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Abstract

The ability of LLM-based agents to role-play may be especially
helpful for gathering multiple perspectives in problem-solving sit-
uations. To understand how workers would respond to getting
perspectives from agents, we conducted an interview study with
18 knowledge workers using a generative Al-powered multi-agent
design probe. Participants described their current practices of per-
spective seeking from people, and outlined challenges with this
practice including not knowing the right person to speak to and
anxiety around reaching out. Participants reported finding value
in the probe when it produced responses that aligned with their
current solutions, and wanted sources or explanations for solutions
they were unfamiliar with. They especially highlighted the need to
be challenged by the probe, and were worried that the availability
of such tools would reduce their interactions with colleagues. We
discuss implications for designing for challenge, and locate agents
as preparation tools for interacting with colleagues.
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1 Introduction

Knowledge workers’ [7] everyday tasks often require them to seek
input from their colleagues. A software developer might need to
better understand the codebase they are working on before pushing
a code update; a compliance manager needs to get inputs from
members working in engineering, design, and data science as they
are drafting a legal contract; a product manager needs to coordinate
with marketing, design, and engineering to release the latest feature.
In each of these examples, workers reach out to and get other
workers’ perspectives to help them progress in a task. This process
is valuable because a given worker might not themselves have the
expertise to complete a particular task, and would likely benefit or
depend upon getting additional input or perspectives.

This sort of collaborative work includes help seeking, advice
seeking, feedback seeking, and knowledge sharing [1, 35], detailed
in the Related Work (Section 2). In this paper, we focus on the impor-
tance of perspective in these activities, or how the person providing
help views the task or problem. In essence, "perspective seeking"
occurs when workers reach out to their colleagues to understand,
and then potentially incorporate into their own work, how those
colleagues approach or view a problem or activity. Indeed, collabo-
ration with people inevitably means that their contributions will
be offered from a particular perspective, based on their experience,
knowledge, skills, and relationship to the help-seeker. In contrast,
workers have recently had the opportunity to incorporate Gener-
ative AI (GenAl) tools into their work, to get advice or to seek a
different perspective [8, 65, 77]. Yet, we lack sufficient empirical
work on how workers see GenAl-based tools fitting into the prac-
tice of perspective seeking. To better understand and support this
practice, we conducted an interview study using a GenAl-powered
multi-agent design probe with 18 knowledge workers at a global
technology company. Our guiding research questions were:

RQ1) What are knowledge workers’ current practices of perspec-
tive seeking while solving problems during their work?

RQ2) How do knowledge workers see Generative Al-based tools
supporting perspective seeking?

Our study found that knowledge workers rely on their colleagues’
perspectives when approaching problems at work — this might be
reaching out to colleagues based on their role, level of seniority,
or perceived thinking and working style. Workers trust their col-
leagues’ perspectives because of shared organizational contexts,
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prior experiences of working with them, and their openness towards
offering help. Challenges with current practices include being un-
sure who to reach out to, having the social capital to get connected
to the right person, overcoming the anxiety to reach out to people,
a lack of time — coordinating to be in the same time zone, people’s
busyness, and feeling anxious around appearing unprepared or not
asking the right questions. However, perspective seeking is im-
portant; participants reported finding particular value in engaging
with perspectives that challenged, or pushed their thinking around
a problem.

Use of the design probe highlighted the importance of organiza-
tional context in being able to place trust in "perspectives” offered
by GenAl Participants trusted the tool’s suggestions when these
aligned with solutions they were already considering; when it pro-
duced outputs they weren’t familiar with, they wanted sources, or
explanations for those outputs. Thus, in contrast to the challenge
that was reported to be valuable when offered by human collabo-
rators, contrasting views were not accepted as offering useful or
trusted pushback when presented by GenAl. Nevertheless, partici-
pants highlighted a need to be challenged by the tool, especially
in problem-solving situations where they wanted to improve their
thinking. Our study suggests this should complement rather than
reduce perspective seeking from people. Participants expressed
an anxiety that such tools could reduce interactions between col-
leagues, and imagined using such tools to be better prepared for
interactions with their co-workers.

This paper makes the following key contributions:

a) We surface challenges with current practices of perspective
seeking in organizational contexts, and outline a role for LLMs as a
preparation tool to support this practice.

b) We provide empirical evidence of users’ needs for challenge
or pushback from LLMs, and outline design implications for future
LLM research in this direction.

c) We discuss the potential impacts of the deployment of Al tools
on workplace culture and team dynamics.

2 Related Work

Recent scholarship on the use of LLMs in enterprises has identi-
fied different tasks for which knowledge workers engage LLMs,
including content creation, information management (searching
or summarizing), advice, i.e., improving or validating their work,
and collaborating with others [8, 65]. In this related work section,
we begin by stepping back and considering how people have gone
about gathering information and sharing knowledge in their work-
places. First, we consider scholarship from organizational science
which identifies the vital role that people play in knowledge shar-
ing at organizations, the challenges with this practice, how HCI
and CSCW interventions have aimed to support this practice, and,
in turn, the challenges these interventions have run into. Then,
we consider how GenAl-based tools currently support ideation for
problem solving, and note how they might play a role in supporting
knowledge sharing by being more usefully grounded in context,
and taking on different roles.
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2.1 Knowledge Sharing in Organizations

Lim et al. [35] describe four kinds of resource seeking behaviors in
organizational settings: feedback seeking (on one’s performance);
information seeking (to aid sensemaking about one’s workplace);
advice seeking (to form an opinion on a problem); and help seek-
ing (emotional or instrumental assistance on work or non-work
problems) (p. 125). Each of these behaviors can be seen as a form
of knowledge sharing practice within organizations.

Research from organization science and CSCW has demonstrated
how people are key to accessing, understanding, and interpreting
organizational knowledge because the right person has a rich com-
prehension of context and information needs and can convey in-
formation in an appropriate and understandable way [2, 35, 40, 41].
However, people face barriers to knowledge sharing, including anx-
ieties around reaching out to others, being unsure who to reach out
to, and a lack of time [4, 30, 69]. Even when workers are able to reach
a relevant person, they might run into issues with those colleagues
lacking incentives or motivation to share knowledge [25, 75, 76, 78].
In a historical overview, Ackerman et al. [1] describe two gener-
ations of efforts within HCI and CSCW to support the practice
of knowledge sharing. These are knowledge bases (externalized
representations of information) and expert recommender systems
(enabling discovery). They note how knowledge base efforts have
run into certain limitations because they typically underplay the
role that people take in facilitating knowledge sharing. The second
generation, recommender systems, faced challenges including how
to help workers understand how the system represented and recom-
mended experts, the additional labor placed on those experts, and
ethical concerns around how precisely who is represented as an
expert within an organization is determined [33]. Advice seeking
and help seeking can be quite different from information seeking
but context remains key. For example, people may be sought to
offer a neutral perspective [36].

Thus, for any resource seeking activity to be successful, it would
need to be tailored to the recipient and their context. The role of
the information and advice provider is inherent to how this can be
accomplished in collaborative work [32]. LLMs have the potential
to support knowledge sharing and advice seeking, and can also be
prompted to offer inputs that adopt a certain perspective or role
[6]. However, it is not clear how well this capability can support
resource-seeking behaviors that arise as part of work. In this study,
we specifically consider how workers respond to getting different
role-based perspectives from a multi-agent LLM tool on a current
problem they are working on, and how they see the tool as playing
a role amidst organizational complexities.

