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Figure 1: SenseSync is an interactive tool designed to facilitate collaboration work with LLMs by offering multiple perspectives.
It includes a dynamic graph that visualizes both individual and shared conversations with LLMs, as well as a timeline that helps
users explore collaborative information spaces over time. The tool is also enriched with contextual data and tailored features
for LLM-assisted information-seeking. To help users verify the accuracy of LLM-generated information, SenseSync provides a
consistency rate, which measures the similarity of responses from different LLM contexts linked to each collaborator when
responding to a specific prompt.

ABSTRACT
Recently, tools driven by Large Language Models (LLMs), such as
ChatGPT, have been extensively used for gathering information.
While LLMs improve efficiency in individual tasks, new challenges
emerge in collaborative information-seeking when user groups
collect data from their conversations with AI that have various con-
texts. To fill this knowledge gap, we investigate these challenges
and reflect on them via the design, development, and evaluation
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of SenseSync. SenseSync supports collaborative work involving
LLMs from different perspectives, featuring a dynamic graph to
display individual and shared conversations with LLMs and a visual
timeline for exploring collaborative activities over different periods.
Moreover, SenseSync is enriched with contextual information and
specific support for LLM-assisted information-seeking. A summa-
tive study was conducted to explore how pairs of participants used
the tool, enriching our understanding of LLM-assisted collaborative
information-seeking tasks.
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1 INTRODUCTION
Information-seeking is one of the most critical activities that people
engage in daily work and life, and collaboration is often needed
when tasks are complex [46, 61]. Due to time and location con-
straints, remote asynchronous collaborative information-seeking
remains more common in practical settings [45, 62]. People rely on
various tools to gather information in this process, and recently,
Large Language Model (LLM) based tools, such as ChatGPT, have
been extensively used [23], both in individual and collaborative sce-
narios. While LLMs improve the e�ciency of information-seeking
in individual tasks, new issues emerge in collaborative scenarios
because of the diverse context of each conversation with AI for col-
lecting information. Speci�cally, each collaborator may converse
with LLMs multiple times for di�erent pieces of information to
gather, and these di�erent conversational contexts may make it
more di�cult to make sense of each other's information as well
as their interpretations. For example, cross-functional teams con-
ducting innovation sprints utilize LLMs to retrieve information
on emerging trends, user needs, and creative design approaches
from unique perspectives. Similarly, students working together on
a course project might utilize ChatGPT to explore a topic by ap-
proaching it at di�erent times and employing varied prompting
strategies or setups. In both cases, the users should eventually share,
consolidate, and reconcile the gathered information.

There exists a large body of literature on understanding the
challenges of collaborative information-seeking and creating tools
to address them [14, 25, 37, 38, 42, 46, 55, 61, 62], but only in the
cases without LLMs. Thus, there remains a gap in understanding
whether collaborators utilizing LLMs encounter similar challenges
or new ones, as well as how an e�ective tool can be designed to
accommodate LLMs in collaborative information-seeking.

To address the gap, this paper aims to provide insights into
information-seeking with LLM involvement for remote asynchro-
nous collaboration and explore new techniques to support it. We
�rst conducted a formative study with eight (four pairs) partic-
ipants performing collaborative information-seeking tasks with
ChatGPT (e.g., collaboratively exploring ethical AI topics to write
a report) to understand the challenges. The results show that par-
ticipants faced various issues in making sense of LLM-curated in-
formation, including di�culties in identifying overlaps and gaps
due to variations in writing style and the overwhelming amount of
text generated by LLMs. They also expressed concerns in building
a shared understanding because of lacking LLM-speci�c contextual
information and support, as well as in switching, recalling, and re-
suming activities with LLMs. Further, participants pointed out the
trustworthy issues of LLM-generated responses, as inconsistencies

or hallucinations in outputs created mistrust and slowed down the
collaboration.

