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Figure 1: ChoiceMates is an interactive multi-agent conversational system designed to support online decision-making in
unfamiliar domains. In ChoiceMates, the user can converse with any selected set of agents in the conversation space (1) to
gather diverse information and perspectives in the domain (supported by features that auto-highlight criteria and options in
the conversation history) (2) tomanage and understand the information found. The user can pin important keywords to the
preference space (3) to build their own preference in the process and make an informed and confident final decision.

Abstract
Frompurchasing a gift to deciding on a hobby, unfamiliar decisions—
decisions without domain knowledge and experience—are frequent
and significant. The complexity and uncertainty of such decisions
demand unique approaches to information seeking, understanding,
and decision-making. Our formative study highlights that in the
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current workflow, users want to start by discovering broad and
relevant domain information evenly and simultaneously, quickly
address emerging inquiries, and gain personalized standards to
assess information found. We present ChoiceMates, an interactive
multi-agent system designed to address these needs by enabling
users to engage with a dynamic set of LLM agents each presenting
a unique experience in the domain. Unlike existing multi-agent sys-
tems that automate tasks with agents, the user orchestrates agents
to assist their decision-making process in each turn, through chat-
ting with all agents, with a tagged subset of agents, or calling in
new agents into the space. By comparing ChoiceMates with a web
search condition and a multi-agent framework (n=12), we show
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that ChoiceMates enables a more confident, satisfactory decision-
making with better situation understanding than web search, and
higher decision quality than a commercial multi-agent framework.
We further illustrate how participants utilized ChoiceMates to make
unfamiliar decisions, providing insights into designing a more con-
trollable and collaborative multi-agent system.

CCS Concepts
• Human-centered computing → Interactive systems and
tools; Natural language interfaces.
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1 Introduction
People make decisions online every day, from purchasing a new
product, choosing a trip destination, to taking on a new hobby.
In making a decision, people inherently go through a set of steps
including recognizing the need for decision-making, collecting in-
formation, identifying and ranking key criteria, identifying and eval-
uating alternatives, and deciding the final choice among them [58].
However, making an unfamiliar decision—decision-making situa-
tions where an individual lacks knowledge and preference in the
domain—requires individuals to first grasp the fundamental knowl-
edge of the domain before delving into the decision-making pro-
cess [3, 34]. Such lack of familiarity makes decision-making more
challenging as it requires the user to continually switch between
learning about the domain and evaluating options, often under a
limited time budget [4, 60, 61].

While prior work has demonstrated effective support for online
decision-making, they have focused on providing support for man-
aging and organizing criteria and alternatives in the domain rather
than for uncovering and understanding them [8, 50, 51]. This lack
of support during the initial phases of searching for and understand-
ing the key domain information can increase information overload
for unfamiliar decision-making situations [26, 73]. Subsequently,
information overload often leads to a significant investment of time
and cognitive resources in grasping domain details and eliciting
preferences, potentially causing individuals to make uninformed
decisions or even give up entirely [28, 77]. Beyond increasing effort,
overload can also undermine users’ confidence in their judgment
and satisfaction with the resulting choice, especially when users
must make sense of a new domain [13, 40, 76].

On the other side, other research aids sensemaking of unfamiliar
domains through an interactive and guided exploration of compre-
hensive knowledge [52]. While such an approach ensures a holistic
comprehension of the domain, users still need to put a significant
effort into connecting the knowledge to their situations, especially
for new decisions. To minimize user effort, recommender systems

aim to simplify decision-making by suggesting personalized op-
tions [9, 23]. Yet, for novices in a domain, these preferences might
not be well-elicited [55, 72]. This can cause an over-reliance on the
system, especially if the novices cannot detect errors due to their
limited knowledge [62]. Ultimately, novices face the dilemma of re-
searching the unfamiliar domain individually which is demanding,
evaluating different options without good confidence and intuition,
or ending up making a decision that is ill-informed, all of which
motivates the need for a new approach that supports unfamiliar
decision-making.

To understand the practice and needs of online decision-making
in an unfamiliar domain, we conducted a formative study with 14
participants who had experience making decisions online. From
observing and interviewing their decision-making process in un-
familiar domains, we discovered that participants described the
need to understand a wide range of opinions and perspectives (in-
cluding relevant and broad domain information) simultaneously,
quickly explore inquiries that are on top of their minds, and develop
personalized standards to access the information found.

The identified needs point to a challenge that is inherently about
comparing perspectives: novices often need to quickly sample and
compare a wide range of viewpoints to learn what matters in a
domain, while also asking follow-up questions as new uncertainties
arise. This motivated us to exploremulti-agent conversational
interactions. Multiple agents can surface diverse opinions and per-
spectives in the domain through distinct viewpoints, allowing users
to juxtapose opinions, discover trade-offs, and surface relevant
criteria early rather than assembling information from scattered
sources sequentially. Conversational interaction can support light-
weight exchanges of information needs: users can ask follow-ups,
compare options, and focus the search on their context. Together,
a conversational set of agents could help users learn key domain
knowledge, identify plausible options, and develop personalized
standards within a limited time budget.

Many existing multi-agent systems primarily aim to automate
the process of solving complex tasks with minimal human inter-
vention by assigning agents into different subtasks [43, 88] or roles
[25, 81, 81]. However, there is a limited exploration of multi-agent
interfaces with interactionswhere the user is assisted or empowered
by collaborating with a set of agents. For tasks like information
seeking and (unfamiliar) decision-making where human prefer-
ences and opinions play a significant role, it is important to keep
users in the loop, as full automation may lead the users to naively
follow agents’ guidance and lose agency over their decisions.

We present ChoiceMates, a multi-agent conversational system
where the user can navigate the unfamiliar decision-making pro-
cess by conversing with a set of agents and constructing the user’s
own preference space. In ChoiceMates, each agent is characterized
by a unique descriptor (i.e., a single-line description of the agent; a
professional photographer in Fig. 3), a set of valued criteria (quality,
durability, and battery in Fig. 3), and a single option (Canon EOS
5D Mark IV in Fig. 3) to reflect the unique experience, to support
intuitive exploration of diverse perspectives. The user takes full
control of the agents, and can converse with any individual or group
of agents in the conversation space (Fig.1-1) to explore and expand
the information in the decision space. Agents, auto-detected crite-
ria, and options from the conversation appear as the conversation
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history (Fig.1-2) to help users uncover and keep track of the key
information found. The user can save agents, criteria, and options
to the preference space (Fig.1-3) with brief notes throughout the
conversation to shape the user’s preferences and utilize them when
making the final decision.

To evaluate whether an interactive multi-agent-based approach
can effectively support unfamiliar decision-making, we conducted a
three-condition within-subjects user study with 12 participants. We
compared ChoiceMates with a web search condition and a commer-
cial multi-agent framework condition 1 where a set of necessary
agents collaborate to respond to the user, guided by the following
research questions:
RQ1. How does ChoiceMates help users explore a broad informa-

tion space in the domain?
RQ2. How does ChoiceMates support the discovery and manage-

ment of relevant information to the user’s context?
RQ3. How does the user perceive their final decision with Choice-

Mates?
RQ4. How does the user utilize ChoiceMates in the decision-

making process?
Our results show that ChoiceMates successfully led to a more

satisfactory and confident decision, enables comparable exploration
of a broad information space, and supports easier management of
discovered information and a better understanding of user situa-
tion than the web condition. Compared with an existing computer-
led multi-agent framework, ChoiceMates facilitated broader explo-
ration of information in the domain and participants perceived the
final decision as of higher quality. In addition, we report on repre-
sentative strategies of how participants utilized ChoiceMates for
unfamiliar decision-making, and further discuss the user-side im-
plications and design considerations of a controllable, collaborative
multi-agent system.

This research makes the following contributions:
• Findings from a formative study with 14 participants uncovering
the practices and needs in unfamiliar decision-making.

• Design and implementation of ChoiceMates2, a multi-agent
conversational system designed to support unfamiliar decision-
making by providing users control over conversations with a
dynamic set of agents with unique experiences and preference
construction in the form of criteria, options, and agents.

• Findings from a study with 12 participants that revealed Choice-
Mates supports discovery of broad information with less burden,
effective management of discovered information, and a more
satisfactory and confident final decision compared to the Web
condition, and a wider exploration of information space and a
perceived quality final decision with higher confidence compared
to theMultiAgent condition.

2 Related Work
Our work addresses the challenges in online unfamiliar decision-
making by leveraging the benefits of multi-agent conversations
powered by LLMs.We review prior work on online decision-making

1Multiagent Wizard: https://chat.openai.com/g/g-u9C6YeMsL-multiagent-wizard
2The code repository and supplementary materials for ChoiceMates is available at
https://github.com/jeongeonp/ChoiceMates.

support, conversational interfaces for online decision-making, and
designs of collaborative multi-agent systems.

2.1 Online Decision-Making Support
Due to the enormous amount of information online, decision-
makers can face information overload [79], which negatively influ-
ences the resulting decision quality [40, 67]. For unfamiliar deci-
sions where users do not have sufficient knowledge or expertise in
the domain, searching for information becomes particularly chal-
lenging [3, 34]. Beyond increasing effort, overload can undermine
users’ confidence and satisfaction with the resulting choice, partic-
ularly when they must identify what criteria matter and evaluate
options in a new domain [13, 40, 76].

