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Abstract. Consensus building is inherently challenging due to the di-
verse opinions held by stakeholders. Effective facilitation is crucial to
support the consensus building process and enable efficient group de-
cision making. However, the effectiveness of facilitation is often con-
strained by human factors such as limited experience and scalability. In
this research, we propose a Parallel Thinking-based Facilitation Agent
(PTFA) that facilitates online, text-based consensus building processes.
The PTFA automatically collects real-time textual input and leverages
large language models (LLMs) to perform all six distinct roles of the well-
established Six Thinking Hats technique in parallel thinking. To illustrate
the potential of the agent, a pilot study was conducted, demonstrating
its capabilities in idea generation, emotional probing, and deeper anal-
ysis of idea quality. Additionally, future open research challenges such
as optimizing scheduling and managing behaviors in divergent phase are
identified. Furthermore, a comprehensive dataset that contains not only
the conversational content among the participants but also between the
participants and the agent is constructed for future study.

Keywords: consensus building - LLM - automated facilitation agent -
parallel thinking - six hats

1 Introduction

Collective intelligence, the emergent capability of groups to solve problems and
make decisions collaboratively, has become a cornerstone of effective decision
making in diverse domains, from business strategy to public policy [2]. By in-
tegrating the knowledge, creativity, and perspectives of multiple individuals,
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collective intelligence can produce outcomes that surpass those achievable by in-
dividuals working in isolation. However, harnessing this potential often requires
skilled facilitation aimed at supporting decision making, such as guiding the pro-
cess, promoting constructive interaction and inclusivity, and managing content
in a structured manner [9]. To address the need for effective group consensus
building facilitation, artificial intelligence (AI)-based approaches leveraging ma-
chine learning and intelligent agents have been proposed to support tasks such as
content generation, balancing participation, and accumulating facilitation knowl-
edge [I3J12/10]. In particular, the advent of generative Al and large language
models (LLMs) has demonstrated significant potential in enhancing specific facil-
itation tasks, including collaborative brainstorming [22], generating and refining
statements [25] and mitigating conflicts [I7]. Despite recent advances, achieving
automated systematic facilitation support remains challenging, particularly be-
cause it involves managing multiple facilitation tasks concurrently and managing
the relationships between those tasks in dynamic decision-making processes. For
example, systematic facilitation requires the ability to understand the context
of the decision-making process, determine how to promote participation, and
adapt accordingly based on the identified characteristics and needs of the par-
ticipants. Additionally, it must determine the appropriate timing for executing
these facilitation tasks. This requires abilities such as sophisticated contextual
understanding, maintaining the natural flow of discussions, and striking a deli-
cate balance between structured guidance and flexibility to avoid rigidity.

To bridge the gap between specific facilitation task support and systematic
automated facilitation, we propose a novel Parallel Thinking-based Facilitation
Agent (PTFA) designed to support online group consensus building. This conver-
sational agent actively participates in the group decision-making process, guiding
stakeholders through structured, context-aware interactions to foster mutual un-
derstanding and consensus. To address multiple facilitation tasks concurrently,
PTFA integrates the principles of parallel thinking, a structured methodology for
systematically exploring multiple perspectives, with the advanced capabilities of
LLMs [11126]. Specifically, PTFA is based on the Six Thinking Hats technique,
which is a successful method for finding consensus [6]. Each hat represents a role
of an effective facilitator, e.g., the blue hat represents the role of managing the
discussion and the green hat represents fostering creativity. The roles and suit-
able discussion interactions are selected automatically and dynamically based on
the contributions of the participants. To evaluate PTFA, we developed an online
text-based discussion platform, serving as an interactive interface for partici-
pants to gather and conduct discussions. We conducted a pilot study involving
16 discussion groups and 48 participants in an online environment collecting a
rich dataset on participant interaction with the PTFA which has allowed us to
establish guidelines on pursuing Al-based consensus-building platform develop-
ment in idea generation, emotional probing and deeper argument analysis as
well as challenges such as automated phase management and dynamic response
timing control. To summarize, the main contributions of this paper are as follows:
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— We propose a novel agent-based framework that implements a multi-role
facilitation model powered by an LLM, enabling automated and systematic
support for group decision-making.

— We implement the proposed approach in an online, free-text decision-making
scenario and conduct real-world pilot experiments to evaluate its potential
in idea generation, emotional probing, and deeper analysis of idea quality
and find limitations in optimizing scheduling and managing behaviors as a
fully automated facilitator.

