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Figure 1: Our work addresses the challenges of intent-based outcome specification in human–LLM interaction, where user

intents are often subconscious and underspecified, and tend to be fluid and evolving. Through a systematic literature review,

we identified four aspects of intent communication support: • Articulation, • Exploration, •Management, and • Synchroniza-

tion. We instantiate these aspects in IntentFlow, an LLM system for writing tasks that (1) helps users articulate vague or

subconscious intents, (2) supports exploration of alternative or emerging directions, (3) manages evolving intents over time,

and (4) synchronizes intents with generated outputs through linking.

ABSTRACT

Generative AI shifts interaction toward intent-based outcome speci-
fication, despite inherently vague, fluid, and evolving intents. While
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HCI research has proposed diverse interaction techniques to sup-
port this process, how key aspects of intent communication inter-
play to shape users’ workflows remains underexplored. To bridge
this gap, we conduct a systematic literature review of 46 HCI papers
and identify four core aspects of intent communication support:
intent • Articulation, • Exploration, • Management, and • Synchro-
nization. To investigate how these aspects interplay in practice, we
developed IntentFlow, a research probe that embodies all four as-
pects for a writing task, and conducted a comparative study (N=12).
Our action-level behavioral analysis reveals that comprehensive
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support enables verification-driven refinement and progressive in-
tent curation, reduces cognitive effort, and improves users’ sense
of control and understanding of intent–output alignment. We con-
clude with design implications for building generative AI systems
that support intent communication as a dynamic, iterative process.
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• Human-centered computing → Interactive systems and

tools; Interaction paradigms; Empirical studies in HCI .
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1 INTRODUCTION

Advances in generative AI, such as large language models (LLMs)
and vision-language models (VLMs), allow people to easily obtain
high-quality outputs, ranging from polished text [33, 39, 57, 82,
90] to functional code [45, 48] to complete visual designs [58],
simply by describing what they want in a natural language prompt.
This represents what Jakob Nielsen calls a new UI paradigm in
computing history—intent-based outcome specification—where users
tell the computer what they want, rather than how to do it [51].

While prompting may appear straightforward, communicating
intent through natural language is inherently complex. Drawing
from communication theory [24, 37, 67], we can understand prompt-
ing as conveying two key types of information: the user’s goal and
their intent. A goal denotes the high-level objective (e.g., writing
a cover letter), which tends to be explicit and stable throughout the
process. In contrast, intents capture low-level strategies, prefer-
ences, or constraints for achieving that goal, often emerging or shift-
ing during the process (e.g., deciding whether to introduce one’s
background before the motivation, adopting a polite tone, or keep-
ing certain sections concise). Communication scholars emphasize
that intent is inherently fluid and often subconscious [24, 37, 38, 67].
People may not be fully aware of their own intents at the outset;
these may evolve, surface gradually, or even fade as they reflect on
outcomes and iterate on their actions.

HCI researchers have similarly noted that users’ intents are often
not fully articulated at the beginning of interaction [7, 22, 60, 71, 74],
and a wide range of interaction techniques have been proposed
to support intent communication over time [75, 78, 89]. However,
these efforts are scattered across systems that address different as-
pects of intent communication in isolation, leaving open questions
about how such support mechanisms interact and reinforce one
another in practice.

To synthesize existing insights, we conducted a systematic lit-
erature review (SLR) of 46 HCI papers on generative AI systems
related to intent communication. Through this review, we identi-
fied 14 interaction features and grouped them into four key aspects

of intent communication: (1) Intent Articulation—helping users
express vague intents, (2) Intent Exploration—supporting users
in discovering and expanding their intents, (3) Intent Manage-

ment—providing a structured way to manage evolving intents, and
(4) Intent Synchronization—ensuring a mutual understanding
between the user and LLMs regarding communicated intents (Ta-
ble 1). While prior work has contributed valuable techniques for
each aspect, how they interplay to shape users’ dynamic intent
communication process remains underexplored.

This gap motivates the following research questions, examin-
ing how the four aspects jointly shape intent communication in
practice:

RQ1. How do intent communication support features affect users’
perceived experience and cognitive workload?

RQ2. How do users communicate their intents when interact-
ing with a system that integrates support for • Articulation,
• Exploration, •Management, and • Synchronization?

RQ3. Howdoes the interplay among different intent communica-

tion support features shape users’ intent communication
behaviors?

Addressing these questions requires a probe that integrates all
four aspects within a single interaction workflow. We developed
IntentFlow, a research probe that instantiates all four aspects—•
Articulation, • Exploration, •Management, and • Synchronization—
through representative and dominant features identified in our SLR.
We situate IntentFlow in the context of LLM-based writing tasks,
which provide a representative testbed due to their iterative nature
and the need to balance multiple, evolving intents such as content
structure, tone, and emphasis [19, 57].

Using this research probe, we conducted a within-subjects study
(N=12) comparing IntentFlow with a conventional chat-based
LLM interface representative of widely-used commercial systems
such as ChatGPT Canvas [52] and Claude Artifact [1]. We include
this baseline to contrast users’ intent communication process when
supported by all aspects versus the current practice, which primarily
relies on conversational turn-taking with free-form prompts.

Our behavioral analysis revealed distinct interaction patterns
when all four aspects of intent communication were jointly sup-
ported. Users engaged in iterative cycles of • Articulation and •
Synchronization, using system feedback to verify how their intents
were reflected in the output—demonstrating verification-driven re-

finement—and progressively consolidating tentative intents into sta-
ble configurations through intent curation. These patterns emerged
from the interplay among aspects: • Synchronization served as a
critical mediating mechanism, grounding • Exploration, verifying
• Articulation, and informing •Management decisions; •Manage-
ment provided stability that allowed • Articulation and • Explo-
ration to build incrementally; and • Exploration revealed gaps that
fed back into • Articulation. Users also reported significantly eas-
ier intent expression, improved understanding of intent–output
alignment, and reduced cognitive effort.

Taken together, we derive four design implications suggesting
that supporting intent communication as a dynamic process re-
quires not just assembling known features, but designing how
they interact across stages. Systems should (1) establish immediate
bidirectional traceability between intents and outputs, (2) scaffold
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exploration within synchronized views to enable fluid iteration
rather than restarting articulation, (3) support progressive commit-
ment that enables comparison and refinement before committing
to management, (4) surface existing intent configurations during
articulation to expose conflicts, redundancies, and gaps in their
current intent space.

In summary, this work makes the following contributions:

• A conceptualization of four key aspects that support intent
communication—articulation, exploration, synchronization,
and management—derived from a systematic literature re-
view of 46 HCI papers on generative AI systems.

• Findings from a comparative user study demonstrating how
comprehensive intent communication support reshapes user
behavior and perception, reducing effort while improving
control and intent–output alignment.

• Design implications for generative AI systems that support
dynamic intent communication, emphasizing how features
should interact across stages rather than operate in isolation.

2 RELATEDWORK

2.1 Challenges of Aligning User Intent in

Natural Language Interaction

Despite the remarkable capabilities of LLMs, several studies have
consistently highlighted their limitations in understanding and
aligning with user intent. Prior studies have emphasized that LLMs
frequently generate responses that misalign with user expectations,
sometimes leading to unintended consequences due to inherent
biases or prompt sensitivity [2, 15, 28, 36, 79, 86]. One contribut-
ing factor lies in the interaction setup itself: natural language, the
primary medium for prompting, provides important advantages
by lowering the barrier to entry, enabling flexible self-expression
without requiring specialized syntax [30, 86]. Yet the very qualities
that make natural language accessible also introduce ambiguity and
instability, making it difficult for users to articulate their intent with
the precise phrasing for LLMs and forcing them into cognitively
demanding trial-and-error reformulation [22, 34, 48, 50, 68, 86].
The opacity of the intent-to-output connection further worsens
this issue: prompts may embed multiple intents, yet users are not
informed which parts influenced the output, and small wording
changes can yield unpredictable shifts [30, 50, 91]. Moreover, as
user intent often evolves during interaction, current chat-based
interfaces provide limited support for managing this fluid process.
Intents expressed across multiple turns become fragmented within
linear conversation histories, making it difficult for users to track,
refine, and maintain alignment with model behavior [33, 85]. These
challenges collectively highlight the need for new interaction mech-
anisms that help users articulate their intents, understand how their
inputs influence the model, and manage them over time. Our work
aims to address these issues by helping users more clearly articulate,
refine, and adjust their intents within an LLM system.

2.2 Subconscious and Fluid Characteristics of

User Intents

While intent alignment itself has been recognized as one of the
biggest challenges for LLMs, this issue becomes even more com-
plex when considering the characteristics of human intent dur-
ing communication. Drawing from interpersonal communication
research, we can distinguish user prompts into two types of in-
formation: goals, which are explicit and relatively stable, and in-

tents, which refer to more fine-grained, sometimes subconscious
strategies or actions that evolve dynamically throughout a con-
versation [37, 67]. This distinction is particularly relevant as users
often interact with LLMs in ways that resemble human-to-human
communication [86]. Research in cognitive task analysis reveals
that intent is not spontaneously generated; rather, it emerges from
a foundation of knowledge, cognitive processes, and goal config-
uration [14]. Consequently, user intents often shift during com-
munication [37, 67], complicating how users interact with LLMs
and making this a crucial consideration in interaction design. Fur-
thermore, they can be particularly more apparent in creation tasks,
such as writing or drawing, due to their iterative nature, requiring
continuous reflection and refinement [7, 22, 60, 64, 72]. Recognizing
intent as both subconscious and fluid thus highlights the need for
interaction designs that can better accommodate the dynamic and
situated nature of human communication with LLMs.

2.3 Supporting Intent-Aligned Interaction with

Generative AI

There are diverse attempts to support users in interacting with gen-
erative AI systems in ways that better align with their intent. Prior
work has explored supporting users tomore effectively express their
intent, such as providing prompt suggestions to scaffold ideation
for text-to-image models [6], allowing easier prompting through di-
rect manipulation [50]. Furthermore, to allow users to better attain
the results aligning with their intents, there are attempts to help
users understand LLMs’ behaviors through a visual programming
environment for hypothesis testing [3] or breaking down prompts
into smaller subtasks and then aggregating the results [80].

For the cases where user intent is unclear or underspecified, there
are attempts to go beyond passively responding to user prompts:
proactively retrieving missing information when tasks are ambigu-
ous [56] or asking for follow-up questions to better align with users’
overarching goals [79]. For another approach to better understand
user intents, IntentGPT identifies intent within user utterances,
enhancing the system’s ability to respond to varying goals with
greater precision [59]. Moreover, to support changes in user intent,
dynamic prompt middleware [17], which provides context-specific
UI elements to better refine the user prompt, allows users to change
their preferred options.

More recently, work has begun to reify intent as manipulable
units to support more flexible and reflective workflows. IntentTag-
ger introduces “intent tag”—atomic conceptual units that enable
granular and non-linear micro-prompting, supporting intent elici-
tation and flexible workflows [22]. In a similar vein, AI Instruments
embody prompts as reusable interface objects, reflecting multiple
interpretations of ambiguous user intents and enabling iterative,
non-linear exploration across creative tasks [58]. These approaches
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Figure 2: A PRISMA flow diagram illustrating the systematic

literature review process across four stages: Identification,

Screening, Eligibility, and Inclusion.

suggest new paradigms for structuring intent that go beyond linear
prompting.

These efforts also exist in the context specific to writing with
LLM as it involves cognitive content-generation that requires inten-
sive and precise intent formulation and expression [23]. One line
of research has proposed LLM-based writing-support systems that
help users explore and prototype their writing while deciding on
their writing intent [33, 69, 90]. There also exist approaches to help
users better express their intent by allowing direct manipulation
within the text to match their specific writing intent or style [50, 82].
Moreover, there are attempts to make AI-generated suggestions
more explicit and manageable, for instance by structuring multiple
variations side by side for rapid comparison or surfacing executable
edits directly in the document with safeguards for accuracy [39, 57].

