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Figure 1: Overview of CONTEXTY. Users capture their in-situ thoughts during their task via Snippet Memoing (A), which are fed
into the AI’s context. This context is visualized on the Canvas Panel (D) in an inspectable, correctable form, allowing users to
review, reorganize, and refine how the AI has represented their task context. Users can also navigate this context through a
Timeline or hierarchical Overview (C), and interact with an AI agent grounded in this context via the Chat Panel (E).

Abstract

During complex knowledge work, people engage in iterative sense-
making: interpreting information, connecting ideas, and refining
their understanding. Yet in current human-AlI collaboration, these
cognitive processes are difficult to share and organize for Al. They
arise in situ and are rarely captured without interrupting the task,
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and even when expressed, remain scattered or reduced to system-
generated summaries that fail to reflect users’ cognitive processes.
We address this challenge by enabling Al context that is grounded
in users’ cognitive traces and can be directly inspected and revised
by the user. We first explore this through a probe system that sup-
ports in-situ snippet memoing, allowing users to easily share their
cognitive moves. Our study (N=10) highlights the value of capturing
such context and the challenge of organizing it once accumulated.
We then present CONTEXTY, which supports users in inspecting
and refining these contexts to better reflect their understanding of
the task. Our evaluation (N=12) showed that CONTEXTY improved


https://orcid.org/0000-0002-9782-086X
mailto:yoonsu16@kaist.ac.kr
https://orcid.org/0009-0009-0194-3995
mailto:chanbin.park@berkeley.edu
https://orcid.org/0000-0001-7224-2947
mailto:kihoon.son@kaist.ac.kr
https://orcid.org/0000-0003-1776-4712
mailto:saelyney@andrew.cmu.edu
https://orcid.org/0000-0001-6348-4127
mailto:juhokim@kaist.ac.kr
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3830398.3830663

UIST 26, November 02-05, 2026, Detroit, MI, USA

task awareness, thought structuring, and users’ sense of author-
ship and control, with participants preferring snippet-grounded
Al responses over non-grounded ones (78.1%). We discuss how
capturing and organizing users’ cognitive context enables Al as a
context-aware collaborator while preserving user agency.

CCS Concepts

« Human-centered computing — Interactive systems and
tools.
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1 Introduction

Much of the reasoning that shapes complex tasks emerges in frag-
mented, moment-to-moment cognitive moves [31]. As users read a
paper, compare alternatives, or piece together information across
sources, they continuously form and revise judgments—why a find-
ing feels significant, how options are being weighed, or what criteria
have just shifted. However, these fleeting thoughts are difficult to
share and organize into current Al systems. They arise during the
task, but articulating them requires interrupting the task to write a
prompt. Even when expressed, they remain scattered across chat
turns rather than organized into a structured, user-accessible form.
As a result, users struggle to reconstruct what has been considered
or why, while the AI continues to operate on context that is mis-
aligned with the user’s current understanding of the task, offering
suggestions that are plausible but no longer useful.

While recent work shows that passive observation of users’ on-
screen activity can provide rich contextual signals [32, 44], behav-
ioral traces reveal what a user did and where they spent time, but
cannot capture the user’s internal criteria or interpretations behind
those actions—the why and how of what they did [49]. Similarly,
recent LLM systems’ automatic memory or context summariza-
tion [2, 29] distill interaction history into user-readable summaries.
However, these summaries reflect system-generated abstractions
rather than how users prioritize information or organize relation-
ships between ideas, making it difficult for users to inspect or un-
derstand how their task is currently represented.

We frame this as two interrelated challenges. First, a capturing
problem: users lack lightweight ways to externalize their in-situ
reasoning as they work, so fleeting judgments, comparisons, and
interpretations disappear rather than becoming part of the shared
context. Second, a visibility problem: even when some context
is shared, it remains buried in chat history or reduced to system-
generated summaries, leaving neither side with a clear picture
of how the user’s thinking about the task has progressed. These
challenges echo long-standing insights from HCI and cognitive
science: complex work is shaped by in-the-moment reasoning that
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disappears if not externalized [31], and understanding only deepens
when captured thoughts can be organized and revisited [11, 27, 52].

Building on these insights, we propose a different approach
to context sharing in human-AlI collaboration, giving users light-
weight affordances to externalize their reasoning in-situ and to in-
spect and refine the Al context. We first explored this idea through
a probe system that allowed users to capture screen snippets and
attach short in-situ memos directly into an LLM’s context. We de-
ployed the probe with 10 experienced LLM users on real-world
sensemaking tasks and found that in-situ snippet memoing en-
abled richer, lighter, and more forward-looking context sharing
than prompting. However, the study also revealed that captur-
ing alone was insufficient. As snippets accumulated, participants
wanted to organize these evolving cognitive traces—grouping re-
lated ideas, tracking changing criteria, and connecting information
across sources—while also understanding how this evolving context
was represented and used by the AL

To address these challenges, we present CONTEXTY, a system
that externalizes Al context as a user-inspectable and correctable
representation grounded in users’ cognitive processes. Building
on the probe, CONTEXTY introduces a canvas-based context space
that organizes Al context constructed from users’ in-situ snippet
memos and passive computer-use observations. The canvas serves
both as an inspectable view of the context Al uses to ground its
responses and as the user’s sensemaking workspace. Because this
context is continuously assembled from users’ ongoing task activity
and in-situ thoughts, inspecting and refining Al context becomes a
natural part of doing the task.

We evaluated CONTEXTY in a within-subjects study with 12 par-
ticipants on real-world exploratory tasks. Our results show that
CoNTEXTY significantly improves users’ task awareness, thought
structuring, perceived Al understanding, and their sense of author-
ship and control compared to a baseline condition. Participants
also consistently preferred Al responses generated with snippet
context over those without (78.1%), demonstrating that users’ in-
situ thoughts provide meaningful grounding for more relevant Al
support. These findings point to a broader opportunity: when Al
context is grounded in user-authored cognitive traces and made
inspectable and correctable, human-AlI collaboration can become
more transparent and more aligned with users’ ongoing cognitive
processes during the task. At the same time, our study surfaces im-
portant trade-offs between the effort of externalization, perceived
usefulness, and users’ sense of agency. Based on these findings, we
discuss how future systems can capture user context with minimal
burden while supporting its organization, inspection, and reuse
over long-term human-AlI collaboration.

