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Figure 1: Overview of MAESTRO at the theater selection stage. Initial GUI: The default GUI presents three theater options
with names and screen counts. Elicit and Detect Preference: The agent asks about theater choice, and the user replies with
preferences. Preference Memory: MAESTRO extracts three preferences and plans four GUI adaptation operators. Updated GUI:
The adapted GUI shows only IMAX-available theaters sorted by distance, enabling the user to compare and confirm directly.

Abstract
Modern task-oriented chatbots present GUI elements alongside
natural-language dialogue, yet the agent’s role has largely been
limited to interpreting natural-language input as GUI actions and
following a linear workflow. In preference-driven, multi-step tasks
such as booking a flight or reserving a restaurant, earlier choices
constrain later options and may force users to restart from scratch.
User preferences serve as the key criteria for these decisions, yet
existing agents do not systematically leverage them. We present
MAESTRO, which extends the agent’s role from execution to
decision support. MAESTROmaintains a shared preferencememory
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that extracts hard and soft preferences from natural-language
utterances and provides two mechanisms. Preference-Grounded GUI
Adaptation applies in-place operators (augment, sort, filter, and
highlight) to the existing GUI according to preference strength,
supporting comparison among options. Preference-GuidedWorkflow
Navigation detects conflicts between preferences and available
options, proposes backtracking, and records failed paths to avoid
revisiting dead ends. Through a controlled experiment (𝑁 = 33), we
demonstrated that MAESTRO improved decision quality in movie
ticketing: final bookings left fewer hard preferences unmet, and
users made fewer selections that violated their stated preferences
during the process than in the baseline condition, although task
success rate and completion time did not differ significantly. In
addition, we showed that using MAESTRO in voice mode can
increase users’ active engagement as well as their mental burden,
revealing the nuanced tension in agentic interaction design for
conversational agents with a GUI.
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1 Introduction
Conversational Agents with GUIs (CAGs) are chatbots that
interleave structured GUI widgets, such as buttons or drop-down
menus, with natural-language dialogue. They are proliferating
across domains: personal banking (Erica [3]), customer support
(Xfinity [3]), and recommendations (Amazon Rufus [9], Book-
ing.com [4]). GUIs accelerate input, organize options for visual
comparison, and guide intent through predefined choices [32].
Yet interacting with a GUI through natural language does not
automatically unlock its full expressive potential.

In current CAGs, the agent’s role is largely limited to event
handling, mapping GUI actions to system behaviors, or translating
users’ natural-language utterances into GUI actions (e.g., typing
“Yes” is equivalent to pressing the “Yes” button). This mapping
overlooks the potential to adapt GUIs or streamlineworkflows based
on contextual information gathered during the conversation [7, 28].
For example, a user who told a CAG they were purchasing two
tickets for a date night could have those tickets pre-selected during
the ticket selection stage, based on the previous conversation. As a
further example, consider a CAG that supports troubleshooting a
Wi-Fi connectivity problem: a user who says they restarted their
router may skip a binary Yes/No button press asking whether they
did so, which is typically the first question of the fixedGUIworkflow.
This potential is particularly pronounced in preference-driven,
multi-step tasks like booking a movie ticket: earlier choices (theater,
date) constrain later options (IMAX availability), often forcing
users to backtrack [5, 13]. The CAG can provide agentic decision
support [11], proactively reflecting user preferences in the current
GUI and steering subsequent workflow steps.

To address these gaps, we present MAESTRO (Multimodal
Agent Empowering Selection by Tailoring GUIs, Recalling
preferences, and Orchestrating exploration), which supports
users’ decision making through GUI adaptation and workflow
navigation assistance. MAESTRO maintains a Preference Memory
that structurally extracts preferences from users’ natural-language
utterances and provides two capabilities grounded in this memory.
Preference-Grounded GUI Adaptation applies in-place oper-
ators (augment, sort, filter, highlight) to manipulate information
representationwithin the existing GUIwithout altering its structure,
so that users can be informed about their available choices within
the context of presented GUIs, making it easy to select and compare

options. Preference-Guided Workflow Navigation detects
conflicts between preferences and available options, proposes a
specific step to return to, and logs the current path to avoid
revisiting the failed paths. While recent systems externalize
user intent into structured representations that generate new
interfaces [6, 25], MAESTRO uses its Preference Memory to adapt
an existing GUI in place, preserving the familiar context of a
structured workflow.

We investigate two research questions:

• RQ1 How do preference-based GUI adaptation and navigation
guidance in CAGs affect decision-making performance?

• RQ2 How do users perceive and experience such agentic
interventions by CAGs?

While it is not our central research question, we also investigate how
interaction modality (text vs. speech) influences decision-making
performance and users’ perceptions of the agent as a subquestion
of RQ1 and RQ2.

To answer these research questions, we evaluated MAESTRO
through a 2 × 2 within-subjects study (𝑁 = 33) using a
movie-ticketing CAG, crossing Condition (Baseline vs. MAESTRO)
with Mode (Text vs. Voice). Mode is a secondary factor: prior work
shows that interacting with an agent by voice rather than through
a screen changes how actively users engage with agent-assisted
tasks [37], and speech may amplify the effect of MAESTRO by
making preferences easier to express, particularly in hands-free
contexts such as automotive UI, smart displays, or AR glasses.
In the Baseline condition, the agent delivers information as
textual advice within a single chat-stream layout with GUIs and
without Preference Memory. In the MAESTRO condition, the
agent additionally adapts a persistent GUI panel through in-place
operators and steers exploration via Preference Memory. Each
task involved a set of requirements that a participant needed to
satisfy (e.g., a kid-friendly movie on Saturday for three at the
closest theater). We evaluated performance through task success,
preference violations, unpreferred selection count, task completion
time, utterance pattern analysis, and subjective measures, including
perceived usefulness, perceived burden, and preference rankings.

Our study yields three key insights. First, supporting preference-
aware interaction through GUI adaptation yields measurable
reductions in preference violations, both in the final outcome and
during the decision process. Second, while it did not accelerate task
completion, the system promoted more engaged decision-making,
shifting user behavior toward expressing preferences and actively
navigating the workflow. Third, interaction modality plays a
critical role: while voice facilitates preference expression to a
greater extent, it also introduces additional burden due to delays
and turn-taking constraints. These findings demonstrate that
integrating preference-aware adaptation and workflow guidance
can be a new avenue for agentic behaviors of conversational agents
with GUIs, highlighting both its benefits and design trade-offs. The
research contributions of this paper include:

(1) Design and development of MAESTRO, a novel conversational
agent that facilitates decision making in CAGs, equipped with
GUI adaptation operators (augment, sort, filter, highlight) and
preference-guided workflow navigation.

https://doi.org/10.1145/3830398.3830672
https://doi.org/10.1145/3830398.3830672


MAESTRO: Adapting GUIs and Guiding Navigation with User Preferences in Conversational Agents with GUIs UIST ’26, November 02–05, 2026, Detroit, MI, USA

(2) Empirical findings from a controlled within-subjects study
that evaluates the effects of agentic decision support in CAGs.

2 Related Work
2.1 Agents in GUI-Based Conversational

Systems
Agents have been used as autonomous operators that manipulate
GUI on natural language input on the user’s behalf [46, 51]. Yet
these agents share some limitations: they do not involve users at
important decision points, and hallucinations remain a significant
concern on complex, multi-step tasks [52, 54]. To restore user
control, some systems introduce pause-and-override mechanisms.
MIWA [8] supports step-through debugging and refinement in web
automation, CowPilot [19] lets users pause or override agent actions
during web navigation, andMorae [35] pauses execution at detected
decision points. While these systems help support user control, they
remain automation-centric: agent execution is the default mode,
and user intervention occurs only at identified breakpoints rather
than in a collaboration-centric manner.

A parallel stream grounds conversational interaction in the GUI
itself. Weidele et al. [47] study conversational control of GUIs in
semantic automation, META-GUI [41] links GUI elements with
dialogue context, and MALACHITE [38] provides a GUI-aware
natural-language interface for complex applications. Traditional
task-oriented dialogue systems similarly rely on intent detection
and slot filling to guide task completion [27, 48]. Although these
systems connect language to interface elements, the agent still
mainly executes user intent within a fixedGUI. Recent work has also
used LLMs to generate interface components or whole interfaces
dynamically [1, 6, 7, 17, 31]. Such generation is increasingly guided
by structured representations of user intent, including evolving task-
driven datamodels [6] and just-in-time objectives [25], which define
the task at hand and seed the synthesis of a new interface. However,
generating new interfaces rather than adjusting an existing GUI in
place disconnects the user from the familiar context of the workflow.

