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Figure 1: (left) Overview of brushing and interpretive linking across representations and modalities (e.g., text, images, charts),
leveraging generative AI to establish conceptual relationships and propagating changes; (right) Examples of workflow concepts
elicited from professional knowledge workers, illustrating how the approach generalizes across diverse use cases.

Abstract
This work builds on brushing and linking from data visualization
and extends it to knowledge work. Knowledge workers frequently
repurpose content across artifacts (e.g., creating a one-page sum-
mary of a report and visuals for its presentation), yet the con-
ceptual relationships between these representations are often im-
plicit, placing a cognitive burden on knowledge workers to main-
tain alignment. We introduce interpretive linking, an approach that
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leverages generative AI to identify and highlight semantically re-
lated content across representations (brushing) and to interpret
and propagate changes between them (linking). Rather than pre-
serving strict correspondence, interpretive linking aims to main-
tain semantic coherence across formats and modalities. Using a
research-through-design approach, we built a technology probe
leveraging multiple models across textual and visual content and
experimented with different strategies for managing semantic co-
herence. We then conducted a qualitative study with six knowledge
workers, who used the probe to reflect on potential workflows.
Participants generated 22 application concepts, ranging from re-
sponsive documents adapting to device form factor to collaborative
tools supporting parallel work across modalities. Together, these
findings surface design opportunities and open challenges for in-
terpretive linking in knowledge work.
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1 Introduction
Brushing and linking is a foundational technique in data visualiza-
tion that enables analysts to explore data across multiple coordi-
nated views [1, 23]. Brushing allows a user to select or isolate data
within one view. Linking ensures that these highlighting and fil-
tering interactions are dynamically reflected in all the other views.
This strategy allows analysts to explore data from multiple per-
spectives, leading to deeper insights and a more comprehensive
understanding [26].

Knowledge workers frequently repurpose material, continually
adapting content to suit different audiences, media, and collabora-
tive contexts [19]. For example, they may turn a long document
into a summary, a representative diagram, and a slide deck [11, 16].
When repurposing material, they perform a mental brushing and
linking concurrently with content editing, such as reading a section
of the report to write corresponding summary lines or slides. Unlike
data visualization, where data is indexed with consistent identifiers,
supporting brushing and linking across textual and visual content
is conceptually and technically more challenging because of the
inherent ambiguities in what constitutes ’the same’ content across
artifacts that differ in modality, granularity, and overall commu-
nicative conventions.

In this paper, we introduce interpretive linking, a conceptual ap-
proach that reframes linking from preserving exact correspondence
to managing semantic coherence across representations. In par-
ticular, we explore how generative models can support brushing
(identifying and highlighting semantically related content across
representations) and linking (interpreting and propagating changes
between those representations). Throughout, we use interpretive
linking to refer to this end-to-end flow that encompasses both mech-
anisms. We explore interpretive linking in the context of textual
and visual content, but as a general approach, it is applicable across
a range of knowledge work scenarios with different modalities and
formats. For integration of interpretive linking in these scenarios,
we propose a set of strategies to preserve meaning and communica-
tive intent during change propagation.

Adopting a research-through-design approach [37], we built a
technology probe as a vehicle for exploring how interpretive link-
ing can be realized and appropriated in practice. We then conducted
a qualitative study with six knowledge workers, who engaged with
the probe to reflect on how interpretive linking could reshape their
workflows or enable new scenarios. Participants generated 22 appli-
cation concepts, ranging from responsive documents that maintain
coherence across representations to collaborative ideation tools that

support parallel work across modalities. Insights from our probe it-
erations and participant engagements surface design opportunities
and open challenges for interpretive linking in knowledge work.

In summary, we contribute:
• The concept of interpretive linking: a reframing of brushing
and linking from preserving exact correspondence to managing
semantic coherence and communicative intent across represen-
tations, mediated by generative AI.

• A technology probe and a set of design strategies (meta-
descriptions as soft constraints, version-aware propagation, and
visual traceability of changes) that demonstrate how interpretive
linking can be realized across textual and visual content.

• Exploratory design insights from a probe-to-prototype
study with six professional content creators, including 22
participant-generated workflow concepts and reflections that sur-
face opportunities, open challenges, and tensions around control,
trust, and propagation.