While prior work has improved how users express, reify, and
align their intents with generative AI, it has rarely considered the
subconscious and fluid nature of user intent as a basis for interac-
tion design. We build on this body of work through a systematic
literature review and present a system that enables more flexible
and reflective interaction with users’ evolving intents in writing
tasks.

3 SYSTEMATIC LITERATURE REVIEW:

INTENT COMMUNICATION SUPPORT

In this section, we present the process and results of our systematic
literature review (SLR) of prior HCI research regarding intent com-
munication support with generative AI systems. Our goal was to
identify recurring feature-level design patterns for intent communi-
cation and to examine how these features have been combined—or
separated—in existing systems.

3.1 Search and Filtering Process

We conducted our SLR following the PRISMA guideline [53], struc-
turing the process into four stages: Identification, Screening, Eligi-
bility, and Inclusion. Figure 2 presents the PRISMA flow diagram
summarizing the number of records retained at each stage.

3.1.1 Identification. The ACM Digital Library was selected as our
primary search source, as ACM venues represent the primary pub-
lication channels for interaction design research in human–AI sys-
tems. We searched for papers published between December 2022
and December 2025 using the following keyword combination in
titles or abstracts: (“Generative AI” OR “LLM”) AND (“intent”
OR “intention”). This search yielded 2,381 records. To focus on in-
teraction design in human–AI systems, we filtered results to major
ACM venues in HCI and closely related communities. Specifically,
we included SIGCHI flagship and affiliated venues (e.g., CHI, DIS,
CSCW, PACMHCI), along with closely related venues that con-
tribute to human–AI interaction research, such as UIST, IUI, CUI,
C&C, and UMAP. This scoping allowed us to capture a coherent
yet diverse set of interaction-focused systems, while preserving a
consistent lens on how interaction techniques support users’ in-
tent communication. After venue filtering, 461 papers remained. A
complete list of selected venues is provided in Appendix A.1.

3.1.2 Screening. We conducted title and abstract screening on the
461 records. The first author performed this initial screening, as
this stage focused on removing clearly irrelevant papers based on
surface-level criteria rather than nuanced judgment. Specifically,
we applied EC1 to exclude papers where the term “intent” did not
refer to user intent communication (e.g., when used as an adverb
such as “intentionally”), or where the work was clearly unrelated
to intent communication in human–GenAI interaction. This step
resulted in the exclusion of 342 papers, leaving 119 papers.

3.1.3 Eligibility. We assessed the full texts of the remaining 119
papers using three additional exclusion criteria (EC2–EC4) to filter
papers that did not align with our SLR goal. This stage was con-
ducted by two authors, who independently reviewed each paper
and applied the criteria below:

• EC2: We focused on papers where users directly communi-
cate their intent with GenAI or LLM systems. Studies where
GenAI mediated intent communication between a user and
a third party were excluded.

• EC3: We included only system or framework papers that
proposed concrete interaction features, including prototypes.
We excluded survey and workshop papers.

• EC4: We focused on papers involving co-creation or gen-
erative tasks (e.g., writing, coding, design) where users ex-
pressed their intent to the system and received outputs.

Disagreements were resolved through discussion to reach a con-
sensus. Applying these criteria resulted in 82 exclusions, yielding
37 papers.

3.1.4 Inclusion. During the eligibility stage, we complemented the
keyword-based search with reference tracing from the reviewed
papers. This allowed us to identify additional candidate papers
that were not retrieved in the initial search, particularly those that
did not explicitly use the term “intent” but were relevant to intent
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communication based on their interaction design. All additional
papers were assessed using the same inclusion criteria (EC1–EC4),
and nine were included in the final dataset, resulting in a total
of 46 papers. A complete list of included papers is provided in
Appendix A.1.

3.2 Analysis

We conducted an open coding analysis to examine how prior sys-
tems support users’ intent communication through interaction
design. Three authors independently documented how each sys-
tem supported users’ intent communication, decomposing broader
interaction patterns into atomic functional units where possible
to minimize overlap. The authors then organized features through
an affinity diagramming process, placing feature cards on a shared
board and iteratively grouping them through discussion. While
some features could plausibly belong to multiple aspects, they were
assigned to the aspect that most centrally characterizes their pri-
mary function, determined through consensus. This process re-
sulted in a codebook of 14 interaction features (Table 1), which cap-
ture recurring design patterns for supporting intent communication.
To further illustrate how each feature has been instantiated in prior
systems, we provide representative examples in Table 3. Building on
this, we further abstracted these features into higher-level themes.
Through this process, we identified four key aspects of intent com-
munication. All coding and abstraction processes were conducted
through iterative discussions among the three authors, and any
disagreements during these processes were resolved through dis-
cussion until consensus was reached. Finally, we revisited all papers
using the finalized coding scheme to ensure consistency.

3.3 Findings

3.3.1 Four Key Aspects of Supporting Intent Communication in

Human-GenAI Interaction. Our analysis revealed four central as-
pects of how prior HCI systems supported intent communication:

• Intent Articulation: Helping users externalize their under-
specified and vague intents into more concrete and action-
able forms. This is a convergent process focused on trans-
forming users’ vague intent into specific instructions.

• Intent Exploration: Supporting users in discovering new,
emerging intents that they may not have been initially aware
of. This is a divergent process that encourages users to ex-
plore and expand their initial scope.

• Intent Management: Supporting users in organizing, re-
visiting, and curating their intents as they evolve over time.
This is a stabilizing process focused on maintaining conti-
nuity across iterations by structuring intents into persistent
and manageable representations.

• Intent Synchronization: Aligning the user’s communi-
cated intents with the LLM’s output by making transparent
how each intent is reflected in the generated output and
how modifications of intents trigger corresponding updates.
This process enables users to verify whether their intents
are realized by the LLM as intended.

Figure 3: Weighted UpSet plot showing how existing sys-

tems combine four intent-support aspects—articulation, ex-

ploration, management, and synchronization. Each column

represents a unique combination of supported aspects, and

bar heights indicate the aggregated frequency of occurrences

for each combination.

These aspects encompass the different yet interdependent ways in
which systems can facilitate users in externalizing, expanding, man-
aging, and aligning their intent during interactions with generative
AI systems.

3.3.2 Aspect-level Coverage and Limited Integration Across Aspects.

Prior work has predominantly focused on • Articulation and •
Exploration, with many systems providing features that help users
externalize intents more explicitly or explore alternative intents
through variations, suggestions, or prompts (Table 1). In contrast, •
Management and • Synchronization are less supported: relatively
few systems offer explicit mechanisms for revisiting, curating, or
relating multiple intents over time, or for helping users understand
how their intents are interpreted and reflected in system outputs.

Examining how these aspects are combined reveals further scope
for exploration. As shown in the weighted UpSet plot (Figure 3), •
Articulation and • Exploration frequently co-occur, whereas combi-
nations involving •Management and • Synchronization are com-
paratively rare, and no existing system supports all four aspects
simultaneously. This coverage suggests that prior systems empha-
size localized support for intent articulation or exploration, but
do not provide integrated support for maintaining, coordinating,
and aligning intents as interaction unfolds—often leaving users to
manage these dynamics on their own.

3.3.3 Motivation for a Research Probe. While prior work has pro-
posed a rich set of features within each aspect, there is a space
to explore and understand how these aspects interact to shape
users’ intent communication behaviors during end-to-end interac-
tion workflows by integrating four aspects. Prior work also points
to challenges that arise when individual aspects are absent: without
management, intents expressed across multiple turns risk becoming
fragmented [85]; without synchronization, articulation can devolve
into trial-and-error as users cannot verify how their intent is inter-
preted [48, 50]; without exploration, users may articulate within
a narrow scope without discovering latent possibilities [69]. Ex-
ploring how all four aspects work together thus requires moving
beyond retrospective analysis toward a probe system that deliber-
ately embeds all four aspects in a unified interaction setting. In the
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Theme Feature Paper N %

Articulation

A1. Allowing users to specify and refine intent by directly referencing

specific areas of the output.

[13, 16, 31, 39, 44, 46, 47, 50, 68, 75, 77, 78, 87, 89, 90, 92] 16 34.78%

A2. Decomposing users’ vague input into granular sub-components [9, 21, 26, 29, 31, 35, 39, 41, 42, 58, 69, 76, 88, 89] 14 30.43%
A3. Supporting diverse modalities (e.g., sketch, image, metadata)
for expressing user intent beyond text according to the task context [13, 17, 22, 47, 54, 73, 83, 87, 92] 9 19.57%

A4. Elaborating intent using users’ vague inputs as seeds [9, 32, 46, 69, 77, 84, 88] 7 15.22%

Exploration

E1. Supporting navigation of intent variation spaces through output spectra [6, 8, 12, 22, 41, 42, 44, 49, 57, 69, 70, 87] 12 26.09%
E2. Suggesting alternative intents [11, 12, 21, 22, 39, 44, 46, 58, 61, 68] 11 23.91%
E3. Supporting to remix intents or intermediate output [31, 54, 65, 70, 76] 5 10.87%
E4. Providing exploratory nudges through prompts and questions [6, 21, 40, 68] 4 8.70%

Management
M1. Structuring intents into manageable representations [6, 17, 22, 35, 55, 57, 58, 65, 78, 83, 90] 10 21.74%
M2. Revisiting and curating past intents for independent editing or reuse [12, 17, 70, 83, 84] 5 10.87%
M3. Managing Relationships among Multiple Intents [13, 75] 2 4.35%

Synchronization
S1. Showing how intents are reflected in the output [9, 48, 54, 68, 83, 84] 6 13.04%
S2. Previewing the effects of intent changes [22, 44, 49, 50, 61, 75] 6 13.04%
S3. Exposing the system’s intent interpretation [9, 35, 47, 48, 73, 92] 6 13.04%

Table 1: Interaction features for intent communication identified through our SLR, organized into four themes. For each

feature, we report the number and percentage of reviewed papers that incorporated it. Features highlighted in bold indicate

the representative interaction features selected to instantiate the design of our research probe (IntentFlow), based on their

prevalence and centrality in prior systems.

Figure 4: Articulation support in IntentFlow. The system

decomposes a user’s vague input into a high-level goal and a

set of low-level intents, externalized as editable components.

Users can (a) edit, (b) delete, or (c) add intents to refine their

intent articulation. (d) Intents can also be pinned to support

intent management across iterations.

following section, we describe how representative features were
selected for each aspect and how they are implemented in practice.

4 RESEARCH PROBE: INTENTFLOW

We designed a system, IntentFlow, as a research probe [5] that
integrates support for articulation, exploration, management, and
synchronization within a single interaction workflow, enabling
these aspects to interplay during intent communication. The goal
is not to evaluate individual features in isolation, but to examine
how the four aspects interact and jointly shape users’ intent com-
munication behaviors when they operate together—generating the-
oretically grounded insights that can inform future system design.
We acknowledge that this design does not allow us to isolate the
contribution of individual aspects; we address this as a limitation
in Section 7.4.

Figure 5: Exploration support in IntentFlow. Intent dimen-

sions are presented through multiple UI controls, including

(a) radio buttons, (b) sliders, and (c) tags, enabling users to

explore alternative intent configurations. The figure also

shows (d) a preview mechanism for synchronization and (e)

a pinning option for intent management.