A growing body of work instead adapts existing interfaces
through natural language rather than generating new ones
at each turn. Stylette [22] maps styling goals to CSS edits,
DynaVis [44] creates manipulable widgets for visualization editing,
and DirectGPT [30] supports in-place modification of selected
objects. These systems show that natural language can support
in-situ GUI changes, but each interaction is largely self-contained.
Recent works such as IRF [35] and CARE [34] explored sustained
interaction by updating interface content as users refine preferences
over time. Still, these systems largely position the agent as the
primary executor of user intent.

2.2 Decision Support with Preference
Management

Conversational recommender systems (CRSs) have long studied
how to elicit and refine user preferences through dialogue [10,
20, 43]. Recent LLM-based systems extend this work with stronger
preference elicitation, explanation, and recommendation [14, 16, 24].
For example, RecLLM [15] builds user profiles from conversation
history to personalize recommendations. However, these systems

mainly operate within a single recommendation stage, where one
round of elicitation leads to one set of results. In multi-step tasks
such as travel booking, earlier selections constrain later options,
and users must compare alternatives, revisit previous choices, and
balance competing preferences across stages [5, 13]. Qin et al.
framed this complexity as a constrained optimization problem and
found that LLMs are good at following hard constraints, but perform
poorly in following soft preferences [36]. This motivates further
research in designing CUIs for preference-driven multi-step tasks.

For cross-stage preference management, the system must track
preferences as they change over longer conversations. Recent
evaluations suggest this remains difficult. PrefEval [53] shows
that preference-following accuracy drops below 10% by 10 turns
in zero-shot settings. PERSONAMEM [21] finds that frontier
models reach only around 50% accuracy in recognizing dynamic
profile changes, and CUPID [23] reports under 50% precision in
inferring contextual preferences from multi-turn histories. These
results motivate structured external representations instead of
relying only on the LLM context window. Recent works have
used natural-language records, reflection-driven summaries, and
confidence-weighted propositions about user behavior [33, 39].
These systems show that external representations support more
reliable capture and retrieval of user information, guiding the way
for dedicated preference stores for sustained, preference-aware
interaction in multi-step settings.

The remaining challenge is how to apply stored preferences
during the task, both for interface adaptation and workflow
navigation. Within a stage, option presentation affects decision
quality: structuring choices around a preference model and showing
trade-offs improves spoken-dialog performance [11, 12], while in
visual interfaces, format, sorting, and filtering affect search time
and decision confidence [18, 42, 45]. Nav Nudge [49] combines
voice input with an LLM to highlight relevant options on a mobile
GUI. Across stages, accumulated preferences may conflict with
available options, forcing the system to decide how to proceed. The
Frames corpus [13] shows that users naturally revisit prior options
and compare alternatives, making frame tracking a core dialogue
capability. However, these adaptations are driven by fixed rules or
direct manipulation rather than by an agent interpreting ongoing
dialogue.

2.3 Summary
Across the approaches reviewed in Section 2.1 (autonomous exe-
cution, mixed-initiative pausing, GUI-aware dialogue, generative
interfaces, and language-driven adaptation), agents either act
on behalf of the user within an existing GUI, generate entirely
new interfaces, or adapt a single interface state in response to
one-shot commands; none adaptively modify an existing GUI based
on preferences accumulated over a multi-turn conversation to
support ongoing decision making. Unlike intent representations
that define a task and seed the generation of its interface [6, 25],
MAESTRO’s Preference Memory augments and curates an existing
GUI and steers navigation within its fixed workflow. Research on
preference management (Section 2.2) provides elicitation loops,
memory mechanisms, and local conflict-handling strategies, but
these remain confined to single-stage settings or isolated queries,
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and LLMs alone cannot reliably sustain preference tracking over
extended conversations. MAESTRO bridges these two streams:
it interprets preferences expressed in dialogue to apply in-place
GUI adaptation operators (augment, sort, filter, highlight), and it
structurally tracks preferences across workflow stages to detect
conflicts, propose backtracking, and remember failed paths.

3 System Description: MAESTRO
MAESTRO comprises three modules built upon a Conversational
Agent with GUI (CAG): an agent architecture that serves as the
base system; a Preference Memory that extracts user preferences
as structured records and maintains them throughout the session
(Section 3.3); and two modules informed by Preference Memory,
Preference-Grounded GUI Adaptation (Section 3.4) and Preference-
Guided Workflow Navigation (Section 3.5). The agent architecture
alone constitutes a fully functional CAG; MAESTRO extends it
with the preference memory and both modules. All inference tasks
described in this section, including generating responses, extracting
preferences from conversations, deciding to adapt GUIs, and guiding
navigation steps, are powered by OpenAI GPT-5.4.

3.1 Target Domain: Movie Ticketing Assistant
While the approach is applicable to domains where a CAG can be
used, we focus on a specific domain—a movie ticketing agent—to
demonstrate it. We introduce the target domain here before
describing the system, as the examples will be used in the system
description.

The system follows a linear multi-stage workflow (movie, theater,
date, time, seat, and confirmation), where a user has to select
one option at each stage (at the seat stage, one or more seats).
Each stage is associated with a dedicated GUI component: button
groups for movie, theater, and time selection; a calendar for date
selection; and a seat map for choosing seats. This workflow is
modeled after the information structure of major movie-ticketing
services such as Fandango or AMC; stages that co-occur on a single
screen in production services (e.g., theater, date, and showtime) are
separated into individual stages so that each decision point can be
addressed independently. Users may navigate backward to revise
earlier choices, and skipping or reordering stages is not permitted.

3.2 Interface Layout
MAESTRO divides the screen into a GUI panel on the left and
a conversation panel on the right (Figure 2). The GUI panel
persistently displays the current stage’s options and the agent’s
adaptation actions with smooth animation. (see Section A.5) While
typical CAG designs present a linear stream of chat and GUI
elements within a scrollable window, we found that this approach
can make it difficult for users to comprehend the interface. In
particular, GUI elements may be pushed out of view as users and the
agent add new chat messages, or the GUI adaptation module may
append entirely new GUI containers, making the intermixed history
of GUI and chat unnecessarily lengthy. Placing the GUI panel on one
side ensures users can immediately see what has changed. Scrolling
the conversation panel synchronizes the GUI panel, allowing users
to review previous GUI states associated with each chat message.
This preserves the ability to inspect conversation history that users

GUI Panel Conversation Panel

A

C

B

D

E

Figure 2: MAESTRO layout at the theater selection stage.
A○Workflow breadcrumb showing current progress. B○ The
GUI shows distance augmentation and proximity-based
sorting. C○ Adaptation actions shown in the chat panel.
D○Agent follow-up summarizing its actions and information,
prompting the next decision. E○ Voice input interface.

expect from typical chat interfaces, where prior messages and
associated GUI states remain accessible.

3.3 Preference Memory
Preference Memory serves as the shared state for Preference-
Grounded GUI Adaptation (Section 3.4) and Preference-Guided
Workflow Navigation (Section 3.5). Preferences are extracted
from users’ natural-language utterances as structured records and
maintained throughout the session, so that the current screen’s
representation and the navigation path are consistently grounded
in the same preference state.

Extraction and update. Preference extraction is invoked on every
user message. The underlying system prompt of the agent is
designed to elicit users’ preferences (e.g., “Do you have a preference
for theater location or amenities?", See Figure 2). While merely
selecting an option is not recognized as a preference, explicit
expressions of intent, such as constraints and desires, are stored as
preferences. When a new preference overlaps or conflicts with an
existing one, the record’s preference is updated.

Preference Record Structure. Each preference is represented as
a record with three properties. The description field captures
the preference as a natural-language description. The strength
field is either hard (must be satisfied; cued by words such as
“must,” “only,” “need”) or soft (satisfy if possible; cued by “prefer,”
“ideally,” “want”); ambiguous cases default to soft. The strength
property is later used to determine which adaptation policy to use.
The relevantStages field lists the workflow stages to which the
preference applies, assigned by an LLM agent. An example, included
in Section A.1, illustrates a representative set of preference records.

3.4 Preference-Grounded GUI Adaptation
Preference-Grounded GUI Adaptation dynamically changes the
presentation of GUI elements based on the preferences stored in
Preference Memory.
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Figure 3: Four-step adaptation policy illustrated on a movie-selection example. 1○ Default interface 2○ Augment: Ratings
and runtimes appended to each button. 3○ Filter: PG movies filtered out 4○ Sort: Filtered movies are sorted by runtime. 5○
Highlight: Shortest option highlighted with agent confirmation.

3.4.1 Adaptation Operators. To support decision-making, MAE-
STRO reorganizes the presentation of information based on the
current GUI structure and the user’s preferences so far. Instead
of generating GUI elements from scratch, we developed four GUI
adaptation patterns that update GUI elements in place.

Augment operator appends additional attributes to the text
displayed on each button. As described in Section 3.1, each button
shows only a single key attribute by default; the Augment operator
augments text with metadata available for an item (e.g., audience
ratings next to movie titles, or screening end times alongside
showtimes). Surfacing all decision-relevant attributes at once, rather
than requiring users to request them incrementally, improves task
completion and satisfaction [12].