2 Related Work
To situate our work, we review three strands of research. First,
we revisit brushing and linking, a foundational technique in vi-
sualization that coordinates data across multiple views (Sec. 2.1).
We then review knowledge workers’ practices and the opportuni-
ties this creates for extending brushing and linking to this domain
(Sec. 2.2). Finally, we discuss recent technical advancements in con-
tent transformation and multi-modal content generation that form
the foundation for realizing brushing and interpretive linking in
knowledge work (Sec. 2.3).

2.1 Brushing & Linking in Visualization
Brushing and linking is a foundational interaction technique in
the visualization community [23]. Brushing refers to selecting or
highlighting a subset of data in one representation, while linking
ensures that the corresponding data are simultaneously revealed
or filtered in other representations. When applied across multiple
coordinated views, brushing and linking allow analysts to fluidly
trace relationships, compare perspectives, and propagate selections
across heterogeneous data displays [5, 23]. This mechanism has
been shown to greatly enhance exploratory analysis by reducing
the cognitive burden of manual cross-referencing and by support-
ing richer sense-making processes. Numerous systems exemplify
its value: image editing tools that couple histograms and pixel
views for interactive adjustment [7, 10], or complex visualization
environments that integrate scatterplots with embodied navigation
through high-dimensional data spaces [9]. Our work focuses on
exploring the feasibility and potential use cases of brushing and
linking in knowledge work, across textual and visual content.

2.2 Repurposing in Knowledge Work
Similar to data analysts who work across multiple coordinated
viewswhen exploring datasets, knowledgeworkers routinely juggle
diverse representations of the same underlying material. For exam-
ple, writers reworking long-form text into concise summaries [35],
journalists translating print articles into multi-modal video scripts
and storyboards [34], programmers shifting between sketches, com-
ments, and executable code [36], or converting raw data into charts
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[33]. While these transformations are essential, they typically re-
quire repeated manual effort to coordinate different pieces of con-
tent.

In this work, we use repurposing to refer broadly to these trans-
formations, encompassing the ongoing adaptation, reframing, and
coordination of content across representations, modalities, and con-
texts. The content being transformed spans modalities (e.g., text, im-
ages) and formats within a modality (e.g., paragraph, bullet points).
Workers engage in these transformations with different goals. From
a single-user workflow perspective, transformations help fluidly
move between granular and abstracted views, improving efficiency
and recall through richer mental representations [8, 20]. They also
reduce cognitive load by distributing information across comple-
mentary channels [29]. From a collaborative perspective, transfor-
mations allow multiple users to work with representations that
suit their distinct roles, preferences, or cognitive styles [18, 25, 30].
More recent design research has explored how multimodal input
can better align professional creators’ intent with generative-AI
output, such as in DesignPrompt [22] which combines image, color
palettes, and text in unified prompts. Additionally, from a device
and environment perspective, knowledge workers frequently adapt
content to the affordances of different form factors and contexts,
such as tablets for sketching, or wearables for quick access, thereby
extending interaction seamlessly across settings and supporting
situated cognition [3, 13, 14].

Recognizing the widespread practice of content transformation
in knowledge work and the effectiveness of brushing and linking
in visualization, we are motivated to ask whether similar strategies
could extend to knowledge work. In this research, we explored
how such strategies can be realized by leveraging generative AI to
identify related content in different representations and propagate
changes while preserving core meaning and communicative intent
of each representation.

2.3 Content Transformation Pipelines
Earlier approaches to content transformation assumed explicit, pre-
defined mappings between representations, exemplified by optical
character recognition, text-to-speech and speech-to-text systems,
and rule-based format transformations. Within HCI, researchers
extended these approaches through interactive systems that sup-
ported repurposing across applications, devices, and collaborative
settings. Examples include sketch-to-UI tools that translated wire-
frames into executable interfaces [27], “fluid documents” that en-
abled styling and co-editing [6], and cross-device platforms that
supported moving and adapting content to different form factors
and collaborative settings [3, 13, 18].

More recently, advances in large pretrained generative models
have expanded the range of possible transformations, including
text-to text and text-to-code via large language models [17, 32],
text-to-image synthesis via diffusion models [24], and emerging ap-
proaches for text-to-audio and text-to-video [12, 31]. These models
demonstrate strong capabilities for synthesizing and repurposing
content across modalities. Researchers have also begun structuring
LLM interactions to balance exploration with control, for example
by defining explicit semantic dimensions that shape and diversify
generation [28]. However, much of this work has focused on isolated

transformations, leaving open questions about how such transfor-
mations can be coordinated, interpreted, and maintained as content
evolves across multiple representations in real knowledge-work
practices. This gap shifts attention from what transformations are
possible to how they are structured and coordinated in use. Recent
work by Cao et al. [4] addresses this directly, by proposing compo-
sitional structures as substrates that scaffold human-AI co-creation
across linked views.