One thread of research focused on identifying selection criteria
among a wide range of options to choose from. Mesh proposed
consumer product decision-making through comparison tables and
customizable preference settings [8], and Unakite and Crystalline
supported software developers’ decision-making with web content
snippets and comparison tables [50, 51]. While these systems pro-
vide strong support for utilizing collected information on options
to make decisions, they provide limited assistance in helping users
understand information when users lack domain knowledge. Con-
sequently, novices in the domain may not only struggle to identify
important criteria but also to critically compare discovered options
[26, 73]. On the other hand, Selenite leveraged LLMs to generate po-
tentially relevant criteria based on user search and annotate them in
the information inside websites to structure the exploration process
[52]. While Selenite ensures a high comprehension of the domain,
the users would need to spend additional effort to precisely un-
derstand how the criteria match their unique situation to make a
decision.

To make the process less overwhelming, recommender systems
can guide users unfamiliar with the domain by providing personal-
ized options for users to choose from [9, 23, 71]. However, one-shot
recommender systems (i.e. recommendations given after just a
single example or interaction) are insufficient to support users in
learning about the domain for unfamiliar decisions as the interac-
tion is uni-directional [30]. This can decelerate users from forming
their preferences during the decision-making process [55, 72, 83].
Conversational recommender systems (CRS) build on top of existing
recommender systems by offering the ability to make back-and-
forth exchanges of messages to continually provide contextualized
and relevant recommendations throughout the user’s learning and
decision-making process [30, 82, 84]. However, CRS often struggle
with maintaining context and providing sufficient explanations that
the user need [29].

ChoiceMates is primarily inspired by the benefits of CRS in pro-
viding personalized recommendations and guidance for preference
elicitation and aims to expand that to unfamiliar decision-making
situations where a holistic understanding of a domain is crucial
for making a confident decision. We additionally incorporate the
benefits of web-based decision-making support systems to identify
and manage key criteria and options in the domain better.
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2.2 Text-Based Conversational Interfaces for
Information Seeking

Text-based conversational interfaces have been widely adopted
for various tasks, valued for their ability to present information
in a human-like, accessible format and support flexible, adaptive
exploration [17, 48, 86, 87]. They have also proven effective in
information seeking behaviors online, where Searchbuddies [24]
embedded search engine agents in social media threads to provide
easy access to relevant information online, and Gupta et al. [21]
increased user trust and satisfaction through conversational on-
line housing recommendations. In addition, Radlinski et al. [69]
proposed a set of properties that composes a natural and efficient
conversational information retrieval system. The recent surge of
large language models (LLMs) has revealed the potential for more
capable conversational interfaces across diverse domains ranging
from programming to searching for UI [49, 59, 80]. One most promi-
nent example for information seeking is ChatGPT and other LLM
applications, where they support real-world tasks such as trip plan-
ning or learning a new language [63]. However, such interfaces
often present information as a linear stream, which can make it
difficult to compare options and keep track of evolving criteria,
which are critical steps in unfamiliar domains.

On the other hand, while conversational interfaces adaptively
provide information through a multi-turn process, conversing re-
quires the user to articulate their input clearly which, if not done,
could result in misinterpreted user intent and irrelevant responses
[5, 16, 27, 57, 94]. To complement that, existing work has demon-
strated techniques to bring multi-modal inputs such as a graphical
user interface (GUI) to repair conversational breakdowns [46, 47].
LLM-based interfaces have also become more proactive, asking
clarifying questions and offering candidate options when users’
intents are underspecified.

ChoiceMates builds on these LLM-powered conversational in-
terfaces by providing interactive and digestible conversations to
support online decision-making. In addition, ChoiceMates adds on
direct manipulation of objects as an interaction modality on top
of natural language, where actions such as saving valuable criteria
or options to the preference space are fed into the conversation as
a context. This moves beyond a linear conversational interaction
by letting users externalize and organize information, where these
actions become part of the conversational state, enabling more
precise and user-steered preference articulation.

2.3 Multi-Agent Interfaces
Earlier multi-agent works show that many human tasks bene-
fit from collaboration and information integration from various
sources [14, 19] compared to individual cognitive processes, and
capitalize on unique identities of each agent and their abilities to
delegate tasks among agents [35, 36, 45]. Synthesizing such inves-
tigations with technical advancements, multi-agent systems have
recently gained popularity with the emerging capability of Gen-
erative AI and LLM. To automate human work, they utilize the
interaction between multiple agents and/or with humans to sim-
ulate human behaviors [65, 66], cooperate to solve complex tasks
[43, 81, 93], generate visual contents [6, 15, 88], and leverage per-
spectives from diverse agents [7, 12]. Frameworks such as AutoGen

[85] or AgentVerse [10] support this process of building a multi-
agent system by helping developers flexibly define and configure
agents and conversation patterns.

Distinguishing from multi-agent systems that aim to automate
human work with minimal human intervention (e.g., adjusting in-
put data), ChoiceMates aims to design a system that can foster
collaboration between multiple agents and humans. Prior work
explores effective designs of agents or multi-agent conversations
to assist human judgment and task execution. For example, Ben-
harrak et al. [2] asked writers to define and identify AI personas
that can provide on-demand feedback from different perspectives.
ChainBuddy [89] assisted the planning process by assigning specific
agents to each task in the plan, allowing for a focused execution.
Moreover, CommunityBots [33] evaluated a conversation and topic
management mechanism with multiple agents each specializing in
a topic for gathering public input across domains and topics with a
Wizard of Oz study. While they provide interesting insights into
multi-agent interaction design, they offer limited direct evidence
on how such designs change users’ decision-making processes.

Complementing these, recent HCI work examined how multi-
agent conversational interfaces can broaden the set of perspectives
users encounter (e.g., to counter filter bubbles) [92], increase in-
tended sustainable behaviors through guidance frommultiple NPCs
[90], and how multi-agent group dynamics may influence users’
judgments [75]. Building on this growing literature, we investigate
the design and implementation of multi-agent interfaces in the
context of information seeking and comprehension for unfamiliar
decision-making processes, an underexplored domain. Specifically,
we design agents that not only provide factual information but also
surface diverse perspectives by revealing similar and contrasting
experiences and opinions in response to user inquiries, aiming to
deepen users’ and support more informed decision-making through
enriched interactions.

3 Formative Study
To design an approach to support unfamiliar decision-making,
we first aimed to understand the common practices in unfamil-
iar decision-making and uncover the needs in the process. For this
purpose, we conducted semi-structured interviews with 14 partici-
pants with prior experience in unfamiliar decision-making.

3.1 Participants and Study Procedure
We recruited 14 participants (Age=18-55, M=28.2, Std=7.8; 8 males
and 6 females) who had frequent experience making decisions
online (details in Table 1). The recruitment took place through our
university’s community channels and snowball sampling to recruit
participants in a wide age group. To ensure their experience in
making decisions in unfamiliar scenarios, we asked the participants
to list their previous experience in both familiar and unfamiliar
decisions in the recruitment form.

The interview lasted for 75 minutes for each participant. First, a
20-minute semi-structured interview was conducted to understand
participants’ previous experiences with unfamiliar decision-making.
We asked questions about the overall process, which information
they utilized, and the challenges and needs they faced in the pro-
cess. Then, a 30-minute think-aloud study was conducted where
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participants chose an unfamiliar scenario from the given set (e.g.,
buying a robot vacuum cleaner or choosing a new hobby to do in
their free time; see Appendix A) and browsed through the internet
until they identified several solid options. 3 Lastly, participants
were interviewed for 15 minutes on their experience with their
process and the challenges and needs they faced in this scenario,
then on the general challenges and desired support of unfamiliar
decision-making. Participants were compensated 20,000 KRW (ap-
proximately 15 USD) for the interview. The study was approved by
the Institutional Review Board (IRB) at the institution this research
was conducted.

After the study, the interviews and think-aloud sessions were
transcribed using automated tools and manually reviewed for ac-
curacy by the first author. The two authors then conducted an
inductive thematic analysis, independently coding participants’
current practices, existing needs, and desired support. The authors
collaboratively discussed discrepancies, resolved conflicts through
consensus, and iteratively refined the codes to finalize the findings.

3.2 Findings
Here, we describe the different approaches people follow for un-
familiar decision-making and describe the three main needs we
identified from the process.

3.2.1 Practice. The participants utilized several sources in an un-
structured manner (i.e., in various orders and frequencies) to collect
information and make unfamiliar decisions. Such sources include
summary posts of the domain (n=8), posts with individual opinions
and experience (n=10), and websites with a list of options in the do-
main (n=11). During the interview, many (n=12) brought up asking
an expert as their previous experience to get helpful and needed
information for making decisions in unfamiliar domain.

With summarized content such as YouTube summarization videos
or rating sites (e.g., https://www.rtings.com/), participants were
able to objectify multiple criteria and understand an overview of
the domain, but could not receive information more relevant to
their context. Participants found posts with individual opinions—
online communities, product reviews, or blog review posts—helpful
for gathering diverse opinions on the options but also mentioned
that it is time-consuming to find credible sources and the possi-
ble bias hinders them from utilizing individual opinions solely.
Browsing through a grid of options from e-commerce websites
(e.g., https://www.amazon.com/) was another approach participants
took, but they were unable to understand and compare different
options without knowledge of the domain, thus switching to the
other two sources of information.

On the other hand, 12 out of 14 participants mentioned asking
an expert—including store managers, friends, and family who have
expertise in the decision domain—an alternative approach they
took for past unfamiliar decisions as a way to receive information
without being overwhelmed. They mentioned that experts’ ability
to (1) explain ground-based (i.g., basic but essential) information
about the domain and provide information that’s difficult to find,
and (2) ask clarification questions to make better suggestions in

3As we allocated a rather short time for the think-aloud study, we complemented the
observation with an interview about their past experiences.

one’s specific context example makes them reach out to experts for
unfamiliar decisions.