The Filter operator curates information by filtering out items
that do not meet a user’s requirements. For example, it hides
movies that are not suitable for all ages when a user specifies their
preference for a family movie night with a 6-year-old kid. Filtering
is commonly used and validated in dynamic query and faceted
search research [42].

Sort operator reorders the same set of items according to a
selected attribute, especially when the selected attributes are
numeric. An example is reordering the movie list by audience rating
when a user asks for ratings of the movies on screen. According to
the literature, sorting facilitates comparative judgment [18].

Highlight assigns visual emphasis by adding a colored border
to one or more elements, directing attention without adding or
removing information. Visually emphasizing relevant options has
been shown to help users locate target features more quickly [49,
50]. Examples include highlighting a recommended showtime or
four adjacent seats in a seatmap.

These four adaptation operators span the space of in-place
information transformations that preserve GUI structure (layout,
components, and navigation remain intact). All four are imple-
mented as lightweight frontend in-place modifications.

3.4.2 Applying GUI Adaptation. In this section, we explain how
MAESTRO applies GUI adaptation operators through an example
shown in Figure 3.

At each stage, MAESTRO determines which adaptation operators
to apply to the current GUI elements based on the relevant
preferences logged in Preference Memory. In Figure 3- 1○, the user
states two preferences: “G or PG rated kid-friendly movie” (hard)
and “preferably the shorter one” (soft). Once such preferences are
identified, MAESTRO will first augment the GUI elements with
metadata relevant to the preferences; each movie option will now
have ratings and runtimes appended (Figure 3- 2○).

Because the first preference’s strength is hard, MAESTRO applies
the filter operator to hide options that do not satisfy it, such as
R-rated movies or showtimes that start after 5 PM. At stages where
filtering is not applicable (Calendar and Seat-map stages), highlight
is used instead to mark all matching items. The user can always
restore filtered-out items using the “Show All” button at the top-
right of the UI container. ( 3○).

For the soft preference, which reflects a user’s preference for
shorter movies, MAESTRO applies the Sort operator and uses
metadata to reorder items ( 4○). The Sort operator is effective when
the metadata type is ordinal or numeric, such as ratings, price, and
distance. The optimal option is then highlighted ( 5○). Categorical
metadata, such as genre or screen type (e.g., IMAX), cannot be
used with the Sort operator; instead, the Highlight operator visually
emphasizes options that satisfy a user’s soft preference.

Lastly, once GUI adaptation is complete, the MAESTRO agent
will pose a confirmation question in a follow-up message (e.g.,
“Would you like to go with this option?”). Rather than silently
waiting for a selection, the agent proactively proposes the outcome
of its adaptation and invites the user to accept, reject, or revise it.
Not all four operators apply in every scenario; however, when any
of the other three operators is used, the Augment operator always
accompanies it, surfacing the metadata that justifies the adaptation.

The Preference Memory enables reapplying the GUI adaptation.
For example, when a user wants to watch a movie on an IMAX
screen and later selects another movie, MAESTRO filters out
showtimes that are not on IMAX screens during the showtime
stage.
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3.5 Preference-Guided Workflow Navigation
When MAESTRO guides users through a workflow based on their
preferences, conflicts can arise when those preferences (e.g., two
adjacent seats) cannot be met due to real-world constraints (e.g.,
all available seats are single seats). In such cases, users must seek
alternatives and choose different paths. However, they may forget
which step to return to in order to find alternatives that satisfy
other preferences, or attempt to revisit a dead end they have
already encountered. To address this issue, the Preference-Guided
Workflow Navigation module assesses the viability of the current
navigation path and recommends a step the user should return to
when conflicts arise.

3.5.1 Backtracking Suggestions based on Alternative Counts.
MAESTRO tracks the number of remaining alternatives at each
stage along the navigation path. When computing these counts,
it leverages the results of Preference-Grounded GUI Adaptation.
For example, if three theaters are available and filtering by a
free-parking preference narrows the set to two, the one remaining
theater (excluding the user’s current selection) is stored as the
alternative count for the theater stage. This calculation applies
when the agent performs a filter action; for highlight actions, it
applies only when the highlight was used to reduce choices rather
than for visual comparison. For instance, at the date stage, only the
highlighted dates are counted as viable alternatives.

These per-stage alternative counts are injected into the agent’s
input when a conflict is detected, so the agent can suggest an
appropriate step to backtrack to. For example, if the agent perceives
that four adjacent seats are unavailable at the current seat-selection
stage, it receives the alternative counts from all preceding stages.
If the user had indicated that only a specific date was acceptable
(highlighting that date as the sole option), the date stage would have
zero alternatives. If the theater stage preceding it had at least one
alternative, the agent identifies the theater stage as the appropriate
backtrack target and proposes returning to it, rather than going
back to the date stage, which has no other alternatives.

3.5.2 Dead-End Recording. When the user accepts the backtrack
suggestion due to the lack of a viable option, MAESTRO records
the current path as a dead end. This record is then injected into
the agent’s input on subsequent turns, so the agent can avoid re-
exploring previously failed paths. Each dead end is scoped to the
specific combination of preceding selections that produced it. For
example, if selecting Movie A (Stage 1) and Theater B (Stage 2)
yields no viable showtimes (Stage 3), Theater B is excluded on that
path given Movie A, but it remains a valid option when a different
movie is selected on Stage 1.

3.5.3 Updating Alternative Counts and Dead-Ends When a
Preference Changes. Because alternative counts and dead-end
records are each linked to a specific entry in Preference Memory,
MAESTRO can automatically update them when a preference
changes. For example, if several paths were recorded as dead ends
because no IMAX showtime was available, and the user later relaxes
that constraint, the dead-end records tied to that preference (i.e.,
IMAX screen) are removed, and those paths become available for
exploration again. Filter and highlight adaptations linked to the
changed preference are likewise cleared, and alternative counts

are recalculated accordingly. The agent then replans based on the
updated alternative counts and dead-end records, without requiring
the user to manually retrace their steps.

3.6 Agent Architecture
At each turn, MAESTRO observes the current GUI state, including
displayed options and any applied adaptations, together with
underlying data attributes not visible in the interface (e.g.,
ratings, distance), the user’s utterance, and prior selections.
Based on this, it selects actions via LLM tool calling from a
context-dependent toolset that includes standard GUI interactions
(selection, navigation) and the adaptation operators described in
Section 3.4. Preferences expressed early are mapped to relevant
stages via the relevantStages field in Preference Memory, so they
can be evaluated when those stages are reached.

When a preference changes, related dead-end records and
adaptations are automatically updated or removed, enabling the
agent to replan without requiring the user to retrace steps. Because
the Preference Memory carries the core decision context, the
conversation history is truncated to recent turns to mitigate the
lost-in-the-middle problem [26], where language models miss
intermediate context as conversations grow; the current stage’s
GUI state is supplied separately as a representative snapshot.

3.7 Implementation
MAESTRO consists of a React frontend that renders the GUI and
conversation panels, a Fastify backend that serves the scenario
database and session state, and an agent runtime connected to the
frontend through a WebSocket relay. We implemented the agent’s
two LLM components, the preference extractor and the action
planner, as structured prompts over OpenAI GPT-5.4. The extractor
runs only in the MAESTRO condition, and the planner’s prompt is
assembled from per-condition rule blocks. Each component calls the
Responses API with temperature set to 0 and requests structured
JSON output; the full system prompts appear in Section A.6.
Responses that fail schema parsing are salvaged when possible
and otherwise discarded, leaving the interface state unchanged
for that turn. Voice mode uses OpenAI gpt-4o-mini-transcribe for
speech recognition and gpt-4o-mini-tts for spoken output. Our
implementation is publicly available.1

4 Evaluation Method
To evaluate whether MAESTRO improves users’ decision-making
compared to the current CAG paradigm, we conducted a within-
subjects study in the movie-ticketing domain.

4.1 Study Design
4.1.1 2 × 2Within-Subjects Experimental Design. All participants
experienced four combinations of two factors: Condition (Baseline
vs. MAESTRO) and Mode (Text vs. Voice). We denote each
combination using the following labels: Baseline in Text mode
(BT), Baseline in Voice mode (BV), MAESTRO in Text mode (MT),
and MAESTRO in Voice mode (MV).

1https://github.com/wooogler/maestro-movie

https://github.com/wooogler/maestro-movie
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The primary comparison is Condition (Baseline vs. MAESTRO),
capturing the integrated effect of the agent’s decision-support
approach. The secondary comparison is Mode (Text vs. Voice),
examining how input/output modality affects the decision process.
The Condition×Mode interaction is explored to determine whether
Voice amplifies or modulates the effect of MAESTRO. Because the
same participant experiences all four cells, individual differences
are controlled.

