolve concrete trade-offs differently from what their descriptions imply. Pairwise behavior
provides evidence at the level where the final selection occurs.

The chapter makes two main empirical claims. In a leave-one-designer-out evaluation, the

retrieval model outperforms both the pretrained UIClip evaluator and a much larger multimodal

This chapter is based on Efficient Personalization of Generative User Interfaces [8], with Samarth Das, Jeffrey P.
Bigham, and Jason Wu.



Chapter 7. Efficient Personalization of Generative User Interfaces 76

Preference Data Collection e Adaptive Preference Model a Personalized Generation
+ +
@ NewuserA @ NewuserB 4+ Same prompt
v
Pair1 Pair 2 Personalized onboarding Generated candidates
User preferences on each pair Each answer shapes the next pair v
User A User B ( Personalized reranking (from step 2) - best match >
Users Pairl Pair2 .. 0 0 /\
2 o (o M v g
. D L, -4 New user A @ NewuserB

[ @ ) [j v ' ﬂ

e o (@ : -

e o (@

2

@ - . - . Adapt prior to each user
| prefer spacious, minimal layouts...

Prior (from step 1)
< "Strong contrast matters most to me..."

New user A

©  ‘Visual polish and color are key.."
Spacious Dense

© | lwant dense, info-rich screens..." New user B Single action Multi-action

FIGURE 7.1: The personalization pipeline. A shared preference corpus provides

repeated labels from prior designers. Adaptive onboarding estimates a distribution

over those designers for a new user. The learned distribution then guides retrieval
and reranking over newly generated UI candidates.

model. The retrieval model also improves as it receives more onboarding answers, while direct in-
context personalization with the larger model does not. In an online study with 12 new designers,
eight adaptive pairwise comparisons improve end-to-end generative Ul selection beyond zero-shot
generation, generation conditioned on a free-text profile, and reranking by a profile-conditioned

large multimodal model.

7.1 The Cold-Start Personalization Problem

A generative Ul system can sample several plausible implementations for the same request. The
system may vary density, typography, palette, hierarchy, imagery, and the amount of visible
functionality. A generic evaluator can reject candidates with broken layout or poor prompt
relevance, but several remaining candidates may satisfy the task equally well. The system then
needs a user-specific selection function.

A direct approach would ask the user to describe a preference profile. Natural language has
clear advantages. A profile is easy to collect, can include high-level goals, and can transfer across
tasks. Yet a profile also inherits the vocabulary problem observed in earlier adaptive systems:
users may lack terms for latent preferences, and the same term may refer to different design
choices. A person who asks for a “clean” interface may prefer sparse screens with generous
whitespace, or compact screens with clear grouping and no decoration. A person who asks for
“modern” design may still reject low-contrast gradients or unfamiliar controls. A broad description
does not reveal how the person resolves a concrete conflict between two valid designs.

A second approach would fine-tune a model after a brief onboarding. Conventional fine-
tuning is poorly suited to the eight-label regime studied here. The number of examples is too
small to support stable adaptation of a vision-language model, and per-user training would add
latency, storage, and deployment complexity. A decoder model can receive the eight examples

in context, but the model must infer a latent preference policy from demonstrations that also
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contain task content and visual details. The model may treat the examples as independent design
judgments rather than as evidence about one person.

We instead frame cold-start personalization as inference over a prior population. DesignPref
provides a particularly useful prior because all 20 designers judged the same 600 comparisons.
For every candidate onboarding pair, the system knows how each prior designer responded. The
pattern of agreement and disagreement gives the system a map of the preference space. A new
user’s answer can therefore rule in or rule out several preference profiles at once.

The framing leads to four design requirements:

1. Use shared data as a prior, not as the final target. Population data should support a
new user before any personal evidence exists, but later evidence should move predictions

away from the average.

2. Spend the question budget selectively. Onboarding pairs should distinguish plausible

user profiles rather than repeat comparisons on which prior designers already agree.

3. Generalize beyond the onboarding items. The model must transfer from a few labeled

pairs to newly generated candidates under different prompts.

4. Preserve pair symmetry and task relevance. A prediction should not depend on whether
a candidate appears on the left or right, and retrieved evidence should concern visually

comparable trade-offs.

7.2 Adaptive Preference Modeling

The method contains three components: a labeled data bank, an adaptive query policy, and a
personalized retrieval model. Figure 7.2 summarizes the interaction. The user distribution is

initialized uniformly, then becomes more concentrated as the user answers informative questions.

7.2.1 Preference Data Bank

Let

x = (t,I415) (7.1)

denote a comparison, where t is the functional UI prompt and I* and I? are two candidate

screenshots. Each judgment in the data bank is

D ={(x,d,c): c e {-2,-1,1,2}}, (7.2)

where d is an anonymized designer identifier and ¢ records preference direction and strength.
Negative values favor B, positive values favor A, and magnitude distinguishes slight from strong
preferences.