In this paper, we explore two fundamental aspects of brushing
and linking that generative models now make possible in textual
and visual content: identifying semantically related concepts across
evolving artifacts, and interpreting and propagating change while
preserving semantic coherence and communicative intent across
representations.

3 Interpretive Linking
Linking refers to the propagation of interactions or changes across
multiple representations such that actions performed in one rep-
resentation are reflected in others. In information visualization,
linking is commonly used to synchronize state across coordinated
views, enabling integrated exploration of related representations
through well-defined mappings. Extending linking to knowledge
work poses two core challenges.

Mapping. The first challenge concerns identifying which ele-
ments across representations should be linked in the first place.
In visualization systems, this identification is typically straight-
forward: marks correspond to shared data items, and links are
established through explicit identifiers or one-to-one mappings. In
contrast, text and images rarely provide such stable structure. Re-
lationships between passages, summaries, figures, or captions are
often implicit, contextual, and many-to-many, rather than defined
by fixed identifiers.

Generative AI models support establishing these relationships
by identifying semantically related concepts across representations,
without extensive explicit specification. Large language models
can relate a sentence in an abstract to corresponding explanatory
passages, or connect a formally phrased legal statement with its
plain-language explanation. Vision and image generation models
can make similar connections across textual and visual content,
such as linking regions of an image to captions, discussions, or
explanatory descriptions of charts and diagrams.

Propagation. Whereasmapping concerns identifyingwhat should
be linked, propagation concerns what should change once those
links are in place. In information visualization, linking primarily
propagates selection or filtering state: highlighting a subset of data
in one view reveals or suppresses corresponding items in other
views, while the underlying data remains unchanged. This form of
propagation supports coordinated exploration, but is largely limited
to synchronizing views rather than modifying content.

In knowledgework, however, propagation often involves changes
to content rather than to view state. Authors revise text, refine ar-
guments, and update visuals as ideas evolve. Extending linking to
these settings raises questions about how edits in one representation
should be interpreted and reflected elsewhere while preserving se-
mantic coherence. For example, revising a concept in one section of
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a document could prompt updates in related passages, or adjusting
a figure could require corresponding changes to captions and refer-
ences. Across documents, linking could help keep content aligned
across languages or registers, such as maintaining consistency be-
tween a technical report and a legally phrased patent. Supporting
such propagation enables coordinated, cross-modal authoring and
sensemaking beyond what traditional linking affords.

Interpretive linking. We refer to this form of generative-AI-enabled
linking as interpretive linking. In interpretive linking, both the iden-
tification of related elements and the propagation of change are
inherently fluid and ambiguous. Relationships across representa-
tions are inferred rather than fixed, and changes do not follow pre-
defined correspondences. This ambiguity is further compounded
by the non-deterministic behavior of generative AI models, which
may yield different or partially incorrect interpretations across it-
erations. As a result, interpretive linking introduces risks such as
semantic drift or inadvertently introducing hallucinations. At the
same time, it enables forms of cross-modal and cross-register edit-
ing (i.e., across different communicative roles or styles) that are not
possible with traditional, programmed linking. Interpretive linking
therefore shifts the problem from preserving exact correspondence
to developing strategies that maintain semantic coherence and the
communicative intent of each representation as content evolves
and changes are propagated across artifacts.

As a conceptual approach, interpretive linking is not bound to
any specific model architecture or pipeline. It requires (1) a mecha-
nism for inferring semantic relationships across diverse represen-
tations, and (2) means of propagating changes across the artifacts.
Bidirectionality, while valuable in several scenarios we describe in
this paper, is not a strict requirement, as interpretive linking can
also operate unidirectionally. Similarly, the approach is agnostic
to the specific content modalities used, and extends in principle to
audio, video, code, and other artifact representations beyond text
and images.