2 Related Work

2.1 Context Sharing for Human-AI
Collaboration

Effective human-AlI collaboration relies on shared context between
users and Al systems. To provide relevant and aligned support,
Al systems must understand not only users’ explicit requests but
also the broader context and underlying intent that shape those
requests. Prior work has explored various approaches to how user
context can be constructed and utilized in human-AI collaboration.
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One line of work focuses on interaction techniques to better elicit
and align user intent, including scaffolding prompt formulation [3],
supporting iterative refinement [45], and representing intent as
structured or manipulable units and as evolving, revisable configu-
rations across interaction [8, 16]. These approaches improve how
users articulate and maintain their intents, but still rely primarily
on explicitly expressed inputs. Another line of work focuses on how
Al context is constructed, maintained, and utilized. In context engi-
neering, researchers have explored incorporating broader context,
such as retrieved documents, external knowledge, and interaction
history, into model inputs to improve grounding and response qual-
ity [26]. In parallel, recent work has enabled users to supply and
curate contextual knowledge that can be dynamically integrated
during interaction [56], or embedding Al into shared workspaces to
make interactions more visible and situated [21]. Beyond supplying
context, some work makes the AI’s grounding context itself explicit
and user-manageable by reifying past conversations into memory
objects that users can retrieve and reuse [51], or letting users com-
mit new intent into a specification that grounds the AI’s responses,
with support for resolving conflicts that arise [43]. Agent-based ap-
proaches further incorporate continuous interaction traces and en-
vironmental signals, enabling Al systems to proactively gather and
utilize context beyond explicit user input [23, 48]. Our work builds
on this direction but focuses on a different form of context. Rather
than retrieved information, prior conversations, user-authored spec-
ifications, or behavior traces, we investigate how Al context can
be continuously assembled from users’ ongoing task activity and
cognitive processes. We further explore how this context can be
represented in a form that users can inspect, organize, and refine as
they work, supporting both users’ evolving understanding of the
task and the AI’s grounding.

2.2 Externalizing In-situ Cognitive Moves in
Knowledge Work

Externalizing thoughts plays a central role in knowledge work,
enabling people to offload cognitive effort and refine their under-
standing over time [11, 27]. Prior work further suggests that much
of this reasoning unfolds as in-the-moment activity (e.g., reflection-
in-action), where users continuously interpret, compare, and adjust
their understanding during a task [31].

Prior systems have explored supporting thought externaliza-
tion through different interaction designs. Early approaches drew
on think-aloud methods that externalize ongoing thought pro-
cesses [17]. Building on this idea, recent systems support in situ cap-
tures integrated with ongoing activity. For example, PointAloud [9]
enables users to articulate reasoning alongside pointer-based in-
teractions, while ClearFairy [36] captures intermediate reason-
ing through in-situ questioning and rationale inference. Liquid-
Text [41] and related annotation-based work [24] support link-
ing ideas within reading workflows; and Fuse [18] enables collect-
ing and comparing information during browser-based exploration.
More recently, Orality [22] further reduces the effort of capturing
early-stage thoughts by transforming them into structured repre-
sentations. Despite these advances, prior approaches do not support
using in-situ cognitive moves as a shared resource for working with
Al limiting their role in maintaining aligned task context over time;
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we address this by enabling their capture, organization, and collab-
orative use in human-AlI interaction.

2.3 Organizing Externalized Thoughts in
Knowledge Work

Externalizing thoughts alone is insufficient unless they can be orga-
nized and revisited over time. Schon’s notion of reflection-on-action
emphasizes the importance of returning to externalized artifacts
to interpret, restructure, and deepen understanding [31]. Similarly,
prior work on external representations shows that organizing in-
formation into structured forms reduces cognitive load and makes
implicit relationships more explicit [1, 52].

Prior work has explored supporting such organizations in vari-
ous ways. Systems such as ConceptScope and ConceptEVA support
iterative refinement of users’ conceptual understanding, helping
users evolve their interpretation of a topic over time [53, 54]. In the
context of LLM interaction, systems such as Sensecape and Grapho-
logue structure outputs into visual or relational representations for
comparison [13, 38], while Luminate and Policy Maps map outputs
into structured spaces to support systematic analysis [19, 37]. Be-
yond LLM outputs, Orca treats webpages as malleable materials that
users and Al can collaboratively organize into a dynamic browser-
level workspace [14]. In scholarly sensemaking, ScholarMate and
Synergi integrate Al into visual workspaces for organizing liter-
ature and qualitative codes to support collaborative analysis and
synthesis [15, 50]. Recent work also explores shared representa-
tions for organizing evolving context in collaboration [55]. While
these systems support organizing information, they typically focus
on externally available content such as model outputs, documents,
or literature. Our work instead focuses on organizing users’ own
evolving task context by incorporating users’ in-situ thoughts and
ongoing task activity into a shared context, grounding Al support
in users’ cognitive processes.

3 Design Exploration: Understanding Cognitive
Externalization via Snippet Memoing

We begin by exploring how users share their in-situ thoughts with
an Al as they work. Much of this reasoning—interpreting infor-
mation, comparing options, and forming tentative judgments—
emerges in the moment, but these fleeting cognitive moves are
rarely captured or shared with the Al In particular, prompting re-
quires users to reformulate these thoughts as explicit instructions,
which introduces friction and often filters out process-level reason-
ing. To explore this, we introduce snippet memoing, a lightweight
interaction method that allows users to capture and share fragments
of information on screen along with their associated thoughts in
situ, directly into the LLM’s context.

3.1 Research Probe

We developed a desktop-based LLM application as a probe that
enables users to capture and share their in-situ thoughts while
working on a task. The application registers global keyboard short-
cuts (Cmd/Ctrl+Shift+S for screenshots, Cmd/Ctrl+Shift+C for
text) that can be triggered from any application, without switching
applications or interrupting users’ workflow. A pop-up immediately
appears showing the captured content alongside a text field where
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responses grounded in the accumulated context.

users can attach a short memo: a brief thought, interpretation, or
rationale tied to what is on screen at that moment (Figure 2A).

Once sent, these snippet-memo pairs accumulate in a persistent
side panel, where each entry displays the captured content and
the user’s memo, alongside an Al-generated title and summary
reflecting how the system interpreted the snippet (Figure 2B). All
accumulated snippets are included in the LLM’s context window,
and users can interact with the LLM through a chat panel to ask
questions or request assistance grounded in this context (Figure 2C).
The system was built with Electron [7] and TypeScript, compatible
with macOS and Windows, and used gpt-40-2024-08-06 as the
underlying LLM. Participants installed the system on their personal
laptops to preserve their natural work environment.