Grounded in representative features from prior work identi-
fied through our SLR (Table 1), IntentFlow brings together these
aspects in a unified setting. In this section, we describe the de-
sign rationale behind IntentFlow, focusing on how features were
selected for each aspect and how they are realized through the
system’s interface and underlying pipeline.

4.1 Design Rationale and Feature Selection

We selected dominant and representative features for each intent-
support aspect to instantiate the probe, which are highlighted in
bold in Table 1. Our goal was not to exhaustively implement all
prior features, but to capture the core and dominant interaction
affordances that characterize each aspect.
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Figure 6: Synchronization support in IntentFlow. (a) Hovering over intents and intent dimension values highlights corre-

sponding linked parts of the generated output in green (intents) or blue (intent dimension values). (b) Users can roll back to

any prior version, which brings the selected output and its associated intents to the latest position in the workflow. (c) Diff

view compares old and new outputs. (d) Pagination allows users to navigate and manage multiple output versions over time,

supporting intent management.

For • Articulation, prior work most commonly supported it by
decomposing users’ vague input into granular sub-components
and enabling direct manipulation to individual intents (A1, A2 in
Table 1). Reflecting this, IntentFlow decomposes a user’s chat
prompt into a structured representation consisting of a high-level
goal and a set of low-level intents, which are externalized as editable
components (Figure 4). Users can directly revise, add, or remove
individual intents, enabling them to progressively articulate and
refine their intent beyond an initial vague prompt.

To support • Exploration, we drew on prior systems that en-
abled users to navigate intent variations and consider alternatives
through output spectra or adjustable parameters (E1, E2 in Table 1).
In IntentFlow, exploration is supported through the intent dimen-

sion section, which exposes adjustable dimensions for each intent
using multiple UI controls such as radio buttons, sliders, and tags
(Figure 5). Users can explore how different emphases or alternative
options would shape the resulting output by directly manipulating
these dimensions.

For •Management, our SLR highlighted features that structure
intents into manageable representations and support revisiting past
intents over time (M1, M2 in Table 1). To instantiate these sup-
ports, IntentFlow treats intents and their associated dimensions
as persistent entities that users can pin or unpin across interaction
turns, directly edit, and revisit through versioning (Figure 4d, Fig-
ure 5e, Figure 6d). This design allows users to curate an evolving set
of intents, supporting longer-term intent communication beyond
early-stage ideation and enabling us to study how users manage
multiple intents across iterative workflows.

Finally, for • Synchronization, prior work has emphasized help-
ing users preview the effects of intent changes and see how their
intents are reflected in the generated output (S1, S2 in Table 1). In

IntentFlow, synchronization is supported by explicitly linking
user intents and intent dimension choices to corresponding seg-
ments in the generated output (Figure 6) and providing contextual
previews for alternative dimension values (Figure 5d). This design
allows users to verify how their intents are reflected in the output
and to iteratively adjust this alignment as interaction unfolds.

4.2 IntentFlow Interface

We instantiate IntentFlow in the context of LLM-based writing
tasks, which provide a suitable testbed for studying intent com-
munication due to their iterative, multi-faceted, and evolving na-
ture [19, 57]. Writing tasks often require users to articulate high-
level goals, refine multiple interacting intents, explore alternative
framings, and iteratively align system outputs with evolving expec-
tations, making them well-suited for examining how intent-support
mechanisms operate over time.

As shown in Figure 7, the interface of IntentFlow is organized
into three main panels: a Chat Panel, an Intent Panel, and an
Output Panel. Together, these panels support a continuous work-
flow in which users can express intents, refine and manage them,
and inspect how they are reflected in the generated output.

The Chat Panel serves as the primary entry point for user input.
Users provide an initial, often underspecified prompt describing
their writing task. Rather than treating this input as a single-shot
instruction, IntentFlow uses it as a starting point for structuring
intent communication, triggering the extraction of a high-level goal,
low-level intents, and intent dimensions that populate the Intent
Panel.

The Intent Panel externalizes users’ intents into structured,
editable representations and consists of three sections. The Goal
Section captures stable, high-level aspects of the task, such as the
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A Intent PanelChat Panel B C Output Panel

Figure 7: Overall interface of IntentFlow. It is split up into three panels: (A) Chat Panel, (B) Intent Panel, and (C) Output

Panel.

overall writing goal, domain, and topic. Making these elements ex-
plicit allows users to verify and revise the system’s understanding of
their overarching objective. The Intent List Section displays a set of
low-level, discrete intents inferred from the user’s input. In addition
to explicitly stated intents, the system also surfaces implicit intents
that are logically required to carry out the task, reflecting how
the LLM decomposes an underspecified prompt into fine-grained
subtasks. Each intent is presented as an editable item that users
can revise, add, or delete, supporting progressive • Articulation
as users clarify and refine what they want to achieve. The Intent
Dimension Section further decomposes each intent into adjustable
dimensions, exposing parameters such as emphasis, scope, or style
through interactive controls. The UI format and initial value of each
dimension (e.g., radio buttons, sliders, or tags) are automatically
selected based on the characteristics of the associated intent. By di-
rectly manipulating these dimensions, users can explore alternative
interpretations and configurations of their intents, supporting •
Exploration during the writing process. In addition, hover-based ex-
planations reveal how different dimension values would affect the
generated output, supporting • Synchronization by helping users
anticipate how intent refinements will be reflected in the system’s
behavior. Across both sections, users can pin ( ) selected intents
and dimension values to persist them across interaction turns, sup-
porting • Management by allowing them to manage which aspects
of their evolving intent should be retained as the writing process
unfolds.

TheOutput Panel displays the text generated by the LLM based
on the current configuration of goals, intents, and intent dimen-
sions. Beyond presenting the output, this panel primarily supports

• Synchronization by making the relationship between user intent
and generated text explicit. Hovering over an intent or a dimen-
sion value highlights the corresponding segments in the output,
enabling users to verify how specific intent choices are reflected
in the generated content. This panel also supports •Management
by maintaining a version history of each output along with its
corresponding intent configuration from the Intent Panel. Users
can revisit prior intent-output states, compare changes using a diff
view, and roll back to a previous state to continue their work from
an earlier configuration. Together, these features allow users to
manage, revisit, and refine their intent configurations over time
while maintaining alignment between intent and output.

4.3 Internal Pipeline and Implementation

Internally, IntentFlow operates through a modular LLM pipeline
that incrementally translates user input and interaction into struc-
tured representations of goals, intents, and intent dimensions, which
in turn condition output generation. As illustrated in Figure 8, user
inputs and edits are processed through dedicated modules that ex-
tract and update intent representations, generate text based on the
current intent state, and establish links between intents, dimen-
sion values, and corresponding output segments. The pipeline is
designed to preserve and update intent-related state, enabling •
Articulation, • Exploration, • Management, and • Synchronization
to be sustained over time.

We implemented IntentFlow as a web-based application with
React for the frontend and Flask for the backend. The backend
leveraged the OpenAI API to handle language model functionalities,
with each module responsible for a specific role in the pipeline,
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the user’s goal and intents, which are then used by the Output Module to generate text. The Preview Module provides brief
explanations of dimension values and their potential effects on the output. The Linking Module associates each intent with

corresponding segments in the generated output. Each module box shows its LLM model name.

as illustrated in Figure 8. To improve responsiveness in real-time
interactions, we used a smaller model for the Goal, Intent, and
Dimensionmodules, and further optimized the LinkingModule using
multiprocessing to reduce latency. Full prompts for each module
are provided in Appendix A.2 .

4.4 Pipeline Validation

Before conducting the user study, we performed a lightweight val-
idation to verify that IntentFlow’s intent-processing pipeline
(Figure 8) operates reliably across diverse writing contexts. Specifi-
cally, we examined whether the pipeline could (1) extract coherent
task goals and intents from underspecified prompts, (2) generate
relevant and interpretable intent dimensions with appropriate UI
representations, and (3) correctly associate intents and dimension
values with corresponding parts of the generated output.

4.4.1 Setup. We selected 12 representative prompts—two from
each of the six writing contexts defined by Lee et al. [43]: aca-
demic, creative, journalistic, personal, professional, and technical.
For each prompt, we generated a full pipeline output and created
a corresponding survey form for evaluation. To reduce ambiguity
and individual variance, the survey used binary (Yes/No) questions,
complemented by an optional free-form section. We recruited 60
evaluators (5 per prompt) via Prolific 1. To ensure evaluation quality,
we excluded evaluators who had never used LLMs, lacked experi-
ence with the given writing task, or reported unfamiliarity with
the given writing topic. Each evaluator was compensated with £5
for completing a 30-minute evaluation task. Detailed information
about the prompts, writing tasks, and topics used in the evaluation
is provided in the Appendix A.3.2.

1https://prolific.com

Evaluation Criteria “Agree”(%)

Q1. Goal Alignment 95.00
Q2. Set of Intents – Completeness 95.00
Q3. Set of Intents – Distinctiveness 86.67
Q4. Individual Intents – Relevance 94.08
Q5. Intent Dimension – Relevance 86.56
Q6. Intent Dimension – UI Appropriateness 86.78
Q7. Intent Dimension – Value Appropriateness 86.14
Q8. Intent-to-Output Linking – Link Accuracy 94.04

Table 2: Evaluation results for each question in the tech-

nical evaluation. Values indicate the percentage of “Agree”

responses aggregated across all prompts and participants.

4.4.2 Validation Criteria. We designed questions targeting each
pipeline module to assess whether the extracted goal reflected the
user’s overall objective (Q1. Goal Alignment); the set of intents
was reasonably complete (Q2), distinct (Q3), and relevant (Q4);
intent dimensions were relevant (Q5) and paired with appropriate
UI controls and values (Q6–Q7); and highlighted output segments
accurately reflected the corresponding intents (Q8. Link Accuracy).
Full question wording is provided in Appendix A.3.1.

4.4.3 Results. As summarized in Table 2, over 85% of responses
were positive across all criteria, indicating that the pipeline gen-
erally produces coherent and interpretable intent representations
and links. We also analyzed qualitative feedback from evaluators.
Several participants noted that when intent dimensions were pre-
sented without clear descriptions of value meanings, it was difficult
to judge their appropriateness. For example, when the “Formality
Level” dimension was presented as a slider with an initial value of 4,
participants reported that it was hard to judge how formal the value
4 actually was. This likely contributed to the lower agreement in
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the Intent Dimension category since our technical evaluation did not
provide a hover-based explanation for each dimension value. This
underscores the importance of providing descriptive explanations
for dimension values (Figure 5d).

5 USER STUDY

To understand how the four intent communication supports shape
users’ behaviors and experiences compared to current practice, we
conducted a within-subjects user study (N=12) comparing Intent-
Flow with a conventional chat-based LLM interface representative
of widely used commercial systems. Rather than isolating the ef-
fect of individual features, our goal is to use IntentFlow as a
research probe to observe how different forms of intent support
are taken up by users in practice. The research questions guiding
this investigation are introduced in Section 1. In particular, we cen-
tered our analysis on users’ action-level intent communication

behaviors—such as adding, adjusting, correcting, and removing
intents—captured through participants’ post-hoc annotations of
their own inputs. We analyzed these behaviors alongside system
logs that recorded participants’ use of different intent commu-

nication support features (e.g., articulation, exploration, man-
agement, and synchronization), as well as self-report surveys and
post-study interviews to capture users’ subjective experiences
and interpretations. To ground this investigation in users’ existing
practices, we implemented a baseline system that reflects common
chat-based LLM writing interfaces such as ChatGPT Canvas [52]
and Claude Artifact [1]. The baseline represented an ecologically
valid status quo for LLM-based writing, in which users primar-
ily communicate intent through linear, conversational turn-taking
with free-form prompts. The baseline used the same generation
model as IntentFlow, gpt-4o-2024-08-06. The screenshot of the
baseline interface can be found in Figure 17 in the Appendix.