We retain the 60/20/20 split from Chapter 6. All pairs that contain the same screen ID remain

in one split to avoid visual leakage. The data bank contains 7,200 training labels and 2,400 labels
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FIGURE 7.2: Adaptive onboarding represents a new user as a distribution over

prior designers. After each pairwise answer, probability shifts toward designers

whose prior labels are consistent with the answer. The system selects the next
comparison to reduce uncertainty in the distribution.

in each of the validation and test splits. Each prior designer contributes 360 training labels. The
repeated shared pool means that one bank pair has labels from every prior designer.

The data bank serves two roles. The labels provide the population structure used during
onboarding. The screenshots provide examples from the target distribution used during retrieval.
The second role matters because UIClip was trained largely on real web pages with synthetically
introduced defects, while the current task compares fully generated interfaces that often contain
no obvious defect. Access to in-domain comparisons helps the model represent subtler trade-offs

among valid candidates.

7.2.2 A User Profile as a Distribution over Prior Designers

Suppose a new user has answered ¢ onboarding questions:

O; ={(x1,c1),..., (xs,¢0) }. (7.3)

We represent the user’s current profile by a categorical distribution 7z; over the designers in

the training bank. The value ;(d) is the weight assigned to designer d. At t = 0, the system uses
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a uniform distribution. The initial prediction therefore averages across prior designers rather
than privileging one arbitrary profile.

For candidate pair x, the current predictive distribution over possible answers is

plelxm) =) mdplc|xd), (7.4)
d

where p(c | x,d) estimates the probability that designer d would provide label ¢ on pair x.
The repeated labels in the data bank make the designer-specific response pattern observable. In
practice, smoothing prevents a single mismatch from assigning zero probability to a designer.

After the user provides answer ¢ on pair x, the system applies Bayes’ rule:

m(d)p(e | x,d)
Za m(d)p(e| x,d’)

The update increases the weight of designers whose response pattern matches the observed

mr+1(d) = (7.5)

answer. The representation is deliberately a mixture rather than a nearest-neighbor assignment.
A new user need not replicate one historical designer. The distribution can combine designers
who match different parts of the user’s taste, and uncertainty can remain when the available
answers do not distinguish them.

The profile also has an interpretable confidence measure. Entropy H(;) is high when many
designers remain plausible and low when probability concentrates on a small subset. The system

uses the entropy to choose the next question.

7.2.3 Expected Information Gain for Query Selection

A random onboarding policy can waste a limited budget on pairs that reveal little. For example, if
nearly every prior designer prefers a legible form over a broken form, either answer provides
little evidence about the new user’s distinctive taste. A better question presents a trade-off that
separates the currently plausible designers.

For candidate pair x, the system estimates the expected posterior entropy:

E[H(ma) |1 = ), plelxm)H(rsm). (7.6)

ce{-2,-1,1,2}

The expected information gain is

EIG(x) = H(m) — E[H(7z41) | x]. (7.7)

At each step, the policy selects the unused pair with the largest EIG. Because ; changes after
every answer, two users can receive different later questions even if they begin with the same
pool. The policy therefore adapts both to the population structure and to the user’s particular
path through the preference space.

The objective is not to discover a complete verbal theory of the user’s taste. The question
budget is too small for such a goal, and some preferences remain tacit. The objective is narrower:
collect evidence that improves predictions over the candidate distinctions that the data bank can

support.
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7.2.4 Personalized Retrieval and Pairwise Scoring

After onboarding, the model predicts preferences on a new query pair g = (Iief, Iright). UIClip’s
visual encoder maps each screenshot to an embedding. A learnable residual projection adapts the
frozen embeddings to the generated-UI comparison domain without retraining the full encoder.

Let (zr, zr) be the embeddings of the query candidates, and let (z;, z;r) be the embeddings
for bank pair j. We score both the direct and swapped alignments:

s(q.J) =z[zjL + ZgZjR, (7.3)

s'(q,j) = zzzj,R + z;zj,L. (7.9)

A soft maximum combines the alignments. The operation preserves pair symmetry: swapping
both candidates should invert the predicted direction rather than change which visual comparison
is considered similar. The model retrieves the top n = 100 bank pairs and assigns each one a
similarity weight wy;.

For user u, onboarding produces weights 7, (d) over historical designers. The pairwise

preference score is

s(qlu) = qujZﬂu(d)Cd,j, (7.10)
7 d

where cg ; is designer d’s label for bank pair j. The inner sum personalizes the label for each
retrieved comparison. The outer sum transfers the personalized evidence from similar comparisons
to the query. The sign of s(q | u) predicts the preferred side; the magnitude expresses confidence
or strength.

For a candidate set C = {I;, ..., Ix }, the system derives a pointwise score f; (I;) by aggregating
pairwise comparisons between I; and the other candidates. The generation pipeline returns the
highest-ranked candidate. This retrieve-and-rerank design works with a closed-source generator
because personalization occurs after sampling. It also controls generation randomness during

evaluation: several selection methods can rank the same candidate pool.