Extended Brushing. Whereas the mapping and propagation chal-
lenges concern what the system infers and what it changes, brush-
ing concerns how the user invokes the mapping in the first place.
Adapted from information visualization [1, 23], brushing in knowl-
edge work allows authors to select a piece of content in one repre-
sentation and surface its semantically related counterparts in the
others, without committing to any edit. For example, brushing a
sentence in an abstract can reveal the paragraphs that develop the
idea later in the document; brushing a claim in a formally phrased
patent can surface the corresponding plain-language passages in
an explanatory report. Brushing can also operate across modalities,
where a brushed region of an image can highlight the text passages
that describe or discuss it, while a brushed sentence can surface
the figures, charts, or visual examples that concretize the selected
concept. By making the AI-inferred semantic relationships visible
without triggering any modification, brushing supports non-linear
reading, comparison across formats, and sensemaking as authors
move between representations. It thus serves as the counterpart to
propagation within interpretive linking: propagation commits to
changes, brushing reveals relationships.

4 Technology Probe
To explore interpretive linking in practice, given its fluid and non-
deterministic nature, we adopted a research-through-design ap-
proach [37] and built a technology probe as an experimental artifact.
This technology probe is a vehicle for investigating how interpre-
tive linking can be realized across textual and visual content, rather
than a system intended for deployment. Through iterative develop-
ment, we refined both the model pipelines and interaction strategies
embodied in the probe, using it to investigate how interpretive link-
ing might operate across text and images, particularly with respect
to maintaining semantic coherence.

The probe also enabled us to observe how knowledge work-
ers appropriate these capabilities in their own scenarios, revealing
workflows, breakdowns, and opportunities for brushing and in-
terpretive linking that extend beyond cases we could anticipate
through design alone.

4.1 Probe Design Overview
We developed a web-based, multi-user technology probe that en-
ables authors to create, edit, and coordinate multiple pieces of con-
tent with interpretive linking on an infinite canvas (Figure 2). The
fundamental unit of interaction is a content block, in which users
specify both the modality (text, chart, or image) and a free-form
meta-description of the content (e.g., “bullet points,” “bar chart”,
"cover for children’s book"). Users can create, resize, and spatially
arrange multiple content blocks, which are all linked upon creation.

The canvas functions as a desktop-like environment composed
of multiple simultaneous views, where each content block repre-
sents a distinct artifact with its own communicative intent and role
(e.g., summary, explanation, visual illustration). This design enables
users to repurpose shared content into multiple representations
while continuing to work with each artifact independently. In addi-
tion, users can quickly assemble, juxtapose, and manipulate related
artifacts to explore diverse scenarios.

In practice, determining whether artifacts should be linked, tem-
porarily decoupled, or connected through custom relationships is
itself a complex design problem [21]. To isolate questions about
interpretive linking and semantic coherence, the probe adopts a
simplifying assumption that all content blocks on the canvas are
connected. Exploring richer, user-controlled linking structures is
beyond the scope of this probe.

4.2 Managing Semantic Coherence
A central challenge in interpretive linking is maintaining seman-
tic coherence between representations as they evolve. The probe
addresses this challenge through several design strategies.

Meta-Descriptions. Associated with each content block, meta-
descriptions act as soft constraints that guide how content is trans-
lated, helping preserve the communicative intent and format of
each representation. In the probe, these meta-descriptions are ex-
plicitly specified by users or are generated the first time the user
adds content. Rather than defining extensive transformation rules
between artifacts, meta-descriptions capture high-level characteri-
zations of an artifact, possibly tone, level of abstraction, or visual
style, which the system attempts to preserve during transformation.
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Figure 2: Example usage of the probe. (A) User creates a text block and types in content, meta-description is updated. (B) User
creates three more blocks and enters meta-descriptions; their content is generated by leveraging meta-descriptions and content
of the initial block. (C) User edits a value in the chart directly, changes are propagated to the other content blocks in the canvas.

This expands on related approaches that structure LLM genera-
tion via explicit semantic dimensions [28], where we leverage such
dimensions as soft constraints on cross-modal propagation.

For example, a text block described as “bullet points for a pre-
sentation” or an image block described as a “cover illustration”
establishes expectations about structure and emphasis that differ
from those of a narrative paragraph or an analytical chart. Dur-
ing linking, these meta-descriptions bias transformations toward
outputs that remain appropriate for their representational context,
even as underlying content changes. Treating meta-descriptions
as soft and interpretable constraints allows the system to preserve
communicative intent without rigid coupling, while supporting
workflows in which representations are incrementally derived, re-
purposed, and refined.

Versioning. To support minimal yet meaningful change, the trans-
formation process incorporates not only the current source content
and the target’s meta-description, but also the previous versions
of both source and target content. This historical context allows
the system to infer which aspects of the representation should
be preserved and which should be updated. For example, when a
numerical value is modified in a chart, only the semantically cor-
responding portion of a linked text description is revised, while
unrelated content remains unchanged.