5.1 Participants

We recruited 12 participants (8 male, 4 female; age M = 25.50, age
SD = 2.75) through online recruitment posting at our university
community platforms. Participants were not professional writers;
however, all had prior experience with writing tasks and using large
language models (LLMs). We intentionally recruited participants
with writing and LLM experience to observe how experienced writ-
ers manage complex, nuanced, and evolving intents during interac-
tion. During recruitment, we administered a pre-survey on partici-
pants’ LLM experience, writing background, and topic familiarity,
excluding those with insufficient knowledge or experience. Partic-
ipants received 30,000 KRW (around 22 USD) for the 90-minute
session, and to encourage careful and motivated engagement, we
offered an additional 20,000 KRW (14 USD) performance-based
bonus to the top 40% of participants. Additional details, including
participants’ LLM experience and writing experiences, are provided
in the Appendix A.4.4.

5.2 Tasks

Each participant completed two writing tasks, which were ran-
domly paired with the counterbalanced study conditions. We se-
lected writing tasks commonly used in prior HCI studies [20, 33, 57]
and added short scenarios to each task to introduce more nuanced

and multifaceted considerations. The first task involved writing a

social media post explaining a scientific concept (e.g., the Doppler
Effect) for a general audience with little scientific background. The
second involved writing a professional email applying for a per-
sonal secretary position for a well-known individual outside the
participant’s domain. Through multiple rounds of pilot testing, we
refined the scenarios to ensure that the two tasks were similar in
complexity and involved a comparable level of multifaceted con-
sideration on writing intents—such as tone, structure, and content
depth. To guide the output scope, we set a flexible length guide-
line of around half an A4 page. We intentionally did not specify
an exact word count to prevent users from fixating on meeting a
numerical target, which could distract from focusing on the given
task scenario and goal. Importantly, as our study centered on intent
communication, participants were encouraged to explore and refine
intents rather than produce polished drafts. Full task descriptions
are available in Appendix A.4.1.

5.3 Procedure

The study was conducted either in person or online via Zoom 2,
depending on participant availability. Each study session lasted
approximately 90 minutes and followed a fixed protocol (Figure 9).
After a brief introduction and consent process (5 minutes), partici-
pants were given a tutorial for the first system (8 minutes). They
then completed the first writing task using that system (20 min-
utes), followed by a post-survey and an annotation activity (10
minutes). To gather each participant’s intent communication ac-
tions, we brought them back to the system after the survey to review
their interactions and annotate the purpose of each input. These
annotations were used in our analysis of how users engaged in
intent communication, as described in more detail in Section 5.4.
This process was then repeated for the second system and task. At
the end of the sessions, participants completed a semi-structured
interview (10 minutes) reflecting on their experience with both
systems, including their preferences, their strategies for expressing
and adjusting intent, and the usefulness and challenges of each
system.

5.4 Measures

To address our research questions, we collected and analyzed three
complementary data sources: (1) annotated intent communication
actions derived from user inputs, (2) system logs capturing par-
ticipants’ use of intent communication support features, and (3)
self-report surveys and post-study interviews.

5.4.1 Intent Communication Action Annotation. To exam-
ine how users enacted intent communication over time (RQ2), we
conducted a fine-grained analysis of participants’ intent commu-
nication actions throughout the task process. We categorized all
user inputs into four types of intent communication actions: Add,
Delete, Correct, or Adjust. This taxonomy was informed by prior
work examining how users express, refine, and repair intent during
interactions with LLM-based systems [4, 10, 36, 63]. Add refers to
introducing a new intent not previously expressed. Delete refers
to removing a previously expressed intent; for instance, a user may

2https://zoom.us/
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Figure 9: User study procedure. After a brief 5-minute introduction, each participant completed two sessions. The first 8 minutes

were for the system tutorial and task briefing. The user had 20 minutes to write using the given system, followed by a 10-minute

post-survey and annotation. At the end of both sessions, there was a 10-minute interview.

have initially requested a summary at the end but later decided to
omit it. Correct captures cases where a user re-communicates an
earlier intent due to a misunderstanding or misalignment by the
system; for example, the user asks for a concise style, but the system
generates something too verbose, prompting the user to restate the
intent more clearly. Finally, Adjust involves modifying an existing
intent in terms of degree or nuance, for example, slightly increasing
the level of formality or adjusting the specificity of a detail without
changing the underlying intent altogether.

After completing each task and post-survey, participants were
brought back to the system and asked to review their interaction
history and annotate each of their inputs with an intent communi-
cation action. For each input, they indicated which action type best
reflected their intent at the time of interaction. For interface-level
interactions in IntentFlow that unambiguously corresponded to a
specific action type—such as directly adding or deleting intent items,
or adjusting sliders and radio buttons—we automatically labeled the
corresponding action and did not require manual annotation. This
post-hoc annotation process allowed us to capture participants’
intended communicative function behind each input, enabling fine-
grained analysis of how intent communication evolved over the
course of the writing process.

5.4.2 System Logs of Intent Communication Support Fea-
ture Usage. To examine how intent communication support features

mediated users’ behaviors (RQ3), we analyzed system logs record-
ing when and how participants engaged with features supporting
• Articulation, • Exploration, • Management, and • Synchroniza-
tion. By aligning these logs with annotated intent communication
actions, we examined how specific features shaped users’ intent
communication behaviors over time.

5.4.3 Self-Report Ratings. To capture participants’ subjective
experiences with each system (RQ1), we collected self-report ratings
after each task using 7-point Likert scales (1: Strongly Disagree, 7:
Strongly Agree). The survey items were adapted from prior work on
human–AI interaction, particularly studies on LLM-supported writ-
ing systems [33, 57, 80]. They measured participants’ perceived ease
and clarity of intent expression, intent discovery and elaboration,
transparency and understanding of intent–output relationships, and
alignment between users’ intents and generated outputs. The full
list of survey items (M1–M11) is provided in the Appendix A.4.2.
In addition, participants completed the NASA Task Load Index
(NASA-TLX) [25] using a 7-point Likert scale to assess perceived
workload.

5.4.4 Post-study Interviews. After completing both sessions, par-
ticipants completed a semi-structured interview to reflect on their

experiences with both systems. We asked how they approached
expressing, revising, and discarding intents during the task process,
how their strategies may have differed across systems, and how
they perceived the role of explicit intent representations in support-
ing or constraining their workflow. In addition, participants were
asked to reflect on whether and how the final set of intents they
created or kept during the task might be reused in future writing
tasks. The interview data were used to complement our quantitative
analysis by providing contextual insights into interaction patterns
and feature usage, as well as participants’ mental models of intent
communication workflows.

6 RESULT

For all statistical comparisons, we first conducted Shapiro-Wilk tests
to examine the normality of each measure. Based on the results,
we used paired t-tests for those that met the normality assumption
(𝑝 ≥ .05) and Wilcoxon signed-rank tests otherwise.

6.1 RQ1. How do intent communication support

features affect users’ subjective experience?

To examine how intent communication support features affect users’
subjective experiences, we analyzed participants’ self-report ratings
(M1–M11) and perceived workload using NASA-TLX.

6.1.1 Perceived support for intent expression, alignment, and con-

trol. Across all intent communication measures, participants rated
IntentFlow significantly higher than the Baseline (M1–M11; all
𝑝 < .05; Figure 10). In particular, participants reported substantially
greater ease and clarity of intent expression (M1–M2), stronger sup-
port for discovering and elaborating intents (M3, M8), and improved
understanding of how their intents were reflected in the generated
output (M4–M6). Ratings related to intent–output alignment and
adjustment were also consistently higher in IntentFlow (M7, M9),
indicating that participants felt better able to steer the system to-
ward their intended direction. Ratings for perceived control and
reusability (M10–M11) further suggest that participants viewed the
intent communication process as a transferable strategy beyond
the current task.

6.1.2 Reduced cognitive workload and frustration. NASA-TLX re-
sults further show that these perceived benefits were accompa-
nied by reduced cognitive effort. Participants reported significantly
lower overall workload when using IntentFlow compared to the
Baseline (IntentFlow: M = 15.67, SD = 4.01; Baseline: M = 19.67,
SD = 4.50; 𝑝 = .004, 𝑡 = 2.02). A breakdown of individual NASA-
TLX dimensions revealed that this reduction was driven primarily
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Figure 10: Distribution of participants’ ratings on intent communication experience. (*𝑝 < .05, **𝑝 < .01)

Figure 11: Comparison of NASA-TLX ratings between In-

tentFlow and Baseline. (*𝑝 < .05).

by lower perceived Effort (IntentFlow:M = 4.25, SD = 1.22; Base-
line:M = 5.08, SD = 0.90; 𝑝 = .048) and Frustration (IntentFlow:
M = 2.75, SD = 1.49; Baseline: M = 3.83, SD = 1.75; 𝑝 = .034),
while differences in mental, temporal, and physical demand were
less pronounced (Figure 11). These findings suggest that Intent-
Flow did not reduce workload by simplifying the task itself, but
by reducing the cognitive overhead associated with maintaining,
restating, and repairing intent.
6.2 RQ2. How do users communicate their

intents with IntentFlow?

To examine how intent communication unfolds over time, we
analyzed participants’ annotated interaction logs across four in-
tent communication action types—Add, Delete, Correct, and
Adjust—comparing their distributions, temporal sequences, and
action-to-action transitions between the Baseline and IntentFlow.

6.2.1 Overall differences in intent communication actions. As shown
in Figure 13, participants’ intent communication behaviors differed
substantially across the two systems. Participants performed sig-
nificantly fewer Correct actions when using IntentFlow than
in the Baseline (Action Count: IntentFlow: M = 0.50, SD = 0.67;
Baseline: M = 4.33, SD = 2.64; 𝑝 < .001, 𝑡 = −4.81), indicating
fewer instances where users had to restate previously expressed
intents due to systemmisalignment. In contrast, the number of Add
actions was comparable across systems (IntentFlow: M = 3.75,
SD = 2.05; Baseline: M = 4.42, SD = 1.38; 𝑝 = 0.296, 𝑡 = −1.10),
suggesting that users introduced new intents at a similar rate re-
gardless of interface. However, IntentFlow prompted significantly
more Adjust actions (IntentFlow: M = 4.50, SD = 2.97; Baseline:
M = 1.17, SD = 0.72; 𝑝 = .005, 𝑡 = 3.46) and more frequent Delete
actions (IntentFlow: M = 1.00, SD = 1.13; Baseline: M = 0.17,
SD = 0.39; 𝑝 = .031,𝑊 = 21.00). These differences indicate a shift
from repeatedly correcting misunderstood intents toward actively
refining and curating existing intents.

6.2.2 Temporal evolution of intent communication. Beyond aggre-
gate counts, the temporal distribution of actions further illustrates
how intent communication evolved during the writing process (Fig-
ure 12). In the Baseline, early stages exhibited diverse transitions
such asAdd→Add,Add→Adjust, andAdd→Correct. Over time,
however, interactions increasingly converged on Correct-centered
patterns, including repeated Correct→Correct transitions and fre-
quent alternation between Correct and • Rollback. This pattern
reflects users repeatedly attempting to reassert previously stated
intents or reverting outputs after misalignment, rather than incre-
mentally refining them. In contrast, IntentFlow showed a different
trajectory. Early interactions similarly involved exploratory pat-
terns such as Add→Adjust and Add→Delete, indicating users
externalizing and probing potential intents. As the session pro-
gressed, however, intent communication increasingly centered on
Adjust, with users repeatedly revisiting and fine-tuning existing
intents rather than restating them. This temporal shift suggests that
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Figure 12: Action log sequences for 12 participants in each condition: Baseline and IntentFlow.
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4.7%

1.2%

Figure 13: Percentage distribution of action types aggregated

across all participants. Each chart reflects the proportion of

actions by type in IntentFlow and Baseline.

intent communication in IntentFlow stabilized around refinement
rather than correction.