7.3 Offline Technical Evaluation

The offline evaluation asks whether the method predicts a new designer’s held-out choices and

whether additional onboarding examples improve prediction.

7.3.1 Protocol and Baselines

We use leave-one-designer-out cross-validation. Each of 20 folds treats one designer as the new
user and the remaining 19 as the prior data bank. The onboarding simulator selects k questions
from the training split with the EIG policy and reveals the held-out designer’s recorded answers.
The personalized model then predicts the held-out designer’s 120 test comparisons. Results are
averaged across folds.

We compare three systems:
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FIGURE 7.3: Pairwise prediction accuracy as the onboarding budget k increases.

The retrieval model performs best at every budget and improves to 0.620 at eight

examples. GPT-5.2-Chat declines as more preference examples enter the prompt.
The dashed line marks the pretrained UIClip baseline.

1. UIClip pretrained. The released UIClip checkpoint scores candidates without access to

DesignPref labels or personal evidence.

2. GPT-5.2-Chat. The multimodal model acts as a preference judge. At k = 0, it judges the
pair zero-shot. For k > 0, the prompt includes the user’s prior onboarding choices and asks
the model to infer the user’s preference on the new pair. The prompt includes at most eight

examples to control latency and context length.

3. Personalized UIClip retrieval. The proposed model uses the in-domain data bank, the

learned designer distribution, and the retrieval score in Equation 7.10.

The comparison isolates two questions. UIClip tests whether a generic Ul quality metric
is sufficient. GPT-5.2 tests whether model scale and direct in-context reasoning can replace an

explicit preference representation.

7.3.2 Results

Figure 7.3 shows pairwise accuracy as a function of the onboarding budget. Before personalization,
the retrieval model reaches 0.610 accuracy. UIClip reaches 0.565, and GPT-5.2 reaches 0.591. The
retrieval model shares its base visual encoder with UIClip, so the 4.5-point difference does not
come from a larger backbone. The result instead reflects access to labeled examples from the
generated-UI distribution and a retrieval objective that preserves local decision boundaries.
With eight onboarding labels, the retrieval model reaches 0.620. The absolute gain over its
unpersonalized condition is modest, but the direction is consistent for most budgets. The model
starts from a strong population prior, so eight answers refine an already useful predictor rather

than construct a preference function from scratch.
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GPT-5.2 behaves differently. Accuracy declines as the prompt receives more onboarding
examples. The result does not imply that in-context personalization must fail, but it shows that
demonstrations alone do not guarantee a usable user model. The examples mix visual content,
task requirements, and personal choices. Without an explicit latent representation, the model
may overfit to superficial details, infer an unstable rule, or become distracted by examples that
are only weakly relevant to the query. The larger model has more general visual and design
knowledge, yet the smaller retrieval system uses personal evidence more reliably.

The evaluation also clarifies the role of adaptive query selection. EIG seeks questions that
distinguish among currently plausible designers. The policy therefore spends the small budget on
the part of the prior where a user answer can alter later predictions. Random examples can still
help if the data bank is dense, but random selection offers no guarantee that an answer changes

the user distribution.

7.4 Online Study of Personalized Generation

Offline prediction establishes that the model can reproduce held-out labels from the static corpus.
A deployed system faces a harder test. It must personalize for people absent from the data bank,
rank interfaces generated on demand, and improve the final output rather than only a benchmark

score. We conducted an online study to test the full pipeline.

7.4.1 Participants and Procedure

We recruited 12 new designers, ages 25 to 32, with at least one year of professional UI or UX
design experience. Five participants identified as male and seven as female. Every participant had
used generative Al tools in a design workflow. The asynchronous study lasted approximately 45
to 60 minutes and compensated participants at the same hourly rate as the DesignPref collection.

The study had two phases. During onboarding, each participant first wrote a free-text
description of the interfaces they preferred. The prompt remained open-ended and mentioned
possible topics such as simplicity, density, color, visual tone, and interaction affordance without
imposing a fixed rubric. The participant then answered eight pairwise comparisons selected
by the adaptive EIG policy. Because selection depended on earlier answers, all 12 participants
received an individualized query sequence.

During the arena phase, participants compared outputs from four generation pipelines:

GPT-5.2-Chat served as the generator and as the profile-conditioned judge. We created 20
prompts, each from a distinct screen type and with no overlap with the DesignPref prompts.
For every profile-conditioned prompt, the system generated a common pool of 16 candidates.
The profile judge and adaptive model each selected one candidate from that pool. When two
conditions selected the same candidate, the comparison became an automatic tie and the duplicate
trial was removed. Participants completed randomized arena-style comparisons among the four
conditions, with at most 120 comparisons per participant.

We analyze the arena with Bradley-Terry ratings, aggregate win rates, direct head-to-head
results, and participant-level bootstrap samples. Higher ratings indicate that a condition wins

more pairwise comparisons.
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Condition Generation and selection procedure

Zero-shot generation Generate one Ul without any user information.