Visual Traceability of Change. In addition to shaping how changes
are generated, the probe makes transformations visually traceable
so that users can track how representations evolve over time. When
linking propagates a change, updates are surfaced locally. For text,
modified segments are marked in bold or striked through; for im-
ages and charts, corresponding regions are highlighted. These visual
cues help users identify what has changed and how a transforma-
tion relates to the original content.

Brushing further supports traceability by allowing users to ex-
plicitly reveal linked content across representations. By selecting

text, chart elements, or image regions, users can surface related el-
ements in other blocks, helping them maintain mental connections
between representations.

4.3 Interpretive Linking Pipelines
Interpretive linking is bidirectional and supports transformations
across modalities. Changes in text can be reflected in charts or
images, and vice versa, using combinations of large language mod-
els, segmentation models, and diffusion-based image generation
models. Figure 3 illustrates the process of propagating a change
made to a content block to a linked content block in the canvas.

Text-text (and text-chart). Meta-descriptions associatedwith each
content block are incorporated directly into model calls and act as
soft constraints that help preserve key communicative characteris-
tics during linking. These meta-descriptions may specify textual
structure (e.g., “bullet points”), visual style (e.g., “watercolor chil-
dren’s illustration”), or format (e.g., “horizontal bar chart”), allowing
linking prompts to explicitly maintain these properties and limit
semantic or stylistic drift. To further support minimal yet meaning-
ful change propagation, the pipeline also provides prior versions
of both linked blocks to the language model, leveraging generative
models’ ability to reason about similarities and differences across
artifacts. This history enables the model to infer additional con-
straints that may not be explicitly captured in meta-descriptions,
while keeping user-provided descriptions succinct and high-level.
Concretely, each linking operation invokes an LLM with the con-
tent of both blocks, the meta-description of the target block as a
soft constraint on its communicative style, and the version history
to preserve semantic coherence while propagating changes.

Linking between a text block and a chart block follows the same
approach, with the difference being that we prompt the LLM to
generate HTML code for the chart or diagram.
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Figure 3: Interpretive Linking Pipeline. User edits content of
the red block. Changes are propagated to linked green block.
The pipeline consists of a call to an LLM, and, if the green
block is an image, the LLM generates calls to image models.

Text - Image. Cross-modality text–image interpretive linking
involves invoking additional image models, with prompts gener-
ated by the LLM. Through iterative development of the probe, we
explored two pipeline strategies. An initial approach based on di-
rect image generation frequently produced subtle but unintended
visual changes, despite efforts to localize edits through prompt en-
gineering. To address this, we explored a more controlled pipeline
that combined image segmentation with inpainting using a Stable
Diffusion model, allowing changes to be spatially constrained while
preserving surrounding visual context (Figure 4).

In this second iteration, when a change originates from a text
block (e.g., replacing “cat” with “elephant”), the system first ana-
lyzes the source image to capture its overall visual style. The LLM
then generates a prompt that specifies the desired change while
preserving this style. A segmentation model identifies the object ref-
erenced in the text and produces a corresponding mask, after which
a diffusion model inpaints the new object within the masked re-
gion. This approach constrains changes spatially while maintaining
consistency with the surrounding visual context.

In the reverse direction, when a user modifies an object in the
image using a digital pen, the marked image is first processed to

Figure 4: Propagating localized changes from text to image.

match the style of the original image. The updated visual content
is then analyzed by a vision model, and the LLM updates the corre-
sponding text description to reflect the new object while keeping
the rest of the description unchanged.

Image - Image. To link between two visual blocks, we route edits
through an LLM because the paired images may differ substantially
in pose, viewpoint, or depiction, so the system must infer the se-
mantics of the user’s edit (e.g., “add glasses to the cat”) rather than
copy pixels; the LLM describes the intended change, which can then
be localized and applied to the other image via segmentation and
inpainting. When a user sketches on one image, the sketch is first
transformed to match the style of the original image. The LLM then
analyzes the modified image in the context of its source to infer
the intended change and produces a textual description. Based on
this description, a segmentation model identifies the corresponding
region in the target image and generates a mask, after which a
diffusion model performs inpainting within the masked region to
render the new object while preserving the target image’s overall
visual style and context.