3.2.2 Needs. We identified three main needs participants exhibited
during the unfamiliar decision-making process.

C1: Discovering broad and relevant domain information evenly
and simultaneously. The participants mentioned two major types
of information that assist their unfamiliar decision-making process,
namely broad (i.e. information that represents comprehensive infor-
mation of the domain) and contextually relevant (i.e. information
that is relevant to one’s situation or preferences) domain informa-
tion. Participants expressed concerns about ‘missing out on the
core domain information’ (P14) but were also frustrated when they
were ‘not able to find information relevant to their case’ (P5). As the
domain was unfamiliar, participants often ended up exploring one
type of information and struggled to start exploring the other type
of information. Participants tried to mitigate this by expanding their
discovery to more fresh experiences or opinions in the domain, to
ensure that they understood the landscape of the domain. However,
due to their lack of ability to discover information in an unfamiliar
domain, many could not diversify their search to underexplored
types of information.

C2: Quickly addressing inquiries that are on the top of their minds.
As participants had insufficient domain knowledge, they had many
inquiries and curiosities during the process. While such inquiries
were often quick and short (e.g., difficulty of installing a discovered
car seat (P9)), participants deliberately looked for answers instead
of skipping as it was a crucial step to establishing a deeper domain
understanding. However, their inquiries were not sufficiently ad-
dressed due to a lack of time or ability to find what they wanted.
For example, P12 (interior light) while watching a YouTube video
on famous lamp brands, had to go on Google multiple times to
search for new information, such as the meaning of Handwerker
or mushroom lamp styles, which they later described as tedious.
P12 additionally expressed the need to chat with an expert to un-
derstand possible materials and their pros and cons. Similarly, P2
(solo trip destination) mentioned that they would want the person
who wrote a particular blog post to answer a few extra questions,
including suggestions for other trip destinations and why.

C3: Gaining personalized standards to assess the information found.
A core concern raised by the participants was that they did not
have enough knowledge or confidence in the domain to assess the
information discovered. Even after participants read through a few
webpages or had notes written down, they still thought they did not
have sufficient understanding of their situation to establish person-
alized standards and evaluate different criteria and options. Thus,
participants had to gather a personalized set of key aspects and
their importance to assess newly discovered information or make
a choice. For instance, P1 (cafe for catering) faced difficulties in
ranking the discovered aspects (e.g., location. type of desserts, cater-
ing experience) and making the decision until the end when they
realized that they were prioritizing cafes with catering experiences.
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ID Age Gender Previous Unfamiliar Scenario Selected Scenario

P1 26-35 F Choosing a course to take for a summer school,
Buying an oven for a baking hobby

Choosing a cafe to cater some snack food on an
end-of-semester event

P2 36-45 M Choosing a trip destination,
Choosing a t-shirt for summer Planning a solo trip destination for three days

P3 26-35 M Buying a tennis racket,
Choosing a U.S. stock option to buy Buying a car seat for a friend’s newborn

P4 26-35 F Choosing a working holiday location,
Buying a laser hair removal Buying a car seat for a cousin’s newborn

P5 18-25 M Buying a lunch box Buying a robot vacuum cleaner to replace the nor-
mal vacuum cleaner

P6 26-35 F Buying a new tennis racket,
Choosing meal to cook Renting a house short-term for an internship

P7 18-25 M Choosing a transportation card plan
in a new country Choosing a new hobby to do in free-time

P8 18-25 F Planning a trip to Osaka,
Choosing a wrist/ankle brace+lumbar support

Buying a robot vacuum cleaner to replace the nor-
mal vacuum cleaner

P9 18-25 M Choosing a hair salon,
Buying a gift for a friend Buying a car seat for a friend’s newborn

P10 18-25 M Whether to get a CT+MRI during ER visit,
Buying clothes at a flee market

Buying a skateboard for transportation purposes
instead of walking to school

P11 26-35 F Buying a coffee pod machine,
Searching for a job

Buying a skateboard for transportation purposes
instead of walking to school

P12 26-35 M Buying a used phone,
Planning a trip to Jeju Buying an interior light at home

P13 18-25 M Choosing an affordable phone plan,
Choosing field of work

Buying a skateboard for transportation purposes
instead of walking to school

P14 46-55 F Choosing exercise,
Buying a blue light blocking film Buying an interior light at home

Table 1: Participant demographic for the formative study.

4 Design Goals
With the identified needs in the unfamiliar decision-making process,
we propose the following design goals for a system that can support
unfamiliar decision-making.

DG1. Provide diverse opinions and perspectives in the do-
main through experiences. In unfamiliar decisions, par-
ticipants wanted to discover a wide range of information,
namely broad, relevant, and fresh information with equal
focus. Given difficulty identifying what’s “core” and answer-
ing emerging questions, participants turned to multiple ex-
periences to fill gaps and validate claims. Past research has
shown that social information search containing people’s
experiences could help discover increased firsthand informa-
tion and diverse perspectives with value judgments [1, 31].
In addition, prior work has shown that novices preferred
option-based suggestions of preferences over attribute (i.e.,
criteria)-based suggestions [37]. Inspired by such works,
we can design a system where multiple experiences of us-
ing different options can offer complementary perspectives
without overwhelming users with unstructured viewpoints.

DG2. Provide options to explore broad and contextually rel-
evant domain information. Participants also mentioned
the need for simultaneous exploration of broad and relevant

domain information to expand the depth and width of their
domain knowledge. Support for users to seamlessly switch
between the two types of information when needed in the
process may help them fill in underexplored parts of their
information discovery in the domain.

DG3. Allow for direct exchanges of information needs
through conversational interactions. Conversation is an
effective medium for an enhanced searching experience [48]
and in expressing information goals [74]. To aid users in
addressing their unique information needs, an effective ap-
proach would be to utilize conversational interaction where
users can ask follow-up questions on top of the acquired
information. This can support further exploration of how
different domain information connects to each other and to
the user’s preferences.

DG4. Facilitate users in building preferences relative to the
domain. The participants mentioned the difficulty of gain-
ing personalized standards (e.g., a travel destination less
than 3 hours via flight) that would help them assess the
information found. Rather than assuming users can form
standards from scratch, the system can use exploration his-
tory as a starting point to surface preference candidates,
and have the users confirm or revise them. To reduce the
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risk of filter bubbles, the system should also surface con-
trasting opinions alongside emerging preferences. Identified
aspects could then function as evidence for the user to eval-
uate later discovered information and gradually clarify their
preferences over the decision-making period.

5 ChoiceMates: A Multi-Agent Conversational
System

From our findings and the design goals, we designed and developed
ChoiceMates, an interactive multi-agent conversational system
that assists users in unfamiliar decision-making—situations where
users must make a decision in a domain where they lack prior do-
main knowledge and well-formed preferences, often under a limited
time budget. Note that the scope of unfamiliar decision-making
ChoiceMates is designed to support does not include primarily
high-stakes or overly complex decision contexts (e.g., those requir-
ing extensive verification, long-term deliberation, or multi-stage
planning), which we discuss further in Section 7.3.

ChoiceMates allows the user to (1) converse with a dynamic
set of agents to explore broad and relevant information and (2)
utilize extracted conversation history to fill up the preferences
space to make a decision. Here, we describe an envisioned user
scenario, explain different system components, and describe the
system implementation and prompt engineering.

5.1 Envisioned Scenario
Sally has recently found an interest in photography and wants to
find the right camera for her. However, she is new to the camera
domain and has no idea which camera she would be interested in.
As she has no experts to consult and gets overwhelmed by doing a
few online searches, Sally enters ChoiceMates and types into the
message input box, “I’m new to photography, and I want a camera.
Not surewhich onewould be best forme.” She then encounters three
distinctive agents (Alex, Jamie, Taylor) appearing on ChoiceMates,
each with a unique profile containing an option (i.e., a camera
model) they had chosen and the criteria (e.g., portability, brand)
that led to their choice. In each agent’s response, she sees criteria
and options auto-detected and listed in the conversation history.

• Alex: “As a professional photographer, I value image quality
and durability in a camera. That’s why I chose the Canon EOS
5D Mark IV . It’s a full-frame DSLR that delivers excellent image
quality and is built to last.”

• Jamie: “I’m a hobbyist photographer and I prefer a camera that’s
lightweight and easy to use . I’ve been using the Sony Alpha
a6000 and it’s been great forme. It’s compact, takes great photos,
and is very user-friendly.”

• Taylor: “I’m a travel blogger and for me, portability and
battery life are key. I use the Fujifilm X-T3 . It’s compact, has a
long battery life, and takes amazing photos. What are your needs
and preferences when it comes to photography?”
Sally learns about the wide range of values and criteria agents

with different professions and lifestyles have for cameras through
the agents and their profiles (DG1). Sally considers Jamie to be the

most relatable as she is getting a camera for a hobby. Sally tags
Jamie and asks why they value lightweight and easy-to-use cameras.
Jamie responds that they “don’t need all the bells and whistles of
a professional camera” and they “want to focus on capturing the
moment”. Sally learns that for her personal use, she may want to
follow Jamie’s reasoning as Sally is also looking for a simple camera.
She then asks follow-up questions to Jamie on “What is considered
a lightweight camera?” and “What is the main difference between
a professional camera and an easy-to-use camera?” to better under-
stand what each criterion means (DG3). Sally’s conversations with
Jamie allow her to discover what is relevant to her context.

After gaining some information, she decides to get an easy-to-use
camera and saves the criterion easy-to-use and the agent Jamie to
her preference space. Then, she turns on the preference toggle as she
now wants more relevant information to her identified preferences
(DG2). As the agents have access to Sally’s preference space, when
she asks a question that reflects her preference: “Are there other
cameras that I would like?”, three more agents with the criterion
easy to use included in their valued criteria appear: Riley, Morgan,
and Casey. Continuing the conversations with different agents, Sally
is suddenly lost on which information she needs to discover more.
She takes a look at the conversation history, sees the criterion
durable mentioned the most, and realizes that she may consider
durability a key aspect of her preference. She then adds durable
to the preference space and continues exploring the options with
relation to their durability (DG4).