3.2 Participants and Procedure

We recruited 10 participants (5 male, 5 female; age M = 26, age
SD = 1.87) with extensive daily LLM experience (e.g., ChatGPT,
Claude, Gemini), with four participants using them every day
and six using them 2-5 times a week. Participants were recruited
through online recruitment postings on our university community
platform. The task was designed to elicit exploratory, multi-source
sensemaking, where users interpret information, compare options,
and iteratively refine their understanding, allowing in-situ thought
capture to naturally arise. Participants explored potential labs and
advisors to build a shortlist, and then drafted a cold email to one
selected professor. To ensure ecological validity, we pre-screened
participants who were actively considering applying to MS, Ph.D.,
or postdoctoral programs, confirming that the task would be person-
ally relevant and motivating. Each session began with a 10-minute
system tutorial, followed by a 30-minute task session in which par-
ticipants used the system to complete the task while we observed
their process, and concluded with a 20-minute post-survey and
semi-structured interview. The survey included NASA-TLX and
7-point Likert-scale items on overall satisfaction, perceived con-
text utilization, and burden of sharing the context. The interview
explored how this form of interaction differed from conventional

prompting, what types of thoughts participants captured and why,
and what design opportunities or pain points they perceived. All
sessions were screen-recorded and transcribed for later analysis.
Participants were compensated KRW 20,000 (~ USD 14) for their
time, and the study was approved by our institutional IRB.

3.3 Findings: How Snippet Memoing Supports
Cognitive Externalization

Our findings show that snippet memoing enables different context

sharing compared to traditional prompting, capturing not only

what users explicitly ask, but also their ongoing interpretations,

partial conclusions, and task-relevant reasoning as they unfold.

3.3.1 Expressing user-framed perspectives and forward-looking

thoughts. Snippet memoing enabled participants to externalize
not just what they were looking at, but how they were making sense
of it in the moment. By attaching a memo to each captured snippet,
users expressed their own interpretations, emerging criteria, and
tentative judgments—what felt significant, what remained uncer-
tain, or how it might be used. This created a form of user-framed
context, where each snippet reflected the user’s cognitive process
at that moment. P2, P5, and P8 emphasized that this allowed the
system to better align its responses with their intentions. This ben-
efit was also reflected in the post-survey: participants rated the
item “I felt that the system made good use of the information I
provided with a better understanding of my context” with an aver-
age of 6.0/7 (SD = 0.67). Participants also used snippets to capture
forward-looking thoughts as they arose. Rather than waiting to
formulate a concrete question, they externalized observations and
partial ideas that they anticipated to be relevant later, even when
they were not yet sure how (P4-6, P8). This distinction between
“what I want to remember or use later” and “what I want to ask”
gave participants greater flexibility in their interactions, in contrast
to the prompt-only method, where context must be compressed
into a single turn.
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3.3.2 Lower barrier to externalizing thoughts in situ. Par-
ticipants (P2-3, P5-6, P8-10) emphasized that snippet memoing
lowered the cognitive and interactional cost of sharing context.
Rather than pausing to compose elaborate prompts or switch ap-
plications, they could capture and annotate their thoughts contin-
uously while working. P6 and P8 noted that because they could
explicitly choose where and how to share their thoughts, there was
less psychological burden compared to composing a full prompt.
This ease was also reflected in the post-survey: when asked “The
way I shared what I was looking at or thinking about to the system
didn’t feel burdensome”, participants rated it with an average of
6.6/7 (SD = 0.66). NASA-TLX scores further confirmed that the
interaction did not impose substantial workload: mental demand
(M = 2.5), effort (M = 2.4), and frustration (M = 1.3) all remained
low, while perceived performance was high (M = 5.6).

3.3.3 Captured snippets as cognitive scaffolds. Finally, par-
ticipants also appreciated that these captured snippets served as
cognitive scaffolds for their own task performance. P2-4, P6, and
P10 reported that being able to look back on what they had seen
and thought about helped them better navigate the task, maintain
continuity, and build on earlier insights as the task progressed.
Rather than merely supporting the system, capturing and revisiting
accumulated snippets made users’ own reasoning more visible to
themselves throughout the task.

3.4 Design Implications: User-Inspectable and
Correctable AI Context

While snippet memoing enabled richer and more user-framed con-
text sharing, the study also surfaced a key limitation. As snippets
accumulated, participants found it difficult to keep track of what
they had captured and how it was reflected in the AI’s understand-
ing. This made it harder to revisit prior thoughts, see what had
already been considered, and ensure that the Al remained aligned
with what they actually found important (P2-P10). Importantly,
participants did not simply express a need for better organization
of snippets. Rather, they wanted the AI’s context itself to reflect
their thinking in a way that they could see and influence. At the
same time, relying solely on users to manage accumulated context
made it difficult to maintain alignment with the Al Participants
instead preferred system support while retaining control over how
their context is represented (P6-P8). Based on these observations,
we derive two key design implications for supporting the struc-
turing and use of captured context in human—AI collaboration:
DI1. Ground Al context in users’ cognitive processes. Systems
should incorporate users’ in-situ thoughts as first-class inputs in
forming Al context, so that the resulting context reflects what users
consider important and how they interpret information. Rather
than relying solely on system-inferred signals, this allows the Al's
understanding to be directly shaped by the user’s perspective. DI2.
Make AI context inspectable and correctable by users. The
AT’s context should be externalized in a form that users can directly
inspect and revise. This allows users to verify how their inputs
are being interpreted, identify mismatches, and adjust the context
when needed [35]. By keeping users in the loop, systems can main-
tain alignment with users’ thinking while preserving their sense of
authorship and control.
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4 CONTEXTY

Based on the design implications, we developed CONTEXTY, a sys-
tem that externalizes AI context as a user-inspectable and cor-
rectable representation (DI2) grounded in users’ cognitive processes
(DI1). It extends snippet memoing (in Sec 3.1) by incorporating
users’ in-situ thoughts as first-class inputs to Al context, and sur-
faces this context through a canvas-based representation that makes
it inspectable and correctable by users. The canvas serves both as
an inspectable view of the context grounding Al responses and as
a workspace where users organize and refine their evolving under-
standing of the task. Because the context is continuously assembled
from users’ ongoing task activity and in-situ thoughts, refining
the canvas simultaneously refines the Al's grounding. Using CoN-
TEXTY, as users work across different sources, they can capture
snippets along with their in-situ thoughts (Figure 1A); CONTEXTY
integrates these into the AI's context and surfaces them on the
canvas (Figure 1C, D). Users can inspect and refine this canvas at
any time, and converse with an Al assistant (Figure 1E) grounded
in this context throughout their workflow.