2.2 LLMs in Ideation, and Persona-based
Role-playing

An important aspect of perspective seeking can be getting multiple

perspectives. Extensive research has highlighted the importance of

getting multiple diverse perspectives on problem solving and its

relation to improved outcomes [26, 38, 63].

There are possibilities to support this using GenAl, by having
multiple LLMs work together. Research has looked at how multiple
LLMs can work with each other to improve system performance
when completing complex tasks as opposed to a single LLM (e.g.,
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[12, 19, 46, 47, 74]). These efforts have largely focused on multiple
LLMs collaborating to automate tasks. Applications where multi-
agent LLMs work with end users are fewer in number, but have
been attempted in domains such as information seeking, through
for example, multi-agent debates [62]. Here, Shi et al. [62] found
that when users searched for information on controversial issues
and were exposed to diverse perspectives through a multi-agent
debate, users’ confirmation bias reduced.

There has been a substantial interest in leveraging LLMs’ abil-
ity to role-play and mimic different personas and facilitate more
human-like interactions [13, 29, 43, 59, 64, 68]. In a survey of the
field, Chen et al. [13] describe the personas in these interventions
as falling into one of three categories: “1) demographic persona,
which leverages statistical stereotypes; 2) character persona, fo-
cused on well-established figures; and 3) individualized persona,
customized through ongoing user interactions for personalized ser-
vices” (p. 1). Examples of these interventions include using GenAI
produced demographic personas in user research [29, 59], and com-
mercial efforts like Character.ai [28] which allows users to build
Al characters and converse with them. Scholars have noted how
persona-based simulations can result in bias and produce flattened
responses [14, 15].

Researchers have also explored how GenAl can assist in creativ-
ity during ideation and brainstorming [24, 60, 67, 70, 72]. These
endeavors have yielded important insights around design fixation,
which can occur when images are generated by GenAl during
ideation [72], and participants expressing concerns around losing
out on human perspectives [24]. These interventions have typically
involved users, whether individuals or groups, getting assistance
from a single agent. More work is needed to understand how multi-
ple agents could support perspective seeking at work, and the risks
of doing so.

Taken together, attributes like the ability to take on a certain
role (e.g., a product manager), and working together with other
agents (e.g., a product manager agent with a designer agent) may
be particularly valuable in getting multiple perspectives during
problem-solving situations. To explore this further, we designed
and conducted a study examining how knowledge workers seek
perspectives from and respond to multiple role-based personas
working together to assist in problem solving.

3 Methods
3.1 Participant Recruitment and Interview
Process

To conduct this interview and design probe-based study, we re-
cruited participants via internal company email lists at a global
technology company. The study protocol, design probe, and recruit-
ment materials were all approved by our Institutional Review Board.
We primarily reached out to email lists of employees based in the
United Kingdom. We received a total of 44 responses. From this,
we purposively sampled 18 participants with an eye on capturing a
variety of work functions (e.g., software engineering, data science,
design, compliance), age ranges, and seniority levels. Details of the
participants are listed in Table 1. All interviews were conducted
via Microsoft Teams between July and August 2024. Participants
consented for audio and video recording of the interviews, and for
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a screen recording of their interactions with the design probe. In-
terviews lasted between 74 and 88 minutes, with an average length
of 83 minutes. For their participation in the study, each participant
was compensated with £30 and was given a text transcript of their
interaction with the design probe.

3.2 Interview Protocol

Our interview protocol consisted of three parts: in the first part,
participants discussed in-depth a current or recent problem they
were working on which necessitated multiple or different perspec-
tives. They discussed their process of getting these perspectives, the
challenges in getting them, how they determined the credibility or
usefulness of these perspectives, and the benefit they saw in getting
these perspectives. Participants then discussed the current ways in
which they use LLMs in their workplace. Next, they proceeded to
interact with the LLM-powered multi-agent design probe. During
this part of the interview, participants inputted a current or recent
problem they were working on to get multiple perspectives from
the probe, while talking aloud and reflecting on each step they
were taking, as well as commenting on the responses being gener-
ated through the interaction with the probe. Finally, participants
reflected on the experience of seeking perspectives from the tool,
and how they saw this fitting into their practices. The interview
protocol has been provided in Appendix B.1.

3.3 Description of Design Probe

The design probe [27, 56, 73] enabled us to have a grounded con-
versation with study participants about their experience of seeking
perspectives from GenAl-based agents. Perspective seeking at work-
places can occur in one-on-one conversations with others, as well
as in larger groups, for example, a project team meeting. In this
study, we were specifically interested in understanding participant
responses to getting multiple perspectives at the same time, and
this informed our choice of the multi-agent setup [20].

Drawing on foundational scholarship in conversation analysis,
we adapted the conversation turn-taking model proposed by Sacks
et al. [48] to simulate conversations with Al agents. We built the
probe consisting of four agents based on GPT-4 [42], namely: a
Designer, an ML Researcher (Machine Learning Researcher), an
Engineer and a summarizing agent called "Sage." We chose the three
agents to best represent the make-up of a team working on software
research, design, and development because of our awareness of the
kinds of problems that come up in the organizational context of the
study, i.e., a technology company.

Through system messages [39], we provided instructions to each
of the agents to provide responses from the role it was assigned
(Designer, Engineer, ML Researcher, Sage). The agents were given
the guidance to build on each other’s responses, effectively giving
the conversation a "yes, and" orientation. Detailed system messages
are provided in the Appendix A.1.

Recent literature has highlighted how LLM responses tend to
be verbose and overgeneralized [44, 49]. To tackle the problem of
overgeneralization, agents were instructed to ask the participant
clarifying questions when they needed context. For a turn-taking
system to work effectively and appear like a natural conversation,
each agent needed to overcome the tendency to be verbose and
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Table 1: Participant Table

Participant Gender  Age Work Function Job Level
P1 Woman 30-39 Compliance and Governance Senior

P2 Woman 20-29 Design and User Research Early Career
P3 Woman 30-39 Product Management Senior

P4 Woman 40-49 Advisory Senior

P5 Man 20-29 Software Engineering Early Career
P6 Woman 30-39 Data Science and Machine Learning Principal

P7 Woman 30-39 Software Engineering Senior

P8 Woman 20-29 Sales and Marketing Intern

P9 Woman 40-49 Data Science and Machine Learning Senior

P10 Woman 30-39 Data Science and Machine Learning Resident
P11 Woman 20-29 Software Engineering Early Career
P12 Woman 30-39 Human Computer Interaction Research  Principal
P13 Woman 40-49 Design and User Research Senior

P14 Man 30-39 Software Engineering Senior

P15 Woman 20-29 Product Management Early Career
P16 Man 30-39 Design and User Research Principal
P17 Man 30-39 Design and User Research Principal
P18 Man 30-39 Data Science and Machine Learning Senior

allow other agents, and the user, to contribute to the discussion. To
navigate this challenge, we developed a confidence-based mech-
anism (detailed in Appendix A.2) by which agents took turns to
generate responses. When the agents did respond, we limited their
responses by using explicit constraints such as word length. See
an example interaction showing topic, intent, speaker nomination,
and respective confidence scores in Appendix A.3.