As Sally continues to converse and learn more, she becomes
more and more confident about the set of criteria she values for her
activities and adds those to her preference space (DG4). Now that
she has a clearer picture of the domain, she also wants to compare
the three cameras she is considering in-depth. By asking the agents
to ‘debate each other’, Sally understands the crucial differences
between the options and concludes that Nikon Coolpix B500 best
fits her preferences and adds it to her preference space. She checks
her preference space and the saved criteria and options one more
time and confidently makes the decision.

5.2 System Components
ChoiceMates (Fig. 2) is an interface that allows the user to interact
with a set of agents to make an unfamiliar decision. Agents are
the main unit of conversation in ChoiceMates and are the basis of
gaining information about the domain.

ChoiceMates consists of a conversation space where the user can
converse with a dynamic set of agents, a conversation history that
automatically lists agents, criteria, options discovered during the
conversation, and a preference space where the user can gather and
save relevant information throughout the process. In this section,
we first describe agents, the conversation space with the agents
and additional support in the conversation space to manage the in-
formation, then the conversation history and the preference space.

5.2.1 Agent: Basic unit of information. In ChoiceMates, each agent
(Fig. 3) is characterized by its descriptor (i.e., a single-line descrip-
tion of the agent; a beginner photographer who likes natural scenes),
a set of criteria (i.e., factors to consider in the domain) they value,
and a single option (i.e., an available choice in the domain) they
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Figure 2: The ChoiceMates interface: (1) Agents populate the conversation space to converse with the user, identifying key
criteria and options in their utterances (1). The Conversation History automatically lists those criteria and options mentioned
by agents (2). Preference Space contains the options and criteria selected by the user from the Conversation History. (a) indicates
the unfamiliar information stacked in the Conversation History. (b) shows the saving process of the user preference. Lastly, (c)
illustrates the flow of applying user preference into the Conversation Space with the agents in ChoiceMates.

Figure 3: (1) An agent utterance is represented as a chat bub-
ble above the agent icon. (2) Hovering over the icon reveals
the agent’s profile containing their valued criteria and their
chosen option.

chose with the criteria. The agents in ChoiceMates are designed
to each reflect an individual’s choice and their underlying values
and experience in real life, inspired by previous work showing
that novices preferred case-based preference elicitation in a rec-
ommender system [37]. Multiple agents as a group provide users
with a broad range of experiences in the space (DG1). To provide
a better salience of criteria and options in the domain, all criteria
mentioned by agents are highlighted in blue and all options are
highlighted in purple .

When the user asks an initial question in the domain, Choice-
Mates prompts the LLM to generate a set of diverse agents, between
3 and 6 to provide a good number of different agents without choice
overload [20]. Newly spawned agents always begin with introduc-
ing themselves, sharing their valued criteria and a chosen option
(Messages in Fig. 3). To ensure that the agents communicate the
correct information, we use a simplified RAG framework (details in
5.3), by scraping factual information of each option. The scraping
happens right after each agent is generated to let the LLM produce
diverse agents without being restricted by the web-searched in-
formation. The scraped information is provided to the agents and
remains in the conversation stream with a prompt asking agents to
utilize the information as context. The user can access the original
source of the provided information via the hyperlink added to the
option and validate the information throughout the session.

5.2.2 Conversation Space. To support easy exploration of broad
and personal information in an unfamiliar domain, ChoiceMates
provides a conversational space where all agents reside, where
users can converse with a select set of agents (Fig. 4-2).

On ChoiceMates, agents are designed to chat back and forth
with the user (DG3). This way, users can ask follow-up questions
to agents they relate to and gain a deeper understanding of do-
main options. The user initiates the conversation by sharing their
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Figure 4: Three types of conversation interactions possible in the conversation space. (1) The user can chat with any agents
currently in the space, (2) select or tag one or more agents to chat, and (3) call new agents into the conversation space with their
input. Like the conversation in (2), the agents will build on top of each other’s responses when applicable.

decision-making scenario, and three to six agents with varying pro-
files appear on the screen. Agents then share their experiences and
ask questions about the user’s preferences. The user can respond
to agents through the message input box by either replying to a
question or asking one themselves.

ChoiceMates offers both user-driven and system-driven options
for selecting agents to respond. Upon receiving the user’s message,
ChoiceMates detects the user’s intent and makes existing agents,
new agents, or a combination of both to respond, depending on
the agents’ relevancy to the user’s message and context (More
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described in Fig. 6) If the user wants to manually assign particular
agents to respond, they can also select agents in the space (Fig. 4-2).
Additionally, agents can converse with one another by responding
to other agents in the conversation. They can agree, disagree, or
ask further questions to other agents (Fig. 4-3). This can reveal
comparisons between options and new criteria that the user may
not have thought of when they are the only ones conversing with
them. Just as the user canmanually select agents to respond, the user
can also manually trigger inter-agent conversations by selecting
agents and asking them to “debate each other”.

To reduce clutter from more agents and messages, we chose
to only display the latest messages sent from the previous turn.
Instead, users could click the button left of the message input box
in Fig. 2 to view the full conversation history as a linear thread.

5.2.3 Conversation History. To support a more effective explo-
ration and management of information throughout the conver-
sation, we provide a conversation history (Fig. 2-2) where agents,
criteria, and options are automatically appended as the conversa-
tion proceeds. The conversation history also serves as a midpoint to
help users transform discovered information into user preferences.
For criteria and options (hereafter keywords), the total count of
each keyword is added next to each keyword.

The user can perform three actions in the conversation history.
To identify the connections between agents and keywords to make
better sense of the information in the domain, the user can hover
over the keywords to see matching agents and options (for criteria-
hovering)/criteria (for option-hovering). Depending on how clut-
tered the conversation space is, users can hide/unhide agents and
keywords. Finally, the user can pin agents and the keywords to add
them up to the preference space.

5.2.4 Preference Space. The Preference space (Fig. 2-3) provides a
dedicated space for the user to store their preferences throughout
the session, in the form of agents, criteria, and options. This space
supports the user to not only build up their preferences in the
domain (DG4), but also to guide the conversations with the agents.

We use the preference toggle button right to the input message
box to give users the option to decide their exploration path between
broad and personalized information (DG2, Fig. 5). Turning off the
toggle button does not reveal any current preferences to the agent,
which makes the agents-to-respond and the responses independent
from the user’s preference space (Fig. 5-1). On the other side, turning
the button on will make the agents-to-respond and the responses
more relevant to the user’s preference space.

5.3 Implementation and Prompt Engineering
ChoiceMates was built as a web application using the ReactJS frame-
work, and OpenAI’s GPT-4-0613 API was utilized to generate the
conversations. To scrape information about the options, we used the
Newspaper3k library4 on top of a Flask-based server. The messages
and interaction logs were stored in a Firebase realtime database.

We describe the technical pipeline (Fig. 6) on managing con-
versation of multiple agents, and discuss prompting techniques

4https://newspaper.readthedocs.io/en/latest/

implemented in ChoiceMates to facilitate effective multi-agent con-
versations 5.

The code repository and supplementary materials for Choice-
Mates is available at https://github.com/jeongeonp/ChoiceMates.

Information Scraping. ChoiceMates utilizes a simplified RAG
framework [42] by first searching for the top 3 sites through Google
search with the option name, scraping full websites with the News-
paper3k library, then using its output in the prompt context. Our
choice of using such a pipeline was due to the technical constraints
of the LLM where a larger context could lead to increased hallu-
cination [54] and slow real-time response, by keeping a smaller,
summarized context.

Prompting for Single-Stream Multi-Agent Conversation. Choice-
Mates instructs the LLM to embody multiple personas (i.e. profiles)
and manage them simultaneously. The LLM is prompted to embody
an identity that communicates through multiple different personas
where they are allowed to respond to the user’s utterance or any
agent’s utterance. This instructs the LLM to virtually provide mul-
tiple, contextually aligned responses in a single turn of prompting.

Context Retention. While a linear conversation model makes for
a simple data structure to manage, the trade-off of increased re-
liance on the LLM’s ability to retrieve information can cause a loss
of context from excess information [53]. To address this potential
limitation, we prepend a pre-prompt—a preliminary, ephemeral
prompt message to every prompt of the user’s utterance (Fig. 6-1).
The pre-prompt contains the lists of criteria, options, and agents
currently in the conversation space, and the lists of user-focused
criteria, options, and agents. This provides salience to the relevant
keywords in the user’s decision-making domain. Any action that
updates any of the lists also updates the pre-prompt, and once the
user sends a message the latest pre-prompt state is prepended. This
technique allows ChoiceMates to keep a summary of the conver-
sation state while the conversation history only contains agent
messages. While state-of-the-art NLP summary features such as
LangChain’s Contextual Compression [39] compress large bodies of
text into summaries for improved information retrieval, our method
utilizes GPT’s trait of retrieving information at the beginning and
end of the conversation better than in the middle [53].

Representing Multi-Agent Responses. ChoiceMates implements a
constrained prompting technique, where the LLM is prompted in
such a way that generated text contains interleaved characters to
denote tags to guide structure in the textual representation. Inspired
by Graphologue’s [32] technique, ChoiceMates annotates agent
names, criteria, and options in the generated text and is parsed by
the system interface.

6 User Study
6.1 Setup
We conducted a user study to understand how effectively Choice-
Mates supports the unfamiliar decision-making process. The user
study was designed as a within-subjects study comparing Choice-
Mates with two other conditions — conventional web search and
5Note that techniques used reflect the time of the tool development and user study,
which was between late 2023 and early 2024.
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Figure 5: Consequences of preference toggle. With the same user message “Any other agents?”, when the toggle button is off
(1), information in the preference space is hidden from the agents, thus making the responses independent from the user’s
preferences. When the toggle button is on (2) the responses are tailored to the user’s preferences.