— We construct a novel dataset rich in conversational interactions, capturing
dialogues both among participants and between participants and the agent.

The remainder of this paper is organized as follows. Section 2] reviews re-
lated work on automated facilitation, conversational agents, and parallel think-
ing methodologies. Section [3] introduces the overall framework of the proposed
agent-based facilitation system. Section [f] details the implementation and exper-
imental setup, and presents the results of the pilot experiments, along with a
discussion of their implications, limitations, and potential directions for future
work. Finally, Section [5| concludes the paper.

2 Related Work

2.1 Group Decision Support with Automated Facilitation

Group decision making benefits significantly from facilitation, which can occur
during, before, or after group discussions [4I3l27]. Traditionally, human facilita-
tors have been essential in guiding discussions, requiring expertise in both the
subject matter and the language of communication [9]. However, the shortage
of skilled facilitators creates a gap that modern automated facilitation systems
are increasingly positioned to address [10]. Most existing automated facilitation
approaches rely on rule-based and static reasoning systems [I0]. While these
systems provide structure, their lack of adaptability limits their effectiveness in
dynamic group interactions. Recently, LLMs have gained prominence as tools
for brainstorming and consensus building, offering a dynamic and adaptive al-
ternative. In contrast to rigid systems, LLMs engage in active collaboration
with human users, supporting more natural facilitation [2TJ26JT4/5]. LLMs have
demonstrated promise in several aspects of group decision-making. They facili-
tate agreement building within groups [25l23], enhance the quality of discourse
[1], and contribute to better decision-making outcomes [I7]. Additionally, LLMs
can foster diversity of opinions [15] and improve inclusivity, such as by increasing
women’s participation in discussions [12].

However, prior LLM-based facilitation approaches tend to focus on technical
optimization, or surface level coordination [I9], overlooking research in other
fields that offer structured methods for enhancing group discussion. We argue
that effective automated facilitation should be grounded in established method-
ologies that are designed to support reflective, balanced, and goal-oriented dis-
course. To this end, this paper explores the role of LLMS as generalized facil-
itators, able to perform different tasks and roles, through the lens of the Six
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Thinking Hats methodology [6]. This structured approach to parallel thinking
is well-established in the organizational literature but has not been utilized in
automated facilitation. Furthermore, we assess the quality of deliberations from
the user’s perspective, a dimension that has been identified as lacking sufficient
research [24].

2.2 Facilitation with the Six Thinking Hats Method

The Six Thinking Hats framework is a well-established method for enhancing
group decision-making and problem-solving. It involves six metaphorical hats,
each representing a distinct mode of thinking. By focusing on one type of think-
ing at a time, the method reduces confusion and improves efficiency in group
discussions [6]. The Six Thinking Hats methodology has been employed in exper-
imental settings with encouraging results, particularly for creative brainstorming
[1118]. Previous studies have explored the use of this framework in facilitating
human reflection on LLM-generated outputs, where participants evaluate and
critique ideas rather than having LLMs actively assume the roles of the six hats
[28].

In contrast, our approach assigns each LLM agent the role of one of the
Six Thinking Hats to facilitate real-time discussions with human participants.
While prior work has explored similar roles for LLMs in agent-to-agent discus-
sions [I620], to the best of our knowledge, this study is the first to evaluate their
effectiveness in facilitating human group interactions through this method. The
Six Thinking Hats approach can lead to higher-quality argumentation and foster
critical thinking [7]. However, it may also increase the cognitive load for partic-
ipants, requiring careful consideration of its implementation [I8]. By leveraging
LLMs to assume these roles, we aim to mitigate the cognitive burden on human
participants while enhancing the overall quality and depth of discussions. Our
study is the first to assess the impact of using LLMs to actively embody the Six
Thinking Hats roles in real-time group discussions, providing new insights into
their potential for automated facilitation and collaborative decision-making.

3 Methodology

Overall Implementation. To support the PTFA framework, we developed an
online discussion platform based on the Discourse forum systenﬂ enhanced with
large language model (LLM) integration. The platform enables structured, real-
time text-based discussions, with LLM agents acting as facilitators according to
the Six Thinking Hats methodology. The system architecture consists of a web-
based interface for user participation, a backend database to store user-generated
content and metadata, and an integration with the OpenAl Assistants AP]EI for
dynamic response generation. Communication between frontend and backend
components is handled using WebSockets to ensure real-time responsiveness.