4.4 Implementation
We developed this web-based technology probe using React1 for
the front-end and Node.js2 for the back-end to synchronize the
data across multiple users and devices. The computational pipeline
utilizes GPT-4o3 and Stable Diffusion (v1.10.1). We used Azure
OpenAI GPT-4o, model gpt-4o-2024-05-13, which was the latest
version at the time of the experiment. The Stable Diffusion model
runs on a local machine equipped with an NVIDIA GeForce RTX
4090 GPU and an Intel Core i9-14900K 3.20 GHz CPU. While we
used these models to enable our technology probes, interpretive
linking is not tied to a particular model or architecture.

5 User Study
To explore how brushing and interpretive linking could enable
new forms of coordination and repurposing in knowledge work, we
conducted a qualitative study with six professional content creators.
Rather than evaluating a single predefined application, our goal
was to use brushing and interpretive linking as a generative lens for
uncovering emerging workflows, breakdowns, and opportunities
across knowledge work practices.

1https://react.dev
2https://nodejs.org
3https://platform.openai.com/docs/models/gpt-4o

https://react.dev
https://nodejs.org
https://platform.openai.com/docs/models/gpt-4o
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5.1 Procedure
To gather a rich set of scenarios, we selected six participants (2M,
4F) from different backgrounds and roles (Table 1), a sample size
more aligned with exploratory probe-based studies [15] aimed at
breadth of ideation rather than statistical generalization.

Each participant took part in two online sessions conducted
5–7 days apart. We employed a probe-to-prototype approach, in
which workflow ideas were captured as they emerged during a first
ideation session (approx. 60 min), materialized by the research team
using the probe between sessions, and then returned to participants
for reflection in a second session (approx. 30 min).

Materializing abstract speculation into low-fidelity interactive
prototypes enabled participants to more concretely assess oppor-
tunities, constraints, and breakdowns in use, as well as to provide
informed feedback on the underlying generative AI pipeline by
engaging directly with the probe and its behaviors in practice.

The first session (60 minutes) opened with a short video and
live demonstration, followed by three example concept propos-
als the research team had built with the probe in advance. These
examples were introduced to make the probe’s capabilities and
constraints concrete without prescribing the space of ideas. Partic-
ipants were then asked to propose workflow concepts and ideas
grounded in their own practices. Concepts were captured as free-
form descriptions and clarified through follow-up questions in the
session. Across the six participants we collected a total of 22 dis-
tinct workflow concepts. Between sessions, the research team pro-
totyped two of each participant’s concepts using the probe, selected
to maximize diversity across coordination types (repurposing, re-
flection/ideation, collaboration). When specific functionalities or
modalities (e.g., video) were not supported, we created the closest
related variant. In the second session (30 minutes), participants
experienced these materialized prototypes and reflected on design
considerations, breakdowns, and opportunities.

5.2 Data Collection and Analysis
All sessions were conducted remotely via video call, recorded with
participant consent, and transcribed. We performed a thematic anal-
ysis of the transcripts, using use cases, workflow concepts, benefits
and design tension as deductive codes, while emerging themes were
inductively captured. We focus our analysis on existence, following
an interpretivist approach to reflexive thematic analysis [2].

5.3 Concept proposals
Across the study, participants proposed 22 workflow concepts that
illustrate how interpretive linking can unlock new opportunities for
knowledge work. We group the workflows below to highlight the
kinds of new capabilities participants envisioned (Figure 5 shows
representative examples).

Content repurposing. Participants’ discussions around derived
artifacts reflected common repurposing practices described in prior
work, where the same material is adapted across representations,
audiences, and contexts. Several participants suggested that in-
terpretive linking could help coordinate these related represen-
tations, which are otherwise maintained through manual rewrit-
ing. For example, P1 described transforming a research report into

presentation-oriented artifacts, while P3 and P4 discussed rewriting
content such as feature descriptions or notifications from different
perspectives (Figure 5 perspective wizard), including technical and
non-technical audiences. Participants also noted that derived arti-
facts often serve different cognitive or communicative roles, such
as learning a new programming language by experimenting side by
side with a familiar one (Figure 5 learning playground). Together,
these observations point to opportunities for systems that help
knowledge workers manage and navigate multiple perspectives
during repurposing work.

Beyond scenarios centered on content repurposing, participants
surfaced additional insights about how interpretive linking might
shape reflection, ideation, and collaboration in knowledge work.

