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Figure 1:This figure illustrates how SyntHia supports users in managing, interpreting, and synthesizing feedback for writing
revisions. SyntHia decomposes large collections of feedback into interactive, configurable bubbles (A.1), allowing users to
adjust visual encodings, such as clustering, color, size, and reflection arcs, to identify patterns and assess feedback helpfulness
(A.2 & A.3). Bidirectional highlighting connects feedback to its original context (B.1), similar feedback units (B.2), and the
relevant sentences in the text (B.3), helping users understand its meaning, relevance, and impact. Finally, SyntHia facilitates
revision by enabling users to synthesize feedback into new drafts (C.1) and track revision versions (C.2), providing a non-linear,
traceable interface for exploring alternative edits.

Abstract
While recent advances in HCI and generative AI have improved au-
thors’ access to feedback on their work, the abundance of critiques
can overwhelm writers and obscure actionable insights. We intro-
duce Synthia, a system that visually scaffolds feedback-basedwrit-
ing revision with LLM-powered synthesis. Synthia helps authors
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strategize their revisions by breaking down large feedback collec-
tions into interactive visual bubbles that can be clustered, colored,
and resized to reveal patterns and highlight valuable suggestions.
Bidirectional highlighting links each feedback unit to its original
context and relevant parts of the text. Writers can selectively com-
bine feedback units to generate alternative drafts, enabling rapid,
parallel exploration of revision possibilities.These interactions sup-
port feedback curation, interpretation, and experimentation through-
out the revision process. A within-subjects study (𝑁 = 12) showed
that Synthia helped participants identify more helpful feedback,
explore more diverse revisions, and revise with greater intention-
ality and transparency than a GPT-4-based writing interface.
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1 Introduction
Revision is essential for high-qualitywriting. It often involves gath-
ering and synthesizing feedback from diverse audiences into iter-
ative improvements [3, 42, 72]. Over the past decade, advances in
Human-Computer Interaction (HCI) have enabled writers to easily
obtain feedback from instructors, peers, online communities [25,
65], crowdsourcing platforms [51, 77], and generative AI [4].These
tools enhance feedback availability, scaling it to dozens—or even
hundreds—of free-form textual responses.

However, easy access to feedback can be a double-edged sword.
Feedback from diverse audiences may contain contradictions, fo-
cus on different topics, and vary widely in structure. This makes
it hard to find emerging patterns, reconcile conflicting ideas, and
prioritize revisions [79]. For example, when an argumentative es-
say is critiqued, a reviewer might point out the need for stronger
evidence, suggest clarifying the thesis statement, and recommend
addressing potential counterarguments—all within the same tex-
tual comment. With additional reviewers, the volume of critiques
can expand, covering elements such as claims, warrants, evidence,
and rebuttals. More reviewers also creates more viewpoint diver-
sity, expanding the complexity of potential changes.

To act upon feedback effectively, writers must distill lengthy re-
sponses into actionable insights, prioritize high-value suggestions,
pinpoint problematic areas, and revise their work to incorporate se-
lected insights [3, 18, 42, 72, 79]. This process is iterative and non-
linear: writers often assess how different suggestions may impact
their work, experiment with various revision strategies, and ulti-
mately determine whether and how each comment should be ad-
dressed [66]. Yet, the scalability and variability within a feed-
back set can leave writers navigating long blocks of unstructured
comments, feeling uncertain about where to begin and struggling
to prioritize, trace, or flexibly act on diverse suggestions [18, 31].

Existing tools focus primarily on revision generation, such as
suggesting alternative phrasings or enabling one-shot rewrites us-
ing language models [1, 34, 48, 57, 66]. While useful, such tools of-
ten flatten feedback into summaries, obscure underlying reasoning,
or assume a linear revision path. Few systems support this kind of
exploratory feedback use or help writers interpret, organize, and
experiment with suggestions in ways that preserve agency and en-
able transparent, strategic decision-making.

In this paper, we introduce Synthia, a system designed to sup-
port sensemaking in feedback-drivenwriting revision. Grounded
in established best practices for feedback-based revision, Synthia
advances prior work through three key innovations:

(1) it offers configurable visual encodings of feedback (i.e., bub-
bles) that preserve the granularity of individual suggestions,
enabling writers to surface patterns, assess helpfulness, and
prioritize critiques based on evolving goals;

(2) it introduces bidirectional links between feedback, source
text, and revisions, allowing writers to trace the context, rel-
evance, and impact of specific comments; and

(3) it supports non-linear revision through branching paths and
iterative exploration, encouraging experimentation rather
than one-shot rewriting.