4.1.2 Condition: Baseline vs. MAESTRO. In the Baseline condition
(Figure 4), participants used a single chat-stream layout common
to most existing CAGs. The GUI component for the current stage
was persistently displayed below the most recent message, and
GUI components from previous stages remained visible in the chat
history but were locked. Because no GUI adaptation tools were
available, the screen did not change dynamically. In the MAESTRO
condition (Figure 2), the screen was divided into a persistent GUI
panel and a conversation panel, as described in Section 3.1.

The baseline agent still hadmany useful features. Both conditions
provide the agent with access to the same backend metadata;
the difference lies solely in how the agent supports the user’s
decision process. Both conditions perform proactive preference
elicitation—the agent actively asks about preferences upon entering
a stage. In the Baseline, elicited preferences are used only within the
conversation history; in MAESTRO, they are stored as structured
preference records. The baseline agent thus represents a modern,
GUI-integrated, task-oriented chatbot: its tools are limited to
standard GUI interactions, namely selecting an option and moving
to the next or previous stage, and in place of a structured memory
module such as Preference Memory, it uses the conversation
history as its only memory. That history covers the full session,
whereas the MAESTRO condition truncates it to recent turns
(Section 3.6); the system prompts of both conditions are reproduced
in Section A.6. Agents that persist structured records across sessions
(e.g., ChatGPT’s Memory) target long-term personalization and lie
outside this comparison.

4.1.3 Mode: Text vs. Voice. The Mode factor varies the natural-
language input/output channel: Text mode uses text typing plus
GUI clicks with text-based agent responses, while Voice mode uses
speech input plus GUI clicks with spoken agent responses and
a text transcript. In Voice mode, the agent’s spoken output was
queued and played to completion before the input turn returned
to the participant; once the participant activated the microphone,
automatic turn-taking detected the end of the participant’s
utterance and triggered transcription. In both modes, participants
can make simple selections via GUI clicks; the difference lies only in
the natural-language channel. We used a commercial speech-to-text
and text-to-speech engine to implement the Voice mode.

4.2 Domain and Task Design
4.2.1 Domain: Movie Ticketing. We chose movie ticketing as the
study domain based on a content analysis of four major platforms
(Fandango, AMC, Regal, Cinemark). All four share a common
structure: Movie → Date/Theater/Time (compressed onto one
screen)→ Seat→ Payment. We decomposed this into the six-stage
linear workflow described in Section 3.1. Because each stage’s

Figure 4: Baseline condition interface at the theater selection
stage, designed after a typical CAG. A single chat-stream
layout where GUI components and agent messages aremixed
in a linear chat history. The baseline agent also has access to
all metadata.

available options depend on selections made in earlier stages, this
sequential structure forms the basis for cross-stage conflicts that
MAESTRO’s Workflow Navigation is designed to address.

4.2.2 Task Design. Eight tasks are organized into four task sets
(T1–T4) to avoid learning effects from repeating the same task, with
each set containing one warm-up and one main task. Warm-up
tasks require 8 stage visits and 1 backtrack on the success path;
main tasks require 18 visits and 2–3 backtracks. Warm-up tasks
familiarise participants with the current condition and are excluded
from the main analysis.

All tasks share the same interaction skeleton (stage order and UI
types) but use different scenario backgrounds and scenario-specific
databases. Each task is presented as a scenario that includes a
title, a brief background story, and a set of per-stage preference
descriptions. Preferences are linguistically divided into hard and
soft: hard preferences use obligatory language (e.g., “I need a G
or PG-rated movie”), while soft preferences use hedged language
(e.g., “I prefer the closest theater” or “preferably the shorter one”).
Each scenario and paired data set has a single path that satisfies all
the specified hard preferences. Example task prompts are shared
in Section A.2. We typically used soft preferences to guide users
toward a dead end and allowed them to use the system to return
to previous steps to find a viable solution, indicating that no path
satisfied both hard and soft preferences.

4.3 Procedure
Each participant completed one task set (T1–T4) under each
condition. Task–condition pairings and presentation order were
fully counterbalanced using a Latin-square design (Table 1),
requiring 𝑁 to be a multiple of 16 (4 × 4) to control for learning,
order, and task–condition pairing effects.
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Table 1: Latin-square Assignment of Task-Condition Group
to Order for the first four participants.

Group Round 1 Round 2 Round 3 Round 4

Group 1 T1 · BT T2 ·MV T3 · BV T4 ·MT
Group 2 T2 ·MT T3 · BV T4 ·MV T1 · BT
Group 3 T3 · BV T4 ·MT T1 · BT T2 ·MV
Group 4 T4 ·MV T1 · BT T2 ·MT T3 · BV

Participants joined remotely from personal laptops. The
protocol proceeded as follows: (1) consent and pre-study survey;
(2) mandatory screen recording setup (webcam optional); (3) tutorial
via embedded video; (4–7) four rounds, each consisting of a
warm-up task followed by a main task and a per-cell survey;
(8) post-study survey with ranking and per-feature evaluation; and
(9) a semi-structured interview (∼10 minutes).

In each round, the warm-up task familiarised the participant
with the current condition. During the warm-up, the researcher
observed the session with their microphone and camera on and
was available to answer questions about the system’s use. The
warm-up was occasionally skipped when the researcher judged the
participant to be already sufficiently familiar with the condition.
For the main task, the researcher turned off their microphone and
camera and provided no assistance, allowing participants to work
entirely on their own. Per-cell surveys were administered after each
main task (4 times in total). The estimated session duration was
approximately 90 minutes, and participants were compensated $30.

Each task provides a scenario background and preference
descriptions. Constraints are not stated in the brief but discovered
through exploration. The brief remains on screen throughout.

4.4 Dependent Variables
4.4.1 RQ1: Performance Measures. To assess the performance of
MAESTRO, we developed objective measures as proxies for decision
quality and efficiency. For decision-making quality, we compared
their final submitted answer to the single solution that satisfies
all the hard preferences in two ways: Task Success Rate (DV1)—
whether the final booking matches the unique correct workflow, 0
if failed, 1 if successful—and Violation Count (DV2)—the number of
hard preferences unmet; a lower value is better. We also measured
Unpreferred Selection Count (DV3) — the total number of selected
options that violate hard preferences across all stages within a
task, which assesses the effectiveness of GUI adaptation during
the process. For example, Unpreferred Selection Count can exceed
Violation Count if a user repeats the same mistakes, as it captures
errors made during the process, even if they are corrected later. Task
Success Rate and Violation Count both assess the final outcome,
with Violation Count grading the severity of failure that the binary
success measure cannot capture, whereas Unpreferred Selection
Count assesses the decision process leading to that outcome. For
Efficiency, we measured Task Completion Time (DV4).

Another key factor in the success of CAGs is how users express
their preferences. If users do not share their preferences and rely
solely on GUI interactions, MAESTRO cannot be effective. As
we implemented proactive and encouraging language to prompt
users to articulate their preferences, we measured how much users

interacted in natural language and expressed preferences that
cannot be inferred from GUI interactions alone. We classified all
user utterances, i.e., each message, into three functional categories
using LLM-assisted coding validated against manual annotations:
Preference Statement Utterances (DV5) — expressing a want, need,
or priority (e.g., “I prefer the closest theater”); Information-Seeking
Utterances (DV6) — requesting factual information not visible on
screen (e.g., “How long is the movie?”); Action Request Utterances
(DV7) — directing navigation or system actions (e.g., “Go back”,
“March 11th”). We also report Total Utterances (DV8).

4.4.2 RQ2: Perceived and Experiential Values. We used a standard
questionnaire to evaluate the perceived value of MAESTRO
compared to the baseline. We measured Ease of Use using five items
drawn from the Difficulty of Use and Mental Burden subscales of
the User Burden Scale (UBS) [40], averaging the five-point scale
responses across these items. To measure the Perceived Usefulness
of MAESTRO, we used four items from the Perceived Usefulness
(PU) subscale of the Technology Acceptance Model [29], using a
7-point Likert scale (1 = Strongly disagree, 7 = Strongly agree).

Post-study survey was administered once after all four tasks.
Participants ranked the four conditions (BT, BV, MT, MV) in order
of preference and provided a rationale in open-ended responses.

Exit interview was administered at the end of the study and lasted
approximately 10 minutes. The questions covered the most helpful
features, confusing moments, relative preference between the two
interface conditions, and suggestions for improvement.

4.5 Sample Size Justification & Recruitment
We needed 𝑁 = 32 participants. The power analysis indicated that
we need N=24 for a 2 × 2 within-subjects study with a medium
effect size (𝑓 = 0.25), 𝛼 = .05, and power = .80. However, because
the task-pair combinations and order groups were counterbalanced,
we needed the number of participants to be a multiple of 16.
Considering attrition, we recruited 36 participants in total. Two
participants’ data were excluded because technical issues (e.g.,
OpenAI API errors, system errors) disrupted their sessions, and one
participant who failed all four main tasks was excluded from the
analysis as an outlier, yielding 𝑁 = 33.