For the front-end of the design probe, we developed a web app
using an open-source Python library [23]. See Figure 1 for a screen-
shot of the design probe. Under "Initial Problem Statement," study
participants defined a problem to begin the conversation. The "Con-
versation" chat panel displayed all messages sequentially. Each time
an agent spoke, their representative image would be displayed in an
adjacent "Speaker" panel. The "User Comments" panel allowed the
participant to communicate with the agents as in a conventional
chat interface, where they could ask more questions, or respond
to clarifications requested by the agents. We also implemented a
"Debug" panel which showed the topic, intent, and the agent nomi-
nated to speak for each message as it was generated. The panel also
showed the agents’ respective confidence scores. At the end of their
interaction, participants could click the "Download Conversation
Log" button to save their conversations.

3.4 Data Analysis

To prepare the transcripts for analysis, we cleaned and anonymized
the automated transcripts generated from the Microsoft Teams in-
terview recordings. We followed an inductive, bottom-up coding
process for analysis of the interview data [9]. After the interview
process, one team member developed an initial codebook based
on a rolling memo written after each interview and a review of
the interview transcripts. This codebook was vetted by two other
team members to fine-tune the code definitions. The final codebook
included codes such as Value of Perspective Seeking, Challenges in

Perspective Seeking, Tool Experience and Interaction, and Imagined
Tool Use, and has been included in Appendix B.2. The first author
then coded the 18 interview transcripts using ATLAS.ti [21] qualita-
tive coding software. Two other authors reviewed the code snippets
to verify that the codes were being applied consistently. Through
discussions within the research team, we decided to prioritize find-
ings around the participants’ descriptions and understanding of
their work practices, and their perceptions of their interactions
with the design probe, and how they see GenAl-based tools fit-
ting into their work practices because this helped us address the
research questions for the project. The Findings section reports on
the themes generated by referring to memos generated at different
stages of the analysis process, and comparing snippets both within
and across the codes.

4 Findings

We first discuss our participants’ descriptions of the kinds of per-
spectives they seek while solving problems during their work; their
process of seeking perspectives — why and how they do it; the
challenges involved in getting these perspectives; and how, increas-
ingly, GenAl-based tools play a part in this process. Then, we share
findings from our participants’ interactions with the design probe:
we describe the challenges participants reported in getting perspec-
tives from the probe; how they came to trust the responses from
the tool; and the risks they saw in getting perspectives from a tool.
Finally, we describe how participants saw this tool fitting into their
work practices.

4.1 Current Practices of Perspective Seeking

4.1.1  Problems, Characteristics of Perspectives, Benefits. Our partic-
ipants described their needs for perspectives on problems they en-
counter during work in a variety of collaborative situations. These
ranged from the early stages of a project, to scope down the problem
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Figure 1: Screenshot of the Design Probe

at hand, towards intermediate stages, when they have produced a
certain artifact (a presentation, or a design mock-up for review), to
the end stages, to get consensus or feedback on a team’s decision. A
common theme across these problems was that workers saw these
problems as open-ended. Gathering different perspectives was seen
as a routine activity during work. In effect, it is a step towards
knowledge seeking in the context of a larger task. For example, P15,
a product manager, was working on a problem to understand how
to surface relevant emails in users’ inboxes, and highlighted how
seeking different perspectives helped her better consider proposed
solutions:

“It is very refreshing to see how everyone is thinking about the
same problem. Over time, I've learned to accept that I can’t know
everything and I can’t think of everything. These are teammates that

are more experienced in data science or engineering or whatever role
they’re doing, so it’s important to get their perspective because I come
from a place of the user and the problem. But maybe there’s emails we
actually can’t filter out because we don’t have the signals available.
My engineer would tell me that. So, it is important to get their opinions
and perspectives.”

Overall, our participants described different characteristics of the
kinds of perspectives they sought out: role-based (wanting an en-
gineering or design-based perspective), hierarchy-based (wanting
a senior, or junior worker’s perspective), experience-based (some-
one that has gone through a similar situation before), disciplinary
training-based (industrial engineering, or HCI), demographics-based
(speaking to someone from a particular sociocultural background,
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age, gender, race), or working style-based (someone who is a plan-
ner, or a doer, for example). In effect, when someone is seeking
a perspective from another person, their expectation is that the
perspective they are receiving is shaped by some dynamic com-
bination of these categories. It is important to consider that the
perspective being sought, or provided, is not fixed, but is situation-
and query-dependent.

Participants described relying on their social connections to get
perspectives during their work. Depending on the kind of problem,
this meant relying on colleagues within their team (e.g., P3’s team
has to decide which set of features to prioritize building next), or on
reaching out to others within the organization by leveraging their
connections (e.g., P7 reaching out to a developer within their orga-
nization who has used the API that they are currently struggling
with).

Our data suggest three ways in which perspective seeking can
be perceived as useful. First, participants saw perspective seeking
as a way to improve their knowledge, and relatedly, complete their
tasks. Second, participants, especially those in more junior roles,
saw getting perspectives as a way to build their network within their
organization, as was the case for P5, a junior software developer:
“[...] building a relationship with other people? Sometimes this sort of
process [of seeking perspectives on problems] has led me to reaching
out to people that maybe I've never directly interacted with, so that’s
always positive.” Third, participants saw it as a way to get social
buy-in around their work, and to sustain the social life of being at
work. P1, who works as a compliance manager, was responsible
for drafting up a contract outlining the risks of the data agreement
between her organization, and a healthcare partner:

"I needed different perspectives because people come at it from
a different place when thinking through ’risk.” I might not think of
something that someone from engineering, or legal would think about.
But also to help with adoption of the outcome. It’s really important
to bring people on board with what you are doing and getting the
different perspectives on this before we actually say ’this is how it’s
going to be, makes it more likely that they will follow it in the long
run.”

Participants reported having a strong implicit trust in their col-
leagues even if they did not know them personally because, often,
they are pointed to that colleague by someone they do know. In
cases where there is a personal connection, the relationship history
comes to the fore. Participants described relying on their colleagues’
expertise and understanding of them as being good collaborators:
"I know my colleagues, I know the track record. I know what they’ve
designed," P17. Participants especially reported valuing perspectives
from colleagues that they perceived as being different from them;
for example, a person that perceives themselves as an overplanner
valuing an executor, or a straight-thinker valuing a broad/open-
minded thinker, or particular value being found in a colleague
that challenges their ideas. Participants emphasized that the other
person’s social attributes, such as kindness and helpfulness, were
important in building that trust. This isn’t to suggest people don’t
want colleagues who validate them and agree with them, but they
also want to be challenged as a part of perspective seeking. P12, an
HCI researcher, captured this from her experience of writing an
academic paper with a group of interdisciplinary researchers:

Adavi et al.

“Being critical and being challenged and getting feedback is essen-
tial. It’s the kind of feedback you need to help you learn and progress.
IfI'wasn’t challenged by other people, that would be hugely missing
out on growing in your understanding because being challenged is not
an attack, right? Being challenged is just like, hey, have you thought
maybe about these other ways or why are you so certain about certain
things?”

4.1.2  Challenges in Perspective Seeking. Our participants high-
lighted several challenges with the process of getting different
perspectives at their workplace.

Social connection and anxiety around reaching people:
Junior employees like P5 shared how they did not have a large
network within their organization and, consequently, knowing
who to reach out to was difficult for them. Even if they were able
to, they described being worried about how their questions would
be perceived by others: "I'm very junior, so it’s hard to know who to
reach out to [... ] maybe being worried about asking dumb questions."
In effect, there are challenges with knowing whom to contact, but
also around how to structure conversations.