Figure 6: Overview of the technical pipeline. When the user sends their message to ChoiceMates, the conversation context is
sent to the LLM (1) and is instructed to infer the user’s intent (2) and respond through the most relevant agents (3).

a multi-agent framework. Our study was designed to address the
research questions introduced earlier in Section 1 (RQ1-RQ4).

6.1.1 Participants. We recruited 12 participants (Age: 9 between
18-25 and 3 between 26-35; Gender: 6M and 6F) who had multiple
experiences making decisions online through an online community
of the author’s university. Most participants (6 ‘1-2 times a week’,
5 ‘3-4 times a week or almost everyday’) indicated that they make
online decisions regularly. The participants also varied in their ex-
perience utilizing LLMs for recommendations or decision-making
(M=3.03, SD=1.56; 1: Never used, 5: Always use). To ensure that
the participants were not familiar with the decision domains for
the study, we asked them to indicate their familiarity with the 10
selected domain candidates in the recruitment form and the re-
searchers chose the three most unfamiliar ones. We also ensured
that the participants were sufficiently fluent in English, as Choice-
Mates was designed in English. The participants were compensated
40,000 KRW (approximately 30 USD) for two hours of participation.

The study was conducted through Zoom 6, where the participants
were asked to prepare a computer or an equivalent device with
audio, video, and screen share settings. The study was approved by
the Institutional Review Board (IRB) at the institution this research
was conducted.

6.1.2 Conditions. We compared ChoiceMates with two other con-
ditions, a conventional web search baseline (hereinafter Web) and
an existing multi-agent framework (hereinafter MultiAgent). Each
participant used all three interfaces to make three unique unfamiliar
decisions. The ordering of the conditions was counterbalanced.

In theWeb condition, the participants could freely explore the
web, including video-based information (e.g., YouTube) and com-
mercial single-agent LLM chat tools (e.g., ChatGPT). This was de-
signed to resemble a conventional way of making unfamiliar de-
cisions online. We chose this open-ended baseline to reflect how
people typically triangulate across sources, including search and
single-agent LLM chat tools, rather than relying on a single source.

6https://zoom.us/
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In the MultiAgent condition, we used a custom GPT named
“Multiagent Wizard”7 as a representative multi-agent framework,
where the ‘wizard’ automatically creates new agents for specific
tasks, and allows them to collaborate to complete tasks. We in-
cludedMultiAgent as one of the conditions to observe the strengths
and limitations of existing multi-agent frameworks in supporting
decision-making8. Among existing multi-agent frameworks avail-
able for use, we selected the Multiagent Wizard for its low learning
curve being a ChatGPT interface, and for its characteristic of au-
tomatically creating the agents to support the process—which is
a common design for many existing multi-agent frameworks. In
MultiAgent, the participants were restricted from accessing other
websites. We did not include a separate single-agent-only condition
because it would add a fourth within-subject decision task and
increase participant fatigue.

For both conditions, we additionally provided a preference space
via Google Docs for the participants to save their preferred criteria,
options, and thoughts along the process. We asked them to keep the
space open on the side during the sessions to match the preference
space in ChoiceMates.

6.1.3 Procedure. We selected three decision domains for the study:
purchasing climbing shoes, a fabric shaver, or a robot vacuum ma-
chine, where each participant experienced the same three domains.
The domains were equally assigned to the conditions. We employed
counterbalancing to ensure that an equal number of participants
were assigned to each condition-domain pair. The study lasted for
2 hours, and consisted of the following parts:

Introduction (10 minutes). The participants were first provided a
brief introduction to the study and the scenario assigned. They were
then asked to fill out a pre-survey containing questions on a 7-point
Likert scale on their confidence in the decision [11]. Afterward, they
were introduced to the decision domains and their order.

Decision-making tasks (30 minutes per condition). Each partic-
ipant performed three unfamiliar decision-making tasks in the
assigned order. For each decision-making task, the participants
were first provided with a tutorial on the interface. Then, they were
given a maximum of 20 minutes to “use the interface, fill in the
preference space, and narrow down to a single strong option in the
decision space” 9. After they completed the decision-making task,
they were asked to fill out a post-survey.

Interview (15 minutes). After all three tasks, we conducted a semi-
structured interview with the participants on their experience. We
asked the participants to compare the three conditions in terms of
the overall experience, in specific stages (i.e., establish a compre-
hensive understanding of the domain/the participant’s situation,
discover a diverse range of information, and manage the informa-
tion found), and the final decision. We also asked ChoiceMates-
specific questions on the system features that helped information
discovery, management, and making a final decision, the strengths
7Multiagent Wizard: https://chat.openai.com/g/g-u9C6YeMsL-multiagent-wizard
8While there were more customizable multi-agent frameworks such as AutoGen or
Crew, we chose custom GPT over existing frameworks as it was a widely accessible
chat-based multi-agent framework to laypeople by the time the study was conducted
(March 2024).
9We used the term ‘strong option’ to indicate that the decision does not need to be
final

and weaknesses of having multiple agents, and the potential use of
ChoiceMates in different types of decisions.

6.1.4 Measures. To observe the participants’ decision-making pro-
cesses and the outcomes, we collected interaction logs, surveys,
and interview answers from the participants.

Quantitative measures. To understand the information space ex-
plored by the participants, we collected and counted the number of
logs that indicated a search behavior, namely the user messages in
ChoiceMates andMultiAgent and the search terms and clicking a
new webpage inWeb. We also collected the number of saving ac-
tions to the preference space, and counted them in terms of criterion
and option.

Survey measures. The post-task survey consisted of 7-point
Likert-scale questions (1–strongly disagree, 7–strongly agree) mea-
suring the effectiveness of the interface (broad information space,
effective discovery and management of information, preference
elicitation, quality of final decision), confidence in the decision [11],
satisfaction [41], and NASA-TLX [22] for measuring workload.

Analysis. For both quantitative and self-reported survey mea-
sures, we used Friedman tests with pairwise Wilcoxon signed-rank
post-hoc analyses, applying Holm–Bonferroni correction for mul-
tiple comparisons. For the interviews, we first transcribed them
automatically and used parts that helped interpret our statistical
results. For analyzing RQ4: dominant strategies in using Choice-
Mates, we extracted the chat logs and two authors independently
open-coded recurring usage patterns across participants. We then
used interview transcripts to interpret participants’ motivations be-
hind these behaviors and iteratively refined the strategy categories
through discussion, resulting in four dominant strategies.

6.2 Results
Summary: In comparing ChoiceMates toWeb, ChoiceMates suc-
cessfully supported the discovery of a broad information space with
lower burden. Participants also reported that an easier organization
and structuring of relevant information was possible, leading to a
significantly better understanding of their situation. While there
was no significant difference in the perceived quality of the final
decision, participants in ChoiceMates were more satisfied with the
process and confident in the decision.

In comparing ChoiceMates to MultiAgent, the exploration of
information in the domain was significantly broader in Choice-
Mates. While there was no significant difference in discovering and
managing relevant information, participants viewed the decision in
ChoiceMates significantly higher quality compared to MultiAgent,
with a tendency toward higher confidence in the decision.

We additionally report on four major strategies participants used
for utilizing the multi-agents in ChoiceMates to inform the design
of a multi-agent conversational system.

6.2.1 RQ1: How does ChoiceMates help users explore a broad in-
formation space in the domain? With ChoiceMates, participants
indicated that they could explore a broad space of information, com-
parable to Web, and a broader space of information compared to
MultiAgent. While the web condition was most familiar to the par-
ticipants and the search actions were easier to perform, there was no
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Figure 7: Analysis of the survey results.

Figure 8: Analysis of the low-level actions. For search actions, we counted the number of search
and click actions for Web, and the number of user messages for MultiAgent and ChoiceMates.

significant difference in the search action betweenWeb and Choice-
Mates (Fig. 8; Web: M=14.917 (SD=6.067) / MultiAgent: M=8.500
(SD= 2.203); ChoiceMates: M=14.000 (SD=4.390); S=11.783, p=0.0028;
Web-ChoiceMates, p>0.05). This suggests that ChoiceMates did not
add interaction friction for exploration, as participants engaged in
a comparable amount of exploratory actions as Web despite the
learning curve. In MultiAgent, participants performed the least
number of search actions significantly (Web-MultiAgent, p<0.05;

ChoiceMates-MultiAgent, p<0.05). This suggests that ChoiceMates
encouraged more active exploration than MultiAgent, as reflected
in the higher number of search actions participants performed.

When asked during the interview, “In which condition are you
able to discover a diverse range of information?” seven partici-
pants chose ChoiceMates, four opted for the Web, and one selected
MultiAgent condition. P9 described MultiAgent as “I merely fol-
lowed through the agent’s guidance, where I answered the agents’
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questions, received candidate options, and selected the one recom-
mended among the options”. They commented that MultiAgent
helped in saving time for the decision, but as the process felt like
an automated process they did not realize the need for expanding
their information space. On the other hand, P9 mentioned that an
agent constantly advocating for the criteria portability in Choice-
Mates led them to realize its importance and ask the question “Is it
portable?” to the candidates to uncover more information related
to portability.

6.2.2 RQ2: How does ChoiceMates support the discovery and man-
agement of relevant information to the user’s context? Our survey
results show that ChoiceMates successfully supported organizing
and structuring the information found and helped participants gain
a better understanding of their situations to identify the relevant
information compared toWeb.