Reflection and ideation. Several participants described work-
flows in which interpretive linking could help connect early, in-
formal ideas with more structured outputs. For example, P1 and
P3 discussed capturing brief notes on mobile devices during meet-
ings or while away from their desks, and later transforming these
fragments into slides or visual materials. Participants framed this
as a way to keep early ideas connected to downstream artifacts as
they evolve, rather than treating ideation and production as fully
separate stages (Figure 5 idea crystallizer, story shaper).

Participants reflected that the brushing aspect of interpretive
linking, which surfaces the same content across multiple repre-
sentations, helped reframe their thinking, supporting reflection
and perspective switching. P5 reflected that "you could see many
different ways of seeing the same information. That was really cool.",
praising the value of seeing the same content in different forms for
stimulating creativity. Similarly, P1 valued how seeing alternative
representations made content feel like “seeing text brought to life,”
especially when creating alternative representations would other-
wise require substantial manual effort. P4 highlighted the ability to
edit content bidirectionally across representations as particularly
distinctive, describing this affordance as “pretty unique . . . and super
valuable.” P6 further stressed the importance of grounding gener-
ated content in selected source materials and tracking provenance
to maintain creative control and address copyright concerns.

Unlocking new collaborative dynamics. Participants also de-
scribed collaborative scenarios, where interpretive linking might
support coordination across roles and representations. P4 and P6
described maintaining shared outlines or indexes derived from ar-
tifacts owned by different team members (Figure 5 living TLDR).
Others reflected on multi-perspective ideation, such as artists iter-
ating on shared character concepts through different visual styles
(P6), or interdisciplinary teams working across narrative text, sto-
ryboards, and scripts (P1).

Several participants framed interpretive linking as a mediating
layer in collaboration: P3 described it as an “AI collaborator,” and
P4 characterized it as a mediator that could “transform content into
something else.” P1 and P5 found these collaborative scenarios par-
ticularly compelling, with P5 envisioning writers and designers
working on the same content through different representations,
describing this as “a cool, different human–AI interaction paradigm.”
Together, these accounts suggest that interpretive linking enables
collaborators to remain loosely aligned while contributing through
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Participant Role Field of Expertise

P1 UX Researcher conducts research on video games to inform the creative team
P2 Graphics Designer design of intranet apps for employees of large organizations
P3 Content Designer design of components in user interfaces such as menu labels, buttons
P4 Content Designer design of user notifications within a suite of apps for information workers
P5 Project Manager specification of goals and requirements for a team collaboration app
P6 Technical Artist crafting images and programming 3D content for mixed reality experiences

Table 1: Background of our six study participants.

representations suited to their roles, expertise, and communica-
tive needs, supporting coordination, reflection, and collaboration
without enforcing uniform representations.

5.4 Reflections on interpretive linking
We synthesize below the reflections of participants after experienc-
ing their own concepts materialized into interactive prototypes in
the second session.

Cost-value tradeoff of propagating changes. Participants con-
sistently framed the value of interpretive linking in relation to the
effort and risk of coordinating consequential changes across ar-
tifacts. Interpretive linking was seen as most compelling when
updates would otherwise be time-consuming or error-prone to per-
form manually. As P1 noted, “Generative AI is better than me at
making these kinds of changes—not small edits, but taking story-
boards and turning them into a report. That would save hours.” This
framing positioned interpretive linking less as automating trivial
edits and more as supporting changes with cascading effects.

Maintaining consistency across representations emerged as a
key benefit of interpretive linking. P5 noted that small discrepan-
cies in content can be damaging: “there’s nothing worse than when
a number on a slide doesn’t match the number in the chart.” P5 also
reflected that even “a small change, like modifying a single number,
might have broader analytical implications.” and explained that AI
could help surface these deeper implications. At the same time, par-
ticipants noted that propagating changes automatically introduces
new burdens. P2 reflected that tracking changes with cascading
effects proved tedious, and P5 thought they might be “jarring for
other users” in collaborative workflows.

Concerns about failure amplified these tradeoffs. P3 emphasized
that even a low rate of error in propagated changes could have an
outsized impact on trust and adoption, noting that “even a small
failure rate would massively affect my confidence in the system.”
Together, these reflections frame change propagation as a design
problem—one that requires careful attention to visibility, trust, and
user control alongside the efficiencies interpretive linking may offer.