Profile-conditioned generation Generate a Ul with the participant’s free-text preference profile in
the prompt.

Profile generation + profile judge Generate a shared candidate pool with the profile, then ask a

profile-conditioned multimodal judge to select the top candidate.

Profile generation + adaptive model ~ Generate the same shared candidate pool with the profile, then use
eight pairwise onboarding labels and the proposed model to select
the top candidate.

TaBLE 7.1: The four end-to-end generation conditions in the online study. The
two reranking conditions share the same text profile and candidate pool, which
isolates the quality of the final selector.

Condition Elo (95% CI) Win rate
Profile-conditioned generation 1054.8
© + adaptive preference model —O0— I 60-35%
(Ours)
Profile-conditioned generation 1005.5
© + profile-conditioned judge —O— I 50.90%
(Baseline)
Profile-conditioned generation o872
|@ ftiscor —o— 7 50%
Zero-shot generation 952.8
|@ feresh —o— I 41.25%
950 1000 1050 1100 0%  20%  40%  60%

FIGURE 7.4: Arena ratings and aggregate win rates in the online study. The

adaptive preference model achieves the highest rating and a 60.35% win rate,

ahead of profile-conditioned reranking, profile-conditioned generation, and zero-
shot generation.

7.4.2 Free-Text Profiles and Pairwise Evidence

The free-text profiles varied from 8 to 72 words, with a median of 28. Participants mentioned
cleanliness, hierarchy, action discoverability, typography, spacing, color tone, platform conven-
tions, density, and visual expressiveness. The profiles were multidimensional. A participant could
want expressive styling but still prioritize usability, or prefer minimal layouts while valuing visible
controls in information-heavy tasks.

The onboarding labels exposed distinctions that the text profiles did not predict. Designers
who described a preference for expressive or modern screens still rejected variants with weak
contrast. Designers who preferred minimal interfaces sometimes selected a denser option when
the extra information improved browsing. One wallpaper-gallery comparison split participants
almost evenly between a dense browsing layout with visible filters and a cleaner layout with
stronger visual framing. A store-finder empty state produced unanimous preference for the
variant with clearer navigation and contrast.

The pattern supports a complementary use of language and behavior. A text profile communi-
cates high-level intent and can guide the generator toward a relevant region of the design space.
Pairwise choices reveal how the person resolves a local trade-off inside that region. The two

signals should not be collapsed into one prompt because each carries a different kind of evidence.
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7.4.3 Arena Results

Figure 7.4 shows the main result. The adaptive pipeline achieves a 60.35% aggregate win rate and
an Elo-style rating of 1054.8. The profile-conditioned judge reaches 50.90% and 1005.5. Profile-
conditioned generation reaches 47.50% and 987.9. Zero-shot generation reaches 41.25% and 952.8.
Across bootstrap samples of participants, the adaptive method ranks first in 96.8% of runs.

The comparison with the profile-conditioned judge is the strongest control. Both conditions
receive the same profile text and rank the same set of 16 generated candidates. The only difference
is the selection signal. The profile judge interprets the user’s prose; the adaptive model uses the
user’s eight concrete choices. The selectors choose the same final Ul in only 23 of 240 participant-
prompt cases, and the adaptive choices win more often. The result indicates that the model learns
more than a reformulation of the text profile.

The advantage also spans prompts. Aggregated across participants, the adaptive method beats
zero-shot generation on 14 of 20 prompts, profile-conditioned generation on 16, and the profile
judge on 12. The gain does not depend on one screen category or one participant. Eight labels
are enough to alter candidate ranking in ways that users prefer, even though the interfaces are
generated after onboarding and the users did not appear in the original data bank.

The profile-conditioned generation baseline also provides a useful result. Text profiles improve
performance relative to zero-shot generation, but the output still depends on one stochastic sample.
Reranking adds value because generation and evaluation are separate problems. A model may
produce a candidate that reflects the profile but fail to return that candidate on the first sample. A
selection stage can exploit diversity in the candidate pool. Personal preference modeling improves

the selection further.

7.5 Applications Beyond the Study

The online study uses reranking as a controlled test, but the preference model can support several
forms of adaptive interface behavior. The common pattern is to propose alternatives, score
the alternatives with f;,, and treat later user edits as additional evidence rather than as isolated

corrections.

7.5.1 Personalized Generative Widgets

An agent may generate a small task-specific widget inside a conversational or operating-system
interface. The request can be unique, so a fixed template library cannot cover every output. The
system samples K widgets and displays the candidate with the highest user score.

Figure 7.5 shows a prototype with two levels of control. A profile tab offers built-in presets and
a personalized preset derived from f,,. A manual tab exposes attributes such as color, padding, and
type treatment. The personalized result provides a strong starting point, while direct manipulation
preserves local control. An override can be interpreted as an implicit comparison between the
proposed state and the edited state, which lets the preference model improve through ordinary

use.
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FIGURE 7.5: A personalized widget editor. A learned profile proposes the initial
style, while direct controls let the user override individual attributes. Each accepted
or rejected edit can become another preference signal.