Drawing from these �ndings, we designed SenseSync, an inter-
active tool that facilitates asynchronous collaborative information-
seeking with LLMs from both spatial and temporal perspectives.
Compared to existing tools for similar tasks, SenseSync was care-
fully enriched with crucial LLM-speci�c information related to
users' conversations with LLMs and their collaboration. First, it
incorporates a dynamic graph visualization for showing individual
and shared LLM-based conversations in a collaborative view with
the necessary context. Second, it equips a timeline visualization that
enables users to browse and manage activities with LLMs in di�er-
ent time spans. Working together, they allow users to make sense
of each other's information and understand their interpretation as
well as to identify overlaps and gaps in collaborative information-
seeking. SenseSync also includes features such as note-taking, task
assignment, auto-summarization of shared conversations, and sug-
gestions for exploring particular LLM's responses. To address the
trustworthiness of LLM-generated information, SenseSync provides
users with a consistency rate that shows the similarity of responses
from various LLM contexts associated with each collaborator to
similar prompts.

At last, a mixed-method summative study was conducted with
14 participants (seven pairs, with three new and four returning
ones from the formative study), to assess the e�ectiveness of Sens-
eSync. The results indicate that SenseSync e�ectively supported
participants in addressing all identi�ed challenges. We also iden-
ti�ed other interesting �ndings such as participants' perception
of SenseSync's LLM consistency rate and insights into the future
development of tools to support remote synchronous collabora-
tive information-seeking. In summary, our paper has the following
contributions:
� A formative study that explores the challenges of collaborative

information-seeking when utilizing LLMs.
� An interactive tool, SenseSync, that represents conversations

with LLMs as a dynamic graph, enhancing collaborative sense-
making, exploration, task management, and validation of AI re-
sponses.

� Empirical knowledge learned from our summative study that
highlights the potential of SenseSync in supporting LLM-assisted
collaborative information-seeking and implications for designing
similar tools.

2 RELATED WORK
This section reviews the literature on collaborative information-
seeking and sensemaking as well as systems and techniques sup-
porting these tasks, including those with LLM assistance.

2.1 Collaborative Information-seeking and
Sensemaking

Information-seeking involves the actions and strategies used to
�nd information that meets one's needs [57]. This can range from a
simple lookup search [27], such as �nding the capital of a country,
to complex search tasks [2, 56] that occur when searchers are uncer-
tain about what and how to ful�ll their information needs. White
and Roth's exploratory search model [56] describes two strategies

https://doi.org/XXXXXXX.XXXXXXX


SenseSync GI'25, May 26�29, 2025, Kelowna, British Columbia, Canada

for complex tasks: exploratory browsing and focused searching.
In exploratory browsing, searchers issue broad queries to expand
their knowledge and identify relevant information. Researchers
advocated that relevant information should be automatically re-
vealed [18], particularly when dealing with the large volumes of
information generated by LLMs [22]. As understanding improves
and uncertainty decreases, searchers shift to focused searching to re-
trieve speci�c information, requiring systems to provide �exibility
for their exploration [60]. In both strategies, e�ective sensemaking
is essential to varying degrees [28]. It involves gathering informa-
tion, representing it in a useful schema, developing insights, and
creating knowledge or actions based on these insights [40].

Collaboration, whether synchronous or asynchronous, and co-
located or remote [45, 62], is often required for information-seeking
tasks that are complex for a single individual to handle [46]. While
collaboration o�ers bene�ts, such as bringing diverse perspectives
to a search task [48], it presents challenges. Collaborators need to
share not only information but also their understanding of it [38,
42, 53]. Also, collaborators must be able to organize the informa-
tion and identify overlaps and gaps in the shared information [42].
Additionally, being aware of others' activities is a signi�cant chal-
lenge. Such awareness involves the understanding and knowledge
that team members have about each other's activities, goals, and
progress within a collaborative environment [4, 16, 46, 49]. Lastly, it
is noteworthy that the nature of collaboration is temporal, and it is
important to highlight the history of collaborative sensemaking [42]
and the evolvement of information [38].