6.2.3 Transition structure and convergence patterns. To further char-
acterize these differences, we analyzed normalized action transition
matrices for each system (Figure 14). In the Baseline, transition
probabilities were concentrated around Correct and • Rollback
indicating recurrent breakdown-recovery cycles. By contrast, In-
tentFlow exhibited a transition structure centered on Adjust
action. Adjust→Adjust emerged as the most dominant transi-
tion, and transitions to Correct or • Rollback rarely appeared.
The difference matrix further highlights this contrast: compared
to the Baseline, IntentFlow showed substantially higher transi-
tion probabilities into Adjust and lower probabilities into Correct.
These results quantitatively confirm that intent communication in
IntentFlow converged toward adjustment-centered refinement,
whereas the Baseline tended to funnel users into correction- and
rollback-driven cycles.

6.2.4 Divergent roles of rollback across systems. We observed that
users’ use of • Rollback differed between the two systems. Rollback

occurred significantly more often in the Baseline than in Intent-
Flow (Action Count: IntentFlow: M = 0.92, SD = 0.79; Baseline:
M = 3.42, SD = 2.50; 𝑝 = .003, 𝑡 = −3.80), but with qualitatively
different usage patterns. In the Baseline, • Rollbackwas most often
paired with Correct actions and functioned as a reset mechanism:
users reverted to earlier outputs after the system failed to respect
previously stated intents, then restated or reissued similar instruc-
tions. Two participants (P9, P10) explicitly noted frustration, as P9
noted, “In the B (Baseline), I asked to change only a specific part,

but the whole output changed, so I often had to rollback and reissue

the same prompt.” In IntentFlow, • Rollback more frequently ap-
peared alongsideAdjust actions, supporting controlled comparison
and refinement. Four participants (P7, P9–10, P12) described exper-
imenting with different intent adjustments, comparing resulting
outputs, and rolling back to a version that better aligned with their
intent. For example, P10 explained, “In the A (IntentFlow), having

the intent dimensions surfaced in the UI made it easier to explore and

adjust. I tried different variations and rolled back to the output I liked

most.” This indicates that • Rollback in IntentFlow supported
exploratory refinement rather than recovery from breakdowns.

6.2.5 Dominant transition patterns within IntentFlow. To further
characterize how intent communication unfolded within Intent-
Flow, we analyzed the distribution of action transitions observed
in this condition (Figure 15). The most frequent transition was
Adjust→Adjust, accounting for 24.5% of all transitions, followed
by Add→Adjust (16.3%), Add→Add (16.3%), and Adjust→Add
(11.2%). Together, these four transitions accounted for 68.4% of all
transitions, indicating that a small set of transition patterns domi-
nated users’ intent communication in IntentFlow. These patterns
reflect a process centered on iterative refinement and structured
exploration, rather than repeated correction of misaligned outputs.

6.3 RQ3. How do different intent

communication support features mediate

the intent communication process?

To understand how different intent communication support fea-
tures shaped users’ intent communication behaviors, we examined
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Figure 14: Normalized intent communication action transition matrices. Left: Baseline condition. Middle: IntentFlow. Right:
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type to another. Compared to the Baseline, IntentFlow shows substantially higher transition probabilities toward Adjust and
lower probabilities toward Correct, indicating a shift from correction-driven loops to adjustment-centered refinement.
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Figure 15: Intent communication action transition shares in IntentFlow. The bar shows the proportion of the most frequent

intent communication action transitions observed in IntentFlow, highlighting that Adjust→Adjust is the most dominant

transition, followed by transitions involving Add and Adjust.

how feature usage sequences mediated the most frequent action
transitions observed in IntentFlow. Based on the action transi-
tion analysis (Section 6.2.5), we focused on the four most prevalent
transitions—Adjust→Adjust, Add→Adjust, Add→Add, and Ad-
just→Add.

6.3.1 Verification-driven refinement and intent curation. The most
frequent transition in IntentFlowwasAdjust→Adjust. As shown
in Figure 16a, • Synchronization overwhelmingly dominated both
the top feature sequences and the feature transition flow associated
with this transition. The Sankey diagram shows that users’ interac-
tions were organized around • Synchronization, with adjustments
followed by verification and subsequent management. In practice,
users relied on • Synchronization to inspect how their current set of
intents was reflected in the output, and used this feedback to decide
which intents to keep, refine, or deprioritize. Adjustments were of-
ten incremental and selective, targeting specific intent dimensions
while preserving others, and were interleaved with moments of
•Management, such as curating particular intents. We character-
ize this pattern as verification-driven refinement and intent
curation, in which • Synchronization serves not merely as a veri-
fication step, but also as a mechanism for maintaining continuity
and supporting intent curation across iterations.

6.3.2 Exploration-to-alignment transitions. The second most fre-
quent transition was Add→Adjust. As shown in Figure 16b, the
dominant feature sequences reveal that users externalized tentative
intents through • Articulation and • Exploration, then immediately
relied on • Synchronization to examine how those intents were
reflected in the output. Based on this immediate feedback, users
transitioned directly into adjustment, refining the scope, emphasis,
or specificity of the newly added intent. •Management appeared
only sparingly in this transition, indicating that users were pri-
marily focused on aligning individual intents rather than moving
to the stabilizing phase. This pattern reflects an exploration-to-
alignment transition, where • Synchronization enables users to
quickly assess and refine newly added intents before committing
to further expansion.

6.3.3 Intent space expansion followed by grounding. Another sec-
ond most frequent transition was Add→Add which represents
moments where users introduced multiple intents in succession. As
shown in Figure 16c, this transition was strongly associated with
combined • Articulation & • Exploration sequences, often followed
by • Synchronization and • Management. The feature flow reveals
a two-phase structure. In the first phase, users expanded the intent
space by articulating new intents (• Articulation) or exploring al-
ternative perspectives (• Exploration). This divergence was then
followed by • Synchronization, allowing users to inspect how the
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Figure 16: Feature-mediated intent communication patterns in IntentFlow. For each of the four most frequent action

transitions—(a) Adjust→Adjust, (b) Add→Adjust, (c) Add→Add, (d) Adjust→Add—the right column shows the five most

frequent feature sequences, and the left column visualizes the corresponding feature transition flows using Sankey diagrams.
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growing set of intents collectively shaped the output. Based on this
feedback, users engaged in •Management by selectively consoli-
dating the expanded intent set, resulting in a convergence phase in
which the intent space became more stable and structured. This
pattern indicates that Add→Add does not reflect unfocused or
random intent creation. Instead, it represents a deliberate intent
space expansion followed by grounding pattern, in which users
first externalize a broad range of intents and then actively organize
them once their effects become visible.

6.3.4 Alignment revealingmissing intents. Finally, theAdjust→Add
transition captures moments where refinement surfaced gaps in
users’ intent space. As shown in Figure 16d, this transition was
frequently preceded by • Synchronization and • Exploration. The
feature transition flow suggests that while users were adjusting an
existing intent, • Synchronization helped reveal limitations in what
the current intent configuration could achieve. This realization
often prompted the addition of a new, complementary intent. Im-
portantly, this pattern shows that new intents did not emerge only
from open-ended exploration; instead, they were often triggered
by alignment checks that exposed what was missing. We interpret
this as a feedback-driven intent discovery pattern, where syn-
chronization during refinement actively supports the emergence of
new intents.

7 DISCUSSION

Our study reveals that supporting intent communication is not
simply a matter of improving how users express prompts, but of
shaping how users interact with their own evolving intentions
over time. By synthesizing findings across RQ1–RQ3, we argue
that effective intent communication emerges when four forms of
support—• Articulation, • Exploration, • Synchronization, and •
Management—work together as a cycle rather than as isolated
features.

7.1 Intent Communication as Ongoing

Alignment: A Cyclical Process

Across our analyses, breakdowns in intent communication did not
primarily arise from users’ inability to express their intentions.
Instead, they emerged when users lacked support for verifying
whether their intents were being reflected, retaining previously
stated constraints, or selectively revising intents without desta-
bilizing others—forcing them into corrective strategies such as
repeating instructions, rolling back outputs, or restating intents.
In contrast, when all four aspects were jointly supported, intent
communication became a form of ongoing alignment work. Users
could externalize tentative intents, inspect how they were realized,
and refine or remove them without losing contextual continuity.
Rather than compensating for misalignment after the fact, they
actively calibrated the system’s behavior as intents emerged and
evolved.

Our findings reveal that these four aspects function as a cyclical
process, manifesting in four distinct interaction patterns. Intent
space expansion followed by grounding describes how users
diverged by articulating multiple candidate intents through • Artic-
ulation and • Exploration, then converged using • Synchronization
and • Management to stabilize and structure the expanded set.

Exploration-to-alignment describes how users immediately re-
lied on • Synchronization after exploring new intents to verify
how they were reflected in the output and refine them accordingly.
Feedback-driven intent discovery describes how • Synchroniza-
tion during refinement exposed gaps in the current intent config-
uration, prompting users to return to • Articulation to add com-
plementary intents. Finally, verification-driven refinement and
intent curation shows how the cycle converges toward sustained
refinement, with • Synchronization and • Management working
together as users repeatedly inspect, refine, and curate their intent
set across iterations. Our findings suggest that these aspects may
not be independently sufficient. When any link is weakened—as
observed in the Baseline’s absence of persistent management and
explicit synchronization—users tended to repeatedly restate previ-
ously expressed intents, roll back outputs, and restart articulation
from scratch [48, 85]. Supporting all four aspects shifted this dy-
namic, reflected in IntentFlow’s adjustment-centered patterns and
significantly higher ratings on intent expression, alignment, and
control (M1–M11, all 𝑝 < .05), with reduced effort and frustration.

7.2 Design Implications for Supporting Cyclical

Intent Communication

Our findings suggest that supporting intent communication re-
quires attention not only to individual interaction mechanisms,
but to how they are connected across time. We present four de-
sign implications for how intent communication support should be
composed and coordinated in human-GenAI interaction.
DI1: Enable immediate, bidirectional traceability between ar-

ticulation and synchronization. To support verification-driven
refinement, systems should tightly couple intent articulation with
immediate and interpretable feedback about how those intents are
realized in the output. Prior work has explored supporting this by
providing step-by-step explanations of how user input is decom-
posed and executed [9, 48], or by exposing the system’s interpreta-
tion of user intent [54]. Building on the broader call for bidirectional
human-AI alignment [62], our findings suggest that this connection
should work in both directions: when users articulate or adjust
an intent, the system should promptly reveal which parts of the
output were affected, and conversely, when users inspect output
segments, the system should surface the intents that contributed to
them. This bidirectional traceability allows users to incrementally
calibrate their intent expressions based on concrete evidence of
how each intent was reflected in the output.
DI2: Use synchronized views as scaffolds for exploration. Ex-
ploration should not be treated as a separate phase or mode that
users must explicitly enter. Instead, synchronized views—where
users inspect how their current intents are reflected—should act as
natural launch points for exploratory refinement. Prior work has
similarly embedded exploration into the interaction flow through
lightweight parameter controls that allow users to adjust and ex-
plore without leaving their current context [17, 22]. Our findings
suggest that this integration is key to enabling seamless transi-
tions from alignment inspection to refinement. Systems should
therefore allow users to immediately explore alternatives within
synchronized views, for instance, through lightweight parameter
adjustments [17], instant previews [22], or visual diffs [57] that
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communicate the effects of each change. This lowers the cost of
asking “what if” and encourages users to probe variations without
abandoning their current mental context.
DI3: Support progressive commitment between exploration

and management. As users explore intent variations, systems
should allow tentative ideas to coexist with more stable, committed
intents. Prior work has shown that keeping variations accessible
for comparison [57], chaining exploratory blocks for continuous
reuse [12], or treating past intents as persistent artifacts that can be
revisited and reorganized [83] can reduce the cost of exploration
and support more flexible workflows. Building on this, rather than
forcing immediate decisions about whether an explored variation
should replace the current configuration, systems should support
progressive commitment: keeping exploratory branches available
for comparison while enabling users to selectively promote, merge,
or discard them. Transitioning an explored intent into the managed
set should be a lightweight operation that preserves continuity with
other intents.
DI4: Contextualize newarticulation through visible and struc-

tured intent spaces. Our findings suggest that articulation is more
effective when informed by awareness of what has already been
specified, stabilized, or deprioritized: in the feedback-driven intent

discovery pattern, new intents often emerged not from open-ended
exploration, but from gaps revealed through synchronization with
the current intent configuration. Prior work has highlighted that
when intents accumulate across turns, they become fragmented and
difficult to track [33, 85], and has proposed approaches detecting
conflicts and gaps among accumulated intents [75] or visualizing
relationships among intents to provide context for new articula-
tion [13]. Systems should therefore make the current intent con-
figuration explicitly visible whenever users add or modify intents,
surfacing relationships such as overlap or tension and revealing
gaps that may guide what to articulate next.