We recruited participants through various mailing lists involving
students at the authors’ university. All participants (13 female, 20
male) were undergraduate or graduate students. Participants’ ages
were distributed as follows: 18–24 (n = 17, 51.52%), 25–34 (n = 13,
39.39%), and 35–44 (n = 3, 9.09%). The study lasted approximately
1.5 hours. All participants provided informed consent and were
compensated $30 for their participation. The experimental protocol
was reviewed and approved by the Institutional Review Board at
our university.

4.6 Analysis
The primary analysis uses mixed-effects models with participant as
a random intercept and Condition, Mode, and their interaction as
fixed effects. The model family is chosen based on outcome type:
binomial GLMM for binary outcomes (DV1), Poisson GLMM for
count outcomes (DV2, DV3, DV5–DV8), and Gaussian LMM applied
to log-transformed time values (DV4). For the composite scores of
survey responses (UBS and PU), we analyzed them using a linear
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mixed-effects model. Open-ended responses and semi-structured
interview transcripts were analyzed using open coding; two
researchers independently coded responses and consolidated codes
through discussion until they agreed.

5 Results
All analyses use main-task data only (𝑁 = 33, 132 trials; one
participant was excluded as an outlier, see Section 4.5). The
statistical approach follows Section 4.6; all 𝑝-values are two-sided
and unadjusted unless stated otherwise.

5.1 RQ1: How MAESTRO supported decision
making

5.1.1 Performance Metrics: MAESTRO reduces preference violations.
Overall, MAESTRO improved two specific aspects of decision
quality: the final outcome, measured by Violation Count, and the
decision process leading to it, measured by Unpreferred Selection
Count. While the difference in Task Success Rate (DV1) was
not statistically significant, we observed reductions in these two
preference-violation measures, which can serve as reverse proxies
for decision quality. One possible explanation for the absence of a
significant difference in success rate is that the binary measure
is insensitive to partial improvements: a booking that violates
fewer, but not zero, hard preferences still counts as a failure.
Descriptive statistics for all dependent variables, including those
without significant effects, are provided in Table 2.

Violation Count was lower (DV2) in the MAESTRO condition,
and the difference was statistically significant. There was a
significant main effect of condition, with MAESTRO reducing
violation counts compared to the baseline (𝛽 = -0.80, SE = 0.40, 𝑧 =
-1.99, 𝑝 = .047). Neither the main effect of mode nor the interaction
effect was significant. This result suggests that the tickets selected
using MAESTRO had fewer unmet hard preferences, demonstrating
its contribution to improving decision quality. The results for
Violation Count are shown in Figure 5-(a).

Unpreferred Selection Count (DV3) was also reduced in the
MAESTRO condition, and the difference was statistically significant.
There was a significant main effect of condition, with MAESTRO
reducing unpreferred selection counts compared to the baseline (𝛽
= -0.56, SE = 0.21, 𝑧 = -2.64, 𝑝 = .008). We also found a significant
main effect of mode, with Voice reducing unpreferred selection
counts compared to Text (𝛽 = -0.45, SE = 0.21, 𝑧 = -2.18, 𝑝 = .029).
The interaction effect was not significant. This result suggests that
MAESTRO helps users avoid selecting options that violate hard
preferences during decision-making, thereby improving decision
quality, as reflected in DV2. The results for Unpreferred Selection
Count are shown in Figure 5-(b).

While overall Task Completion Time (DV4) was longer for
MAESTRO, the difference was not statistically significant. In
practice, we observed that time spent adapting the GUI contributed
to delays in the MAESTRO condition. Although this trend suggests
a modest time cost, we found no evidence that supporting the
decision process significantly slowed task completion.

5.1.2 Utterance Patterns: MAESTRO encourages people to interact
with the GUI in natural language. We found meaningful differences
in how they interact with MAESTRO compared to the baseline

system. Preference Statement Count (DV5) was higher in the Voice
mode, and the difference was statistically significant. There was a
significant main effect of mode, with Voice increasing preference
statement counts compared to Text (𝛽 = 0.34, SE = 0.11, 𝑧 = 3.18, 𝑝
= .002). The main effect of Condition was not significant, nor was
the interaction effect. The results for Preference Statement Count
are shown in Figure 5-(c). This result suggests that users expressed
their preferences more frequently when interacting via voice, while
the MAESTRO condition had no significant effect.

Action Request Count (DV7) was higher in both the MAESTRO
condition and the Voice mode. There was a significant main effect
of condition, with MAESTRO increasing action request counts
compared to the baseline (𝛽 = 0.39, SE = 0.14, 𝑧 = 2.74, 𝑝 = .006). We
also found a significant main effect of mode, with Voice increasing
action request counts compared to Text (𝛽 = 0.68, SE = 0.13, 𝑧
= 5.11, 𝑝 < .001). The interaction effect was marginal but not
statistically significant (𝛽 = -0.34, SE = 0.18, 𝑧 = -1.94, 𝑝 = .053).
The results for Action Request Count are shown in Figure 5-(d).
Information-seeking utterances (DV6) did not show statistically
significant effects for either factor. Total Utterance Count (DV8)
was higher in both the MAESTRO condition (𝛽 = 0.17, SE = 0.08, 𝑧 =
2.28, 𝑝 = .023) and the Voice mode (𝛽 = 0.41, SE = 0.07, 𝑧 = 5.69, 𝑝 <
.001), with no significant interaction. Overall, these results suggest
that MAESTRO and voice interaction encourages more active and
expressive interaction; the additional utterances under MAESTRO
were driven primarily by action requests. Example conversations
from both modes are provided in Section A.3.

5.2 RQ2: The Perceived Value of MAESTRO
5.2.1 More people preferred MAESTRO over the baseline agent. We
measured subjective responses with Perceived Usefulness (PU) and
the User Burden Scale (UBS). For Perceived Usefulness (PU), we
found no evidence that MAESTRO was perceived as more useful
than the baseline. However, the exit survey clearly showed that
participants preferred MAESTRO over the Baseline agent.

When asked to rank all four conditions after completing the
study, participants showed a clear preference for MAESTRO. The
Friedman test was significant (𝜒2 (3) = 22.45, 𝑝 < .001). Pairwise
Wilcoxon signed-rank tests showed that MAESTRO was preferred
over Baseline in both Text mode (MT vs. BT: Δ = −1.03, 𝑝 <

.001) and Voice mode (MV vs. BV: Δ = −0.48, 𝑝 = .028). Mean
ranks placed MAESTRO Text as the most preferred condition (MT:
1.64), followed by MAESTRO Voice (MV: 2.61), Baseline Text (BT:
2.67), and Baseline Voice (BV: 3.09). Consistent with the ranking
results, first-choice selections also favored MAESTRO. A majority
of participants selected MAESTRO Text (MT) as their top choice
(19 participants), followed by MAESTRO Voice (MV; 7), Baseline
Text (BT; 5), and Baseline Voice (BV; 2).

In open-ended responses, participants reported several reasons
for preferringMAESTRO over the Baseline agent. Many highlighted
the side-by-side interface as more intuitive, less cluttered, and
more interactive. Participants also valued MAESTRO’s ability to
retain preferences when backtracking, which helped them resume
decision-making without restarting the process. Additionally, direct
manipulation of the GUI (e.g., filtering, sorting, and augmenting
information) was perceived to reduce cognitive load compared
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Figure 5: Interaction plots for five dependent variables used in the evaluation: Violation Count (a), Unpreferred Selection
Count (b), Preference Statement Utterances (c), Action Request Utterances (d), and User Burden Scale (e). Each panel compares
Baseline and MAESTRO with separate lines for Voice and Text. Error bars denote ±1 standard error (SE). Statistical significance
is annotated directly on each panel: top horizontal brackets indicate a significant Condition effect (Baseline vs. MAESTRO),
left-side brackets indicate a significant Mode effect (Voice vs. Text), and “Interaction: *” indicates a significant Condition ×
Mode interaction. Asterisks follow the standard convention (* 𝑝 < .05, ** 𝑝 < .01, *** 𝑝 < .001).

to reading text-based responses. Several participants noted that
MAESTRO provided a greater sense of control by supporting both
GUI interaction and conversational input.

However, a subset of participants preferred the Baseline due
to its familiar chat-based interaction style and perceived speed.
While MAESTRO’s transparent actions (e.g., showing filtering
and sorting operations) were appreciated for improving system
understanding and trust, they were also associated with increased
latency, occasional feelings of restriction, and sensory overload.