Coordinating time: P2, a designer, noted how getting time
and availability from her colleagues was difficult: "hard to get ev-
eryone to come together at one time." A few participants (P4, P16,
P17) described being in remote roles where their team members
were in very different time zones, making it difficult to talk with
them instantly. P4, who works in an advisory role, noted this as a
common problem when she has to prepare for her customer calls:
"My customer calls are in the mornings, UK time. My team in the US
is usually not awake until 3:00 PM."

Lack of role diversity in their team: Even if one felt com-
fortable reaching out to others, some participants, like software
engineer P11, highlighted how she struggles with getting perspec-
tives from people in other roles like design because "my team only
has one designer."

Over-reliance on people one is familiar with: Participants
like P3, a product manager, highlighted the concern that workers
are possibly only seeking perspectives from people they have a
relationship with: ‘T naturally gravitate towards the people I already
have in relationship with, so the people who I'm most friendly with
on the team as well as my manager. I didn’t make a conscious effort
to try and speak to as big of a variety of people as possible, because I
maybe just spoke to people I have a natural affinity towards.”

Not being challenged or pushed in one’s thinking: Partic-
ipants also felt that there was a risk in seeking perspectives that
aligned too closely with their own, because this meant that they
weren’t being pushed or challenged on their views. P10 captured
this feeling: "I just get the feeling that it is normal to think this way
and get this sense of validation, but I don’t really necessarily grow
because I'm not gaining insight."

4.1.3  Using Generative Al Tools in the Workplace. Every participant
in our study discussed using GenAl tools in the workplace for
different tasks. The three largest use cases reported are writing
assistance for emails or internal company memos (11/18), coding
assistance for short snippets and code explanations (10/18), and
research (10/18).

When we asked participants if they ever considered their in-
teractions with LLMs as getting multiple or different perspectives,
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Table 2: Characteristics of Perspectives Sought

Perspective Characteristics

Example Quotes

Role-based

"People in different roles. So I'm a product manager, but I could be working with
my [data] scientists or some of the engineers." (P15)

Disciplinary Training-based

"I'm a data scientist and have background in information retrieval. And my colleague
is from computer vision." (P18)

Hierarchy-based

"Talk with people that have higher seniority, more experience than me? They have
more knowledge about different aspects of the system" (P5)

Demographics-based

"If you’re making a product, you need to think about accessibility, gender, and race
[...]" (P8); "family backgrounds, nationality and ethnicity" (P14)

Working style-based

"So the attention to detail, and the desire to pre-plan and pre-think about things."
(P6); "A person that tends to focus pretty quickly on the core concept? Indifferent to
presentation." (P16)

Experience-based

"I think it’s helpful to have senior engineers, if they've worked on something to talk

about that experience. As another engineer, how they found that?" (P11)

most participants said they had never considered LLMs as hav-
ing a perspective; that a perspective was linked to a person and
drawn upon their experience. Some participants reported explicitly
prompting tools to take on a role-based persona (e.g., product man-
ager or banker) and generate a response because they perceived this
prompting strategy to improve the quality of the responses from
the LLM. Some participants said that when they were using GitHub
Copilot as a “pair programmer” (P11) or "friendly little coder" (P7),
ChatGPT as a “thought companion” (P18), or Copilot as a "brain-
storming partner” (P4) or "writing assistant" (P12), they were in a
sense asking the tool “what it thinks should be done here?”. A key
challenge with considering that LLM-based tools can provide a
perspective is being unsure of where the tool is coming from. This
was captured in our interaction with data scientist P9:

“If the LLM has outputted something that looks like a perspec-
tive? Obviously, that’s influenced by the training data and by the
prompts that I cannot see. Because I don’t know enough about the
training data or the prompts, I can’t really judge how I feel about that
perspective. I can’t judge what it wants or what it values? With my
colleagues I make certain assumptions about what they want, and I
use information about what they’ve worked on to think about what
they value? I assume that they have good intent [...] I make all of
those assumptions about humans. An LLM might say something that
looks like a perspective, but I can’t put it into the context of what kind
of a person would have this perspective.”

P2 especially highlighted this while noting that she wouldn’t use
LLMs for researching topics like race or gender: "When it comes to
like ethnic minorities or gender and sexuality, that’s not something I'm
coming to a bot for. If we’re talking about something very specific like
race, I feel like often you’re looking for a really nuanced perspective. I
Jjust struggle to believe and trust that a bot will be able to do for me. I
would much rather speak to people. Even hearing the tone in how they
talk about their experiences when you’re talking about personal topics
like that is necessary as opposed to just spitting up plain information
with nothing really behind it."

4.2 Responses to Using the Design Probe

In this section, we report on findings from the participants’ interac-
tion with the design probe. As discussed earlier, the design probe is

set up for participants to input a problem statement to initiate the
conversation. To start the session, based on their confidence score
(detailed in Appendix A.2), one of three agents, a designer agent, an
ML Researcher agent, or an engineer agent, provides their perspec-
tive on the problem, and subsequent responses build on existing
agent and participant responses. At any stage, participants could
explicitly hail an agent if they wanted that particular role-based
perspective, or could add additional information, constraints, or
change the direction of the conversation. Every participant entered
a problem of their choosing into the system. At the end of the in-
teraction, participants could hail a “sage” agent who summarized
the entire conversation with a plan for moving forward. Every
participant was provided a text transcript of their problem-solving
interaction with the probe.

4.2.1 How do | Prompt? How do I Calibrate the Conversation?
Nearly every participant struggled with understanding at what
level of specificity or generality to prompt the probe from the out-
set. Because the agents would begin providing a response to the
initial prompt immediately, participants’ responses clustered into
two camps: either the initial responses felt too generic, or the sys-
tem jumped too quickly to a specific solution. Several participants
intervened in the conversation to push the system to provide a
more calibrated response to their query. We observed participants
either blaming themselves for not providing enough information
in the initial prompt, or noting that it could help to know what
kind of data and context the tool is trained on, so they can prompt
appropriately. For some participants like P7, a software engineer
working through an issue around deploying a feature, it was impor-
tant that the tool was asking her questions, and making her feel like
a solution was being co-constructed: “At the start, I hadn’t provided
enough information or context about the problem. I'm happy that it’s
now asking me to help shape it, that’s nice to see.”

P13 imagined that the initial problem stage itself could be a site
to better establish the problem: ‘T found maybe that in the initial
step, you know where you write a problem statement. If it could be a
little bit expanded to tease me with more details? So that the agents
have more information and context from the get go, so they know who
Iam, why I'm asking it [...] just to be prepared for the conversation.”
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4 Speaker & Conversation

| am working on a new app where you can search for
people in your organisation. The director of my division
has asked me to build a prominent call button into the
app. There is a call button already, but it is not very

00 prominent. | never use it so | am a bit hesitant. How do |

Y decide whether to build this new feature?

N’
Designer Designer's response: can you share any user

research or feedback about how often the current call
feature is used and what value it seems to provide within
the organization?

Adavi et al.

3 Speaker E Conversation
What are the real-world challenges when filtering out
edge-case data to create higher quality training dataset for
/‘ Al model training?
Q0

ML Researcher's response: could you specify edge-
case types? Challenges include imbalanced data, removing

7\
ML Researcher rare but important cases, interpretability loss, and defining
thresholds for 'edge'—all critical for model generalization.