7.3 Generalizability of Design Implications

Across Domains

Although IntentFlow was instantiated in a writing context, the
intent communication patterns and design implications discussed
above are not specific to writing. Many generative domains—such as
data analysis, design, image editing, and code generation—similarly
involve communicating multiple, evolving intents and iteratively
aligning them with system outputs over time [18, 41, 66, 81]. Across
these domains, users face recurring challenges: maintaining con-
straints across iterations, understanding how partial specifications
are interpreted, and refining intent configurations without repeat-
edly starting from scratch. Thus, the four aspects of intent com-
munication identified in this work (• Articulation, • Exploration, •
Management, and • Synchronization) constitute a domain-agnostic
interaction lens that future systems can adapt to domain-specific
representations and interfaces.

7.4 Limitations and Future Work

We note several methodological limitations of this work. First, our
annotation approach introduced an asymmetry between conditions:
in IntentFlow, interface-level interactions were automatically la-
beled, whereas in the Baseline, all annotations relied on participants’

post-hoc recall, which may be subject to memory bias. This asym-
metrymay have influenced the comparability of action distributions
across conditions. Second, the study involved 12 participants in
short, structured writing tasks, which may not fully capture the
fluid and evolving intent dynamics that characterize longer, more
naturalistic writing workflows. Third, we compared IntentFlow
against a baseline with no explicit intent support, without ablation
conditions, which limits our ability to isolate the contribution of
individual aspects or their interplay from the overall richness of
the interface.

Beyond these methodological limitations, our work has several
limitations that point to future research directions. First, while we
discussed generalizability beyond writing tasks, we did not em-
pirically examine how intent communication dynamics manifest
across different domains. Future work should investigate which
intent communication dynamics are consistent across domains and
which emerge from domain-specific constraints and practices. Sec-
ond, our study captured only short-term, within-session dynamics,
and cannot speak to how intent communication strategies evolve
over time. Longitudinal studies are needed to examine how patterns
of intent communication change as users gain experience with a
system, and how intent representations persist beyond a single
session—stored, reused, and adapted across tasks. Finally, our probe
captures intent only from explicit inputs and in-system actions,
leaving implicit behavioral signals such as hesitation, repeated revi-
sions, or tool-switching patterns unexplored. Future systems should
investigate how such signals can enrich models of evolving user
intent.

8 CONCLUSION

We investigated intent communication as a dynamic process and
how generative AI systems can effectively support it. Through a sys-
tematic literature review of 46 HCI papers on generative AI systems,
we identified four key aspects of intent communication support—•
Articulation, • Exploration, •Management, and • Synchronization—
and instantiated all four aspects in a research probe to examine how
their combination shapes users’ intent communication behaviors.
Our within-subjects study showed that jointly supporting these
aspects shifts interaction patterns from repetitive correction toward
deliberate, verification-driven refinement with improved sense of
control and alignment. Building on these findings, we articulated
design implications that emphasize orchestrating intent communi-
cation supports across time rather than treating them as isolated
features. By foregrounding intent communication as a dynamic
process, this work contributes an interaction-centered foundation
for understanding and designing more transparent and controllable
human–AI collaboration.
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A APPENDICES

A.1 Additional Details of the Systematic Literature Review

A.1.1 Selected venues. Our review covers major ACM venues in HCI that focus on interaction design, human–AI interaction, and intelligent
user interfaces. The full list of selected venues is provided below:

• The ACM CHI Conference on Human Factors in Computing Systems (CHI)
• The ACM Symposium on User Interface Software and Technology (UIST)
• The ACM Conference on Intelligent User Interfaces (IUI)
• The ACM SIGCHI Conference on Designing Interactive Systems (DIS)
• The ACM Conference on Computer-Supported Cooperative Work and Social Computing (CSCW)
• The ACM Conference on Creativity and Cognition (C&C)
• Proceedings of the ACM on Human-Computer Interaction (PACMHCI)
• The ACM Conference on Conversational User Interfaces (CUI)
• The ACM Conference on User Modeling, Adaptation and Personalization (UMAP)

This selection captures a range of systems and interaction approaches explored in prior work on generative AI.

A.1.2 Inclusion of Additional Papers via Reference Tracing. While our search query included the terms “intent” or “intention,” several included
papers did not explicitly foreground intent communication. We identified these papers through reference tracing during the eligibility stage,
as their interaction designs support users’ expression, refinement, or alignment of goals with generative systems. In total, nine such papers
were included in our analysis [17, 29, 39, 41, 48, 50, 55, 57, 69].
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Theme Feature Example

Articulation

A1. Allowing users to specify and refine intent by
directly referencing specific areas of the output.

Directly manipulating output objects to localize the effect of a prompt
to specific elements [27], or selecting output segments to attach intent-
specific instructions [39]

A2. Decomposing users’ vague input into granular
sub-components

Breaking down a user prompt into a hierarchical plan of sub-tasks with
editable NL descriptions [9], or decomposing user requirements into
specific, manageable actions executable by individual agents [88]

A3. Supporting diverse modalities (e.g., sketch, image,
metadata) for expressing user intent beyond text ac-
cording to the task context

Using sketches or physical object photos to express design intent [54,
87], or voice input to specify email content [92]

A4. Elaborating intent using users’ vague inputs as
seeds

Generating sentence continuations from user-written keywords [32],
or auto-completing intent prompts based on user-provided inputs [84]

Exploration

E1. Supporting navigation of intent variation spaces
through output spectra

Generating multiple outputs along adjustable semantic dimensions such
as tone or structure [69], or displaying how design variations change
across parameter values in a matrix-based view [87]

E2. Suggesting alternative intents Providing multiple rephrasing options as executable edit alterna-
tives [39], or suggesting counterarguments, logical fallacies, and sup-
porting evidence to strengthen argumentative writing [90]

E3. Supporting to remix intents or intermediate out-
put

Combining outputs from different intent layers [65], or merging two
expressed research idea intents to generate a new intent [16]

E4. Providing exploratory nudges through prompts
and questions

Generating context-based questions to help users discover new in-
tents [40], or providing example-based nudges to inspire ideation [21]

Management
M1. Structuring intents into manageable representa-
tions

Organizing intents as categorized, reusable intent tags [22], or repre-
senting writing goals as a visual graph alongside text [90]

M2. Revisiting and curating past intents for indepen-
dent editing or reuse

Saving and reusing past exploration paths as chained blocks [12], or
recalling past intents via keyword-based visual cues [83]

M3. Managing Relationships among Multiple Intents Visualizing semantic distances between intent concepts on a shared
space [13], or detecting and resolving conflicts among accumulated
intent specifications [75]

Synchronization
S1. Showing how intents are reflected in the output Linking generated code segments to corresponding intent prompts for

verification [84], or showing the prompt used to generate an image so
users can trace intent realization [54]

S2. Previewing the effects of intent changes Showing previews of how alternative dimension values would change
the output before generation [22], or visualizing which intent tags
influence a generative stroke [49]

S3. Exposing the system’s intent interpretation Translating generated code back into naturalistic utterances to show
how the system understood the user’s query [48], or displaying step-
by-step NL explanations of how a data wrangling script was derived [9]

Table 3: Interaction features for intent communication identified through our SLR, organized into four themes. For each feature,

we provide a representative example of how it has been instantiated in prior systems.
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A.2 Pipeline Module Prompts

A.2.1 Entrypoint Chat Module.

You are a **highly intelligent AI assistant** designed to **analyze user queries and determine how to update or refine their task-related
information**. Your primary role is **not** to directly respond to user queries, but to **decide which module(s) should be updated** and explain
why.

## Your Role:
- Your main responsibility is to **analyze user queries** and determine how they impact the **Goal** and **Intent** modules.
- **Do not directly answer user queries** unless they are explicitly asking about **why the Goal and Intent modules were set in a certain way**

(e.g., "Why is my goal set this way?" or "Why are these intents selected?").
- By default, for the **user's first query**, always return **both the Goal and Intent modules** as updated.
- If a selected module is provided, the module must be set to be updated.

## Inputs You Will Receive:
1. **User Query:** The latest user input.
2. Selected Module:

- This indicates a specific module (Goal or Intents or Intent Dimensions) the user is currently focusing on.
- If selected Module is not null, you must always include this module as updated.
- Additionally, analyze how the user query affects this selected module specifically.

3. **Chat History:** Previous interactions with the user.
4. **Current Module States:** The latest information from:

- **Goal Module**: Contains the user's task objective, topic, and domain.
- **Intent Module**: Contains the user's specific **requirements, preferences, and strategies** for achieving their task objective.
- **User Intent Dimensions**: Represents the **dimensions of the user's intents as UI components**, storing these dimensions and their

corresponding values.

## Your Tasks:
1. **Determine whether the query requires updating the Goal or Intent module.**

- **By default, always return both the Goal and Intent modules as updated for the user’s first query.**
- If a selected module is provided, always include that module as updated.
- Carefully analyze how the user's query is intended to refine or update the selected module.
- Provide a clear explanation of how the user query affects the selected module’s information.

- The **Goal module** should remain largely unchanged unless the user presents an entirely new task.
- If the query does not require updating the user's Goal or Intent, and is instead a meta-question (e.g., "Why is my goal set this way?"),

then provide a direct response instead of updating any modules.

2.**If a module needs updating, return the recommended module(s) along with a clear explanation.**
- If multiple modules require updates, list all relevant ones.
- Ensure there are no duplicate modules in the updated modules list. Each module (goal, intents, intent dimensions) should appear at most

once.
- Ensure your reasoning is clear, well-structured, and directly tied to the user’s task.

\#\# When to Directly Answer the User's Query:
- **Only** respond directly if the query is about the **reasoning behind the Goal or Intent modules' configuration**.
- Example queries that should be answered directly:
- "Why was my Goal set to this topic?"
- "How were my intents determined?"

- In all other cases, **focus on module updates rather than answering the query directly**.