5.2.2 MAESTRO’s verbosity can amplify a user’s burden. We
calculated Mental Burden and Difficulty of Use from the User
Burden Scale (UBS) as reverse proxies for Ease of Use. UBS did
not show significant main effects of Condition or Mode. However,
we found a significant interaction between condition and mode (𝛽
= 0.30, SE = 0.14, 𝑡 = 2.20, 𝑝 = .030). As shown in Figure 5-(e), users’
burden was higher when using MAESTRO in Voice mode, whereas
the opposite pattern was observed in Text mode.

We identified a strong and relevant pattern in the qualitative
results that helps explain this finding. The turn-taking nature of
the implemented Voice mode—where users could not interrupt
while the agent was speaking—led to frustration. Many participants
reported annoyance due to latency and speech recognition
inaccuracies. The following quotes illustrate these experiences.
• (P4) “I felt that the narrator was reading too much of the script,
and at certain moments, I felt that, uh, I need to wait for the agent
to complete its script before I could give my feedback.”

• (P5) “As someone who is multilingual, it makes me mad when
what I am saying is not transcribed accurately.”

• (P25) In the voice interface, there was a bit of lag, and I kept
talking over the AI assistant.

Because speech recognition was identical across the conditions, the
inherent verbosity ofMAESTROmay have amplified this frustration
and contributed to the UBS interaction effect. MAESTRO was
designed to provide continuous feedback, and its GUI adaptation
introduced additional messages whenever the interface was
updated, potentially increasing perceived wait time.

To examine this, we analyzed the number of agent utterances.
Agent Utterance Count was higher in the MAESTRO condition.

There was a significant main effect of Condition, with MAESTRO
producing more utterances than the baseline (𝛽 = 0.51, SE = 0.04,
𝑧 = 12.70, 𝑝 < .001), yielding, on average, 20 more messages per
task. These results suggest that MAESTRO generates more system
feedback during interaction, which may contribute to increased
perceived burden, particularly in Voice mode, where turn-taking
delays further accumulate.

5.2.3 Towards Agentic Exploration. One common form of feedback
we received from participants, as well as a recurring pattern
observed during the tasks, was the expectation that MAESTRO
could perform forward search. For example, multiple users asked
questions such as, “I would like a showtime that has three adjacent
seats,” when prompted to select a showtime. However, MAESTRO
does not have the ability to look ahead to future stages; it only
logs interaction traces and preferences based on past actions. The
following comments illustrate this expectation.

• (P2) “Letting us know if there’s premium seating, or seating
preferences while we’re choosing the timing or the theater, I think,
it would make the process a little faster.”

• (P24) “ I kind of hoped that it would be able to see information like
on the next step. it’ll be nice if I could just write all my preferences
down and like lists, like the available options from there.”

While this is not technically infeasible, it would require substantial
computational resources to exhaustively search the entire solu-
tion space without human involvement, potentially relying on
brute-force methods. These results suggest that users may form
expectations that the agent can effectively explore the full search
space on their behalf.

6 Discussion
We found that MAESTRO reduces preference violations in both
the final outcome and the decision process, without a statistically
significant increase in task completion time. These benefits come
with trade-offs, particularly in Voice mode, where increased
feedback and latency originating from intelligent adaptation
increase perceived burden, which future design should consider.
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6.1 Understanding Users More Deeply through
Decision Support

MAESTRO improved decision quality by adapting the GUI to reflect
users’ preferences. Beyond these immediate benefits, an important
opportunity lies in leveraging accumulated preferences over time
to develop a deeper understanding of users. Prior work has
explored representing users’ long-term preferences as structured
propositions to personalize LLM outputs and support agentic
behavior [39], as well as maintaining persistent user memory [2].

In particular, the ways users compromise and adjust their
priorities through this interaction can reveal more nuanced aspects
of their lifestyles or tastes, especially when preferences are
revised in response to conflicts. For example, some users may
prioritize a specific movie and remain committed to it despite
constraints, whereas others may treat such preferences more
flexibly, adjusting themwhen conflicts arise. These patterns suggest
that decision-support systems like MAESTRO can move beyond
immediate task assistance toward modeling users’ underlying
priorities over time.

This type of nuanced understanding can be valuable for im-
proving the perceived quality of web automation agents that must
autonomously make decisions without user interruption. Current
approaches often rely on human-in-the-loop mechanisms [8, 19, 35]
in specific contexts, such as accessibility. However, these moments
of human intervention may be precisely where deeper reasoning
about users’ multiple, potentially conflicting preferences is required.
Enabling agents to better model and coordinate such preferences
could enhance their ability to act more effectively on behalf of users.

6.2 Rethinking Voice Interaction for Assisting
User In Agentic Ways

We observed two ambivalent aspects of voice mode in its support
for decision-making. On one hand, using CAGs in voice mode
increased certain types of utterances, particularly action requests
expressed in natural language rather than through GUI interaction,
as well as preference statements. This provides users with more
opportunities to express their intentions and preferences. On the
other hand, voice interaction increased users’ perceived burden,
especially because it delivers system feedback through the same
primary modality used for GUI adaptation.

We believe that improving voice interaction in a more natural
and efficient manner presents a promising direction for future
design. For instance, not all feedback needs to be conveyed through
voice; non-verbal feedback—particularly visual cues—can effectively
communicate system actions. For example, the animation of the Sort
operator clearly illustrates how the system reorganizes information
to support decision-making.

In addition, modern voice-to-voice APIs support more natural
interaction by allowing users to interrupt the agent while it is
speaking. In such cases, the agent need not halt its operations; it
can continue adapting the GUI in the background while processing
user input, enabling the agent’s multitasking capabilities.

6.3 Calibrating Agent Initiative
Our findings also speak to howmuch initiative a task-oriented CAG
should take. Participants welcomed initiative that stayed within

the current stage, citing the adaptation operators as reasons for
preferring MAESTRO. Several participants expected more, asking
the agent to look ahead to later stages and pre-screen options
on their behalf (Section 5.2), a level of planning that MAESTRO
does not attempt. However, initiative carries a communication cost
that the interaction modality must absorb, as the same proactive
feedback that was acceptable in text amplified perceived burden
in voice. These observations suggest calibrating initiative to the
feedback channel and to the reversibility of the action: propose and
confirm before committing on the user’s behalf, keep feedback
visual where possible in voice mode, and reserve autonomous
execution for steps the user can easily undo.

6.4 Generalizing MAESTRO Beyond Movie
Ticketing

Although we instantiatedMAESTRO in amovie-ticketing workflow,
its mechanisms operate on a generic stage and attribute schema
rather than on domain-specific logic. They can therefore extend
to tasks that proceed through selection stages built from standard
GUI widgets (e.g., drop-down menus, checkboxes, and date pickers),
such as flight booking and step-by-step troubleshooting. Adapting
MAESTRO to a new domain involves coding the stages, describing
each stage’s attributes for the adaptation operators, and adjusting
the prompt that assigns preferences to relevant stages.

Richer domains raise two design questions: how to prioritize the
attributes that the augment operator surfaces when layout space
is limited, and how to support flexible stage orders, as when a
user picks a theater before a movie. The agent could treat each
ordering as a distinct linear workflow selected at the outset, much
as it selects tools, leaving the navigation mechanism unchanged. In
the long term, because adaptation occurs in place, MAESTRO could
run as a browser extension that modifies the markup of existing
web applications, extending preference-grounded adaptation to
tasks such as online shopping without redesigning the underlying
services.

6.5 Limitations
Several limitations should be noted. First, our study uses a
single domain—movie ticketing—and generalisability to more
complex or heterogeneous domains remains to be established.
Second, the comparison is between Baseline and MAESTRO as
a bundle (separated UI + GUI Adaptation + Workflow Navigation),
so the independent causal contributions are not isolated. We
provide indirect evidence through RQ-specific measure patterns,
but rigorous factorial decomposition is left for future work.
Third, the remote study setting limits control over the physical
environment and introduces variability in participants’ hardware
and connectivity. Fourth, the fixed-preference design, while
necessary for experimental control, does not capture how users
might dynamically relax their preferences in response to real-world
constraints. Fifth, we did not evaluate the accuracy of Preference
Memory in isolation, as extraction performance depends not only
on the system but also on whether and how users articulate
their preferences; we instead refined extraction reliability through
iterative testing during the pilot study, and a technical evaluation
remains future work.
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A Appendix
A.1 Sample JSON Object in Preference Memory

[
{

"description": "comedy movie",
"strength": "soft",
"relevantStages": ["movie"]

},
{

"description": "Friend A must be home by 10 PM",
"strength": "hard",
"relevantStages": ["time", "seat"]

},
{

"description": "prefer higher-rated movies",
"strength": "soft",
"relevantStages": ["movie"]

}
]

A.2 Example Scenarios for Main Tasks
A.2.1 Parents Anniversary Gift.