Informed by these theories and empirical knowledge, our goal is
to identify the unique challenges users face during collaborative
information-seeking when utilizing LLMs. This focused investiga-
tion aims to provide insights that will inform the design of future
collaborative tools, emphasizing the speci�c context of LLM usage.

2.2 Information-seeking with LLM Assistance
Search engines have traditionally served as primary tools for information-
seeking. However, with the advancement of Large Language Mod-
els (LLMs), generative AI tools such as GPT-4 [8], have now been
extensively used for collecting information, questionnaire answer-
ing, and summarizing contents [23]. Numerous studies have been
conducted to compare these information-seeking approaches (i.e.,
search engine-based and LLM-based) [9, 59, 64].

While there are some bene�ts of using LLMs such as e�ciently
generating information that is based on user-speci�c context, co-
herent, and human-like, it introduces challenges centered around
prompting, evaluating and relying on outputs, and optimizing
work�ows [ 52], all of which impose substantial metacognitive de-
mands on users. First, LLM responses highly depend on inputting
prompts. It requires users to clearly de�ne their goals and break
down tasks into e�ective inputs for the AI, necessitating contin-
uous self-monitoring and adjustment [1]. Second, making use of
LLM generation involves assessing the quality and validity of the
outputs, demanding users to critically evaluate their con�dence in
the trustworthiness of the results. This is because LLMs blend fact
with �ction and generate non-factual content, which is known as
hallucinations [5, 6, 12]. Third, leveraging LLMs requires users to

strategically integrate AI into their processes, balancing automa-
tion with manual e�orts [17] and continuously adjusting their
approaches based on the AI's performance.

These challenges highlight the need of individuals for enhanced
metacognitive support and system designs that facilitate better user
control and understanding, ultimately aiming to improve the inter-
action between humans and AI by addressing the cognitive demands
imposed by these advanced technologies [52]. Di�erent approaches
have been proposed to support users in assessing the information
generated by LLMs, such as searching relevant databases and the
web for matching sources [12, 43]. However, existing research pri-
marily focuses on individual information-seeking tasks involving
LLMs. Our study shifts the attention to collaborative settings that
have been left under-explored. We investigate both persistent and
new challenges that arise in collaborative information-seeking, con-
sidering the unique context each collaborator has with their LLMs.
Our goal is to provide fresh insights into the e�ective integration
of LLMs in these environments.

2.3 Systems and Techniques for Supporting
Information-seeking

There exists an extensive body of research proposing systems and
techniques to support information-seeking. We classify these works
based on two aspects: whether they are designed for individual or
collaborative tasks, and whether they utilize LLMs as an informa-
tion source.

Individual tasks without LLM involvement . Researchers have
long focused on designing systems for individual tasks without
LLM or AI agent involvement. Some systems support the sensemak-
ing of information retrieved from the web by capturing, organizing,
and visualizing information to help individuals understand their
�ndings [ 15, 30, 31]. Others facilitate exploratory search activi-
ties in digital libraries, such as re�ning search queries, organiz-
ing documents using workspaces, or discovering new documents
by providing interactive features [3, 19, 39]. However, traditional
search engines and information retrieval systems may struggle to
fully grasp the nuances of an individual's speci�c needs or provide
tailored information based on the user's previous context.

Collaborative tasks without LLM involvement . Even without
AI agents or LLMs, various tools are available to support collabo-
rative tasks, each enabling di�erent aspects of collaboration. For
example, CoSense [37] and Coagmento [14] focus on improving
collaborative information-seeking by developing systems that o�er
interactive features to enhance sensemaking and support various
aspects of collaborative search activities. KTGraph [62] utilizes
techniques to capture and encode tacit aspects of the investiga-
tive process and streamline hando�s in asynchronous collaborative
analysis. CLIP [26] provides a shared space, visualized in a graph,
where users can record, organize, and share externalizations to im-
prove awareness and coordination during sensemaking. However,
while these systems e�ectively facilitate collaboration when the
users utilize traditional information sources such as Google Search,
they may require new or adapted features to support information
generated by LLMs. This is because AI-generated information re-
quires speci�c consideration, as it is shaped by the unique context
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each collaborator has with their LLMs, bringing unique challenges
such as concerns about validity or personalization.