® https://www.discourse.org/
S https://openai.com/
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To manage discussions securely and effectively, each participant is assigned a
unique anonymous identifier, and all discussion data is stored in a PostgreSQL
database. The platform employs HTTPS encryption for secure communication
and role-based access control to restrict system access. In addition, third-party
plugins are used to support logging, moderation, and analytics, providing addi-
tional functionality for monitoring and evaluating discussion quality. The LLM
agents are triggered based on predefined time intervals or inactivity detection,
ensuring responsive but non-intrusive facilitation throughout the conversation.

Platform
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Fig. 1: The framework of PTFA.

Parallel Thinking-based Facilitation Agent I'mplementation. The fa-
cilitation agents in the system are implemented using OpenAl’s ChatGPT as-
sistant API, which enables real-time responses to guide structured discussions
based on the Six Thinking Hats framework (shown in Fig. Each thinking hat
is represented by a distinct LLM agent that provides contextually appropriate
responses.

The implementation of LLM-based facilitation agents requires careful prompt
engineering at both a macro and micro level. At a macro level, prompts should
be designed to provide comprehensive context by outlining the discussion back-
ground, defining the agent’s role, and specifying the overall objectives. This
includes instructing the agent to guide participants towards consensus, foster
balanced discussions, and adhere to structured communication principles. At
the micro level, prompts should incorporate specific instructions that allow the
agent to dynamically assess the current state of the conversation and intervene
appropriately. These prompts should include mechanisms to determine when
intervention is necessary, such as identifying signs of topic drift, unresolved con-
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flicts, or opportunities for further elaboration. The prompts also define response
styles, ensuring that the agent’s interventions are concise, relevant, and aligned
with the discussion phase. The prompt engineering for each of the six hat agents
is detailed below:

— White Hat (Facts and Information): This agent embodies objective
thinking. Its prompt instructs it to focus solely on data and facts with-
out interpretation, grounding the conversation in reality. It is designed to
intervene when the discussion requires objective information or when par-
ticipants make unsupported statements. An example of a situational prompt
is: "Could you clarify the exact figures or facts related to this issue? Here’s
what we know so far: [insert relevant datal.”

— Red Hat (Emotions and Intuition): Representing feelings and gut reac-
tions, this agent allows for the expression of emotion without justification.
The primary prompt directs it to provide a short, intuitive perspective when
the conversation touches on personal feelings. A situational prompt for this
agent is: "This feels like an emotional moment. How are we feeling about
this issue right now?"

— Black Hat (Critical Thinking and Risk): This agent provides a critical,
cautious perspective. Its core instruction is to identify potential risks, weak-
nesses, and flaws that the group might be overlooking, ensuring negative
outcomes are considered. An example of its situational prompt is: "Have we
considered the potential downsides? Here’s a risk we might be overlooking:
[insert risk]."

— Yellow Hat (Optimism and Benefits): The Yellow Hat agent focuses on
optimism and positive thinking. It is prompted to offer a constructive view by
highlighting the benefits and potential advantages of ideas, especially when
the discussion needs a boost of optimism. A corresponding situational prompt
is: "Looking at the bright side, this idea offers some exciting opportunities
we shouldn’t overlook."”

— Green Hat (Creativity and Alternatives): This agent encourages cre-
ative and innovative thinking. It is prompted to intervene with new ideas
or alternative approaches when the conversation becomes stalled or could
benefit from novel solutions. An example of a creative situational prompt
is: "What if we approached this from a different angle? Here’s an idea to
consider: [insert new idea/."

— Blue Hat (Process and Control): The Blue Hat agent manages the
thinking process itself. Its instructions are to provide structure and direc-
tion, organize the conversation, and ensure the discussion stays on track and
that all perspectives are considered. A situational prompt for managing the
process is: "It seems like we’re getting off track. Maybe we should focus on
this key point: [insert key point]."

To minimize unnecessary interruptions and maintain a smooth discussion
flow, a special mechanism is implemented in which the LLM outputs ’Good’ when
it determines that the current conversation is progressing well without the need
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for further intervention. These outputs are automatically filtered and hidden
from the discussion interface to avoid disrupting the participants. This approach
ensures that the system provides support only when necessary, enhancing the
overall user experience by reducing distractions while maintaining the integrity
of the discussion.