Figure 2: Examples of Initial Prompts Inputted Into the Probe. Left Panel: P3 | Right Panel: P12

4.2.2  Factors influencing Trust: Familiarity with Solutions, Sources
and Explanations. Participants found the conversation useful and
trusted the interaction with the probe, especially if the proposed
solutions aligned with the solutions they were already considering.
P11, a software developer, was considering different ways to help
users understand new features available in a keyboard plug-in her
team was developing. During her interaction with the probe, the
designer agent suggested the idea of real-time interactive walk-
throughs based on a user typing after app installation. She said,
"these are good ideas [...] I've heard someone in the team saying, we
should have a more guided explanation of the features, but not framed
in this specific way? It’s quite a well-formed suggestion.”

In situations where the probe proposed a solution that the par-
ticipants hadn’t considered, participants wished that the probe pro-
vided links to external sources, or to internal company documents
based on which it was providing a solution. P6, a data scientist who
was tasked with coming up with research directions for different
machine learning interventions that could be done in the healthcare
field, noted: “The fact that it mentioned the Cancer Imaging Archive
is quite nice. So maybe if there was something along the way where
the tool accumulates external resources? So I can go back and see that
this agent suggested to consider this resource and then maybe if I
can see, oh, actually they’re pointing me to something concrete in
the world that I can trust, that I can read more about? For me to feel
like it brought me some genuine new information into my problem
solving?”

In particular, most participants were interested in seeing the
probe offer an explanation for why it was suggesting one particular
solution from the available alternatives. P17, a designer, was respon-
sible for developing a program to create culture change within his
team and wanted more explanations from the designer agent for the
ideas that came up during the interaction: “If the designer [agent]
would have a good reason for it. If the agent would say research on
work environments and for people to connect, history’s proven that if
you have people with the same interest, they talk much more easily. I
would appreciate it.”

4.2.3  Risks with Tool Use: Overreliance, Perceptions of Complete
Solutions. With the multi-agent setup of the conversation with the
probe, participants highlighted several risks. P10 noted problems
with overreliance on the solutions suggested: ‘T guess the risk might
Jjust be an overreliance on the tool. Because ideally you want to have a

conversation with people who are involved in the project. The agents
are Al so they might have really good ideas, but I think there needs to
be an understanding from the user that the things that the agents say
might not be accurate. It’s helpful for things to think about, but we
shouldn’t just run to a conclusion based on this conversation alone.”
P12, an HCI researcher, expressed concerns with the conversational
style of the tool because it builds on models of trust and empathy
involved in human-human interaction: "The more I get that emu-
lation of interacting and the tool goes ’hey, engineer, what do you
think?” and maybe they reinforce a viewpoint that I haven’t got the
bandwidth to check? I get more nudged towards believing those agents
under these protocols of human-human interaction to just take their
word." Participants also discussed the risk that the multi-agent setup
could make users feel like the solution being proposed is “complete,”
and that is something to be wary of. As P2, a UX designer, noted:
“maybe there’s like an indirect stakeholder that isn’t considered here
at all because it’s only three perspectives.”

4.2.4 Contrast with Current LLM tools. Because of the system mes-
sages given to each agent (detailed in Appendix A.1), the responses
from the Designer, Engineer, and ML Researcher agents reflected
each agent’s assigned domain. For example, designer responses typ-
ically focused on UI/UX processes or design elements; the engineer
agent’s responses focused on how to implement a technical sys-
tem, and the ML Researcher agent’s responses referenced possible
statistical techniques relevant to the problem at hand. Participants
had a positive reaction when their expectation of an agent’s role
aligned with the response they saw. For example, P18, a data sci-
entist, was looking for guidance on developing robust scorecards,
“T have a response from the ML researcher [agent]. I would expect
that because the ML researcher is more experienced in metrics and
evaluating systems.”

In nearly all interactions with the design probe, participants got
responses on their problem from each of the three agents (Designer,
Engineer, ML Researcher). However, nearly every participant spent
over half the conversation interacting with a single agent, with
fewer participants intervening to explicitly hail an agent to bring
their perspective into the conversation. By this we mean, for ex-
ample, a participant explicitly inputting a statement like “engineer,
what do you think?” This could have happened for a few reasons:
the system inferred that the problem inputted by the participant
was more within the domain of one of the agents (based on the
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confidence mechanism described in Appendix A.2), or participants
themselves wanted to be conversing with one agent over the others
because of the problem they were working on. Our probe had a
static design where the agents were fixed, regardless of the prob-
lem the participants inputted. This finding highlights the need for
dynamic agents that are problem-specific, and the challenges that
can arise with a static design.

P3 highlighted that a multi-agent setup was helpful, “as long as
the tool gave me a good amount of each of them. In this situation I
had to prompt. I felt like I was stuck with a designer. The benefit of
this tool is I'm getting different voices, so let’s make sure that all of
those voices do get heard.” In contrast, some participants, like P8,
brought up concerns with the possible overload of keeping track
of multiple agents: “With Copilot it’s just Copilot [a single agent]
answering to you, but with this there’s a lot more agents, so it could
get more confusing with just keeping up with everyone.”

Overall, participants found value in the multi-agent setup and
contrasted it with their current interactions with LLMs, as described
by P4, who works in a sales support role: “Having the multiple
personas means that I have an expectation that I'll be getting different
responses and I'll get a holistic picture of what I want in terms of
the output because it feels like I have two assistants. I'm imagining
myself telling either these two assistants or two colleagues okay, we’re
brainstorming this problem. This is your expertise [and] this is your
expertise. Bring your inputs and based on all of that collective inputs
[...] I can take it to the next step. So that’s different from how I work
with any LLM today because I'm mentally taking on those different
personas, and sometimes I don’t even know that I should be taking on
those different personas when I'm asking it to do something for me.
Having those multiple personas is really useful”

4.3 The Role of Generative Al Tools in
Supporting Perspective Seeking

4.3.1 Re-emphasizing the Value of Interacting with Colleagues. While
reflecting on the contrast between getting perspectives from peo-
ple versus their interaction with the design probe, participants
highlighted the shared context and social relationships they have
cultivated with their colleagues, as noted by software development
manager P14: “Ultimately people matter and the interactions between
us matter and the relationships we have matter, and you need to build
and foster those relationships by talking and wrestling with difficult
questions and gaining perspectives and working together. Youve got to
have deep interactions with people as well for those things.” Similarly,
P6 argued that getting multiple perspectives from LLM-based tools
instead of speaking with colleagues raised the risk that their col-
leagues would feel devalued: “You're missing out on the opportunity
to help your teammates feel valued and to let them demonstrate their
value. So if I was doing all of this ideation about the new direction for
the team with a tool, my colleagues may miss out on the awareness
of what I'm doing because I'm not meeting with them to talk to them
about it. They might miss out on just seeing the process evolve [...]
and miss out on learning from having been in these cooperative meet-
ings.” These reflections resurface the idea that perspective seeking
at workplaces is not simply to advance knowledge or one’s work,
but to sustain the sociality of being at a workplace.
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4.3.2  Aspirations: Drip Feeding, Being Challenged, and Meeting
Preparation. Participants described how they imagined such a tool
fitting into their work practices. They outlined three key consider-
ations. First, organizational approval for using such a tool so they
would feel comfortable discussing work problems with LLMs that
were better grounded to their context. Second, wanting to "drip
feed" their interactions with LLMs to build context. Third, being
challenged in LLM interactions. They wanted to use the tool to help
them prepare for their interactions with colleagues.