Individual tasks with LLM involvement . With the recent rise
of generative AI, in many individual tasks, users have shifted from
traditional search methods to LLM-powered tools for gathering
information [64]. This trend strongly motivates HCI researchers to
understand user behaviors and design systems that address their
challenges. For instance, Memory Sandbox [21] and Memolet [60]
deal with managing and reusing conversational memory, giving
users a�ordances to control how LLMs recall past information.
Graphologue [22] and Knownet [58] use graphical representations
(node-link diagrams or knowledge graphs) to make LLM responses
more accessible and organized, helping users better explore and
comprehend information. Sensecape [51], Marco [10], and Gero
et al.'s system [13] focus on enhancing how users handle complex
tasks with LLMs to aid sensemaking and task management. While
these systems e�ectively address the unique challenges of individ-
ual information-seeking associated with LLMs, they lack essential
considerations needed to support collaborative work.

Collaborative tasks with LLM involvement . As an emerging
topic, there currently exists few studies on supporting users in col-
laborative information-seeking with LLMs. To design an e�ective
system for this purpose, it is necessary to understand whether col-
laborators utilizing LLMs encounter similar challenges or new ones.
Our research highlights that organizing, identifying overlaps and
gaps, and summarizing LLM-generated information is crucial for
e�ective collaborative sensemaking and exploration. Additionally,
building a shared understanding through contextual data and spe-
ci�c support is essential for facilitating activities such as switching,
recalling, and resuming tasks. Also, concerns about trusting LLM-
generated information can be addressed through collaboration by
monitoring inconsistencies in LLM responses.

3 FORMATIVE STUDY
While the literature has investigated challenges in collaborative
sensemaking without LLM assistance [14, 37, 62], it was unclear
whether these challenges are similar or not and if there are new
challenges when LLMs are present. We thus conducted a formative
study aiming to understand the challenges that collaborators face
when using LLMs for information-seeking tasks.

3.1 Participants
We recruited eight participants (�ve men and three women; 20-28
years old), divided into four pairs using the university's mailing
list. The participants were graduate students (four PhDs and four
Master's) with experience using LLMs and prior involvement in
collaborative information-seeking tasks. We used a pre-screening
questionnaire to ensure that they met the inclusion criteria. To
facilitate a comfortable working environment, we requested that
each potential participant choose and bring a partner who also
met the inclusion criteria. Of all the participants, �ve specialized in
Software Engineering, two in Human-Computer Interaction, and
one in Arti�cial Intelligence. Regarding their use of LLMs, four
reported using them �multiple times a day,� two �several times a

week,� and two �once a week.� Participants' experience with col-
laborative tasks ranged widely from �a lot� to �not much,� with
the majority having �some� or �quite a bit.� Table 1 and Table 2 in
Appendix A outline the tasks that participants normally perform
with LLMs and in collaboration. The study was approved by the
institutional research ethics o�ce.

3.2 Procedure
We conducted the study via video conferencing software with each
pair of participants. After signing the consent form, participants
were presented with �ve random topics (see Appendix A) from
diverse domains (e.g., from ethics of AI to advanced materials
for space exploration) and were asked to choose those that were
unfamiliar to them. This was crucial because we wanted the de-
signed information-seeking tasks to require complex search strate-
gies, particularly exploratory browsing, where users are uncertain
about what to search for and how to approach the information-
seeking process [56]. Then, participants engaged in an open-ended
information-seeking task (see Appendix A), which involved freely
exploring the topic and was divided into two exploration phases.
The rationale for asking participants to perform the task was twofold:
1) to familiarize the participants with using LLMs in collaborative
information-seeking tasks, ensuring that their answers are speci�c
to LLMs and based on real experiences rather than imagination;
and 2) to observe their behavior and interactions with the system,
and take notes accordingly.