7.5.2 Personalized UI Configuration

Many applications already expose a finite set of visual settings such as typeface, text size, theme,
spacing, and content density. Users often configure the same preferences repeatedly across
products. A preference model can enumerate possible configurations, render a representative

screen under each configuration, and choose

v, = arg maéﬁ,(render(p, i), (7.11)
;€

where p is a representative page and V is the set of allowed configurations.

The reading prototype in Figure 7.6 applies the learned profile with one action. The mechanism
can also support accessibility preferences if the candidate space includes contrast, type size, motion,
target size, or information presentation. The system should preserve hard accessibility constraints
separately from aesthetic ranking so that personalization does not select a visually preferred but

unusable configuration.

7.5.3 Personalized Design Suggestions

Design tools increasingly generate layout, palette, and component suggestions. A generic quality
model can filter broken outputs, but the default ordering often reflects an average user or arbitrary

generation order. The preference model can rerank the suggestion gallery:

rank(g,) e £u(gy). (7.12)

The presentation-editor prototype in Figure 7.7 illustrates the connection to Diffscriber. A BLV

author may want suggestions that reflect the author’s own style, the style of a collaborator, or a
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FIGURE 7.6: A reading application before and after preference-based auto-
configuration. The system chooses among supported settings rather than generat-
ing arbitrary code, and later manual overrides refine the profile.

jointly negotiated project identity. Reranking can place more relevant options first, while change
descriptions can explain what differs before the user accepts a suggestion. Personalization and
accessible artifact understanding therefore solve complementary parts of the same collaborative

workflow.

7.6 Discussion

7.6.1 Population Data as a Prior Rather Than an Average

The central modeling choice is to preserve the identities behind preference labels. Pooled data
remains valuable. The unpersonalized retrieval model already reaches 0.610 accuracy because
prior designers provide a strong account of the generated-UI distribution. The online method
also needs the prior to generalize from eight answers. The problem arises when aggregation
becomes the final objective. A majority label discards the structure needed to adapt to a user who
consistently falls outside the majority on certain trade-offs.

A distribution over prior designers offers one practical compromise between a universal model
and a model trained from scratch. The representation shares evidence across users, supports
Bayesian updates, and exposes uncertainty. The representation also has limits. Historical designers
may not span the new user’s preferences, and the mixture assumes that useful similarity can

be expressed through combinations of their observed choices. A larger and more diverse prior
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FIGURE 7.7: Preference-based reranking in a presentation editor. A generic gallery
places one style first; the personalized gallery promotes the style that better
matches the designer’s learned taste.

should improve coverage, but future systems also need an open-set mechanism that can recognize

when no prior profile fits.

7.6.2 Why Active Elicitation Matters

A preference system should treat questions as an interaction cost. A static onboarding form
often asks every user the same items because the system cannot adapt its information needs.
EIG instead asks which answer would most change the current belief. The principle connects
personalization to the first half of the dissertation. Morae pauses when user input matters for the
task. The present method asks when user input matters for the preference model. In both cases,
the system should avoid asking merely because uncertainty exists. The question should be timely,
relevant, and capable of changing the next action.

The current objective optimizes model uncertainty, not user burden. A pair with high infor-
mation gain may still be difficult to judge, visually inaccessible, or irrelevant to the user’s likely
tasks. A deployment policy should combine information gain with estimated cognitive effort,
accessibility, and expected downstream value. The system could defer an abstract onboarding

question and instead collect a similar signal at a natural decision point during use.

7.6.3 From Explicit Onboarding to Continual Learning

The prototypes suggest a path from eight explicit comparisons to long-term adaptation. Candidate
selection, manual overrides, edits, undo actions, and rejected suggestions all provide implicit
comparisons. Such signals are abundant but ambiguous. A skipped suggestion may reflect dislike,
lack of time, or irrelevance to the current task. A manual edit may correct an error rather than
express a stable preference. Continual learning therefore needs confidence-weighted updates and

a record of the context in which the signal arose.



Chapter 7. Efficient Personalization of Generative User Interfaces 88

Long-term use also introduces preference drift. A person’s taste can change with task,
audience, role, or design trend. A single persistent profile may overgeneralize across contexts.
The model should distinguish stable preferences, such as a need for high contrast, from situational
preferences, such as a desire for a dense dashboard during analysis but a sparse screen during
presentation. A hierarchical profile could maintain global tendencies alongside task-specific and

project-specific components.

7.6.4 Uncertainty Within a Person

DesignPref measured substantial disagreement across people, but a person’s own choice can also
vary. Some comparisons require long deliberation. A person may focus on layout during one
judgment and color during another. Preference strength, response time, repeated choices, and
similarity among queried pairs can all provide evidence about confidence.