A different interaction paradigm with AI. Participants high-
lighted how interpretive linking suggests a different interaction
paradigm for generative AI, distinct from chat-based prompting. P4
and P6 noted a reduced need for explicit prompts, with P4 observ-
ing that “prompting is huge [difficult] — people don’t know what to
write.” Instead, interaction shifted toward specifying desired out-
comes and directly editing AI-generated content. P4 described this
as a “break in the existing mental model of how to communicate with

LLMs,” emphasizing the value of being able to “edit right away and
focus on the content, not on how to talk to the system.” Together,
these accounts position interpretive linking as a mediator for co-
ordinating meaning across representations, supporting reflection,
collaboration, and iterative sensemaking with generative AI.

6 Discussion and Future Work
We proposed interpretive linking as a general approach that extends
brushing and linking to knowledge work. Unlike traditional linking
based on stable identifiers and deterministic mappings, interpre-
tive linking coordinates evolving, ambiguous relationships between
representations using generative AI to infer and translate change,
with the goal of preserving both semantic coherence and the com-
municative intent of individual artifacts. Our technology probe
demonstrates that such AI-mediated linking is feasible and our
study suggests that it may make repurposing material more fluid,
enabling authors to work with different representations without
manually reconstructing relationships or propagating edits.

New Opportunities. Participants articulated workflow ideas in
which interpretive linking could support reflection and ideation
through alternative representations. By working on the same con-
tent in different forms, participants explored how ideas co-evolved
across representations. These workflows allowed participants to
reason about their work by moving fluidly between different lenses
as part of the thinking and ideation process. Participants also de-
scribed opportunities for interpretive linking to help coordinate
work across collaborators with different expertise and communica-
tive practices. By linking representations tailored to each collabora-
tor (e.g., accessibility needs, domain expertise, form of expression),
interpretive linking supported collaboration beyond having a single
shared artifact. More broadly, reflections from participants suggest
interpretive linking as an alternative way of engaging with gener-
ative AI. Rather than treating AI primarily as a separate tool for
producing outputs, participants described interpretive linking as a
means for interacting with AI by directly editing content and meta-
descriptions rather than formulating instructions and copy-pasting
content in a separate chat application.

Open Challenges. At the same time, our probe revealed signifi-
cant challenges, particularly around propagating changes across
modalities. While change propagation was effective within a single
modality, text-to-image propagation exposed tensions between con-
trol and flexibility. Image generation models often introduced subtle
visual changes or reinterpreted content based on transformation
history and prompt details. More controlled pipelines using image
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Figure 5: Probe-to-prototype annotated screen captures for five of our six participants.
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segmentation and inpainting increased predictability but raised new
design questions, such as how to relax constraints or adapt masks
(e.g., whether a mask should be expanded when a replaced object
is larger than the original, as in the elephant-for-bunny example
in Figure 4). As pipelines became more prescriptive, they eroded a
key strength observed in text-based transformations: the ability to
operate with minimal specification and generalize across diverse
contexts. These findings suggest that no single pipeline suffices for
interpretive linking today. Effective propagation requires strategies
tuned to specific scenarios, modalities, and representational goals,
often balancing inference and constraint. More generally, poten-
tial semantic drift that accumulates over frequent regeneration of
linked content remains a challenge: when changes are propagated
across chained representations, meta-description constraints can
weaken from iteration to iteration, gradually pulling the target away
from the source’s communicative intent. In high-stakes scenarios,
achieving reliable and accurate AI-mediated transformations of
content as part of interpretive linking is critical, which remains a
challenge for current state-of-the-art generative models.

Future Work. While our qualitative study involved a relatively
small number of participants, it surfaced a rich set of workflow
ideas and scenarios that illuminate how interpretive linking might
be appropriated in practice. But the sample size of six participants
and their similar background (working in technology and design
roles within a single large organization), while appropriate for an
exploratory probe study, limit generalizability. Studying interpre-
tive linking with knowledge workers in other domains (e.g., law,
science, finance, and education) is an important direction for future
work, alongside larger and more longitudinal studies that examine
how interpretive linking is appropriated over time.

Participants’ reflections also highlighted key challenges, includ-
ing managing the scope, cost, and risk of propagating changes,
ensuring reliability and traceability, and balancing automation with
user control. Addressing these issues may require interaction mech-
anisms that make change visible and negotiable, such as support for
inspection, versioning, and affording reversibility, as well as more
explicit ways of specifying scope of propagation and negotiating
ambiguity across representations. More broadly, our findings point
to open questions about whether interpretive linking is best sup-
ported through pipelines tightly integrated into specific workflows
or through more generalizable approaches that span domains and
modalities. Technical challenges, including model latency, compu-
tational cost, and support for additional modalities or finer-grained
transformations, also remain areas for future work.
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