In the �rst phase of the task, participants performed individual
exploration and were not allowed to communicate via the con-
ferencing software. This ensured that they brought diverse per-
spectives to the topic without imposing their search behaviors on
each other [48]. In the second phase, they were instructed to share
and discuss their individual �ndings and then continue their ex-
ploration collaboratively. However, we did not mandate how they
collaborate, seeking to understand participants' organic needs. We
did not require them to produce a report of their �ndings, as the
search was exploratory with no speci�c best �ndings, focusing
instead on identifying the challenges they faced while using LLMs
during the search process. They were instructed to use ChatGPT
to retrieve information and an online tool such as Google Docs to
save and share individual �ndings. Next, a semi-structured inter-
view was conducted with each pair of participants concurrently
to collect their qualitative feedback. Participants were furnished
with guiding questions (see Appendix A) designed to elicit informa-
tion regarding their challenges and needs. Meanwhile, they were
given the �exibility to discuss the speci�cs of their activities and
the particular challenges and needs encountered while performing
the information-seeking tasks. Also, we observed users' behavior
during both individual and collaborative sessions, incorporating
notes into our analysis later. Each participant received $20 for their
time and e�ort.

3.3 Challenges
We transcribed all interview sessions and conducted thematic anal-
ysis in three stages: familiarization, coding, and theme development.
In familiarization, we imported the audio transcripts and text ob-
servations into NVIVO and familiarized ourselves with the data.
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During coding, we identi�ed 365 initial codes, which were then
organized into 67 broader categories to facilitate the identi�cation
of core themes. In theme development, we synthesized these cate-
gories to pinpoint four core themes related to the challenges faced
by participants. While some results replicate existing challenges
in collaborative tasks without LLMs, our analysis contributes to
the emerging insights into collaborative environments integrated
tightly with LLMs, which magni�es the challenges and brings new
ones. Based on the challenges, we proposed design guidelines (Sec-
tion 3.4), which drove the development of SenseSync.

C1: Making sense of LLM-curated information (118 codes) .
Individual exploration before collaborative work was deemed es-
sential, as highlighted by P7:�This was a good pattern to follow, to do
like things �rst on our own and then like get together�, which is also
supported by the literature [42, 47, 53]. Doing this allows collabo-
rators to contribute diverse perspectives to an information-seeking
goal. However, before e�ective exploration can occur, it is crucial
to make sense of the generated information. Participants expressed
several key challenges regarding information sensemaking such as
identifying overlaps and gaps in shared �ndings, summarizing and
organizing information, and understanding others' outcomes.

These challenges were further complicated by the involvement
of LLMs. Speci�cally, participants found it more di�cult to identify
overlaps and gaps when the information was generated by LLMs.
Although the core content of the responses might be similar, varia-
tions in writing style made it challenging to discern whether there
were overlaps by merely comparing the texts. As P8 noted:�The
answers are based on the style of questioning and are inconsistent.
When we review and process these answers, it's not clear that they are
the same, so they're not easily comparable.�Regarding summarizing
and organizing information, participants observed that while LLMs
could generate large amounts of text in seconds, reading, summariz-
ing, and organizing this information is much more time-consuming.
They expressed a preference for concise summaries over lengthy
outputs. As P5 remarked:�I didn't want to read so much, so I just
asked ChatGPT for a TLDR.�

C2: Achieving a shared understanding of generated contents
by LLMs (165 codes). Collaborative work involves activities col-
laborators perform to reach the shared goal, which is prominently
discussed in the literature [26, 42]. Participants found that they
needed to coordinate to align their e�orts with the overall goal:
�We are going to merge and consolidate information in di�erent ways,
based on di�erent goals.�-P2To achieve their goal, they needed to
have a shared understanding, aligning with observations from pre-
vious studies [38]. This could pose di�culties, as mentioned by P7:
�It is hard to make the other person understand why our point is right.�

When LLMs are used to generate information, the lack of context�
such as the prompt used or the conversation history fed to the
model�creates challenges in achieving a shared understanding:
�More information about the context would be helpful, like when we
had that di�erence in understanding regarding whether it was ethical
or unethical.�-P2Also, participants noticed that collaborators might
use di�erent ways of prompting, potentially increasing the di�-
culty of reaching a shared understanding. P8 expressed the need
to address this challenge:�We mostly approached the same question
from di�erent perspectives. The �rst step is always to get everyone

on the same page and exchange ideas and understandings.�-P8They
also tried to align themselves during the task while interacting
with LLMs individually: �When I had a di�erent understanding of
something, and he had a di�erent one, we decided to help each other
understand why our points were valid and why they should be con-
sidered.�-P5All the above observations underscored the new issues
in reaching a good shared understanding in collaboration, caused
by the uncertainty of LLMs and the AI's blackbox-like behaviors.

C3: Switching, recalling, and resuming activities with LLMs
(29 codes). We observed that the nature of collaboration is in-
herently temporal, meaning that participants engaged in distinct
sub-activities throughout the task and needed switching between
these di�erent sub-activities over time. Literature also highlights
that sensemaking is temporal in nature [38]. These sub-activities
included validating speci�c LLM-generated responses, further ex-
ploring or clarifying aspects of the research, and discussing topics
to enhance mutual understanding. Moreover, resuming from where
they left o� and continuing to achieve their goals can be challeng-
ing. Participants noted the need to recall previous progress made
by collaborators:�I make more notes while I'm working over a long
period of time.�-P7as well as to stay informed about what others
have done during their absence:�Because I didn't know what he had
read, it was hard for me to write about his �ndings.�-P5

While switching, recalling, and resuming activities during col-
laboration may appear similar to traditional search scenarios, the
inclusion of LLMs introduces unique considerations. For example,
issuing the same prompt at di�erent times could yield varying re-
sponses, as the context provided to the LLMs changes over time.
Therefore, it became crucial to know the temporal LLM-speci�c
contextual information, such as when other collaborators initiated
their prompts. For instance, P4 remarked to P3:�I'm getting a di�er-
ent response to the same prompt. What time did you ask?�P4 further
commented�He went through all the prompts and responses and
explained them to me one by one.�

C4: Investigating the trust with LLM-generated responses
(51 codes). Some participants expressed that they in general did
not trust the responses generated by LLMs:�We should not trust the
results. There's a line between common knowledge and domain-speci�c
knowledge, and I wouldn't trust ChatGPT for anything that requires
domain-speci�c expertise.�-P6�One thing that was constantly in my
head while doing research with our GPT was the concern that it might
hallucinate, so, I don't know if I'm getting the right information.�-P5
Additionally, there were inconsistencies in the responses to the
same prompt from LLM agents in di�erent conversational contexts.
�It was interesting how my ChatGPT was not giving me unethical stu�,
but P1's was.�-P2

Hallucination [5, 6, 12] is an important issue of LLMs. It impacts
both individual and collaborative experience, which was observed
from our study, because reliable shared information is essential
for successful teamwork. Also, we observed that mistrust in the
shared information can slow down collaboration. When participants
doubted the validity of LLM-generated information, they hesitated
to accept or act on shared information by others, leading to more
back-and-forth discussions and validation e�orts. Additionally, in-
consistencies in LLM-generated responses across di�erent contexts
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may further complicate collaboration. When one participant re-
ceived di�erent or even con�icting information from another, it led
to confusion and reduced the e�ectiveness of collaboration.

3.4 Design Guidelines
Drawing from the above challenges discovered in our formative
study, we derive the following design guidelines (DG[n] ), each of
which corresponds to the previously identi�ed challenge (C[n] ).