The current pipeline treats every onboarding answer as equally reliable. A richer Bayesian
model could represent both uncertainty about the user’s latent profile and uncertainty in each
observation. A hesitant slight preference should shift the posterior less than a quick strong
preference. The system could also present two candidates when posterior uncertainty remains
high rather than force a single personalized result. Personalization should expose ambiguity

instead of converting sparse evidence into false certainty.

7.6.5 Reranking Versus Personalized Generation

Reranking offers strong practical advantages. The method works with closed models, separates
generation quality from preference alignment, and supports controlled comparison over a shared
pool. Reranking also limits the reachable output to what the generator samples. If none of the
candidates express the user’s preferred trade-off, a perfect selector cannot recover the desired
interface.

A future generator could condition directly on the learned preference representation, then
retain reranking as a verification layer. Direct conditioning may improve sample efficiency by
moving the candidate distribution toward the user. A separate selector remains useful because
a personalized prompt does not guarantee that every sample follows the preference or satis-
fies shared quality constraints. The most robust pipeline may combine preference-conditioned
generation, shared correctness checks, personal reranking, and a user-facing mechanism for

correction.

7.7 Limitations and Future Work

The prior data bank includes 20 professional designers. Dense repeated judgments make the
corpus valuable for personalization research, but the population remains small and occupationally
narrow. A larger corpus could reveal preference clusters, improve open-set coverage, and support
adaptation for end users without design training. The current method also assumes that the same
visual preference model transfers across screen types. More data could support hierarchical priors

that distinguish general taste from domain-specific preference.
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The online study asks for eight explicit comparisons. The study shows that the budget is useful,
not that eight is universally optimal. Different users and tasks may justify different stopping
points. A calibrated system could stop when the expected gain from another question falls below
its interaction cost, and resume elicitation later when a natural choice arises.

The method personalizes single-page generated interfaces. Full applications introduce naviga-
tion, interaction flow, backend behavior, privacy, and persistent state. A visually preferred screen
may perform poorly over a multi-step task. Future preference models should include dynamic
behavior and long-horizon workflow quality, along with representations that connect a later
correction to the earlier generated choice that caused it.

Finally, the pipeline relies on post-hoc selection from a shared candidate pool. As open models
and adaptation interfaces improve, preference learning could guide the generator itself. The
deployment objective should still remain layered: shared checks for functionality, accessibility,
and task fit; personalized guidance for legitimate trade-offs; and user control when the system

lacks enough evidence.

7.8 Conclusion

This chapter turns the disagreement measured in DesignPref into an end-to-end personalization
method. A new user is represented as a distribution over prior designers. Expected information
gain selects a small set of comparisons, Bayesian updates refine the user distribution, and person-
alized retrieval transfers the evidence to newly generated candidates. The method outperforms a
pretrained Ul evaluator and a larger multimodal judge in offline prediction. In an online study,
eight adaptive comparisons guide generation more effectively than a free-text profile alone.
The result changes the role of population preference data. Global labels should not define
one universal design target. They provide a prior that supports efficient individual adaptation.
Behavioral choices then identify how a person resolves the trade-offs that remain after shared
quality requirements are satisfied. In this form, delegation can preserve agency without requiring
constant confirmation: the agent acts for the person, while the learned objective remains grounded
in the person’s own choices and open to later correction. The final chapter places the result
beside the dissertation’s work on accessible control and outlines a broader research agenda
for collaborative agents that expose plans, communicate state, learn preferences, and remain

correctable over time.
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Chapter 8

Discussion and Future Directions

Agency is reconsidered whenever the state, stakes, or delegation changes.

Through an accessibility lens, the dissertation defines two responsibilities for collaborative agents:
they should surface choices when user intent is unclear and choose well after users delegate decisions.
The discussion turns the results into a decision policy and focuses future work on longer collaboration,

continual personalization, and inspectable shared artifacts.

An agent can complete a task and still leave the person with less control over the outcome.
Morae exposed the problem during execution: an agent could satisfy a shopping request while
silently choosing among products that a BLV user did not know existed. Diffscriber exposed a
related problem after work had been delegated: a blind author could receive a finished presen-
tation without enough access to the visual decisions that shaped it. DesignPref and the final
personalization method showed the same tension in generative interfaces. A model could select a
reasonable screen while choosing according to an average preference that fit no particular person
well.

The dissertation developed two responses. When the user’s intent no longer determines the
next action, the system should make the relevant state accessible and surface the choice to the
person. When a person delegates a recurring subjective decision, the system should learn from
personal evidence so it can choose well and keep the result open to inspection, correction, and
override. DreamStruct, GUIDE, and TEMPURA address the representations needed to recognize
the first situation. UIClip, DesignPref, and the final personalization method address the shared
and personal judgments needed for the second.

The thesis claim is:

Through an accessibility lens, I build collaborative Al agents that surface choices when

user intent is unclear and choose well when users delegate decisions.

Human agency is the goal. Decision authority is the narrower interaction question of who
decides at one moment. A person can hand decision authority to an agent and retain agency when
the delegation is informed, aligned, and reversible. A person can also appear to retain authority
while lacking agency if the relevant state remains inaccessible or the system hides the available

alternatives.