4.1 Context Capture

CONTEXTY captures user context through three complementary
channels—snippet memoing, computer-use observations, and chat.
Building on prior work showing that passive observation of users’
on-screen activity can provide rich contextual signals for both
LLMs and computer-use agents [20, 23, 32, 33], CONTEXTY sup-
ports computer-use observation. Observations provide broad
situational awareness of users’ ongoing activities without requir-
ing additional effort, enabling the system to capture background
task context across applications and over time. CONTEXTY moni-
tors global input events and automatically captures a full-screen
screenshot whenever the user clicks or presses Enter key outside
ConNTEXTY. Users can disable passive observation at any time if pre-
ferred. Snippet memoing follows the same interaction design as
the research probe (Section 3.1, Figure 2A). Finally, chat exchanges
between the user and LLM assistant are also treated as a first-class
context channel. Each user prompt and its corresponding Al re-
sponse are stored alongside snippets and observations as part of
the shared task context, allowing future responses to build on the
user’s prior interactions.

4.1.1 Processing and Display. For snippets and observations,
the system extracts provenance metadata (appName, windowTitle,
url) at capture time using OS-level APIs. Each captured item, along
with its metadata, is analyzed by an LLM and rendered as a card
on the canvas (Figure 4), displaying (A) an Al-generated title, (B)
provenance information including the source appName, url, and
timestamp, (C) the raw captured content, (D) Al-generated tags,
and (E) an Al-generated user’s context reflecting how the system
interprets the user’s current activity and intent. For snippet cap-
tures, the user’s in-situ memo is additionally shown alongside the
card (F). Cards are color-coded by source type: yellow for snippets,
green for observations, and blue for chat. Users can edit any card
via an edit button to correct or refine its content. Near-identical
observation screenshots are deduplicated via perceptual hashing,
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Figure 4: A memory card on the CONTEXTY canvas (edit view).
Each card displays (A) an Al-generated title, (B) provenance
information including the source application, timestamp,
and URL, (C) the raw captured content, (D) Al-generated tags,
and (E) an Al-generated user’s context reflecting how the
system interprets the user’s current activity at the time of
capture. For snippet captures, (F) the user’s in-situ memo is
also displayed as a sticky note alongside the card.

and redundant observations are automatically hidden on the can-
vas based on semantic similarity to existing visible memories (see
Appendix B for details).

4.2 Context Memory Structure

As captured items from observation, snippets, and chat accumu-
late over time, CONTEXTY organizes them into a memory structure
to effectively incorporate them into AI’s context. Inspired by re-
cent agentic memory architectures, which organize LLM memories
into Zettelkasten-inspired note-link structure or hierarchical struc-
ture [40, 46], CONTEXTY organizes captured items into a hierarchical
memory structure T = (M, B, L), where M is a set of memories (in-
dividual captured items), B is a set of branches (semantic groups of
memories with LLM-generated names and summaries), and L is a
set of links | = (m;j, mj, o) capturing relationships across memories,
each weighted by a relevance score o € [0, 1]. Each memory m € M
is assigned to a branch b € B (or left unassigned). Each link [ € L is
inferred as new memories arrive and is used internally to organize
the memory structure.

4.2.1 Automatic Placement. As new memories are added, the
system automatically places each item into the existing structure
to maintain a coherent organization of the Al context without
requiring manual effort. When a new memory m is added, the
system retrieves the top-k semantically related existing items using
an LLM, along with relevance scores o; € [0, 1], which constitute
the links in L. The scores are aggregated at the branch level: S(b) =
Ym;eb 0i- The memory is assigned to b* = argmaxpep S(b) if
S(b*) > 0; otherwise, a new branch is created from the memory
together with its related unassigned items, or the memory is left
unassigned if there are none.

4.2.2 Memory Evolution. As new memories are added, the sys-
tem continuously refines the existing memory structure to keep
it aligned with the user’s task context. When a new memory pro-
vides additional context, the LLM suggests metadata updates for
related existing items, including refined tags and context descrip-
tions. When related memories are updated, an “Updated” badge is
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shown on the affected cards, signaling to the user that the system
has revised its interpretation of previously captured content.

4.2.3 Users’ Reorganization. Users can directly modify the mem-
ory structure T through multiple interaction methods on the canvas.
They can drag-and-drop items (Figure 3D) to move memories (m)
across branches (b). Users can also select a set of items and, via
right-click, group them into a new branch (Figure 3F). Alternatively,
users can provide natural language instructions (e.g., “group these
by project”) to let the system propose and apply structural updates
(Figure 3G).

4.3 Context-Augmented Chat

CoNTEXTY provides a chat interface that grounds Al responses
in the user’s accumulated task context. The interface is available
both as a panel fixed alongside the canvas and as a floating widget
(Figure 5B) that can be positioned anywhere on the screen, with
both views remaining synchronized.

Users can explicitly bring specific memories into a conversation
by @-mentioning them or by right-clicking a card on the canvas
and selecting “Add to Chat” (Figure 3E). Beyond explicit references,
the system automatically retrieves memories relevant to the user’s
query, taking into account lexical overlap, tag matches, and recency
(see Appendix A for details). The retrieved memories are prepended
to the user’s message with source metadata, allowing the Al to
respond with awareness of the user’s broader task context.

CONTEXTY also maintains an AI Context Understanding, a
concise LLM-generated summary of the user’s current activities and
focus (Figure 3C), derived from the memory structure by analyzing
group structures, recent memories weighted by source type (with
snippets weighted more heavily than observations), and strong
links between memories, which may span branches and indicate
concurrent work across domains.

4.4 User Interface

CONTEXTY presents a four-panel layout (Figure 1): (1) a thread
panel for managing multiple conversation threads and session
lifecycle, (2) a memory overview panel displaying captured mem-
ories either chronologically as a timeline view or as a hierarchical
overview of the context memory structure, switchable via tabs, (3)
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a canvas panel providing an interactive spatial visualization of the
context memory structure, and (4) a chat panel for conversational
interaction with the LLM assistant. In addition, a persistent float-
ing widget remains visible above all applications regardless of the
user’s current task. It provides quick access to snippet memoing
shortcuts, observation toggling, and a mirrored chat panel so users
can interact with the AI without switching back to the system. The
canvas renders each branch as a group of memory cards, with child
branches displayed as nested groups within their parent—allowing
hierarchical task structure to be reflected spatially. Users can reor-
ganize the structure through drag-and-drop on either the canvas
or the hierarchical overview panel, moving individual memories or
entire groups to reassign their place in the hierarchy.