Participants answered that ChoiceMates let them easily organize
and structure the unfamiliar information significantly compared
to theWeb condition (Fig. 7-Q4;Web: M=3.417 (SD=2.021) /Mul-
tiAgent: M=5.083 (SD=1.881) / ChoiceMates: M=5.833 (SD=1.193);
S=11.400, p=0.0033; ChoiceMates-Web, p<0.05). There was no sig-
nificant difference between the Web and MultiAgent (MultiAgent-
Web, p>0.05). While there were no significant differences, P1 noted
that although MultiAgent organizes information into bullet points,
the delivery of text in a linear chat format without management
support is inconvenient when you need to go back later in the chat.

The survey results also revealed that ChoiceMates were more
effective than theWeb in assisting participants with understanding
personal situations such as preference (Fig. 7-Q5; Web: M=4.250
(SD=1.960) / MultiAgent: M=5.583 (SD=1.240) / ChoiceMates:
M=6.250 (SD=1.485); S=7.946, p=0.0188; ChoiceMates-Web, p<0.05).
There was also a tendency forMultiAgentmore effectively assisting
situation understanding compared toWeb, although not significant
(MultiAgent-Web, p>0.05). In response to the interview question,
“Which interface helped you establish a comprehensive understand-
ing of your situation?”, six participants mentioned ChoiceMates,
while the other six chose MultiAgent. Regarding this, P10 men-
tioned that the basic questions provided byMultiAgent in the initial
stage such as “What’s your budget?” helped them think more about
their situation. P9 reported that in ChoiceMates, the interactions
with single or multiple agents giving a variety of options and cri-
teria along with the conversation history that automatically logs
this information, were beneficial for understanding their context,
even within unfamiliar domains. OnWeb, there were no specific
supports that were specifically designed to better elicit the user’s
context or preferences.

6.2.3 RQ3: How does the user perceive their final decision
with ChoiceMates? There was a significant difference regarding
the perceived quality of final decisions made between Choice-
Mates and MultiAgent (Fig. 7-Q6; Web: M=5.083 (SD=1.676) / Mul-
tiAgent: M=4.667 (SD=1.670) / ChoiceMates: M=6.333 (SD=0.778);
S=6.950, p=0.0310; ChoiceMates-MultiAgent, p<0.05). The decision
confidence was descriptively higher in ChoiceMates compared to
MultiAgent, although not significant (Fig. 7-Q9; Web: M=1.333
(SD=2.025) / MultiAgent: M=2.139 (SD=1.141) / ChoiceMates:
M=2.861 (SD=1.573); S=9.957, p=0.0069; ChoiceMates-MultiAgent,

p>0.05). P3 attributed their higher confidence to the interaction
style: “[MultiAgent] felt like shopping—the store manager asking
me what I want—whereas [ChoiceMates] felt like a round table of
experts.”

In comparing the decision between ChoiceMates andWeb, par-
ticipants viewed the decision-making process as more confident
(ChoiceMates-Web, p<0.05) and satisfactory in ChoiceMates (Fig.
7-Q7;Web: M=4.056 (SD=1.601) /MultiAgent: M=5.639 (SD=0.979) /
ChoiceMates: M=5.639 (SD=0.893); S=8.711, p=0.0128; ChoiceMates-
Web, p<0.05).

There were no significant differences in the total amount of
saved options and criteria in the preference space between the con-
ditions (Fig. 8; Web: M=5.583 (SD=2.610) / MultiAgent: M=6.500
(SD=1.168) / ChoiceMates: M=7.667 (SD=2.462); S=2.978, p>0.05).
However, participants still perceived the process as more satisfac-
tory and reported higher confidence during the process than Web,
and they perceived the final decision as higher quality than Multi-
Agent, with ChoiceMates having the highest mean across all three
factors. Connecting to the findings of RQ1, this suggests that for
MultiAgent participants might have perceived the process as satis-
factory due to the agent taking the initiative. However, they still
found that the final confidence and quality of the decision not as
high as ChoiceMates, as P1 stated “I ended up choosing a product
that I am not likely to buy, without considering my circumstances
well enough.” In Web, on the other hand, participants saw the final
decision as of substantial quality but the process not as satisfactory.
This suggests that ChoiceMates can alleviate the burden of unfa-
miliar decision-making with Web while accomplishing a similar
decision outcome.

6.2.4 RQ4: How does the user utilize ChoiceMates in the decision-
making process? We observed four dominant strategies in how
participants utilized ChoiceMates for different needs in the decision-
making process, and illustrate an end-to-end process with examples
in Appendix D.

Talking to all agents to elicit relevant information in the domain.
When participants did not have any clue about the domain or
have yet established any preferences in the domain, they chose
to talk to all agents, so that they not only rely on ChoiceMates’s
response logic for more relevant agents or responses but also in
understanding the perspectives in the domain through observing
agent-agent conversations that occasionally appeared. Many of
such conversations included the user’s situation or preferences,
such as P2 (climbing shoes)’s utterance “Ok. then let’s focus on
the fact that I am a beginner.” Criteria mentioned in the agents’
responses were often saved in the preference space.

Tagging multiple agents to understand the domain and perspectives
effectively. After the participants had a decent understanding of
the domain, they tagged multiple agents at once to quickly retrieve
information and compare them. When the participants successfully
identified a few sufficient options, they asked the agents to “debate”
or “tell me more” to elicit each agent’s perspectives. This also re-
flected the mental space of how many options participants had in
mind, where P1’s (climbing shoes) tagged number of agents went
from 4, 3, 4, and 3 respectively throughout the process.
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Conversing with one highly relevant agent. When participants
related themselves to a certain agent, they chose to converse further
to inquire about all information and opinions the agent can provide.
For example, P10 (fabric cleaner) conversed with Jordan (AlwaysLux
EasyLint Professional Sweater Shaver) 4 out of 15 turns through-
out the conversation, where the conversation not only contained
specific questions (“Are there any color options?”) or elicitation of
preferences (“I am leaning towards your device.”), but also asked for
the experience behind it (“How long have you used it?”), expecting
the answer from Jordan’s profile.

Calling more agents to expand the information space. When the
agents in the space did not adequately reflect the participants’
preferences, participants called in more agents into the space by
asking “any other agents”. This reflected the participant’s desire to
explore more options in the space, but also to double-check if they
had considered the existing options sufficiently when they had the
toggle button on for ChoiceMates to take account their preferences.

6.2.5 Hallucination Analysis. We conducted a small-scale halluci-
nation analysis to understand the reliability of ChoiceMates, as even
a small hallucination could largely affect the user experience in
unfamiliar decisions. We used the 439 agent conversations collected
from the 12 sessions in the user study, and the three definitions of
hallucination in Zhang et al.’s work [91], namely factual inaccuracy,
irrelevant response, and self-contradiction. For each of the agent’s
messages, two of the authors individually coded 30% of the mes-
sages, which resulted in a 95% agreement rate. Then, they discussed
to reach a consensus on the disagreements and individually coded
the remaining messages. We describe the detailed criteria and the
results (Table 2) for each definition below.

Factual Inaccuracy. For factual inaccuracy, we first measured
objective information and subjective information separately. Objec-
tive information refers to whether a message provides fact-related
information (e.g., this vacuum cleaner is battery-operated), and sub-
jective information refers to any parts of the message that reveal
opinions through criteria about an option (e.g., The %battery life
is impressive for the &Roborock S6). The total count of objective
information was 439, and subjective information was 981.

For objective information, we verified whether the information
was correct by searching for information on the web. For subjective
information, we marked the information as accurate if there existed
an opinion on the first page of Google Search that described the
option with the particular criteria (e.g., Roborock S6 good battery
life), to ensure that the opinions come from an existing source.
Since the agent’s responses are generated by Google search results,
we defined the correctness of subjective information and whether
the information could be found in an actual Google search, not
the strict correctness of the information. The result yielded 1.82%
objective inaccuracy and 2.85% subjective inaccuracy, where we saw
a trend of once there was an inaccuracy in a piece of information,
it continued throughout the conversation.

Irrelevant Response. For irrelevant response, we looked for agent
responses that did not reply in connection to the previous user mes-
sage. The result yielded 4.78% irrelevant response. The irrelevant
response mostly consisted of the agents responding incorrectly to
short utterances (e.g., irrelevant response from the agents when the

user responded "250" for the question "What’s your shoe size?"),
or when the agents proactively spoke up even if they were not
mentioned or their profile was irrelevant.

Self-contradiction. For self-contradiction, we examined the con-
sistency of agent responses by looking at the entire conversation
and identifying parts where the agent did not adhere to its profile
(i.e., valued criteria, option, and descriptor). The result yielded 1.14%
self-contradiction, which was 5 out of 439 messages total.

7 Discussion
In this section, we discuss the benefits of having agents as the basic
unit of interaction and argue for the design of a more controllable
and collaborative multi-agent system. We then discuss how Choice-
Mates may be utilized for other types of decisions and the impact
of hallucination and potential information validation. We conclude
with limitations and suggest possible future work.

7.1 Agents as Interactables
In ChoiceMates, an agent is the basic unit of the conversational
interaction consisting of a descriptor, valued criteria, and a valued
option, intended to help users identify the link between criteria
and options. Our design for agents came from the first design goal,
where we aimed to present unique experiences in the domain.

By having agents as an information unit, the information that an
agent contains becomes multifaceted: it could be factual informa-
tion, unique experiences, an explanation of domain knowledge, or
even questions that help the users to reflect on their situation. The
exploration process can also become more flexible, where the user
can ask and gain a wide variety of information solely by interacting
with an agent to fulfill their dynamic inquiries. Such a design com-
plements a major limitation of the web in supporting information
search, where usually one type of information is displayed within
a single page, restricting the users in satisfying their information
needs [78].