8.1 Agency as a Decision-by-Decision Policy

The results suggest four factors that agents should consider while reaching a consequential choice.
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Decision condition

Risk to agency

Response

Low uncertainty, little
preference sensitivity,
and an easily reversed
action

Several valid outcomes
depend on the person

The agent can inspect
state that the person
cannot

The same subjective
trade-off appears
repeatedly

A mistake is costly or
difficult to detect

Excessive confirmation
adds friction without
improving the result

The agent substitutes its
default for the user’s
judgment

The person cannot
monitor, verify, or correct
execution

Repeated questions
become burdensome,
while a generic choice
remains misaligned

A small model error
becomes a hard-to-recover

Act, report progress, and preserve an undo path.

Surface the alternatives, explain the difference,
and ask at the point where the answer changes
the action.

Translate the relevant state into an accessible
summary linked to the underlying object or
action.

Learn from explicit and implicit feedback,
represent uncertainty, and keep the choice
overridable.

Expose evidence, create a checkpoint, and require
confirmation before commitment.

failure

TaBLE 8.1: A decision policy for preserving human agency. The response depends
on what the agent knows, what the person can inspect, whether the choice is
personal, and how costly a mistake would be.

Uncertainty about the task or environment. The agent may not know which action satisfies

the request, whether the interface state is complete, or whether the current plan remains valid.

Sensitivity to personal judgment. Several actions may all satisfy the task while producing

outcomes that differ in flavor, visual style, information density, privacy, or degree of automation.

Access to the evidence. The agent may see screenshots, code, metadata, or histories that the
person cannot inspect efficiently. The gap is acute for BLV users, but the same problem appears

whenever an agent acts quickly across remote tools or generated artifacts.

Consequence and reversibility. An easily undone formatting change can tolerate more auton-
omy than a purchase, deletion, publication, or design decision that becomes the basis for later
work. The cost includes the effort required to notice the error, not only the effort required to
reverse it.

Table 8.1 maps common combinations to an interaction response. The rows describe patterns
rather than rigid rules. A high-consequence choice may require both an explanation and explicit
approval. A repeated subjective choice may justify preference learning while preserving a visible
override.

The policy separates two kinds of missing information. Task uncertainty concerns the envi-
ronment: the agent may not know which button, plan, or outcome is correct. Better perception
and reasoning can reduce the uncertainty. Preference uncertainty concerns the person: the agent
may know every available option but not know which valid option the person wants. More model
scale cannot reveal a preference that the person has never expressed. The system has to ask, learn,
or deliberately defer. The policy also changes what counts as an accessible agent. Accessibility

does not end when the agent can operate a Ul that a BLV person cannot. The person needs
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access to the agent’s consequential state: what the agent plans, which alternatives appeared,
what changed, what remains uncertain, and how to intervene. Task success should therefore
be measured alongside awareness of choices, undetected failure, correction cost, and the effort
required to verify the outcome. The completed work leaves three directions that matter most for

the next generation of collaborative agents.

8.2 Collaboration Across Longer Workflows

Morae returns one choice at the moment when the interface makes the choice concrete. Real
work often lasts much longer. A person may revise the goal, explore unfamiliar features, repeat
an operation, or discover that an earlier decision created a later problem. A chat transcript and
a stream of clicks provide a record, but they rarely give the person an editable account of the
shared work.

A stronger interface would make the plan a persistent object. The plan should record what
success means, which steps remain provisional, who currently owns each decision, and what
evidence supports the next action. Systems such as Cocoa and CowPilot show the value of
co-planning and shared control rather than a single handoff from person to agent [39, 41]. The
dissertation adds an accessibility requirement: every plan step needs a stable identifier, a concise
state, and a link to the relevant interface object. A screen-reader user should be able to ask for
the next step that needs input, the last step that changed, or the evidence behind a planned action
without reading the entire trace.

Longer workflows also require a graded intervention policy. GUIDE shows that current models
struggle to distinguish productive exploration from frustration or debugging [3]. TEMPURA
shows that event continuity and temporal boundaries need explicit supervision [4]. Future agents
should combine the two. A repeated failed strategy may justify a direct question. A weak signal
may justify a quiet suggestion. A routine action may justify no interruption at all. The system
should update the policy as the workflow develops rather than classify the user once and keep
the label fixed.

Local repair is equally important. When a person corrects one assumption, the agent should
not discard every completed step. The plan should preserve accepted work, identify which later
steps depend on the correction, and explain the resulting change. Diffscriber already applies the
idea to visual artifacts through before-and-after descriptions. The same approach can support
agent plans: describe the delta, retain provenance, and let the person repair one decision without

restarting the task.