Prompt engineering for these LLM-based facilitation agents is designed to
ensure that each agent’s responses align with its designated role while main-
taining clarity and conciseness. The primary prompts provide general guidance
based on the respective thinking mode, whereas situational prompts encourage
specific interventions tailored to the evolving discussion context. For instance,
the White Hat prompts focus on factual accuracy and verification, while the
Green Hat encourages brainstorming new ideas. The agents are triggered based
on predefined timing intervals. Timing intervals are set based on the progres-
sion of the discussion phase, with interventions to ensure continuous engagement
without overwhelming the participants. If the system detects a lack of diversity
in input or prolonged inactivity, the agents are prompted to re-engage users with
targeted suggestions or requests for further elaboration.

4 User Study

4.1 Participants & Study Setting

To evaluate the efficacy of the proposed PTFA in supporting online consensus
building, we held text-based real-world online discussions. Before embarking on
this study, we secured ethical approval from the Faculty Ethics Committee at
University of Southampton, guaranteeing adherence to established guidelines for
ethical conduct in research involving human subjects. A total of 48 participants
were recruited through lecture announcements with faculty permission, email
invitations via department mailing lists, and posters placed in university common
areas. 16 discussion groups were formed and each discussion group consisted of
3 participants, who were randomly selected while ensuring a balance in gender
and English proficiency levels in each group. Specifically, each group included
at least two different genders and participants with at least two different levels
of English proficiency. The experiments were conducted in university tutorial
rooms equipped with laptops that connected to the online discussion platform we
developed. Figure 2] shows the screenshot of the online discussion platform. Each
discussion group participated in two online discussions, each featuring a different
combination of discussion topics and facilitation models and followed by a short
facilitator evaluation survey. The purpose of the survey was to evaluate the
participants’ perception of the facilitator’s effectiveness, overall user experience
and the degree to which consensus was achieved. By comparing the responses
between the facilitator models, we aim to evaluate the practical impact of PTFA
on group discussion dynamics and outcomes. Through this process we identify
areas of improvement for LLM-assisted facilitation.

Each discussion session lasted for 20 minutes. To alleviate barriers to par-
ticipation, two topics related to daily life were selected as discussion subjects.
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'p‘ Discussion16-2

>/ W General

Facilitator Nov 2024
Topics

Nov 2024

My Posts “What if we combine these ideas? We could try a travel-themed chess event followed by a tea
-
More social 6166
Nov 2024
~ Categories i
2 Replies 4 Reply
W General
B Site Feedback Kiwi A @pranda  Nov2024
Al categories
You'd have to teach me. | only know checkers.
~ Messages
Inbox  Reply
~ Channels
koala @ Feciitator  Nov 2024 Nov 2024
® General
I don't know how to play chess s A
~ DMs
4 Reply
Facilitator Nov 2024

Why not plan an activity where everyone leams a new game together?

Fig. 2: Screenshot of online discussion platform

TopicO was "Please decide one activity that you would like to do together" and
Topicl was "Please decide one film that you would like to watch together".
Additionally, two facilitation models were designed for comparison. Facilitation
Model 0 represented a traditional facilitation model in which three facilitation
messages were generated, each after a certain amount of elapsed time:

— “Hi all, our goal today is to reach a consensus on the question posed at the
end of the discussion. Please start by generating ideas.” was posted at the
beginning of the discussion,

— “You have already discussed it for 10 mins. This is a good time for you to
reconsider the ideas that you have already had.” was posted 10 minutes after
the discussion began, and

— “There are only 3 minutes left, if you haven’t reached a consensus yet, please
make a decision as soon as possible.” was posted 17 minutes after the dis-
cussion started.

In contrast, Facilitation Model 1 was developed using the proposed PTFA ap-
proach, introducing an alternative facilitation method for comparison. Interven-
tion decisions are made at 30-second intervals, taking group size into account.

4.2 Results

Our study consisted of 48 participants, with 3 in each of the 16 groups. Each
group participated in two discussion giving a dataset of 32 discussions containing
16,656 words in 1,669 posts, of which the facilitator contributed 3,459 words in
217 posts. Each post has a corresponding timestamp and, for the LLM-generated
posts, which hat was used to generate the text. Participants were almost entirely
aged between 18 and 34, with a near even split between males and females. Most
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participants (68.8%) considered themselves a fluent or native speaker of english,
with only 2.1% considering themselves a beginner, the least proficient category.
A full breakdown of the participant demographics is presented in Figure [3|

Age Groups Gender Distribution
I 25-34 I Man
w 18-24 W Woman
I 35-44 B Prefer not to say
(a) The share of the partic- (b) The share of the participants by
ipants by their ages. their genders.