To validate our design, we conducted awithin-subjects user study
(𝑁 = 12) comparing Synthia with a baseline writing interface fea-
turing a GPT-4-based chat assistant and version tracking. Our find-
ings revealed that participants using Synthia identifiedmore justi-
fied and actionable feedback comments, developed more strategic
and exploratory revision paths, and reported greater ownership
and transparency in their process.These findings highlight how in-
novations in Synthia can support writers in making sense of feed-
back and iteratively improving their work.We concludewith impli-
cations for designing revision tools that scaffold not just rewriting,
but the interpretation, navigation, and application of feedback in
all its complexity.

2 Related Work
2.1 Interactive Feedback Tools
HCI researchers have developed a range of tools to assist creators
in efficiently collecting high-quality feedback at scale [4, 10, 24, 39,
51, 76, 81]. As people from diverse backgrounds and areas of exper-
tise may prioritize issues differently, reviewers can offer varying,
sometimes contradictory, opinions on the same content [28]. This
complexity of feedback makes its effectiveness dependent on recip-
ients’ ability to interpret, learn, and act on it [3, 18, 19, 42, 72, 79].

First, prioritizing feedback requires creators to assess its help-
fulness. Guo et al. [25] highlight that feedback’s sentiment, action-
ability, justification, and specificity correlate with recipients’ will-
ingness to invest effort in improving their artifacts. However, ex-
isting feedback tools often emphasize surface-level attributes such
as topic and sentiment, leaving other informative qualities implicit.
We aim to encode these deeper attributes into visualizations to help
users better discern the value of each comment.

Second, navigating large volumes of feedback is challenging. To
support this, HCI researchers have developed tools that help users
interpret and organize feedback [11, 31, 51, 76, 79]. For example,
Decipher [11, 79] shows topic distributions across providers in tab-
ular format. OpinionSpace [16] maps community feedback into a
2D space, using color to indicate sentiment and point size to reflect
community endorsement. While these visualizations help surface
patterns, they are predefined by tool designers. In contrast, we aim
to give writers control over how feedback is visualized—allowing
them to choose which attributes to include based on their goals.

Finally, identifying areas for revision and mapping feedback to
corresponding text segments is essential for action planning, but
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Figure 2: Feedback-based writing revision process with three design goals for SyntHia. We identified five core practices from
the literature [18, 19, 40, 43, 66, 79] and associate them with three specific design goals for SyntHia (described in §3).

is cognitively demanding [18]. Most textual feedback lacks clear
indications of which parts of the writing need attention. Writers
must also weigh their available time and expertise when approach-
ing revisions. While existing tools surface feedback patterns, they
often lack support for helping users gauge the scope and location
of necessary changes based on selected comments. Our tool ad-
dresses this gap by highlighting potential revision areas, helping
users better assess the impact of selected feedback.

Ourwork advances feedback tools by supporting the entire feed-
back cycle—from exploration and interpretation to implementa-
tion. We leverage the power of LLMs to enable rapid prototyping,
combined with interactive visual scaffolding that empowers users
to take greater control over their revision goals.

2.2 Intelligent Writing Tools
TheHCI community has a long-standing interest in designing writ-
ing tools [46]. Projects support writers across various stages, such
as brainstorming ideas [21, 59], planning outlines [85], drafting
content [9, 14, 30, 35, 41, 80], and refining text [1, 34, 48, 57, 66].

Among revision tools, commercial applications like Grammarly
and Ref-N-Write [50] focus on addressing conventions, grammar,
and stylistic improvements. Academic tools extend this by offering
fluent sentence alternatives [15, 32–34, 37, 53], often presenting
multiple options with scores to guide writers [6, 17, 20, 32, 47]. An-
other line of tools provide visual, numerical, or textual assessments
of writing quality to guide revision [54, 75]. For instance, AL [70]
visualizes argumentative sentence relationships and scores persua-
siveness, while ArgRewrite [84] tracks and assesses sentence-level
changes. In these tools, sentences represent natural textual bound-
aries, allowing clear demarcation of edits and facilitating easy track-
ing and application of changes. Building on these interfaces, we
also adopt sentences as the scope of interactive revision spans.

HCI and traditional design practices encourage parallel explo-
ration of multiple variations to help creators avoid fixation on a
single idea [23, 36]. Similarly, experienced writers approach revi-
sion as a recursive, non-linear process [66, 71] and engage with the
text in repeated cycles. Inspired by this philosophy, Reza et al. [57]
introduced ABScribe, which facilitates rapid exploration of multi-
ple writing variations through LLM-based human-AI co-writing. It
showed the potential of LLMs to quickly generate new versions of
writing pieces. While generated text may lack the fidelity required
for final drafts, imperfect AI text can help writers rapidly explore

revision possibilities [57, 80], which inspired us to have it serve as
a lens for deepening user understanding of feedback.