4.5 Implementation

CoONTEXTY is implemented as a cross-platform desktop application
using Electron, TypeScript, and React. On the backend, core services
handle context capture, memory management, and chat orchestra-
tion, with session data persisted locally. On the frontend, the inter-
active canvas is built on tldraw [42], and the floating widget is ren-
dered as an always-on-top overlay window. LLMs are used through-
out the system pipeline, all powered by gpt-40-mini-2024-07-18:
content analysis, memory placement, related-item retrieval, and
Al-assisted reorganization, except for the main conversational chat,
which uses gpt-4.1-2025-04-14, orchestrated via OpenAI’s As-
sistants API with persistent threads. All prompts used for LLM
interactions are provided in the supplementary material.

5 Evaluation

We conducted a within-subjects user study to understand how a
canvas-based context representation and in-situ snippet memoing
shape users’ experience of collaborating with Al on their task, by
comparing CONTEXTY with a baseline condition. Specifically, we
investigated the following research questions:

e RQ1: Does the canvas-based representation in CONTEXTY
help users maintain clearer awareness and control over their
evolving task context?

e RQ2: Do user-generated in-situ snippets improve the quality
of Al assistance during tasks?

Participants completed tasks in two conditions, counterbalanced.
In the CONTEXTY condition, participants used the full system as
described above (Section 4). As the effect of in-situ snippet memo-
ing was already explored in our design exploration (Section 3), we
designed the baseline to isolate the effect of the canvas represen-
tation while retaining context capture. In the Baseline condition,
the canvas was removed—participants could not view the under-
lying memory structure or the canvas overview tab. The timeline
view, snippet memoing, computer-use observation, and context-
augmented chat (including @-mention of memory items) remained
available. This baseline approximates how users interact with exist-
ing LLM services (e.g., ChatGPT Atlas [28]), extended with snippet
memoing and passive context capture. This setup allows us to fur-
ther assess the effect of snippet memoing during task sessions in
both conditions, while isolating the additional contribution of the
canvas.



UIST 26, November 02-05, 2026, Detroit, MI, USA

Baseline
; g
0% 25% 50% 75% 100%

I Strongly Disagree M Disagree

Task Awareness **
Thought Structuring **
Al’'s Understanding *
Authorship *
Controllability *

Overall Satisfaction *

Slightly Disagree Neutral

Yoonsu Kim et al.

' '
0% 25%

Slightly Agree Bl Agree M Strongly Agree

Figure 6: Post-condition survey results comparing CONTEXTY and the baseline across six dimensions (7-point Likert scale).
Asterisks denote statistical significance from Wilcoxon signed-rank tests (*p < .05, **p < .01)

5.1 Participants and Tasks

We recruited 12 participants (5 female, 7 male; age M = 26.0,
SD = 3.28) through online recruitment postings on our univer-
sity community platform. All participants had prior experience
using LLMs (e.g., ChatGPT, Claude, Gemini) for exploratory or
sensemaking tasks. Participants were compensated KRW 40,000 (~
USD 28) for approximately two hours of their time.

To ensure comparable levels of familiarity, motivation, and ini-
tial cognitive engagement across participants, we provided three
categories of exploratory sensemaking tasks: career-related tasks
(e.g., exploring PhD labs, searching for internships), academic and
research-related tasks (e.g., surveying related work, organizing
research directions), and everyday life tasks (e.g., trip planning,
product comparison). In a pre-study survey, participants rated their
familiarity with each category on a 5-point Likert scale and selected
the two categories they felt most familiar with. To keep the two
sessions comparable, we included only participants whose famil-
iarity ratings for the two selected categories differed by at most
one point, so that neither condition was paired with a substantially
more familiar task. They then brought one real-world task from
each selected category that they were genuinely motivated to pur-
sue. Rather than assigning a fixed task, we adopted this open task
design for ecological validity, so that participants worked on tasks
of genuine personal relevance and brought their own criteria and
prior knowledge to bear.

5.2 Procedure

Each session lasted approximately two hours. The session began
with a 10-minute introduction, during which the study was ex-
plained, and participants provided informed consent. Participants
then completed two task sessions (45 minutes each), separated
by a short break. In each session, participants first completed a
10-minute system walkthrough with a warm-up task to familiarize
themselves with the interface, conducted the task work under the
assigned condition for 30 minutes, and responded to a 5-minute
post-condition survey. The session concluded with a 15-minute
semi-structured interview to explore participants’ subjective
experiences across both conditions.

5.3 Measures

5.3.1 Effect of the Canvas (RQ1). To evaluate the effect of the
canvas, we used a post-condition survey after each condition with
7-point Likert scales. The survey captured six dimensions related
to user experience and perceived control: Task Awareness, Thought
Structuring, Perceived AI's Understanding, Authorship, Controllabil-
ity, and Overall Satisfaction. We then compared responses between
conditions using Wilcoxon signed-rank tests. The exact wording of
all questionnaire items is provided in Appendix D.

5.3.2 Effect of Snippets (RQ2). To assess whether in-situ snip-
pet memoing improves Al response quality, we employed an in-
situ preference probe during task sessions in both baseline and
CoNTEXTY conditions. For each user query, the system silently
generated two candidate responses in parallel: one using the full
context, and one with all snippet-derived context filtered out. To
avoid disrupting task flow, the rating was triggered only when the
two contexts and their resulting responses were sufficiently differ-
ent, determined by a two-stage gating mechanism based on context
similarity and response-level divergence (see Appendix C for de-
tails). When triggered, participants were shown the two responses
in randomized order without knowing whether each response was
generated with or without snippet-derived context. They selected
their preferred response and could optionally provide a brief reason
for their choice, which was further discussed during the post-task
interview. We report the selection ratio of snippet-informed re-
sponses as an indicator of snippet utility.