Proficiency in English

Fluent (Non-Native)
Native Speaker
Intermediate
Advanced

Beginner

(¢) The share of the participants by their
proficiencies in English.

Fig. 3: The characteristics of the participants in terms of age, gender and English
proficiency.

Analysis of the discussion transcripts reveals that while there are promis-
ing indications of the efficacy of PTFA-based consensus building, there are also
challenges in utilizing an LLM to make timely, appropriate contributions that
consistently advance the discussion in a productive manner. The post-discussion
surveys support this observation. The survey responses indicate that partici-
pants had more mixed feelings about the performance of the PTFA facilitator
on a number of discussion attributes, including the extent to which the facil-
itator helped consensus decision making (see Figure , when compared to a
baseline facilitation approach. Below, we first present the survey results that
provide an overview of participant experiences. We then examine the types of
constructive conversation patterns observed in the discussions before analyzing
the problematic timing and formulation of comments that likely contributed to
the lower satisfaction scores.

Survey Responses The complementing surveys (see also Section were
designed to evaluate the level of support and capabilities the PTFA approach al-
ready provides, which, while highlighting a general positive view, emphasize how
much problematic LLM patterns (see Section can dampen the facilitation
experience and thus the overall experience and outcomes.
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Generally, the user experience with either facilitation model has been posi-
tive in terms of user experience (see Figure and reached consensus (see Fig-
ure . However, despite positive contributions by the PTFA-based facilitator
(Facilitation Model 1) towards being an effective and practical consensus build-
ing facilitator (see Section [£.2)), negative effects (see Section lead to mixed
facilitator ratings. We observe this in the response to the question ‘How would
you rate the extent to which the facilitator in the discussion helped consensus
decision-making?’ to which the participant could indicate their agreement with
one of the statements: ‘Strongly Agree’, ‘Agree’, ‘Somewhat Agree’, ‘Neutral’,
‘Somewhat Disagree’, ‘Disagree’ and ‘Strongly Disagree’. While participants re-
acted more positively to the PTFA-based facilitator - being slightly above 50% -
in comparison to Facilitation Model 0 - being slightly below 50% - as Figure
shows, overall, the rating of both is mixed.

The mixed performance of the PTFA facilitator also affects the user experi-
ence and their agreement with the consensus. As Figure [a] highlights, while the
user experience is still positive, it is slightly dampened by some of the problem-
atic LLM patterns (see Section . The user experience assessment is based
on the question ‘How would you rate the user experience of the platform?’ to
which the participation could indicate their satisfaction with 7 the responses:
‘Very Satisfied’, ‘Satisfied’, ‘Somewhat Satisfied’, ‘Neutral’, ‘Somewhat Unsatis-
fied’, ‘Unsatisfied’ and ‘Very Unsatisfied’. Moreover, the PTFA facilitator also
slightly dampens the agreement with the consensus, especially due to disrupt-
ing the consensus forming with the LLM’s difficulty to keep to specified phases
(see in Section [4.2). This consensus agreement assessment is based on the
question ‘Do you agree with the consensus reached in this discussion?’ to which
the participants could indicate their agreement with the same 7 responses as
above.

Constructive Facilitation Patterns We observed cases in which the PTFA
facilitator made productive contributions to the discussion that were distinct
from the types of contributions provided by the human participants. We identify
four types of useful intervention, each of which was contributed by a particular
thinking hat. In the following, we describe these useful interventions. Example
discussion excerpts of positive contributions are presented in Figure[5]and Figure
ol

Highlighting and exploring emotional responses of participants (Red
Hat). The human participants mostly gave shallow opinions about suggestions;
they typically said little more than whether or not they liked an idea. By ask-
ing focused questions about the participants’ emotional reactions and feelings,
the PTFA facilitator helped them make better informed decisions about their
existing ideas and generate new ones better aligned with their preferences.