Background.
I am trying to set up a movie outing for my parents’ anniversary
weekend, and I want it to feel warm, comfortable, and a little
special.

Movie stage.
I need a PG-13 or below romance movie, preferably warm and
familiar in tone.

Theater stage.
I would start with the closer theater, but can switch for better
timing or seating.

Date stage.
I prefer Saturday, March 14, but Sunday, March 15 also works.

Showtime stage.
I need it to start after 4:00 PM and end by 9:00 PM on Saturday,
and on Sunday I need a true morning show.

Seat stage.
I need two adjacent premium seats—standard would feel too
ordinary.

A.2.2 Sibling B-Movie Comedy Night.

Background.
I am planning a movie night with my sibling, and I want it to
feel weird and fun in exactly the right low-budget way, even if I
have to try a couple of paths first.

Movie stage.
I want a cult comedy, and I prefer the lower-rated one over the
higher-rated one.

Theater stage.
I need it at the single-screen theater.
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Date stage.
I can go on Friday, March 13 or Saturday, March 14, and I prefer
Friday.

Showtime stage.
I need it starting after 6:00 PM and ending by 10:00 PM,
preferring the earlier showtime.

Seat stage.
I need two adjacent seats, not in the back rows.

A.3 Example Conversations by Mode
To illustrate how interaction differed between modes, we reproduce
excerpts from two MAESTRO sessions on the same task (Sibling
B-Movie Comedy Night, Section A.2). In these excerpts, the Text-
mode participant states preferences compactly and confirms quickly,
whereas the Voice-mode participant speaks in longer, hedged turns,
requests summaries, and asks the agent for a suggestion.

MAESTRO in Text mode (P32; movie and theater stages).
Agent:What kind of movie are you in the mood for?
P32: I want a cult comedy and I prefer the lower-rated one over
the higher-rated one.
Agent: Showing genre and rating so your movie preferences are
easier to compare.
Agent: Showing the cult comedies and favoring the lower-rated
one among them.
Agent: The lower-rated cult comedy here is Slime Beach
Weekend. Want to go with that one?
P32: yes
Agent: Got it — Slime Beach Weekend.
(theater stage)
Agent:Which theater works best for you?
P32:Which one has single-screen?
Agent: Showing screen counts for these theaters.
Agent: Showing theaters with 1 screen.
Agent: Picture Shack is the single-screen theater here. Want to
go with that?
P32: yes

MAESTRO in Voice mode (P01; movie stage).
Agent:What kind of movie are you in the mood for today?
P01: I am interested for a movie night with my sibling. Um, I
want it to feel weird and fun. What would you suggest?
Agent: I’m showing which movies lean more weird and fun.
Agent: I’m highlighting the movies that best match weird and
fun.
Agent: The best matches for that vibe are Slime Beach Weekend
and Motel of Miracles. Which one sounds better to you?
P01: Tell me a small summary between the two, like two to three
sentences.
Agent:Here are short summaries for the two highlighted movies.
Agent: The short summaries are on screen now for those two
picks. Which one fits your movie night better?
P01: I would prefer like a rougher B-movie or cult comedy.
Agent: I’m highlighting the cult-comedy picks that fit that
rougher B-movie vibe.

Agent: Both highlighted movies fit that rougher cult-comedy
vibe. Which one do you want to go with: Slime Beach Weekend
or Motel of Miracles?
P01: Not a prestige one. Which one do you suggest?
Agent: Slime Beach Weekend sounds like the better fit for that
rougher B-movie, cult-comedy vibe. Want to go with that one?
P01: Yes.
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A.4 Descriptive Statistics for All Dependent Variables
Table 2 reports descriptive statistics for all dependent variables across the four conditions, including measures that did not show statistically
significant effects.

Table 2: Descriptive statistics for all dependent variables by condition (mean (SD); Task Success Rate as the percentage of
successful trials). BT/BV denote Baseline in Text/Voice mode; MT/MV denote MAESTRO in Text/Voice mode. The Sig. column
marks statistically significant effects from the mixed-effects models (Section 4.6): C = Condition main effect (Baseline vs.
MAESTRO, i.e., BT+BV vs. MT+MV), M = Mode main effect (Text vs. Voice, i.e., BT+MT vs. BV+MV), C×M = their interaction (*
𝑝 < .05, ** 𝑝 < .01, *** 𝑝 < .001).

Measure BT BV MT MV Sig.

Task Success Rate (DV1) 61% 67% 76% 76% —
Violation Count (DV2) 0.61 (0.97) 0.42 (0.83) 0.27 (0.63) 0.27 (0.63) C*
Unpreferred Selection Count (DV3) 1.76 (2.00) 1.12 (1.27) 1.00 (1.39) 1.00 (1.46) C**, M*
Task Completion Time (DV4, s) 349.2 (154.1) 406.0 (142.3) 403.1 (197.8) 466.9 (182.0) —
Preference Statement Utterances (DV5) 4.36 (2.92) 6.15 (3.37) 4.91 (3.21) 6.67 (3.78) M**
Information-Seeking Utterances (DV6) 2.09 (1.97) 2.36 (2.09) 1.82 (1.86) 1.88 (1.65) —
Action Request Utterances (DV7) 2.52 (2.60) 4.97 (3.96) 3.70 (4.58) 5.18 (4.02) C**, M***
Total Utterances (DV8) 9.64 (6.34) 14.52 (7.26) 11.45 (8.33) 15.21 (8.56) C*, M***
Agent Utterance Count 29.6 (12.0) 36.5 (13.6) 49.3 (21.0) 55.8 (19.9) C***, M***
User Burden Scale (0–4) 0.64 (0.60) 0.58 (0.49) 0.50 (0.44) 0.75 (0.63) C×M*
Perceived Usefulness (1–7) 5.70 (1.11) 5.46 (1.26) 5.73 (1.21) 5.44 (1.33) —

A.5 MAESTRO User Study Interface Screenshot

Figure 6: A screenshot of the user study interface showing MAESTRO in text mode at the seat-selection stage. The left panel
displays the task scenario and step-by-step stage instructions given to participants. The center panel shows the interactive seat
map. The right panel shows the conversation panel where the agent communicates seat recommendations through text.
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A.6 LLM System Prompts
The agent runtime uses two LLM components (Section 3.7): the preference extractor, which runs only in the MAESTRO condition, and the
action planner, which runs in both conditions. The system prompts of both components are reproduced below. The planner’s system prompt
is assembled from a shared core, a per-stage section listing the fixed stage order and each stage’s goal, generated at runtime, a rule block for
Preference Memory (full rules in the MAESTRO condition, a reduced variant in the Baseline condition), a rule block for GUI adaptation
(likewise per condition), and shared tool-calling rules.

Preference extraction system prompt
You maintain the user preference list for a booking agent.
Input: userMessage, currentStage, state, compactUi, recentDialogue, existingPreferences.
Output: { hasUpdate, preferences }.

Procedural vs durable - read the full recentDialogue first:
- Procedural: the agent narrowed to a small set and asked the user to pick one. The user just picks one to proceed. -> set

hasUpdate=false, preferences=[].
- Durable: the user freely states what they want - a name, a constraint, a desire. This is a preference even if it matches a

visible item. Store it.
- When in doubt, set hasUpdate=false, preferences=[].

Strength:
- "hard": user accepts ONLY matching options (cues: must, only, need, should, no later than).
- "hard": user names a specific visible item exactly (e.g. userMessage matches a visibleItems value). Picking a concrete item

by name is a direct selection, not a vague preference.
- "hard": user restates an existing soft preference without any hedging words (prefer, ideally, if possible, would like, want)

- treat the restatement as an upgrade to hard.
- "soft": user prefers but accepts alternatives (cues: prefer, ideally, if possible, like, want).
- If one clause combines a hard acceptance constraint with a soft tie-breaker, extract them as separate preferences.
- Ambiguous defaults to "soft".

Updating existingPreferences:
- Changed (strength, scope, or wording): update the entry in place. Do not duplicate.
- Withdrawn: omit it. Unchanged: preserve wording and relevantStages exactly.
- Write each description as a short sentence capturing user intent (e.g. "Wants to watch Cosmic Laughs.", "Prefers evening

showtimes."). One entry per distinct preference.
- If a preference is conditioned on or scoped to a choice at another stage, preserve the qualifier in the description.

Dropping it turns a conditional preference into an unconditional one.
- Assign relevantStages using stageFieldGuides.

Action planner: shared core
You are a movie-booking assistant helping a user complete their reservation.

Decision framework:
- ACT when intent is clear: direct instruction, explicit "choose for me", confirmation of a suggestion, or agreeing to

backtrack (call prev).
- SUGGEST when a preference points to a best match but the user hasn't explicitly chosen it. Do not select for preference-

based recommendations - let the user confirm. A comparison preference justifies sorting or surfacing information but does
not authorize selecting the top-ranked option.