6 Results

CoNTEXTY significantly outperformed the baseline across all six
dimensions (Figure 6). Beyond these overall improvements, par-
ticipants reported better task awareness, stronger authorship and
control, and improved alignment with the Al They also engaged
with the canvas through both active refinement and passive in-
spection, while snippet memoing improved response quality and
supported more intentional context sharing. We report the findings
organized into themes based on quantitative and interview data.
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6.1 RQ1: Effect of the Canvas on Task
Awareness and Sense of Control

6.1.1 Enhancing Task Awareness and Reinforcing Author-
ship. The canvas significantly improved participants’ task aware-
ness (M = 5.67 vs. 4.33, A = +1.33, W = 0.0, p = .0039"*) and
authorship (M = 5.33 vs. 4.33, A = +1.00, W = 2.0, p = .0312%).
CoNTEXTY not only helped users maintain awareness of their ongo-
ing task, but also supported a stronger sense that the task reflected
their own thinking rather than the AT’s suggestions. Participants
described the canvas as making their task progress visible and
traceable, enabling them to revisit prior steps without mentally
reconstructing them (P01-8, P10, P12). Importantly, this visibility
contributed to a sense of ownership. Participants (P02, P05, P12)
described the canvas not as an Al-managed memory, but as their
own space for maintaining and shaping task context. As P12 noted,
“gave me a sense of ownership over the task, this in contrast to the
conventional LLM systems where outputs often feel more like the A’s
product than my own.”

6.1.2 Supporting Thought Structuring Through Both Active
Organization and Passive Inspection. Participants reported sig-
nificantly higher thought structuring with CoNTEXTY (M = 5.83
vs. 4.33, A = +1.50, W = 0.0, p = .0039**), indicating that the
canvas effectively supported organization of information and ideas.
Importantly, this effect emerged regardless of the usage patterns.
Some participants (P02, P03, P05, P10-12) actively reorganized and
edited canvas items, while others (P04, P06, P09) primarily relied
on passively inspecting the Al-generated organization (Figure 11
in the Appendix). These suggest two complementary pathways for
supporting thought structuring: active organization and passive
inspection. Participants who engaged in active reorganization
treated the Al-generated organization as a starting point, editing
and regrouping items to reflect their evolving understanding. P03
noted that reorganizing helped them identify what to explore next
or what additional information to seek, while P12 described refin-
ing the structure as a way to clarify their own thinking as the task
progressed. In contrast, participants who engaged in passive in-
spection used the canvas as a scaffold for understanding the current
state of their task, glancing at the overview to reorient themselves
and then returning to their task. P09 noted, “I focused more on
getting answers than reorganizing the canvas, yet when I briefly
glanced at it, I felt my task context was fairly well structured”

6.1.3 Fostering Trust and Alignment Through Visibility into
Arl’s Understanding. Participants reported significantly higher
perceived AI's understanding in CONTEXTY than in the baseline
(M =5.25vs.4.25, A = +1.00, W = 3.5, p = .0273"), suggesting that
the canvas helped participants feel that the AI better understood
their context and intentions during the task. This leads to increased
trust and alignment with the Al By making the AI’s interpreta-
tion of users’ context visible and editable, users could inspect how
their inputs were being interpreted and correct misalignments. P01
described that observing how the Al organizes the information in-
creased their trust. P10 noted that being able to see what the Al was
referencing made it easier to verify and correct its understanding
when needed.
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Figure 7: Comparison of NASA-TLX ratings between CoN-
TEXTY and Baseline.

6.1.4 Increased Controllability while Introducing a Tension
with Curation Effort and Noise. Participants reported signif-
icantly higher controllability when using CONTEXTY (M = 5.58
vs. 4.00, A = +1.58, W = 6.0, p = .0332%), suggesting that the
canvas allowed users to actively intervene in, modify, and curate
their task context rather than relying solely on the AI's automatic
organization. However, qualitative findings reveal an important ten-
sion. While the canvas increased controllability, it also introduced
the need for users to curate and filter the accumulated context.
Because the system continuously captured information through
automatic observation, participants often encountered irrelevant or
low-value items, particularly in multitasking scenarios. Although
it contributed to richer context capture, participants frequently
reported that it introduced unnecessary information, like noise,
which increases curation effort (P10, P12). P10 even expressed a
preference not to use automatic observation to maintain a cleaner
task context. Interestingly, this additional curation effort was not
reflected in the NASA-TLX results, where no significant differences
were observed (Figure 7). While CONTEXTY introduces curation
effort, the baseline required users to mentally organize and keep
track of relationships among captured items using only a chronolog-
ical list. The two conditions therefore differed in the form of effort
rather than its overall amount, which may explain the comparable
workload ratings.

6.2 ROQ2: Effect of In-situ Snippet Memoing on
Al Response Quality

6.2.1 With-Snippet Responses Were Consistently Preferred.
Across all 12 participants, with-snippet responses were preferred
at a rate of 78.1% on average (Figure 8). On average, 8.8 out of
18.1 total queries per participant triggered the comparison (48%),
and 6.8 of those resulted in selection of the with-snippet response.
When explaining their choices, participants reported that the with-
snippet responses felt more directly grounded in their own context
and perspective. P02 noted that the with-snippet response was
clearly better at directly answering what they had asked, and P03
described how the with-snippet response used vocabulary and
framing that matched their own way of thinking about the task.
However, the preference for with-snippet responses was not always
the case. In some cases, participants favored responses generated
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Figure 8: Per-participant query funnel (total queries, com-
parisons triggered, and with-snippet responses selected). On
average, 48% of queries triggered a comparison, and among
those, 78% resulted in selection of the with-snippet response.

without snippets as they provided more diverse perspectives or
introduced ideas beyond their immediate context. This suggests
that while snippets reliably improve response relevance, they may
also narrow the response space, leading users to occasionally prefer
less constrained answers, especially for ideation or exploration.

6.2.2 Snippet Memoing Integrates Naturally into Task Flow,
and the Canvas Amplifies Its Effect. Interaction log analysis
shows that snippet-memoing events occurred steadily throughout
sessions (Figure 11 in the Appendix), indicating that it naturally
integrated into users’ task flow. Participants stated that the snippet
memoing, as a lightweight action, did not require switching con-
text or interrupting ongoing work. Notably, several participants
reported that the act of writing a snippet memo itself helped them
think (P01, P03-9, P12). P01 described how capturing a snippet
sometimes steered their thinking in a new direction, and P03 noted
that the process of articulating why something mattered helped
them clarify what to explore next. Participants reported that their
use of snippet memoing differed depending on the presence of the
canvas. In the baseline, memos were often brief, summary-like la-
bels primarily for later retrieval. In contrast, with CONTEXTY, the
canvas enabled these snippets to be organized, which led partic-
ipants to record richer thoughts, including connections between
pieces of information and personal interpretations (P03-4, P06-7,
P11). Participants emphasized that snippets alone were not enough;
the canvas gave them structure and made them retrievable and in-
terpretable. As P03 noted, “snippets let me express how I interpret
the information, but the canvas is what made those interpretations
visible and usable.”