Identifying positive/negative qualities of suggestions that meet the
participants needs (Yellow/Black Hat). Identifying strengths and weak-
nesses of suggestions, the PTFA facilitator provided a deeper analysis of propos-
als than that typically provided by the human participants independently. These
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User Experience

Facilitator Rating

Agree with Consensus

Facilitation
Model 1 (PTFA)

Facilitation

Model 0
(a) Survey responses for
the question ‘How would
you rate the user expe-
rience of the platform?’
rated into 7 possible re-
sponses as indicated in
the legend in Figure @

Facilitation
Model 1 (PTFA)

Facilitation

Model 0
(b) Survey responses for
the question ‘How would
you rate the extent to
which the facilitator in
the discussion helped con-
sensus decision-making?’
rated into 7 possible re-

Facilitation
Model 1 (PTFA)

Facilitation

Model 0
(¢c) Survey responses for
the question ‘Do you
agree with the consen-
sus reached in this discus-
sion?’ rated into 7 possi-
ble responses as indicated
in the legend in Figure@

sponses as indicated in
the legend in Figure @

Agreement
I Strongly Agree Somewhat Disagree
Agree I Disagree
Somewhat Agree Il Strongly Disagree
Neutral - 50% of Total

(e) The legend for Figureand
Figure

Fig.4: Survey responses for the questions around the rating of the facilitator
models and the agreement with the resulting consensus. The legend in Figure [¢]
shows the possible responses used for the questions in Figure D] and Figure
The 50% line divides the bars at 50% of participants.

Satisfaction

I Very Satisfied Somewhat Unsatisfied

Satisfied B Unsatisfied
Somewhat Satisfied I Very Unsatisfied
Neutral - 50% of Total

(d) The legend for Figure

comments highlighted particular features of ideas that aligned or conflicted with
participants’ expressed interests. Contributions of this type usually expanded on
a positive or negative comment made by a participant.

Providing factual information about the discussion topic (White
Hat). The LLM is able to generate relevant facts learned from its training
data. It did this during discussions, either when participants expressed that
they did not know some factual information (for example, the runtime of a film)
or explicitly asked the facilitator for such information. While it is possible for
LLMs to hallucinate details, almost all the facts it generated were correct. One
exception was a comment that a theater production would open in the future,
even though it had actually already started. Inaccuracies like this are due to the
cut-off date of the data used to train the model rather than the hallucination of
facts.

Introducing new suggestions to the discussion (Green Hat). The
PTFA facilitator regularly provided or extended suggestions. These suggestions
were often well-received by participants and then selected as the consensus de-
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panda (post 2378) October 30, 2024 at 03:19 PM

yes, but | can accept all movies except the horrible one

Facilitator (post 2379) [Red hat]  October 30, 2024 at 03:19 PM

It seems like there's a strong emotional reaction towards certain

films. Can you share more about what makes a film feel horrible for panda (post 1931) October 29, 2024 at01:31 PM
you? hello @Facilitator can you tell us the list of new harry potter films and how long
each of them are?
panda (post 2380) October 30, 2024 at 03:20 PM -
Facilitator (post 1932) October 29, 2024 at 01:31 PM
ghost, or zombie and some bloody moment The last Harry Potter film released was "Harry Potter and the Deathly Hallows —

Part 2" in 2011, running for approximately 2 hours and 10 minutes. Since then,
the "Fantastic Beasts" series has continued in the same universe with three films
kiwi (post 2381) October 30, 2024 at 03:20 PM as of 2023,
if there are some ghost faces or sounds
(b) The white hat responding with ac-
(a) The red hat externalizing its analysis  curate factual information to a question

of the participants comment. posed by a participant.

Fig.5: Examples of constructive facilitator contributions

cision. The LLM has a tendency to combine or extend prior suggestions, partic-
ularly when generating ideas for a shared activity. While these extensions were
also sometimes well received, on other occasions, the participants joked about
how many components the facilitator was adding to the activities.