Return your response in the following JSON format EXACTLY:
```json
{

"response": "Direct response to the user's query (if applicable).",
"updated_modules": [

{
"module": "goal || intents || intent_dimensions",
"reason": "Why this module needs updating."

}
]

}

A.2.2 Goal Module.

You are a helpful and analytical assistant tasked with analyzing the user's query and extracting their task, domain, and topic. The user

provides a writing task as a query through the chat interface in the system. Analyze the provided query to identify:
- What the writing task (`task` in the output) is asking for.
- Which domain (`domain` in the output) the writing task belongs to (e.g., Journalism Writing, Academic Writing, Creative Writing, Technical

Writing, etc.).
- What the topic (`topic` in the output) of the writing task is.

## Input You Will Receive:
1. **User Query:** The user input.
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2. **Interaction History:** Previous user query and goal output history.

## Your task
First, you need to carefully review the user's query and reasoning the user's request deeply.
Second, you need to extract the task, domain, and topic from the user's query.
Lastly, you need to provide the extracted information in the JSON format like the example below.

Return your response in the following JSON format EXACTLY:
{

"query": "user provided query",
"task": {

"value": "task/objective of the user query",
},
"domain": {

"value": "domain of the user query",
},
"topic": {

"value": "topic of the user query",
}

}

A.2.3 Intent Module.

You are a helpful and analytical assistant tasked with analyzing the user's `query` along with its `context` (such as the provided `task`,
`domain`, and `topic`), and then extracting specific and actionable `intent`(s) from the user `query` and `context`.

The user has requested a writing task as a `query` through the chat interface in the current system. You are provided with four pieces of

information: `query`, `task`, `domain`, and `topic`. Your task is extracting concrete and actionable intents based on these four information.
`query` is the user's input query. `task` is the objective of the user query. `domain` is the writing task's domain (e.g., Journalism Writing,

Academic Writing, Creative Writing, Technical Writing, etc.). `topic` is the writing task's topic.

## Input You Will Receive:
1. **User Query:** The user input.
2. **Current Goal Context:** The current user context (task goal, domain, topic).
3. **Interaction History:** Previous user query, context, and intent list output history.

## Your task
First, you need to carefully review the given input information. In this process, you must deeply reason about what the user truly wants.
Second, you should extract the task, domain, and topic from the user’s query.

## You should extract both:
- Explicit intents: Clearly and directly stated intentions in the user’s query and context.
- Implicit intents: Essential, reasonable, or logically required steps, processes, or goals that are not directly mentioned but are necessary to

accomplish the user's writing task successfully.

## The extracted intents must:
- Be specific, explicit, and actionable, so that the output can be generated immediately based on them.
- Include all relevant implicit intents inferred from the task, domain, and topic, even if not directly stated by the user.
- Not contain duplicates.
- Do not include the task itself as part of the user intents.

Return your response in the following JSON format EXACTLY:
{

"intents": [
{

"intent": <specific, explicit, or implicit actionable intent>,
}
... ,
{

"intent": <specific, explicit, or implicit actionable intent>,
}

]
}

A.2.4 Intent Dimension Module.

You are an analytical and precise assistant tasked with defining appropriate intent dimensions for the given user's intent and selecting the

most suitable UI layout to clearly represent key aspects of their task-related needs.
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Your role is to analyze the user's intents (requirements, preferences, and strategies) and determine appropriate **intent dimensions** that
capture key aspects of their task-related needs. You will then assign the most suitable UI layout for each dimension and set an **initial
value** based on the user's query, task goal, and current intents.

There are three possible UI layouts for each intent dimension. You can use as many or as few of each layout as you want:

1. Likert Scale Layout:
- When appropriate: Used for dimensions with discrete, ordered options
- Output requirements: title and array of options from left to right
- Example: Writing Stage (options: ["Idea Generation", "Planning", "Drafting", "Revision"])

2. Sliding Scale Layout:
- When appropriate: Used for dimensions with continuous numeric values, up to 5 values (min=1, max=5)
- Output requirements: title, left label, right label, min value, max value
**RESTRICTION**:

- Avoid overly granular or excessively narrow scales (e.g., avoid using min=0 and max=200 just because the user mentions 200 words.

Instead, group it in practical ranges like 50-100, 100-300, etc.).
- Example: Specificity (left: "General Overview", right: "Detailed Requirements", range: 1-5)

3. Hashtag Layout:
- When appropriate: Used for dimensions with multiple selectable tags
- Output requirements: title and array of possible tags
- Example: Writing Context (tags: ["Academic", "Creative", "Technical", "Professional"])

## Input You Will Receive:
1. **User Query:** The user input.
2. **Current Goal Context:** The current user context (task goal, domain, topic).
3. **Current Intent List:** The current user intent list.
4. **Interaction History:** Previous user query, context, intent list, and intent dimension output history.

## Your Task
Based on the user's query, task goal, and context, and user intents, determine at least three dimensions that are relevant and which UI layout is

most appropriate for each. Examples of dimensions are: Writing Stage, Writing Context, Purpose, Specificity, Audience, and Background Knowledge.

These are only examples!! Please come up with at least one new dimension that isn't mentioned in the examples, and try not to use these examples

as a direct reference. You also don't have to use all three layouts; you can use as many or as few of each layout as you want.
Return your response with dimensions in the following JSON format. If there are n dimensions, there should be n elements in the dimensions array:

Likert Scale:
{

"dimensions": [
{

"type": "likert",
"title": "dimension title",
"options": ["option1", "option2", "option3"],
"selected": "currently selected option",

},
]

}
Sliding Scale:

{
"dimensions": [

{
"type": "slider",
"title": "dimension title",
"leftlabel": "minimum description",
"rightlabel": "maximum description",
"min": minimum number (1),
"max": maximum number (5),
"value": current value,

},
]

}
Hashtag:

{
"dimensions": [

"type": "hashtags",
"title": "dimension title",
"tags": [

{
"tag": "tag text",
"selected": true/false,

}
],

]
}

}
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A.2.5 Preview Module.

You are the Intent Dimension Value Preview Assistant. Your role is to provide a clear, user-friendly explanation of each Intent Dimension Value,

describing what it means and how including the value affects the final output.

## Input You Will Receive:
1. **User Query:** The user input.
2. **Confirmed Intent Dimensions:** Intent dimensions and each confirmed value.
3. **Interaction History:** Previous user query, intent dimensions and confirmed values, and preview output history.

For each Intent Dimension Value, provide the following fields:
1. **intentDimensionValue**: The name of the intent dimension value.
2. **description**: A concise description explaining what this value represents to the user. Should be one sentence.
3. **effectExplanation**: A clear explanation of how including this value will influence or shape the LLM's output, written in a way that helps

the user understand its purpose. Should be one sentence.
4. **isSelected**: A boolean indicating if the value is currently selected (True or False). Only include this field for previews involving

likert scales or sliding scales.

Additionally, you may also receive:
- **Specific change**
If specific change is provided:
1. Focus only on the intent dimension value related to the specific change.
2. Do not regenerate all for unchanged intent dimensions.

For likert scales, provide previews for each option in the scale.
For sliding scales, provide previews for each numerical value in the scale (e.g., from 1 to 10).

The name of each preview should be the name of the dimension in lowercase with underscores instead of spaces, for example, preview style.
Return your response in the following EXACT format (for as many dimensions as given):
{

"preview_dimension1": [{
"intentDimensionValue": "each intent dimension value",
"description": "what this value means to the user",
"effectExplanation": "how including this value affects the output",
"isSelected": "True or False (if applicable)"

}],
"preview_dimension2": [{

"intentDimensionValue": "each intent dimension value",
"description": "what this value means to the user",
"effectExplanation": "how including this value affects the output",
"isSelected": "True or False (if applicable)"

}]
}

A.2.6 Output Module.

You are an advanced LLM assistant designed to generate coherent and well-structured outputs based on information provided by the user.
Your task is to generate the final output text, composed of logically flowing sentences that fulfill the task goal and user intents.

## Input You Will Receive:
1. **User Query:** The user input.
2. **Current Goal Context:** The current user context (task goal, domain, topic).
3. **Current Intent List:** The current user intent list.
4. **Current Intent Dimensions and Previews:** The current intent dimensions and corresponding previews.
5. **Interaction History:** Previous user query, context, intent list, intent dimensions, previews, and output history.

Additionally, you may also receive:
- **Specific changes**

When specific changes are provided:
1. Carefully analyze the changes and how they will change the output.
2. Modify only the necessary parts of the output to reflect these updates, while keeping unaffected parts consistent.
3. Ensure that the overall output remains coherent and aligned with the updated requirements.

## Key Rules:
1. Divide the output into clear sections using subheaders.
2. Within each section, include sentences that logically build toward fulfilling the user's task goal and intents.
3. If specific changes are provided, reflect them accurately and revise relevant sections as needed.

Return your response in the following JSON format EXACTLY:
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{
"generatedoutput": [
{

"subheader": "subtask title",
"content": [

{
"sentence": "sentence",

}
]

}]
}

A.2.7 Linking Module.

You are an accurate and capable assistant tasked with creating links between each given **intent** or **intent dimension** and the specific
phrases in the output. The intents are extracted from the user's writing task request query, reflecting the user's goals. The intent dimensions
represent the controllable aspects of the intents, expressed in UI elements (one of: slider, Likert scale, or hashtags), allowing the user to
adjust specific parts of their intent. The output is the writing result generated based on the user's intents and intent dimensions.
For this task, you are provided with the following input information:

## Input You Will Receive:
1. **Current Intent List:** The current user intent list.
2. **Current Intent Dimensions and Their Selected Value:** The current intent dimensions and their selected value.
3. **Output Text:** Output text is provided as a list of phrases (each phrase separated as an individual item).
4. **`Specific Change`**: Specific change contains modifications made by the user regarding the intents and intent dimensions. For example, the
user may delete, edit, or add intents. The results of these changes are provided in specific change (where `from` refers to the pre-modified
state and `to` refers to the post-modified state). Similarly, for intent dimensions, if the user modifies UI elements, such as adding hashtags,
changing slider values, or updating Likert scale selections, those changes will also be reflected here (`from` indicates before modification,
`to` indicates after modification). If the `Specific Change` input is None, it means the user has made no changes, and you can ignore this
information.
5. **`Total Number of Links Required`**: An integer specifying exactly how many **linking entries** must be returned.

## Your Task:
First, thoroughly review the provided input information and `identify the relationships between the output and each **intent**/**intent

dimension**.
Second, for each given **intent** or **intent dimension**, identify all phrases in the output that are possibly related to it.
Third, create links between every phrase and every **intent**/** intent dimension** it may be related to, even if the connection is weak or

indirect. Be exhaustive and avoid missing potentially relevant connections.
- For every intent in the intents list, link **each intent** to the relevant phrases in the output that fulfill or address that intent. You

should identify every links that are relevant to the intent, even if it is indirectly related.
- For every intent dimension in the intent dimensions list, also create links connecting each intent dimension to specific phrases in the

output. You should identify every links that are relevant to the intent, even if it is indirectly related.

## Special Guidelines for Intent Dimensions:
In particular, for intent dimensions, follow these specific rules based on the UI element type:
- For the **likert scale format**, link the selected intent dimension value to the relevant phrases in the output.
- For the **slider scale format**, link the selected intent dimension value to the relevant phrases in the output.
- For **hashtags**, **process each individual hashtag separately**:
- **Create a separate link entry for each hashtag.**
- For each hashtag, link it only to the specific phrases that are relevant to that particular hashtag.
- Do **NOT group multiple hashtags together** in a single entry.

## Important Note:
If an intent or intent dimension primarily affects the overall structure, flow, style, or tone of the output rather than specific individual

phrases, you may link it to the entire output.