6.2.3 Trade-offs Between Passive Computer-Use Observa-
tion and Snippet Memoing. While passive observation automat-
ically captured background task context [32], participants found
it insufficient for conveying their intent and interpretation. As
P05 noted, screen captures reflected what they were looking at,
but not why it mattered or how they were making sense of it. In
contrast, snippets allowed users to actively shape how their con-
text was shared with the Al Participants noted that this helped
them communicate what they considered important (P03), such
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as connecting new information to prior knowledge or providing
examples to clarify intent (P07, P10). At the same time, participants
acknowledged that continuous observation could capture broader
context and even retain information they might otherwise miss.
However, these benefits were often outweighed by concerns about
noise and unintended information. Notably, no participant disabled
passive observation during the study, though several remarked in
the post-task interview that they would prefer limiting or turning
off observation, noting that while they could tell when to turn it
off for privacy, it was less clear what made it worth keeping on.
Together, these findings suggest that while observation provides
useful background context, snippet memoing serves as a more in-
tentional, user-controllable channel for sharing their task context
that matters more for Al assistance.

7 Discussion

Building on our findings, we discuss (1) how systems can capture
user context while minimizing user burden, (2) how such context
can be represented in forms that are understandable by both users
and Al and (3) how such an approach can extend beyond single
sessions to support sustainable context use over time.

Our findings reveal a tension between comprehensive context
capture and selective control. Passive observation contributed to
a richer context by capturing information users might otherwise
miss, but also introduced noise and an additional curation burden,
particularly in multitasking scenarios. At the same time, relying
solely on user-driven externalization places a burden on the user.
Balancing these two modalities is therefore an important design
challenge. One promising approach to navigating this balance is
to let the system learn from users’ behavior. By leveraging snippet
memoing patterns—what and where users choose to capture, and
the thoughts they attach as memos—alongside patterns of context
items actively referenced in chat, the system can infer which types
of information tend to matter to an individual user. This inference
could then drive proactive surfacing of relevant signals from ob-
served behavior, such as highlighting passages on pages similar to
previously snippeted content or flagging new information related
to concepts the user frequently referenced in their memos. How-
ever, as agents take a more active role in shaping and surfacing
such context, there is a risk that Al-generated organizations may
inadvertently steer how users understand and pursue their tasks.
Ensuring that such support remains transparent and correctable by
the user will be an important consideration for future work.

In human teamwork, effective collaboration depends on building
and maintaining a shared mental model of the task, including each
other’s goals, priorities, and evolving understanding [4, 25]. Our
findings suggest a similar need in human-AI collaboration: making
task context shared and inspectable improved users’ sense of au-
thorship, control, and perceived Al understanding of the task. Yet
this raises an important open question: what should such a shared
representation actually look like? Humans benefit from spatial, vi-
sual organization that supports reflection and navigation [5, 34].
Al agents, by contrast, may need more structured textual repre-
sentations that can be incorporated into model inputs, such as
11ms.txt [12], which encodes complex content in LLM-readable
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format. This suggests the need for a translation layer between
human-facing and Al-facing representations of context.

CoNTEXTY takes an initial step in this direction by externalizing
the AI's context on a canvas that users can inspect and revise.
The canvas presents context in an intuitive, spatial form, while
grounding it in the underlying hierarchical memory structure used
by the Al In this way, the canvas functions as a translation layer
that makes Al context accessible to users, while also allowing users’
cognitive processes to be incorporated. This approach is facilitated
by the form of AI context used in our system, which organizes
LLM memories into a hierarchical structure inspired by recent LLM
memory work [40, 46]. However, as Al context representations
evolve, they may not always align with formats that are easily
interpretable or editable by users. Future work should therefore
explore how such translation layers can generalize beyond specific
representations, and how to maintain alignment between human-
meaningful context and model-effective representations as both
continue to evolve.

The synergy between in-situ snippet capturing and canvas-based
organization also points to a broader design opportunity of embed-
ding cognitive trail into everyday work environments. Recent Al-
powered browsers have begun to integrate Al into users’ ongoing
knowledge work, supporting activities such as information gather-
ing and assistance within the browsing experience [6, 14, 28, 30].
Our findings suggest that these systems could benefit from making
users’ cognitive processes explicit and inspectable. Rather than
leaving them implicitly inferred by Al or transient, a canvas-like
layer could make users’ cognitive trail visible and continuously
usable within their primary work environment.

Finally, the notion of user-inspectable and correctable Al context,
grounded in users’ cognitive traces, carries important implications
beyond single-session interactions. As this context accumulates
over time, it calls for more systematic approaches to managing and
reusing memory. This includes distinguishing between short-term
and long-term context [10, 39], organizing information at the task
or project level, and supporting selective reuse of relevant past
context across sessions. This opens up opportunities for more sus-
tainable interaction, where past cognitive traces can be maintained,
refined, and brought forward when needed. To support this, future
work should explore mechanisms for filtering and prioritizing ac-
cumulated context, helping users decide what to retain, revisit, or
discard over time. This includes developing representations and in-
teraction techniques that allow users to selectively surface relevant
past context without being overwhelmed, while preserving their
ability to inspect and correct how it is used by the AL

8 Limitations

Our study focuses on single-session tasks, limiting our understand-
ing of how context-sharing behaviors evolve over time; future work
should examine how users manage and reuse accumulated context
across sessions through longitudinal deployment. The tasks we
studied primarily involved information foraging and sensemaking,
leaving open how snippet usage and canvas-based organization
may differ in artifact-producing tasks such as writing or program-
ming. Finally, although CONTEXTY externalizes Al context in a
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user-inspectable and correctable form, it is grounded in a hierarchi-
cal memory structure, which may limit its generalizability across
tasks and longer-term use.

9 Conclusion

We presented CONTEXTY, a system that incorporates users’ in-situ
thoughts into AI context and makes it visible and editable in a
shared space for human-AI collaboration. Our evaluation showed
that CONTEXTY improves users’ task awareness, sense of authorship,
control, and perceived Al understanding. Our work highlights the
importance of moving beyond implicitly inferred, system-managed
context toward user-inspectable and correctable Al context that in-
corporates users’ cognitive processes. We hope this work motivates
future systems that support more transparent and collaborative
ways of constructing context, keeping humans and Al aligned in
complex tasks.
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A Context Retrieval for Chat

When a user sends a query g, the system retrieves relevant memo-
ries in two stages.