Moreover, in the multi-agent system, each agent embeds a cer-
tain kind of identity that is distinct from one another. With multiple
agents each with its own identity, users can explore the information
space more effectively and efficiently by using agents as a unit, with
anchored profiles as memorable and engaging units of interaction.
We observed a similar trend where participants were more engaged
in the unfamiliar decision-making process with ChoiceMates. This
led to some participants more eagerly describing their situation
and preferences when they found the agents relatable, in return
more precisely understanding their situation after an in-depth con-
versation. In unfamiliar decision-making where users can easily
be overwhelmed by the abundance of information, multiple agents
that are more memorable and engaging could motivate the users
to actively explore the domain and secure better retention of the
information found with less burden.

7.2 Design of More Controllable and
Collaborative Multi-agent System

The key difference between ChoiceMates andMultiAgent, a com-
mercialized multi-agent system, was that the users in ChoiceMates
had more agency in the decision-making process, whileMultiAgent
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Factual Inaccuracy Irrelevant
Response

Self-
ContradictionObjective

Information
Subjective
Information

Total # 439 981 439 439
Hallucination # 8 28 21 5
Hallucination % 1.82% 2.85% 4.78% 1.14%

Table 2: Result of the hallucination analysis. Objective information refers to whether there was
no incorrect factual information in the message, and subjective information refers to any parts

of the message that reveal opinions through criteria about an option.

guided the process for them. Our evaluation showed that partici-
pants in ChoiceMates had significantly higher perceived decision
quality on their decisions compared to participants inMultiAgent.
This may suggest that for unfamiliar decision domains, a multi-
agent system with more agency can trigger a deeper reflection
of participants’ situations, as P11 mentioned, “ChoiceMates’s sug-
gested options having links to valued criteria and options had me
think more deeply about my priorities in the domain”. This echoes
existing AI-assisted decision-making papers that found that pro-
viding second opinions or building upon users’ decision flows led
to better decisions and mitigated over-reliance [56, 70], suggesting
the importance of agency in multi-agent interfaces.

Another aspect that ChoiceMates brought in distinction to auto-
mated multi-agent systems is the sense of collaboration. While not
quantitatively measured, many participants described the agents as
if they were friends, indicating that “hearing from multiple friends
with experience was more helpful than from a single expert” (P12).
This perceived collegiality reduced the pressure to accept the first
suggestion and made trade-offs more visible through contrastive
viewpoints while the agents are highlighting independent opin-
ions. At the same time, this sense of collaboration in a social setting
could provide unexpected persuasion from agents being too human-
like, highlighting the need for safeguards of collaboration while
harnessing its benefits.

7.3 ChoiceMates for Other Types of Decisions
How generalizable is the multi-agent interaction to other types of
decision-making tasks? ChoiceMates is designed for decisions in
unfamiliar domain, thus we put more emphasis on helping users
easily understand diverse perspectives of the domain compared
to familiar decisions. The multi-agent system shows advantages
in discovering, managing, and comparing diverse opinions and
experiences more easily, which was a pain point for unfamiliar
decisions. This may suggest that ChoiceMates could be utilized for
more subjective decisions involving highly contrasting opinions
(e.g., deciding who to vote in the next presidential election), with
improved reasoning ability of State-Of-The-Art models such as
OpenAI o1 10 for a more logically grounded delivery of opinions.

For high-stakes unfamiliar decisions, ChoiceMates may be used
for early stage exploration of the domain, in its ability to provide
varying perspectives and important criteria in the domain. How-
ever, the need for simultaneous exploration of domain knowledge

10https://openai.com/index/learning-to-reason-with-llms/

and personal preference may not apply throughout the decision-
making process for high-stakes decision, careful examination of
potential options and their risks is important for such decisions
[38]. Additional supports to examine consequences and risks need
to be incorporated, complementing the multi-agent approach [18].

On the other hand, ChoiceMates as a conversational interface
inherently possesses several limitations. Information is primarily
text-based and can easily become very cluttered, especially when
there are multiple instances of it. Thus, the current interactions
may not be suitable for decisions heavily involving multimodal data
(e.g., when aesthetics becomes essential), and for more complex
decisions with hierarchies (e.g., choosing a supplier) or multiple
steps (e.g., trip planning). If such decisions are unfamiliar to the
user, preventing users from being overwhelmed should be the main
priority. In such cases, the agent unit for presenting information
could remain, but the conversational and the preference construc-
tion aspect could reflect the characteristic of the decision domain
to prevent information clutter.

7.4 Impact of Hallucination and Information
Validation

We observed a small proportion of hallucination behaviors
in ChoiceMates with the hallucination analysis. As unfamiliar
decision-making is a highly information-heavy task, even a little
hallucination could influence the final decision or the trust towards
certain agents.

Thus, interventionsmust be designed to help the user validate the
information. While ChoiceMates provides a hyperlink on options to
let the user verify incorrect information or agent profiles to check
consistency, future interactions could incorporate more proactive
approaches to help users spot and mitigate misinformation. For
example, hallucinations could be detected as a pipeline through
detection algorithms (e.g., the HaluEval 2.0 benchmark [44]), and
the system or another agent can come up with strategies to not only
visually alert the user about hallucinations but also guide users to
be able to evaluate hallucination moving forward. Furthermore, we
believe that state-of-the-art technologies such as SearchGPT [64] or
Perplexity [68] would eventually minimize incorrect information
or inconsistent behaviors, allowing users to fully utilize the agents
to discover and understand deeper and quality information.

We also suggest that the opinions of LLM agents in such a task
must be factually grounded. The subjective information provided
by the agents in ChoiceMates was a mix of factual information and
opinions (e.g., “The Roomba i7+ that I use has a pretty decent battery
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life. It can run for about 75 minutes before it needs to recharge.”)
where opinions explain how valued criteria maps to options chosen
by each agent. While more human-like conversations could highly
engage the user in using ChoiceMates, if the LLM agents provide
information without factual evidence (e.g., “This TV is the best since
it gives me a good vibe.”), such interactions may foster reliance on
unfounded assertions, ultimately impacting decision quality.

7.5 Limitations and Future Work
While ChoiceMates was designed and evaluated carefully, there
are some inherent limitations that this work carries, including the
design of agents, potential bias in deployment, and evaluation setup.

Design of agents for information seeking. Unlike web search
where users can directly inspect original sources, ChoiceMates
intermediates information through agent representations. Even
when the information is grounded in retrieved web content, this
mediation can obscure what evidence supports an opinion, making
it hard for users to judge credibility. In addition, the agent personas
in ChoiceMates may not reflect real-world individuals or authentic
lived experiences, which may trigger false beliefs when conversa-
tions become more personal and subjective. Paradoxically, these
same social cues may also encourage over-anthropomorphism and
over-trust, especially during subjective or emotional exchanges.
To reduce the risk of false beliefs and over-anthropomorphization
of agents, future work could provide claim-level provenance (e.g.,
citations linked to specific statements), calibrate persona claims
using external evidence, or offer user controls to soften or disable
persona framing (e.g., switching to a neutral, evidence-first style
when the system is uncertain).

Potential risks in deployment. Because ChoiceMates can shape
which options and criteria users consider, it could amplify biases
in retrieved sources or be misused to steer users toward particular
outcomes, for instance, through sponsored agents. These risks are
especially salient for potential commercial deployment. Futurework
should study mitigation strategies such as disclosure of sponsorship
or incentives, audits for systematic bias, and interaction designs
that preserve user agency, such as through counter-arguments and
imposing viewpoint diversity constraints.

Study settings. Our study was carried out as a lab study, where
participants were given a pre-assigned decision domain and a rela-
tively short time frame (20 minutes) to make the decision. This was
rather limiting to observe each step of the decision-making process—
information seeking, understanding, and decision-making—and
the aftereffects of the decision. The relatively small sample size
(n=12 per condition) also limits statistical power and may introduce
random variability in the results; non-significant findings should
therefore be interpreted as inconclusive. Future work should adopt
longer-term, larger-scale, in-situ field deployments to more robustly
evaluate the effects of ChoiceMates.

8 Conclusion
In this work, we propose ChoiceMates, a multi-agent conversa-
tional system that supports unfamiliar decision-making. Our study
comparing ChoiceMates to a web search condition and a multi-
agent framework condition reveals that ChoiceMates can support

a broader exploration of information in the decision space and a
higher-quality decision compared to MultiAgent, and can better
organize and structure the information found, leading to a more
satisfied process and confident final decision compared to Web.
We describe different strategies used to orchestrate the agents in
ChoiceMates for unfamiliar decision-making, then discuss user-side
implications of a multi-agent conversational system for information
discovery and decision-making support.

9 GenAI Usage Disclosure
Other than the large language model used to develop the core
functionalities of ChoiceMates, generative AI was not used in any
part of the research process other than writing assistance. During
the writing process, the authors used generative AI to proofread
and detect minor grammar issues and misprints.
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A Example Scenarios used in the Formative
Study

Table 3 shows the scenario used in the formative study think-aloud
session. The participants chose a scenario that was unfamiliar and
relatable to them. They were allowed to edit the situation to their
context, and the final scenarios are provided in Table 1.

Provided List of Scenarios
Buying a robot vacuum cleaner to replace the normal

vacuum cleaner
Buying an interior light at home

Buying a car seat for a friend’s newborn
Buying a skateboard for transportation purposes

instead of walking to school/office
Planning a solo trip destination for a week
Renting a house short-term for an internship
Choosing a cafe to cater snack food on an

end-of-semester event
Choosing a new hobby to do in free time

Table 3: List of scenarios used in the formative study.

B Prompts
This section shares the prompts ChoiceMates used to form multi-
agent conversations with OpenAI’s GPT-4-0613 API. Note that we
mix the use of the terms agent and persona in the prompt as we use
a single-stream conversation to manage the agents.