DG1: Enable the organization, comparison, and summariza-
tion of LLM-generated information . To support both individual
and collaborative exploration, users need to make sense of their
individual information, select relevant ones to share in a common
space with other members, and collaboratively make sense of shared
information [48]. This requires maintaining separate individual and
collaborative spaces, with the ability to switch between them. To fa-
cilitate more e�ective sensemaking and exploration, it is important
to illuminate the relationships among di�erent information pieces.
Speci�cally, identifying overlaps and gaps depends on revealing the
similarities between these pieces of generated information. When
working with LLMs, the above aspects should be properly designed
to tailor the unconventional work�ows with prompts and responses.
It is also essential to facilitate prompting LLMs collaboratively:�[P4]
is way better at prompting GPT than I am. She could get what she
wants in one prompt.�-P5

DG2: Provide LLM-specific context alongside generated in-
formation for enhanced shared understanding . When involv-
ing LLMs in collaborative work, it is important to improve a user's
awareness of the responses to a prompt in another user's conversa-
tional context, going beyond just sharing LLM-generated content.
For example, one should know what prompt was used to gener-
ate the responses shared in the collaboration:�I think having the
prompt will be helpful in the future when we want to reference where
each piece of information came from.�-P8Also, the sequence and
timing of prompts can in�uence the generated responses, as the
context provided to the LLM may di�er. P7 commented,�I started
with a very simple question and then moved into more detailed ones.
If someone sees my later questions before the �rst one, they might not
understand the context. Why is that?�P4 also spot the same issue,
�If you ask a question and receive a di�erent answer than someone
else, you might ask, `What time did you ask your question?�'

DG3: Support tracking collaborators' activities and interac-
tions with LLMs over time . Collaboration involves many task
switching, recalling, and resuming, and these activities become
more complex when involving LLMs because a user works with
collaborators and the AI at the same time. This awareness can be
enhanced by providing interactive timeline visualizations of activ-
ities [24], which can be further integrated with interactions with
LLMs, such as the number of prompts (P3) and the history of the
prompts (P4), as well as progress cues, such as note-taking (P1) and
task assignment (P4).

DG4: O�er collaborative approaches to assess trustworthi-
ness of LLM-generated responses. To address LLM's halluci-
nation and trust issues, existing approaches often involve com-
paring generated results with information from the web or other

Figure 2: SenseSync consists of a back-end with a custom API,
MongoDB Atlas, and OpenAI's API, and a front-end with �ve
interface components.

sources [12,43]. In collaborative settings, it is important for compar-
ing responses to a speci�c prompt across di�erent conversational
contexts and examine whether the responses are consistent. Low
consistency could alert collaborators that the information might
not be trustworthy and requires further veri�cation:�If he receives
a response, I'd like to prompt ChatGPT with the same question to
check if the response remains consistent or varies.�-P5Beyond the
consistency assessment, trustworthiness can be veri�ed through
discussion, combination, and cross-validation of LLM-generated
content together. It is crucial to allow di�erent collaborators to ask
LLMs for clari�cation or further exploration, such as one contin-
uing another user's conversation with AI.�We can validate which
elements are common and which might di�er by talking to each
other.�-P1

4 SENSESYNC
This section introduces the design and implementation of Sens-
eSync, followed by a scenario to illustrate how SenseSync can be
used in practice.

4.1 System Overview
Guided by the aforementioned design goals, we developed the Sens-
eSync system that consists of a back-end and a front-end (Figure 2).
The back-end contains a custom API, MongoDB Atlas, and Ope-
nAI's API. The custom API is implemented using Node.js [11] and
Express.js [50] to handle tasks such as user management and the
storage and retrieval of conversations. MongoDB Atlas [29] serves
as the cloud-based database for storing data. Two models from
OpenAI's API [8] are employed: the text-embedding-3-small for
generating text embeddings and the GPT-4o mini for generating
information. The front-end is developed using React [41], Mate-
rialUI [44], and D3.js [34]. It comprises two primary workspaces:
individual and collaborative, each o�ering di�erent components
to facilitate collaborative information-seeking (Figure 3). The col-
laborative workspace includes a Conversation List, Chat Window,
Information Graph View, Temporal Activity View, and Auxiliary
Toolkit, whereas the individual workspace features only a Conver-
sation List, Chat Window, and Information Graph View.

The Conversation List (Figure 3-A) displays a list of ongoing and
past conversations, allowing users to navigate between di�erent
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