Explicit References. Any memories or branches explicitly refer-
enced by the user (via @-mentions or “Add to Chat”) are resolved
first. For branch references, the system collects the branch’s mem-
ber memories sorted by recency and selects the most recent items
as representatives.

Automatic Retrieval. The remaining non-archived memories are
scored against the query using a composite ranking function:
[tokens(q) N tokens(m)|

|tokens(q)|

score(m, q) =

token overlap

+0.2-1[3¢ € tags(m) : t C q]

tag boost

age(m)
+0.15 - max(O, 1- W)

recency

Here, tokens(m) is derived from the concatenation of the memory’s
title, description, context, intent annotations, raw text, tags, and
provenance metadata (application name, window title, URL). The
tag boost rewards memories whose tags appear as substrings in the
query, and the recency term decays linearly over a 30-day window.

Merging and Formatting. Explicitly referenced memories take
priority; automatically retrieved memories fill the remaining slots.
Each selected memory is formatted as a structured text block con-
taining its source type, title, context, summary, and tags, and prepended
to the user’s message. Explicitly referenced items are flagged as
MENTION to signal higher priority to the LLM.

B Observation Filtering Pipeline

Passive observation can produce a high volume of captures, many
of which are visually or semantically redundant. CONTEXTY applies
a two-stage filtering pipeline to manage this.

Stage 1: Perceptual Hash Deduplication. Before any LLM analysis,
each observation screenshot is converted to a perceptual hash using
the BMVBHash algorithm [47]. The image is resized to 16 X 16
grayscale and hashed into a 256-bit vector. The system computes
the Hamming distance dy between the new hash and all previously
accepted hashes:

256
dpg (hnew hi) = Z 1 [hx(ljezv * hgj)]
=

If dy < 10 for any existing hash, the screenshot is considered a near-
duplicate and discarded before further processing. This lightweight
check eliminates visually identical or near-identical captures (e.g.,
repeated screenshots of the same static page) without incurring
LLM costs.

Stage 2: Semantic Similarity Auto-Hide. Screenshots that pass
the perceptual hash check proceed through the standard analy-
sis pipeline and are added to the memory tree. The system then
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evaluates whether the new observation is semantically redundant
with respect to currently visible memories. Using the related-item
retrieval mechanism, the system obtains the top-k related items
among the 30 most recent memories, each with an LLM-generated
relevance score o; € [0, 1]. Let 0* = max; 0; be the highest score
among non-archived, non-hidden memories with source type ob-
servation or snippet. If * > 0.65, the new observation is marked
as hidden on the canvas. The memory is retained in the tree and
remains available for context retrieval, but is not rendered on the
canvas to reduce visual clutter.

This two-stage design is intentional: Stage 1 operates at the pixel
level with negligible latency, filtering exact or near-exact recaptures.
Stage 2 operates at the semantic level via LLM, catching cases where
a user returns to the same task or topic in a different visual state
(e.g., scrolling further on the same documentation page). Together,
the two stages ensure that the canvas remains manageable while
preserving the full capture history for retrieval.

C Preference Probe Implementation Details

Context Construction. For each user query ¢, the system con-
structed two context variants in parallel: context Cy4, built from
the full memory tree (chat history + observations + snippets), and
context Cp, built from the same tree but with all snippet-sourced
memories and their associated intent annotations filtered out. Each
context was independently scored and ranked using the retrieval
function described in Appendix A, ensuring that both variants
selected their respective top memories under the same ranking
criterion.

Stage 1: Context-Level Gate. To filter out cases where the two
context variants were effectively equivalent, the system compared
C4 and Cp using memory-level Jaccard similarity Jmem (over se-
lected memory IDs) and token-level Jaccard similarity o (over
context text tokens). If Jpem > 0.85 and Jiox > 0.92, the contexts
were deemed equivalent and only response r4 was shown to the
participant.

Stage 2: Response-Level Gate. When the contexts passed Stage 1,
both were sent to the same LLM to generate candidate responses
r4 and rpg in parallel. The system then applied a final gate based on
Normalized Compression Distance (NCD) to determine whether
the two responses were substantively different:

|ra ® rgl; — min(|ralz, Irslz)

NCD(rg,rg) =
(4. 7) max(Falz, 12)

where | - |; denotes the gzip-compressed byte length and @ de-
notes string concatenation. Only when NCD(r4, rg) > 7 were both
responses presented to the participant.

Threshold Calibration. We set 7 = 0.7 based on a calibration
analysis conducted on 51 response pairs collected from 10 partic-
ipants during design exploration sessions (Section 3) prior to the
main study. For each pair, we computed three similarity metrics—
NCD, ROUGE-L, and Jaccard—and obtained an independent LLM
judgment of whether the pair exhibited a substantive semantic dif-
ference. Figure 9 shows the distribution of each metric across all
pairs. To assess discriminative power, Figure 10 splits each metric by
the substantive-difference judgment. NCD exhibited the strongest
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Figure 9: Distribution of three similarity metrics across 51 response pairs from design exploration sessions. Dashed red lines
indicate medians.
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Figure 10: Similarity metrics split by whether an independent LLM judge classified the response pair as exhibiting a substantive
semantic difference. NCD provides the clearest separation between the two groups.

separation (igyp = 0.75 VS. finon = 0.43), while Jaccard (0.13 vs. 0.36)
and ROUGE-L (0.22 vs. 0.34) showed smaller gaps. Based on this, we

Dimension

Item

Task Awareness

adopted NCD with 7 = 0.7 as the operating point that best balanced
probe sensitivity against participant disruption.

D Post-Condition Questionnaire

Thought Structuring
Perceived AI's Un-
derstanding
Authorship

Controllability

Overall Satisfaction

“The system helped me maintain an overview of
the overall context of my task.”

“The system helped me organize and structure
information and thoughts related to my task”
“The Al seemed to understand my task context
and intentions during the task”

“The system helped the task reflect my own
thinking and judgment, not just the AI's sug-
gestions.”

“The system gave me control over how my task
context was organized and represented.”

“I was satisfied with the overall interaction with
the system.”

Table 1: Post-condition questionnaire items.

After each condition, we administered a post-condition survey
using 7-point Likert scales (1 = strongly disagree, 7 = strongly
agree). Table 1 lists all questionnaire items.
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Interaction Timeline by Participant
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Figure 11: Interaction Log by Participant
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