8.3 Continual Personalization Across Tasks and Contexts

The final personalization method shows that eight carefully chosen comparisons can improve
generative Ul selection. Eight answers provide a useful start, not a finished model of the person.
Preferences can remain stable across years, vary by application, follow a project or collaborator,
or shift with the current task. A person may prefer dense dashboards at work and sparse reading

interfaces at night. A single frozen profile cannot represent the difference.
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A continual model should separate several timescales. Stable access needs and interaction
constraints should change cautiously. Broad visual preferences can transfer across applications
but still evolve. Project conventions may apply only to one team or artifact. The current goal may
override all three for one task. A hierarchical model could update the local context strongly and
the global profile only when repeated evidence supports the change.

Natural use also produces evidence that is less clean than an onboarding comparison. Selection,
editing, undo, repeated generation, hesitation, and abandonment may all reveal a preference. The
same behavior can also reflect model error, curiosity, or a changed goal. A useful system should
attach confidence and context to each observation rather than treating every click as a stable
statement of taste. When an uncertain observation would cause a large profile update, the agent
can ask a focused follow-up question.

The person should also be able to inspect and edit the learned profile. A preference history
can show representative examples, inferred rules, confidence, scope, and the last update. The user
should be able to delete an inference, mark it as task-specific, or replace it with an explicit statement.
Population data should remain a prior that helps a new user begin; the population average should
never become an invisible rule that the person cannot contest. Continual personalization also
creates a transfer question. The dissertation learns design taste in generated Uls and design, but a
useful agent will encounter slides, documents, widgets, websites, and other visual artifacts. Some
preferences may transfer at the level of hierarchy, density, or visual tone. Others depend on the
artifact and audience. Future work should test which parts of a learned preference model can

move across domains and which parts need new evidence.

8.4 Accessible, Verifiable, and Shared Artifacts

As agents generate more interfaces and visual artifacts, the artifact itself becomes part of the
collaboration. A plausible screenshot does not show whether the code works, whether the
semantics are accessible, which user preference shaped the design, or what changed from the
previous version. A dependable system needs to connect appearance, implementation, and
provenance.

The evaluation order should be explicit. The artifact must first satisfy the requested function
and required accessibility constraints. The system can then assess broad design quality and

personal fit. A schematic score makes the ordering clear:

—00, if a required constraint fails,
score(l,u) = (8.1)
Sshared (I) + Spersonal (I, ), ~ otherwise.

The separation prevents a preference model from trading away keyboard access, readable text,
required content, or correct interaction for a style that the user often likes. Generated code also
needs checks that operate on behavior rather than on the screenshot alone. Work on Al-assisted
accessibility repair shows both the value of model support and the need for explicit verification
in the development process [279].

Every revision should remain inspectable. DreamStruct connects pixels to structure. Diff-

scriber connects one version of an artifact to the next. A future design agent can combine the
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two: preserve stable element identities, describe the change, identify which requirement or pref-
erence motivated it, and link the description to the editable object. The workflow then becomes
collaborative editing rather than a sequence of replacements that erase earlier decisions.

Shared artifacts also raise a multi-party question. A BLV author, a sighted designer, an
organization, an audience, and an Al agent may each have different claims on the result. GenAssist
shows how accessible generative tools can help BLV creators inspect and direct visual generation
rather than accept an opaque image [68]. Future systems should record whose preference governs
each decision and whether the decision was shared, delegated, or disputed. When preferences
conflict, the agent should surface a concrete trade-off instead of averaging the labels. One layout
may fit the author’s preference for concise text, while another may fit a collaborator’s preference
for visible evidence. The system can support negotiation by preserving both options and explaining
the difference.

The same requirements apply to generated interaction controls. Morae’s choice widgets
show how a dynamic interface can expose missing information and constrain the next action.
A personalized system can adapt the visual form, but roles, labels, focus behavior, keyboard
operation, and state announcements should remain stable. Personalization should operate inside

an accessibility contract rather than regenerate access from scratch on every turn.

8.5 Conclusion

This dissertation began with a simple failure. An agent completed a request while taking a choice
away from a person who could not see that the choice existed. The studies that followed found
the same pattern in visual collaboration and generative design, where an agent can produce a
plausible result while hiding the decisions that shaped it or choosing according to the wrong
person’s preferences.

To preserve the person’s agency, the agent must surface choices when the person’s intent is
unclear. The agent must learn the person’s preferences so it can choose well after a decision is
delegated. The shared work must remain accessible, inspectable, and revisable after the action
is complete. Decision authority can move from step to step, but the person should never lose
the practical ability to understand and shape the outcome because the agent treated one initial
request as permission to decide everything. Accessibility provides a challenging yet realistic test
because inaccessible state makes every silent assumption more costly. Personalization provides a
complementary test because no universal objective can settle every valid choice.

Al agents will keep gaining capability, and the question this dissertation opened with grows
with them, because every new ability creates new decisions that have to sit with someone. What
makes an agent collaborative is not what it can do for a person but what it leaves in the person’s
hands — which choices come back, whose judgment shapes the ones that do not, and how much
of the result stays open to revision. An agent that completes the task is automation. An agent

that completes the task while the person keeps the choices that matter is collaboration.
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