Prior work provides limited support for helping writers inte-
grate feedback into revisions. One exception is Impressona [4]. It
generates feedback based on writer-defined AI personas represent-
ing target readers. This approach further lowers barriers to obtain-
ing diverse critiques. However, there is still a gap between receiv-
ing and implementing feedback. To support feedback-based revi-
sion, we introduce a novel tool that visualizes and synthesizes feed-
back with LLM-generated revisions, enabling writers to critically
evaluate, experiment with, and refine their work through iterative
cycles of feedback integration.

2.3 Visual Interfaces for LLMs
In recent years, LLMs have reshaped how we acquire, process, and
interact with information. However, the linear, text-heavy nature
of traditional conversational user interfaces (CUIs) has been crit-
icized for hindering user sensemaking of LLM-generated content.
To address this issue, HCI researchers develop various visual inter-
faces to scaffold sensemaking. For example, Luminate [63] struc-
tures dimensional reasoning to help writers explore design spaces.
Sensecape [64] and Graphologue [38] use interactive mind maps
to streamline information foraging. Other work, such as text ren-
dering techniques from Gero et al. [22], supports mesoscale (10s to
100s of samples) sensemaking of LLM responses.

While these efforts focus on parsing and organizing outputs, a
critical gap remains: when dozens of feedback comments require
curation, combination, and experimentation, users lack tools to
manage this complexity. Moreover, few systems reveal relation-
ships between information sources, such as contextualizing feed-
back in relation to the essay’s content (input↔input) or how it
translates into revisions (input↔output).Without transparent tools
to expose these relationships, users struggle to exchange appropri-
ate information with LLMs and trace how inputs (feedback) influ-
ence outputs (revisions). Our work addresses this gap by designing
an interface for managing mesoscale feedback, enabling writers to
manage comments and trace implications.

2.4 Best Practices for Feedback-Based Revision
Finally, we survey literature on current best practices for feedback-
based revision so that we can inform eventual design goals for our



Figure 3: User Interface of Synthia. The interface consists of four main components: (A) the Essay Panel, where users review
their original essays and refine their revisions; (B) the Bubble Canvas, which allows users to categorize, prioritize, and select
feedback for revision; (C) the Feedback Gallery, where users can explore detailed feedback from different providers; and (D)
the Revision Panel, which tracks multiple versions of the draft and their respective changes.

system. Prior work broadly considers: creators’ strategies and prac-
tices in managing and interpreting feedback [19, 25, 40, 43, 79]; the
role and nuances of revision within the writing process [18, 29, 66,
71]; and the latest research on writing and feedback tools [31, 46,
57, 79, 80, 85]. Drawing from this body of work, we identify five
core practices for effective feedback-based revision: decomposing,
categorizing, prioritizing, mapping, and revising (see Fig. 2).

Writers start bydecomposing [S1] lengthy responses intoman-
ageable units, identifying key critiques while fighting cognitive fa-
tigue that comes from sustained parsing efforts [18, 79]. This pre-
pares the ground for categorization [S2], where fragmented com-
ments are organized according to providers, purposes, or emotions
to develop a high-level model of issues [79].

Given time constraints and conflicting perspectives, writers can-
not address everything; they must prioritize [S3] feedback that
alignswith their rhetorical goals (e.g., strengthening claims, adding
examples) and that offers reasonable, actionable, and specific sug-
gestions [43]. However, this task is complicated by the implicit na-
ture of value judgments in feedback language, which makes it hard
for recipients to identify high-impact opportunities [73].Then, they
go deep in mapping [S4] feedback: writers synthesize scattered
yet related voices and trace critiques to textual targets [18]. This
phase bridges feedback and text, requiring writers to maintain a
mental map that links feedback to corresponding passages.

Lastly, writers engage in revision [S5] as an iterative dialogue.
Rapid prototyping of changes helps concretize abstract suggestions
and reveal hidden trade-offs between competing values [42, 66].
This final stage demands advanced writing skills to evaluate mul-
tiple potential revisions while managing the cognitive complexity
of the entire feedback cycle.

3 System Design and Implementation
We introduce Synthia, an interactive system that supports writers
in interpreting and synthesizing feedback into writing revisions
by: (1) reifying feedback as interactive, configurable bubbles, (2)
surfacing contextual, cross-information relationships, and (3) pro-
totyping in parallel with accessible, traceable drafting.

We demonstrate our systemwith respect to argumentative writ-
ing, a domain requiring writers to present and defend their per-
spective on a specific topic. To effectively convey their argument,
writers must engage in clear reasoning, consider alternative view-
points, and refine their stance into a persuasive written piece. This
process offers a valuable opportunity for feedback, as writers must
engage with other perspectives to improve their work [44, 45, 56].
While we focus on argumentation, our approach generalizes to
other writing genres involving feedback-driven revision.

The interface of Synthia consists of four main sections: Essay
Panel (Fig. 3A), Bubble Canvas (Fig. 3B), Feedback Gallery (Fig. 3C),
and Revision Panel (Fig. 3D). Below, we present each of the three
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