For participants like P3, using the tool was contingent on feel-
ing comfortable around data privacy concerns that can arise with
queries being fed into LLM tools’ training data, and organizational
approval was key. P3 discussed this while mentioning Copilot, a
tool currently approved for use at her workplace: "I would love for
this to be built into Copilot where I feel confident that I could attach
documents [... ] Maybe I wouldn’t even have to? It would be grounded
in everything that we have on our internal SharePoint. If it could have
all those insights already baked in so that it had that context, that
would be awesome.”

P16, a designer, contrasted his experience with the probe, and
LLMs more generally, with interactions with his colleagues: “the
productive relationships I have with my colleagues will be about the
critical perspective to help my idea be better? That kind of back and
forth, challenging some assumptions. I don’t really see LLMs as having
the patience to kind of like ask questions and listen? <laughs> You kind
of have to bundle together your whole process and then press enter, I
find. You can’t drip feed it." P1 spoke in the same vein and noted that,
"There is probably a tendency for systems and LLMs like this to not
necessarily resist.", and P17 wondered, "would it ever go like that’s a
bad idea?" The metaphor of “drip feeding” in the context of LLM
querying presents a design opportunity to help users “unbundle”
or break down their queries to have more calibrated conversations.

Participants used different metaphors like a “coaching call,” (P4)
“simulated office hours" (P1), "meeting planner,” (P12) and "staging
area" (P6) to describe the utility of such a tool, and how they saw
it fitting into their work practices. For example, P7, a software
developer, imagined how such a tool could help her prepare for
security review meetings: "Security at <organization name> is done
a bit differently to other organizations and some of it’s more strict.
Having an internal security perspective would be useful especially
before you go into those security [reviews]. Oh God, imagine like
going to the tool and being like, what do you think of my security plan
and instead of getting hounded in that security meeting, making it
preempt some of those security questions? You can think about those
beforehand. That would be really good." Speaking more broadly, P6
saw a role for such a multi-agent conversational tool, "as a staging
area to try and sort out your own thoughts before you talk to a person.
It’s more a reflection, but also with getting different perspectives [...
you can see] here’s how they would have interpreted the situation.
You might learn and reinterpret.”

5 Discussion

To recap, our participants saw perspective seeking as serving two
key functions: one, helping them gain knowledge on a problem
they are working on, and second, supporting the social life of being
at work. The key challenges they outlined were: anxiety around
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reaching others, not knowing who to reach out to, feeling overly
reliant on their existing network, and coordinating time to converse
with people. They especially found value in gaining perspectives
that challenged, or pushed them in their thinking. While interacting
with the design probe, participants faced challenges in calibrating
the conversation and prompting the system; they trusted the probe
when it produced responses that aligned with the solutions they
were considering, and when it didn’t, they wanted sources and
explanations for those ideas. Despite primarily conversing with a
single agent, participants found value in getting perspectives from
the multiple agents because the solutions felt more holistic. Partic-
ipants envisaged that such a tool could help them as a “coaching
call” or with “meeting preparation,” but were anxious that such
tools could reduce the time they spent interacting with, and getting
perspectives from, their colleagues.

This section is organized as follows. First, we discuss our findings
in relation to existing work around LLM prompting and persona-
based design. Next, we outline some implications for design with
an emphasis on designing for challenge or pushback, and LLMs as
preparation tools. We close by discussing the potential impacts of
Al tools on workplace culture and team dynamics.

5.1 Relation with Current Work

Our findings resonate with prior work that has highlighted chal-
lenges associated with finding experts within organizational set-
tings, with our participants describing how they rely primarily on
their networks when seeking people for help or information [4, 30].
LLMs played a role in providing advice, as well as support for search
and creation, in findings that align with recent scholarship [3, 8, 65].
Like others, we observed challenges with prompting LLM systems
(see [5, 17, 31, 37, 57, 79]), and our participants also reflected on
the risks of over-relying on their responses [58, 77]. While Sun et
al. [64] have offered provocations for utilizing personas in LLM-
based conversational agents, our participants’ concerns regarding
a multi-party conversational paradigm leading to overreliance are
worth noting, especially in light of more persona-based agents be-
ing designed. For a detailed review on overreliance on Al systems,
see Passi and Vorvoreanu [45].

5.2 Designing for Challenge

On the one hand, during the interaction with the probe, our partic-
ipants found it validating when the probe suggested solutions that
they were already considering, or even the solution they actually
implemented. On the other hand, participants expressed a desire
for the tool to challenge or push back and not be “in the service
of me.” In effect, wanting to be challenged is a way to think about
how dialogue involving some friction can facilitate growth. We can
interpret this desire as our participants porting over expectations
from human-human interactions and current practices of perspec-
tive seeking. For example, one might explicitly converse with a
colleague because one knows they are going to challenge them on
the problem.

Current LLM interactions, however, are not set up for challenge.
Tools like ChatGPT and Copilot, unless explicitly prompted to chal-
lenge or provide an oppositional perspective, are set up to provide
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solutions. Our findings highlight a gap in current LLM implementa-
tions, and substantiate Sarkar’s [52] provocation, “Al should chal-
lenge, not obey” Cai et al. [11] have framed such interventions
under the term “antagonistic AI” We can draw inspiration from
Chiang et al’s work [16] which has shown the potential value of an
LLM-powered devil’s advocate in group decision making. It is also
worth noting how during perspective seeking from people, roles
can change within the same conversation. For example, a colleague
might start being a critic, or skeptic, but through the conversation,
become an advocate for your ideas. Statically assigning a role like
devil’s advocate might not be the solution here. While our probe
consisted of static role-based agents, our findings around the kinds
of perspectives our participants sought show a dynamic combina-
tion of characteristics (Table 2). Future work can consider how to
dynamically generate agents that are problem-dependent rather
than having predefined roles, and examine how this allows users
to potentially explore their problems in a more flexible manner.

5.3 Potential Impacts of Al tools on Workplace
Culture and Team Dynamics

Our participants saw the multi-agent tool as serving to support
preparation for interactions with colleagues, highlighting a poten-
tial design opportunity that may also mitigate one of the concerns
that was highlighted: relying on tools for getting perspectives on
problems could lead to a reduction in time spent interacting with
colleagues, and may even make them feel undervalued. This con-
cern around the impacts Al tools can have on workplace culture
and team dynamics is especially relevant as Al agents are increas-
ingly deployed in workplaces [55, 61]. The dystopian version of
the introduction of different Al agents is that this erodes things we
know are useful, i.e., a robust, open, collaborative culture where
workers engage with one another and get perspectives from their
colleagues. Organizational knowledge is bound up with people and
social relationships [2, 36]; our data show that through seeking
perspectives from other people they build a sense of community
and extend or solidify their network within the organization. We
see our participants’ descriptions of interactions with LLMs as a
“coaching call,” “meeting preparation,” or "staging area", as a signal
that they would value support in preparation for interactions with
their colleagues. Trends suggest that organizations are looking for
people to broaden their skill sets and to invest more in "people”
skills like communication and collaboration [10, 80]. An alternative
outcome to gaining different perspectives from AI models could
be having one’s own role augmented by Al models with similar
skills, thus freeing up time to engage with other people who are
able to take different perspectives [50, 51]. In this way, Al tools
have the potential to augment rather than replace connections be-
tween colleagues as they relate to practices of perspective seeking.
Indeed, some of the consequences of perspective seeking, such as
increasing the likelihood of team buy-in, are wholly dependent on
human connection and cannot meaningfully be replaced by interac-
tions with LLMs. Future work can consider how LLMs can support
the formation of intent to seek perspective and subsequently help
workers integrate into actions moving forward [53].