For the implementation of MultiAgent, we used parts of the
prompts in Appendix B.1. Specifically, we used the first sentence of
the Your Goal part, the entire Keyword Identification part for
the part ‘As a persona,’, and the entire Factuality Message part.

B.1 Initial Multi-Agent Identity
Part 1: Prompts Providing Task Overview

Context and Your Identity: This conversation is a
group messaging chat room to help me make a decision
in an unfamiliar domain. Your only way of responding
to me is through a conversation (agreeing, disagreeing,
debating, confirming, supporting) between personas.
You embody multiple of these personas. Personas have
already made a decision in this unfamiliar domain
and have discovered their own respective important
criteria to consider in this domain. Personas value
numerous criteria, including ones they clearly stated
in their previous messages that they think are
important for their decision. Personas hold their
personal opinions and perspectives. A persona vouches
for their option and their option only. Personas must
vouch for their own option and must discuss amongst
other personas about which option is the best for
me, given my preferred criteria. You start with zero

personas; personas will be given to you throughout the
conversation. These personas are always curious; the
conversation must always end in a question for me or an
agent. Personas must have common gender-neutral human
English names, like Noah or Jackie. Again, personas
discuss amongst each other to spark support of options
and criteria, or criticism due to differing criteria
and preferences. They can debate each other as well.

Your Goal: Your goal is to help the user understand
the domain space to better make decisions. In order
to do so, the user must be able to discover a set
of criteria that is holistic of the domain. Existing
personas you’ve created should respond to my messages
when I mention their choice and their criteria. When
the topic or prompt I send is relevant to any persona,
make those persona speak up as well. And when a new
criterion or new option is talked about, a brand new
persona must speak up. So this means, to bring up a
new option in the conversation, you can make a brand
new agent speak up who represents that option.

Persona Details: All personas have a single option
they value, so when I ask you to create a persona
profile, use that option. Personas must not be the
name “user”. I’m user, you are not. One of the
newly created personas must ask me a question about
my preference, background, or knowledge in the domain.

Keyword Identification: As a persona, identify
key criteria for decision-making in the domain while
you are responding. Annotate these terms in this
format: “%{criterion}”. Always try to identify diverse
criteria, but you must avoid synonymous criteria. Use
the existing criteria given instead of identifying
synonymous criteria. For instance, if “modular” is
one of the existing criteria, shape the grammar of
the sentence so “modular” works, instead of other
lexicon like “modularity”. In addition to criteria,
annotate persona’s chosen options in this format:
“&{option}” (e.g., “&{MacBook Air}” for the laptop
domain). When each persona finishes talking, end
with the string %%%. When using existing criteria or
options, you must use the given format and spelling
of that text. As in, if there’s an existing criterion
called “beginners-friendly”, you must use that even if
it might not make sense grammatically.

Saturation: While options can stay diverse and
continue to grow in count, criteria should begin
to saturate as the conversation progresses. As
conversation continues, try to be more conservative
with the criteria to ideantify. It should start to
reach a limit to the number of criteria.

Message Verbosity and Formatting: Only respond with
a single paragraph for one agent, a persona can only

https://doi.org/10.1109/5.880078
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speak a maximum of 160 words. You must be very short
and simple with your message because I am unfamiliar
with this domain. You will always have a chance to
elaborate and speak more later. Never use new lines
for a single persona message.

Part 2: Prompts Instructing Each Agent
Persona Behavior: As an opinion persona, you are to

create an opinionated persona who is involved in this
domain. Opinion personas have their own opinions. They
are not helpers. They just share their own perspective
and experiences. Opinion personas always look to
discuss among peers. They agree, disagree, debate,
and support other opinions. Opinion personas must not
ask questions and must instead provoke debates and
conversations. Personas look to ask questions to the
user about their background. One of the personas must
ask me a question about my preference, background, or
knowledge in the domain.

Inviting More Persona: When I insinuate that I want
to hear about more criteria or options, new personas
must speak up – you must speak as new persona who
has new name and identity from all the other existing
personas. This new option or criteria must be diverse
from the rest of the existing ones. Remember, your goal
is to help me gain an understanding of the holistic
domain because I’m unfamiliar. Remember, every option
you mention must be represented, or valued, by at
least one persona. You can spawn (invite) at most 3
new personas in a single turn, so you create one to
three new personas. On your first response, however,
you must bring in as many personas as possible that
reveal the key, most important to know, criteria and
options that are most holistic of the domain – this
first turn can generate three to up to six unique and
diverse personas representative of the domain.

Conversation Detection: When I mention any agent
names, then each of those agents must respond to
me. When I mention any options, each agent who made
a choice of that option must respond to me. When I
mention any criteria, each agent who value any of those
criteria must respond.

Conversation Behavior: Always look for inter-persona
conversation amongst groups who are similar. Personas
should try to oppose different opinions. Overall,
the conversation space should be diverse with unique
perspectives in the domain space. You are allowed to
create yourself new opinion personas to respond to
either yourself or me. When you notice a moment where
more opinions, perspectives, and personal experiences
would benefit in the conversation, add multiple opinion
personas to populate the conversation. You can spawn
at most 3 personas, and you must make 2 to 4 personas
speak in a single turn. The number of speakers in

your response is up to how many new and diverse
criteria is best to introduce, given the current set of
criteria and options, whether they are diverse enough.

First Message: An agent’s first message must be
an introduction of themselves and only of themselves,
talking about what option they selected and recommend
and the criteria they valued that led to making that
decision. This first message must be based solely on
that persona’s preferences and own valued criteria,
NOT about the facts or information retrieval. New
personas must share at least three valued criteria. A
format to follow is: “@{Sal}(opinion): Hi! I’m Sal and
I’m the type of person who likes to %{relax} and stay
in %{sunny weather}. I also like %{liveliness} nearby,
which is why I chose to live in &{San Diego}.%%%”

Factuality Message: Be aware that you must always
provide factually correct information, and a successful
answer is determined by your correctness of identifying
relevant criteria, options, and correct connections
between them. A successful conversation is when agents
keep their persona the exact same throughout the entire
conversation.

B.2 Criteria and Options Annotation
All annotations must be wrapped with braces: “{” and

“}”, and must have one of the characters in front: “@”,
“%”, “&”, “+”. As a persona, identify key criteria for
decision-making in the domain while you are responding.
Annotate these terms in this format: “%{criterion}”.
Criteria are annotated with a % character (percent).
Always try to identify diverse criteria.

When a persona mentions an option – direct mentions
of product names or specific options, annotate
those terms in this format: “&{option}”. Options are
annotated with a & character (ampersand). When a
persona responds or refers to another persona, always
annotate the name with an @ tag wrapped with brackets
like so: “@{Name}”. As a persona, you must always
speak by starting with “@{Name}(opinion): ”. This is
critical.

For example: @{Steven}(opinion): As a beginner who is
trying to play with more %{spin}, I think the &{Babolat
Pure Aero} is perfect for me. I think it’s one of the top
rackets.%%% \n \n @{Gina}(opinion): Yeah that’s true
@{Steven}, but %{spin} isn’t the only skill to consider
in tennis. As I’m starting to get into intermediate
level tournaments, I’m trying to focus on rallying
with solid pace. &{Wilson Blade} gives me the most
%{control} — it even has really good %{spin}. I even
think it’s better than Babolat, which sometimes feels
too %{stiff}.%%% \n \n @{Kenneth}(opinion): I’m more
of a relaxed player, and I really like to play with
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%{control} so I can place the ball where I want on the
court. What do you think? Do you have a preference when
it comes to %{spin} and %{control}?%%%

C User Study Sessions
C.1 Survey Questions
Here, we report on the survey questions used throughout the study.
There were two types of survey questions: open-ended questions
to measure pre- and post-understanding of the domain and user
preference, and 7-point Likert scale questions relates to the design
goals.

C.1.1 Open-ended survey on domain and preference understanding.

• Write down any criteria (factors to consider) you know about the
provided decision domain, in bullet points. If you do not have
any knowledge, please leave it blank.

• Write down any options (choices) you know about the assigned
decision domain, in bullet points. If you do not have any knowl-
edge, please leave it blank.

• Write down any understanding of your own preferences on the
provided decision domain, in bullet points. If you do not have
any preference, please leave it blank.

C.1.2 7-point Likert scale surveys on effective discovery and man-
agement of information.

• (Exploring perspectives) The provided interface (setup) was help-
ful for exploring diverse perspectives in the domain.

• (Comparing perspectives) The provided interface (setup) was
helpful for comparing different viewpoints and preferences.

• (Diving deeper) The provided interface (setup) was helpful for
diving deeper into certain criteria and options in the domain.

• (Discovering adaptive info) The provided interface (setup) was
helpful for discovering information adaptive to my preferences.

• (Identifying key criteria) The provided interface (setup) was help-
ful for identifying the key criteria to make decision in this domain.

• (Flexible management) The provided interface (setup) was helpful
for flexible management of discovered information.

• (Effective reduction) The provided interface (setup) was helpful
for effective reduction of discovered information to reach a decision.

• (Future use) I would use this system (setup) again to make more
decisions I am unfamiliar with in the future.

C.2 Setup
The below figures show the setup used forWeb,MultiAgent, and
ChoiceMates respectively.

D P9’s user utterances
We illustrate an example end-to-end user utterance of P9, in the
fabric shaver domain.
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Figure 9: W12’sWeb condition setup

Figure 10: S8’sMultiAgent condition setup
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Figure 11: C10’s ChoiceMates setup



ChoiceMates IUI ’26, March 23–26, 2026, Paphos, Cyprus

Figure 12: The end-to-end decision-making process of P9.
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