- ASK when multiple viable options remain and no user statement distinguishes them. Elicit preferences in natural language -
the GUI already prompts selection, so don't repeat that.

Context:
- Use history and workflow together to infer intent, prioritizing unresolved recent preferences.
- Treat workflow.currentStage, available tools, and proceedRule as hard boundaries.
- Treat workflow.currentView as the authoritative screen state for the current stage. History entries for the current stage

carry only tool annotations, not screen data.
- Use workflow.state for earlier-stage context. Do not assume later-stage information.

Guardrails:
- Use only the tools provided for this turn. If a tool is unavailable, treat that as a hard boundary rather than inferring

hidden follow-up behavior.
- Keep criteria stage-appropriate - earlier-stage rationale does not create new objectives for the current stage.
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- Use commitment actions (select, next) only when the user indicates a specific choice - by naming an option or its value,
confirming a suggestion, or agreeing (e.g., 'yes', 'friday', 'that one', 'can I go with X?'). When criteria narrow
options but the user has not indicated a specific choice, suggest rather than commit.

- Treat prev as navigation rather than commitment.
- Do not infer unstated optimization goals or tie-breakers such as highest-rated, cheapest, nearest, earliest, latest,

shortest, or best default.

Action planner: Preference Memory rules (MAESTRO condition)
Workflow context (CP-memory-specific fields):
- workflow.priorStageAlternativeCounts (when present): earlier-stage alternative counts in nearest-first order after applying

preference-linked filters. Use them to judge flexibility when suggesting backtracking.
- workflow.backtrackContinuation (when present): the previous prev action declared that backtracking is still in progress. Its

targetStage field names the destination stage.

Memory (top-level 'memory' field):

Field definitions:
- preferences: active decision criteria. Apply when relevantStages includes the current stage or the user restated them.
- deadEnds: branches tried and failed. Treat dead-ended scopes as unavailable.

Preference handling:
- Apply hard preferences first, then soft preferences.
1. Hard pass: identify all items satisfying every hard preference. Surface this full set - never narrow it by a soft

preference.
2. Soft pass: among the hard-valid set, suggest the soft-preferred item but keep the full hard-valid set available so the

user can choose an alternative.
3. If exactly one hard-valid item exists, suggest it. If zero exist, see dead-end rules below.

- If hard-valid items exist but none satisfy the soft preference, suggest the closest match - do not suggest backtracking for
a soft failure alone.

Dead-end handling:
- workflow.currentView.deadEndItemIds (when present): item IDs that are dead-ended downstream. Never select or recommend these.

- Apply preferences after excluding dead-ended items. If exactly one viable option remains, suggest it and ask the user to
confirm. This is not a conflict, so do not emit conflictMemory. If multiple remain, ask the user to choose.

- If no visible option satisfies a hard preference, emit conflictMemory, briefly explain why, and suggest going back to the
nearest earlier stage that has remaining alternatives (based on priorStageAlternativeCounts). Name that specific stage
only - do not present multiple earlier stages as options.

- If prev is unavailable this turn but priorStageAlternativeCounts shows an earlier stage with count > 0, still mention going
back as an option the user can request.

Backtracking:
- Call prev immediately when EITHER condition is met (each is independently sufficient):
(a) The user consents to backtrack - answers 'yes' to a backtrack suggestion, says 'go back', or gives any explicit

backtrack request.
(b) workflow.backtrackContinuation is present and currentStage !== backtrackContinuation.targetStage.
In either case, do not re-explain or re-ask - act.
For condition (b) intermediate hops, use a single short distinct phrase indicating progress toward the destination. Never

repeat the same wording across consecutive hops.
- When initiating a multi-stage backtrack, attach backtrackContinuation with targetStage set to the nearest earlier stage with

a positive count in priorStageAlternativeCounts. Intermediate stages will auto-continue via condition (b).
- When currentStage === backtrackContinuation.targetStage, you have arrived - stop calling prev and resume normal dead-end and

preference evaluation.
- If a hard requirement cannot be verified from the current GUI state and no tool can surface it, treat as a dead end.

Action planner: backtracking rules without Preference Memory (Baseline condition)
Backtracking:
- If the user wants to go back and prev is available, call prev immediately.
- If no visible option satisfies the user's stated requirement and prev is available, briefly explain why and ask whether they

'd like to go back.
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Action planner: GUI adaptation rules (MAESTRO condition)
GUI adaptation rules:

Turn sequencing for GUI tools:
- If the provided tools are limited to GUI adaptation tools, continue applying pending preference-based GUI actions before

responding.
- After a GUI action, do not restate or reference what the previous turn already conveyed (e.g., avoid 'already highlighted',

'I've filtered'). If no further GUI action is needed, ask a brief confirmation question.

assistantMessage style:
- Treat assistantMessage as a brief spoken cue. Let the GUI carry visible detail - do not restate what is already on screen

unless the user explicitly asked to hear it.
- Do not mention item metadata in assistantMessage if it is not already visible in the UI; surface it through a GUI tool first.

How tools stack:
- All GUI tools accumulate - filter + sort means filtered first, then sorted within the remaining set.
- When a preference changes (e.g., hard->soft), use clearModification to reset before applying new tools, so hidden items are

restored.

Tool selection by preference strength:
Step 1 - visibility gate (MANDATORY, always first): for each active criterion, does its field appear in visibleItems[].value?
visibleItems[].value is the text the user sees. If ANY criterion maps to a field not in those strings, call augment to

surface ALL missing criteria in one call before proceeding to filter/highlight/sort.
Never treat item IDs or ID substrings as visible fields.

Step 2 - if the field IS visible, apply by strength:
Hard (user can accept ONLY matching options):
- filter to hide non-matching items.
- If filter is not available, highlight ALL matching items instead - do not narrow the set by a soft preference.
- If no option matches, do not filter - respond explaining why.
Soft (user prefers but would accept alternatives):
- Ordinal field (rating, time, distance, price ...): sort.
- Categorical field (genre, format, type ...): highlight.
- When highlighting for a soft preference, include all user-stated acceptable options - not just the top pick. Suggest the

preferred one in assistantMessage.
- If a hard preference already highlighted multiple items, do not re-highlight a smaller subset. Instead, mention the soft-

preferred item in assistantMessage.
- Exception: when visible items are numerous, filter is acceptable.

augment notes:
- Surface only the missing criterion or criteria needed for the user's current request or the immediate next GUI action. Do

not bundle extra helpful context or tie-breakers unless the user asked for them or they are required to act safely.
- augment replaces visibleItems display text only - raw item data is unchanged, so filter (which operates on raw fields) is

independent of augment.
- filter operates only on native item fields present in items[].
- If a criterion is not visible and remains relevant after another GUI action, augment is still required on the next turn

before asking a tie-break question.

Pre-select confirmation:
- When preference evaluation narrows to a single viable option, highlight it first. The confirmation question belongs in the

follow-up respond turn, not in the highlight assistantMessage.

Guardrails:
- Do not sort, filter, or augment without a user criterion or stage-relevant preference. Without one, prefer respond.

Action planner: response rules without GUI adaptation (Baseline condition)
Response rules:
- assistantMessage is the user's primary information source. The GUI shows only item labels, not detailed attributes.
- When the user has NOT asked a question or stated a criterion, ask one brief follow-up question to elicit preferences. Do not

proactively list item attributes or comparisons - let the user guide what details matter.
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- When the user asks a question or states a criterion, include only the option names and attribute values relevant to that
request so the user can decide. Do not read back the whole visible set unless the user explicitly asks.

- Keep responses concise even when multiple options match. Mention a few key options or summarize briefly - do not enumerate
every viable option with full details.

- Do not introduce unsolicited comparison dimensions or turn a tie into an unrequested recommendation.

Action planner: tool-calling rules (shared)
Tool-calling rules:
- Use exactly one provided function on every turn.
- If no GUI tool should be used now, call "respond".
- Fill "reason" FIRST: assess user intent and current state, then justify the chosen action. Then write "assistantMessage"

consistent with that reasoning.
- If calling filter or highlight to apply current user preferences, include "preferenceIds" with the existing memory IDs that

justify that action. Omit preferenceIds when the action is not preference-driven.
- For highlight, also include "coverage": use "full" when the highlighted items represent the full viable set for the relevant

preference(s), and "partial" when they are only a suggested subset.
- For GUI tool calls, assistantMessage should briefly state what criterion or preference is being applied, not just that an

action is happening. Do not ask for permission.
- Base assistantMessage only on visible information and known context. Do not invent facts or claim later-stage knowledge.
- Never include internal item IDs in assistantMessage; use human-readable labels.
- Do not use internal terms (path, branch, dead-end, blocked, scope) in assistantMessage. Frame explanations around the user's

choices.
- Do not output plain text without a function call.
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