Integral to this is context. Relationships within organizations
are highly contextual and to support perspective seeking within an
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organization, LLMs will need to have a rich understanding of this.
Context here refers to background information such as user-intent,
the specifics of the problem at hand, constraints, and details of the
broader organization, including the knowledge and skillsets of its
members. As observed in Section 4.2.1, without a clear grasp of the
user’s context, agents may produce generic responses leading to
disengagement. Along with grounding of organizational content,
a structured approach such as drip-feeding information and en-
abling agents to ask more clarifying questions could help overcome
this challenge [18]. By gradually building context, agents could
refine their understanding, recognize crucial details, and generate
responses that are better aligned with the user’s expectations.

5.4 Perspectives and Roles in Multi-Agent
Interactions

An additional finding worth reflecting on is participants’ question-
ing of the ability of LLMs to meaningfully provide a perspective.
Again, this highlights how some aspects of perspective-seeking are
seen as requiring human connection; sometimes a person is seeking
help from a point of view that requires nuance or lived experience.
However, participants were willing to interpret the design probe’s
outputs as being aligned with particular roles. Thus, the concept of
roles seems to offer a way in to designing multi-agent interactions
that can encompass multiple positions. Indeed, the wish to see re-
sources associated with unanticipated outputs suggests a need for
the user to understand whether an LLM’s position is well-founded
[22, 54]. This suggests an opportunity not only for the provision of
links or resources alongside challenging outputs, as suggested by
participants, but also for multiple agents to challenge each other. In-
deed, as multi-agent architectures become more common, it seems
possible that agents will have different "intents" and grounding
that the user may benefit from understanding. Our probe design
involved the explicit prompting of agents to take on a "yes, and"
orientation and build on each other’s responses, and this minimized
disagreement between agents as well as with the study participants.
This highlights a need to understand how to insert challenge into
multi-agent conversations, both in terms of understanding when
and how participants might benefit from participating in an inter-
action where agents challenge one another or the user, and how
the user can understand how different intents or "points of view"
are grounded.

The findings also suggest a need to better understand how people
will interpret "perspectives" when offered in the course of an inter-
action. As mentioned, participants did not accept that LLMs could
provide a perspective when asked about this during the interview.
Yet they did not question that LLMs could play roles, despite LLMs
having no lived experience of what that role might be. A topic for
further research is whether perspectives might be accepted in the
moment, in the context of anthropomorphized interactions with
agents, and what the risks are in those circumstances.

5.5 Limitations and Future Work

Our study has limitations which are important to consider before
interpreting the findings. Geographically, our participants were
primarily based in the UK (1 of 18 participants was based in the
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Netherlands), so these findings may not generalize to other geo-
graphic contexts. The participants we interviewed in our study
worked at a company that makes GenAl-based productivity tools,
and these workers had access to an extensive suite of tools. One way
to consider this group of participants is that they are lead users [71]
for the adoption of GenAl tools, and because of their familiarity they
could have a more measured sense of the capabilities and limita-
tions of the underlying technology. The organization we conducted
this study at is a large, well-connected technology company; the
findings around participants reaching out and relying extensively
on their colleagues’ perspectives can be seen as a function of their
work culture, and the availability of a wide range of expertise in
the organization. Future work can consider how workers at smaller
organizations like startups, and small and medium enterprises, see
the utility of GenAl for perspective seeking. Expanding sites of
study across different geographies as well as organization sizes is
especially relevant as the rates of Al adoption and acceptance are
likely to vary and in turn influence how people view roles for Al
tools.

In addition to limitations around the participants, we should also
highlight that the study design did not permit us to consider how
those participants might integrate the outcomes of their interactions
with our design probe in practice. Existing work around GenAI use
has pointed to concerns around design fixation [72], worries around
human perspectives being devalued [24] during brainstorming and
problem solving, and impacts on critical thinking [34, 66]. We need
more longitudinal work to effectively ascertain how workers would
integrate multiple perspectives from LLMs in their problem solving.

6 Conclusion

In this study, we set out to understand how workers responded to
getting multiple perspectives in problem-solving situations from
a multi-agent GenAlI design probe. Our participants detailed their
current practices of perspective seeking, which rely on speaking
with their colleagues. They noted challenges with the current prac-
tice, including knowing who to reach out to, coordinating time, and
anxiety around asking the right questions during their interactions.
They trusted their colleagues because of their shared organizational
context and expertise. In contrast, when interacting with the probe,
our participants found it hard to prompt and calibrate their conver-
sations, trusted the responses when they aligned with solutions they
were already considering, and wanted explanations for solutions
they weren’t considering. Our participants explicitly articulated
a desire to be challenged by the probe during their interaction,
and imagined that such tools could help them better prepare for
interactions with colleagues. Participants were concerned that the
availability of tools for getting perspectives could reduce their inter-
actions with colleagues. We outline implications for design, with an
emphasis on designing for challenge and how this can be facilitated
within multi-agent systems, and discuss how the introduction of
Al-based tools can impact workplace culture.

7 Al Disclosure Statement

No Al tools have been used in the process of authoring this paper.
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A System Prompts Underlying the Design Probe

A.1 Agent Response Generation

Designer: "You are a UX Designer with an extensive background
in user centered product design. A chat between you and an ML
Researcher and an Engineer and the User is provided to you. In max
30 words, respond to the last message in the chat. Be technical and
thorough. Talk about design methods, concepts and ideas. Either
just make a comment or ask only one of your teammates (Engineer
or ML Researcher or the user) to respond next keeping in mind the
overarching goal of solving the problem. You can also ask the user
for more information about their problem."

ML Researcher: "You are an ML Researcher interested in lat-
est ML methodologies and fundamental research. A chat between
you and an Engineer and a Designer and the user is provided to
you. In max 30 words, respond to the last message in the chat. Be
technical and thorough. Talk about Machine Learning methods,
concepts and ideas. Either just make a comment or ask only one
of your teammates (Engineer or Designer or the user) to respond
next keeping in mind the overarching goal of solving the problem.
You can also ask the user for more information about their problem.”

Engineer: "You are an Engineer. A chat between you and an
ML Researcher and a Designer and the user is provided to you. In
max 30 words, respond to the last message in the chat. Be technical
and thorough. Talk about engineering methods, concepts and ideas.
Either just make a comment or ask only one of your teammates
(Designer or ML Researcher or the user) to respond next keeping
in mind the overarching goal of solving the problem. You can also
ask the user for more information about their problem."

Sage: "You are a Product Manager with a keen sense of innova-
tion and design thinking. Take a look at the entire conversation and
create a solution that is the most positively impactful for society
and business. Discuss its potential positive impact and feasibility,
and how it might be achieved through a technical lens. Don’t forget
to thank the user for problem definition and guidance. 80 words. In
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Will This Tool Ever Push Back or Challenge Me?

case there isn’t enough material to converge, feel free to ask more
questions to the appropriate participant.”