In such cases, set the given entire output to the `linkingphrases` to indicate its pervasive influence throughout the entire output.

**RESTRICTION**:
- **Every intent and every intent dimension value provided as input MUST be linked to at least one relevant phrase in the output.**
- You must return *exactly* as many link entries as specified by `Total Number of Links Required`.
- Do not skip or omit any input intent or intent dimension value. Even if the link seems minor, it must be explicitly included.

Output Structure (Ensure the response is valid JSON without any comments or trailing commas)
You must generate the exact number of links as instructed.
Return your response in the following JSON format:

{
"links": [
{
"intent": {
"title": "Intent Text"

},
"linkingphrases": ["exact phrase 1", "exact phrase 2"]
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},
{
"intentDimensionValue": {
"type": "likert",
"title": "intent dimension title",
"specificValue": "selected value"

},
"linkingphrases": ["exact phrase 1", "exact phrase 2"]

},
{
"intentDimensionValue": {
"type": "slider",
"title": "intent dimension title",
"specificValue": "selected value"

},
"linkingphrases": ["exact phrase 1", "exact phrase 2"]

},
{
"intentDimensionValue": {
"type": "hashtags",
"title": "intent dimension title",
"specificValue": "tag1"

},
"linkingphrases": ["exact phrase 1", "exact phrase 2"]

},
{
"intentDimensionValue": {
"type": "hashtags",
"title": "intent dimension title",
"specificValue": "tag2"

},
"linkingphrases": ["exact phrase 1", "exact phrase 2"]

}
]

}
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A.3 Pipeline Validation Details

A.3.1 Question list. The full phrase for pipeline validation questions is provided below:
[Goal Module — Q1. Goal Alignment]: “Do you think the task goal, domain, and topic described below appropriately reflect the user’s
high-level and overall goal?”
[Intent Module]

• [Set of Intents — Q2. Completeness]: “ Do you think the set of intents cover all key aspects of the user prompt without missing
anything important?”

• [Set of Intents — Q3. Distinctiveness]: “Do you think the intents are meaningfully distinct from each other without redundancy?”
• [Individual Intents — Q4. Relevance]: “Do you think this intent is relevant to the user prompt?”

[Dimension Module]
• [Q5. Relevance]: “Do you think this intent dimension is relevant to the user prompt?”
• [Q6. UI Appropriateness]: “Do you think the UI component (e.g., hashtags, slider, radio buttons) is appropriate to control this intent
dimension’s value?”

• [Q7. Value Appropriateness]: “Do you think this intent dimension value in this UI component is appropriate to the user’s prompt?”

[Linking Module — Q8. Link Accuracy]: “Does the highlighted part correspond to the intent?”

A.3.2 Task and prompts table. Table 4 presents the 12 writing tasks and their corresponding user prompts used in the technical evaluation.
These tasks span six representative writing contexts—academic, creative, journalistic, personal, professional, and technical. Each prompt is
designed to reflect realistic writing goals within its context, providing concrete task instructions that the system must interpret and respond
to. This curated set enables a comprehensive assessment of the system’s ability to support intent understanding and generation across a
wide range of writing scenarios.
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Table 4: Task contexts, topics, and user prompts used in the technical evaluation.

Writing Context Task Topic User Prompt

Academic Argumentative essay
writing

The effectiveness of online educa-
tion compared to traditional class-
room

Write an argumentative essay discussing whether online education is more
effective than traditional classroom education. Include a clear thesis statement,
at least three supporting arguments with evidence, and address one counterar-
gument. Use a formal academic tone throughout.

Academic Research proposal
writing

Investigating the impact of social
media usage on student academic
performance

Write a research proposal exploring how social media usage affects student
academic performance. Your proposal should include the research objective, a
brief review of potential related factors, proposed methodology, and expected
outcomes. Use a formal academic tone and structure.

Creative Poetry writing The feeling of solitude in nature Write a free verse poem that captures the feeling of solitude experienced while
walking alone in a dense forest. Use vivid sensory imagery and metaphors to
evoke the atmosphere and emotion.

Creative Fiction writing A mysterious letter arrives with-
out a sender

Write a short fiction story about a character who receives a mysterious letter
with no return address. The letter contains a cryptic message that leads them on
an unexpected journey. Focus on building suspense, the character’s emotional
response, and detailed scene descriptions.

Journalistic Article writing Local community launching a
zero-waste initiative

Write a news article covering a local community’s launch of a zero-waste
initiative. Include a clear headline, an engaging lead, factual details about the
initiative, and quotes from key people involved. Adopt an objective, informative
journalistic style.

Journalistic Opinion column writ-
ing

Should social media platforms
regulate misinformation?

Write an opinion column expressing your perspective on whether social media
platforms should take responsibility for regulating misinformation. Support
your stance with compelling arguments and real-world examples, aiming for a
persuasive yet balanced tone.

Technical Science explanation
writing

How photosynthesis works Explain how photosynthesis works in a way that is accessible to high school
students. Break down the key steps and components involved, using clear
language and relatable analogies where helpful.

Technical Technical report writ-
ing

Smartphone battery life test re-
port

Write a technical report evaluating the battery life of your smartphone un-
der different usage conditions (e.g., watching videos, browsing, idle). Include
sections for the objective, testing methodology, key findings (such as average
battery drain rate), identified issues, and suggestions to optimize battery usage.
Use formal technical language and organize the report clearly.

Personal Letter writing Letter to a childhood friend after
years apart

Write a personal letter to a childhood friend you haven’t spoken to in years.
Reflect on a fond memory you shared, share how your life has been, and express
your interest in reconnecting. Keep the tone warm and genuine.

Personal Social media post writ-
ing

Sharing a recent personal
achievement

Write a social media post sharing a recent personal achievement. Make it
engaging and authentic, and include a positive or motivational message for
your audience. It should be under 200 words.

Professional Elevator pitch writing Introducing a new productivity
app

Write a 60-second elevator pitch introducing a new productivity app designed
to help remote teams collaborate efficiently. Highlight the key features and the
specific problem the app solves, keeping the pitch confident and compelling.

Professional Business email writ-
ing

Requesting a meeting to discuss
a potential partnership

Write a professional email to a potential partner organization, requesting a
meeting to explore collaboration opportunities. Politely introduce yourself and
your organization, explain the reason for reaching out, propose a meeting time,
and close with a courteous sign-off.
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A.4 User Study Details

A.4.1 Study Task Descriptions . The full task descriptions provided to participants in the user study are presented below.

Task A: Social Media Post Writing

User Scenario. Imagine you are working as a content creator for an online educational platform that aims to make complex scientific

concepts engaging and relatable for a general audience. Your task is to write a short, compelling social media post about a scientific

phenomenon, the Doppler Effect, that connects to everyday life.

Your goal is to:
• Grab the reader’s attention with a relatable or thought-provoking message.

• Explain the scientific concept clearly and concisely, making it accessible to people with little or no background in the subject.

• Use examples or scenarios from daily life to help readers connect with the topic.

• Encourage reader interaction by posing a question or prompt that invites them to share their observations or thoughts.

Your audience consists of curious individuals who enjoy learning through social media but may not have a scientific background. The tone

should be engaging, conversational, and easy to understand. Your challenge is to make the concept as clear, relatable, and thought-provoking

as possible while keeping the post concise. The length would be suitable if it fits about half an A4 page.

Task B: Job Application Email Writing

User Scenario. Imagine you are applying for a personal secretary position for a well-known professional in a field unrelated to your

expertise (e.g., an artist, entrepreneur, scientist, or athlete). The employer is looking for a secretary with strong organizational skills,

communication ability, and adaptability rather than specialized knowledge in the employer’s domain. Your task is to write a compelling job

application email introducing yourself and demonstrating why you would be a great fit for this role.

Your goal is to:
• Leave a strong impression to the professional.

• Clearly express your motivation for applying, emphasizing skills that make you a strong candidate.

• Share a relevant personal experience that highlights your ability to adapt, learn quickly, or support a busy professional.

• Show your genuine interest in working closely with someone whose work may be outside your area of expertise.

Your audience is a busy professional who likely receives many applications. Your challenge is to stand out by being clear, professional, and

persuasive while keeping your email concise. The length would be suitable if it fits about half an A4 page.

A.4.2 Self-Report Survey Items. The full statement for self-report survey items is provided below:
(1) M1. Intent Expression — Ease: “I could easily express my intent to the system.”

(2) M2. Intent Expression — Clarity: “The system helped me express my intent clearly.”

(3) M3. Intent Discovery: “The system helped me recognize or discover additional intents that I had not explicitly considered at the start.”

(4) M4. Transparency: “The system helped me see how each of my intents influenced the output generation.”

(5) M5. Understanding: “I understood how each of my intents was reflected in the output.”

(6) M6. Think-Through: “The system helped me think what kinds of intents I would want to complete the task goal, and how to complete

the task.”

(7) M7. Intent Adjustment — Ease: “I was able to adjust my intent to achieve the output aligned with my task goal.”

(8) M8. Intent Elaboration: “The intents I created/kept were specific, detailed, and well-articulated.”
(9) M9. Intent Match: “The system helped me obtain intents and an output that better matched what I wanted.”

(10) M10. Draft Quality: “I felt like communicating intents using this workflow will help me have a better final draft.”

(11) M11. Intent Reusability: “I would reuse the intents I created/kept in future similar tasks.”

A.4.3 Baseline Interface. Figure 17 shows the baseline interface, which consists of a chat panel for user prompts and a separate panel
displaying the generated writing output.

A.4.4 User Study Participants Details. Table 5 presents detailed demographic and background information about the user study
participants, including their LLM usage frequency, self-rated English writing experience, and qualitative descriptions of their writing
backgrounds.
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Figure 17: A screenshot of the Baseline Interface
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Table 5: Self-reported background information of user study participants, including their frequency of LLM usage, English

writing experience levels, and free-form descriptions of their English writing backgrounds (1: No experience, 7: Extensive

experience).

ID Age Gender LLM Usage Experi-

ence (Past 6 Months)

English Writing Expe-

rience (Self-rating)

English Writing Experience Description (Free Response)

P01 26 Female 2–5 times a week 7 (Extensive experience) Has extensive experience writing in English, including research
papers. Frequently uses LLMs to improve grammar and overall
writing quality.

P02 28 Female 2–5 times a week 7 (Extensive experience) Currently works as an HCI researcher and writes in English daily
for research papers, grant proposals and reports, and professional
emails.

P03 26 Female Every day 6 (High experience) Primarily focused on academic writing. Occasionally uses LLMs to
paraphrase for better wording and sentence structure, but prefers
to independently craft the outline and logical flow.

P04 21 Male Every day 5 (Moderate experience) Has written numerous papers during high school.
P05 25 Male 2–5 times a week 5 (Moderate experience) Regularly writes assignments in English and took English writing

courses during undergraduate studies.
P06 23 Male Every day 6 (High experience) Has experience writing in English for various purposes including

TOEFL preparation, reports, research papers, and CVs.
P07 23 Female 2–5 times a week 7 (Extensive experience) As a biology major, wrote weekly experimental reports in English

for several years. Currentlyworks as a freelancer producing English
reports using prompts they created, leveraging ChatGPT for the
task.

P08 30 Male Every day 6 (High experience) Has written papers, emails, reviews, and reports in English. How-
ever, has no experience with emotional or narrative writing in
English, and reading experience is limited to nonfiction, academic
texts, and news articles.

P09 28 Male Every day 7 (Extensive experience) Completed a master’s thesis written in English.
P10 27 Male Once every 2–3 months 7 (Extensive experience) Has experience writing both academic research papers and English-

language newspaper articles.
P11 22 Male 2–5 times a week 5 (Moderate experience) English writing experience is limited to general education course

assignments.
P12 27 Male 2–5 times a week 7 (Extensive experience) Attended an international school from kindergarten through

12th grade and served as Editor-in-Chief of a university English-
language student newspaper.
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