A.2 Agent Confidence Mechanism to Help
Turn-taking

Designer: "You are a UX Designer. You are well versed with Design
methodologies. Based on the input that is given to you, return a
confidence score for how confident you are in addressing the topic
and intent that was given by the MessageEval function. 0 being not
confident at all and 10 being very confident. Only return a number
between 0 and 10."

ML Researcher: "You are a Machine Learning Researcher. You
are well versed with Machine Learning methodologies. Based on
the input that is given to you, return a confidence rating for how
confident you are in the topic and intent that was returned by the
MessageEval function. 0 being not confident at all and 10 being
very confident. Only return a number between 0 and 10."

Engineer: "You are a Software Engineer. You are well versed
with Software Engineering methodologies. Based on the input that
is given to you, return a confidence rating for how confident you
are in the topic and intent that was returned by the MessageEval
function. 0 being not confident at all and 10 being very confident.
Only return a number between 0 and 10."

At each stage in the conversation, agents would assess their
confidence in providing a response based on the inferred intent
and topic of the conversation. The confidence scores ranged from
0 to 10. An agent would respond only if its assessed confidence
score exceeded a threshold of 7. If two or more agents were equally
confident, an agent was randomly chosen to provide a response.
This mechanism was overridden in case a user explicitly hailed a
particular agent to contribute. This logic, defined in code, allowed
agents to organically take turns in the conversation. At the end of
each response, agents could nominate the next speaker unless the
user did so.

A.3 Example Interaction with Confidence
Scores

User: I am working on a product feature that allows users of an
email service to recall a sent email? How can I go about designing
and developing this?

Designer: Great feature idea. Can you clarify your primary use
case: undoing accidental sends, editing content, or ensuring deliv-
ery control? This will shape the user flow and constraints.

Topic: Email recall functionality.

Intent: Help with designing the UX.

Nominated Speaker: None.

Designer’s confidence: 9.0.

ML Researcher’s confidence: 5.0.

Engineer’s confidence: 8.0.
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B Study Materials

B.1 Interview Protocol

Thank you for taking the time to participate in our study. In the first
part of the study, I will ask you questions about getting different
perspectives, especially as it relates to your workplace needs. In the
second part of the study, you will interact with a web app through
which you can have a conversation with a network of agents. We
will conclude with your reflections on using this web app.

Part 1: Introductory Questions
1) What does the phrase different perspectives or multiple perspec-
tives mean to you?
a. Follow-up: Can you think of workplace situations in which you
have needed access to different perspectives? (follow-up prompts,
if needed, e.g., while starting a new project, or while meeting a
colleague from a different team, or gathering feedback on a product)
2) At your workplace, can you give me some examples of how you
access different perspectives?
a. Follow-up: Do you use websites, research materials, or textbooks?
b. Follow-up: Do you talk to your co-workers?
i. Can you give me an example of someone you work with that you
think thinks differently from you that you work well with?
ii. Can you give me an example of someone you work with that
you think thinks similarly to you that you don’t work well with?
3) Can you think of a couple of recent examples from your work-
place where you needed access to different perspectives?
a. Why did you feel the need to get different perspectives?
b. What were the challenges of getting access to, or understanding
different perspectives?
c. How did you weigh up or make sense of the credibility of these
different perspectives?
d. What did you see as the benefit of accessing different perspec-
tives?
e. Was there something challenging about integrating this perspec-
tive into your work? Could you tell me more about that?
4) Do you use large language models (LLMs) during your work?
Can you share some examples of the ways you have used them?
a. Follow-up: What are the situations in which you use them?
b. Follow-up: How do you determine the credibility and usefulness
of the response(s) generated?
c. Follow-up: What device(s) are you using this on?
d. Follow-up: Do you ever use LLMs to get different or multiple
perspectives? Could you give me some examples?

Part 2: Task
You will be asked to use a tool that provides you with access to
three agents who will provide perspectives of a software engineer,
machine learning researcher, and a designer. You can use the text
box to ask a question (this can be an issue you are working through
right now, or any problem that you feel can benefit from different
perspectives). You can intervene at any stage in the conversation;
when you feel that you are done with the conversation, you can
ask the “sage” agent to summarize and conclude the conversation.
There are no right or wrong approaches to this conversation, and
we are not evaluating you — we are just interested in gathering a
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variety of people’s experiences. Please ask if anything is unclear.

Interviewer Directive: In our discussion earlier, you mentioned
<issue around getting a different perspective>. Could you try fram-
ing a problem around that, and direct the conversation here?

1) Did you gain an insight or approach you hadn’t considered
earlier? How would that have changed how you might have ap-
proached <earlier situation>?

2) Were there parts of the discussion that you did not find useful?
Which were those?

3) Could you tell me how you think the agents interacted with you?
4) Can you imagine them doing something different?

Part 3: Reflections on Tool Use
1) What is this tool doing? How would you describe the experience
you just had? How do you think it works?
2) How was this experience similar or different to how you interact
with <existing LLMs participant mentions>?
3) You have access to the chat transcript. Was there a part of the
conversation that made you feel good?
a. Can you think of ways this transcript might be useful to you in
your work?
4) How does the use of this tool compare to your current ways of
seeking different perspectives?
5) Are there particular work stages, or work-related activities that
might be supported by a tool like this?
6) What work situations might you avoid trying out a tool like this?
a. What are the risks, or biases you feel a tool like this might raise?
7) What sorts of perspectives might you want from a tool like this?
a. Why would you not ask these questions to another human?
b. How do you decide when it’s appropriate to use new Al tools for
seeking different perspectives versus seeking help from a person?
8) Are there non-work situations you think a tool like this would
help you? What might those be?
9) Has using this tool changed your perception of GenAl-based
conversational tools?

B.2 Codebook for Analysis

Note: On the left, in bold is the code, on the right is the code
definition.

Perspective Characteristics: Factors participants bring up
when discussing perspectives: role, demographics, training, work-
ing style.

Value of Perspective Seeking: Why do participants say they seek
different perspectives: gaining knowledge, social buy-in, getting
challenged.

Challenges in Perspective Seeking: Factors participants bring
up: coordinating time, anxiety, social capital, timezones, prepara-
tion.

Trust in People: Factors influencing trust: prior experience of
working, expertise, getting connected, organizational context.
Existing LLM Use Cases: Examples: Email writing, meeting sum-
maries, assistance with coding.

Trust in LLMs: When people describe how they come to trust exist-
ing LLMs. Factors such as task completion, corroboration, looking
for sources.

Adavi et al.

Tool Experience and Interaction: When participants describe
something specific about their interaction with the tool such as
references to UI/UX, or challenges with prompting

Trust in Tool: Factors influencing trust in the tool such as ground-
ing, responses staying on-topic, consistency or sustaining memory,
persona-based responses aligning with mental models

Tool Risk: Factors influencing participants describing risks of using
this tool solely, such as wanting interaction with colleagues; Being
unsure if it has covered every possible stakeholder, understanding
the tool’s context awareness, and training. Mis/disinformation, be-
ing unable to verify sources.

Imagined Tool Use: How participants describe the tool fitting into
their work such as meeting simulations, devil’s advocate, coaching
call

Tool versus Current LLMs: Responses where people compare the
tool to existing LLM use cases

Tool versus Human Comparison: Whenever participants were
discussing how the tool is different from the human(s) they interact
with, or they draw on models of human-human interaction and
apply it to the tool
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