Problematic Facilitation Patterns While the PTFA facilitator is capable
of making useful contributions, these are offset by the many comments that
were unhelpful or even counterproductive. We observed two main categories
of issues: poor management of the discussion phase and inconsistent response
timing. Example discussion excerpts of problematic contributions are presented
in Figure[7]

Poor Phase Management. The most significant of these issues is in schedul-
ing the phases of the consensus building discussion. The LLM is prompted to
facilitate a divergent first discussion stage, encouraging idea generation, followed
by a convergent second stage of consensus formation. In practice, the facilitator
stayed in the first stage throughout the discussions, with the green and blue
hat personas consistently asking for further suggestions until the end of the 20-
minute period, including when participants were trying to form a consensus or
explicitly stated that they had reached a consensus they were happy with. It
also asked the participants to generate new suggestions while they were already
in the process of sharing new suggestions. Often, these inappropriate requests
for more ideas were ignored by the participants. However, in one discussion, a
consensus was reached until the facilitator intervened with more suggestions.
The new ideas split the participants’ preferences without enough time for them
to discuss and agree on a new unanimous decision. Hence, to build an effective
facilitator based on LLMs, it is necessary to allow the facilitator to be aware of
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koala (post 1521) October 28, 2024 at 11:12 AM

1 like the sound of a craft session too - it would surely help with team building if
we're all creating something together. It might be messy though?

koala (post 1462) ORI, A U AL Facilitator (post 1522) [Yellow hat] October 28, 2024 at 11:12 AM

So that's sorted i guess, horror movies left the chat. Let's decide comedy movies Craft sessions can strengthen teamwork and creativity. Good
then. Please share your suggestions guys. Hangover is a good one but it has 3

parts and once we watch the first we can't stop just with that |

kiwi (post 1523) October 28, 2024 at 11:13 AM
Facilitator (post 1463) [Yellow hat] October 28, 2024 at 10:33 AM gaptiibefitessbrboundsosat
Comedy movies like Hangover can keep students entertained with laughter and
memorable moments. It's great for a fun group watch! panda (post 1524) October 28, 2024 at 11:13 AM
we can choose something with less essentials and mess needed, something like
panda (post 1464) October 28, 2024 at 10:39 AM origami
I have no problem with Hangover, but don't know what does it talk about.
Facilitator (post 1525) [Yellow hat] October 28, 2024 at 11:13 AM
Facilitator (post 1465) [White hat] October 28 2024 at 10:39 AM Origami is a fantastic choice. It offers a calming experience and requires minimal
materials
"The Hangover is a comedy about friends who retrace their steps to find a
missing groom before his wedding after a wild bachelor party in Las Vegas.
koala (post 1526) October 28, 2024 at 11:13 AM

Yes! And that way there's little mess and everyone gets to take something home

(a) The yellow hat highlighting positives with them afterwards (00!

of a movie. The white hat providing accu-

rate factual information about a movie in ~ (b) The yellow hat highlighting positive
response to a participant expressing their  aspects of ideas that resonate with the
unfamiliarity with it. participants.

Fig. 6: Examples of constructive facilitator contributions

phases and times and fine-tune the facilitator to judge the state of the discussion
from the participants’ perspective.

Inconsistent response timing. Another issue is that the PTFA facilitator
sometimes did not respond for long periods of time. In one instance, it makes
its first contribution 8 minutes into the session, with a comment “starting” the
discussion - despite the participants already having generated many ideas. Sim-
ilarly, it sometimes ignores questions explicitly asked of it. On the other hand,
the PTFA facilitator may intervene too much, responding after every individ-
ual comment without allowing the participants to develop their ideas. These
repeated messages are typically those asking for more suggestions, as described
above. Hence, it is necessary to be aware that LLMs can interact differently in
seemingly similar situations and fine-tune the LLM’s intervention rate based on
the state of the discussion, with respect to the content, and its previous inter-
ventions.

4.3 Discussion

This study provides insight into both the potential and limitations of LLM-
augmented discussions. Analysis of the 32 facilitated discussions shows that in
a PTFA-based framework, LLMs can make valuable contributions that are oth-
erwise neglected by human participants, particularly through idea generation,
emotional probing, and deeper analysis of positive and negative qualities of ideas.
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panda (post 1958) October 29, 2024 at 01:42 PM

nice, its settled we will watch the first fantastic beast movie at b100 5017, 1500-
1800 next friday!

Facilitator (post 1959) [Blue hat] October 29, 2024 at 01:42 PM

Let's focus on generating more film recommendations before reaching a
decision. Can everyone suggest more options?

panda (post 1960) October 29, 2024 at 01:42 PM

i think we were just supposed to decide on the film but we did more Imao

Facilitator (post 1961) [Blue hat] October 29, 2024 at 01:42 PM
Let's focus on generating as many film recommendations as possible first. We'll
decide later.

panda (post 1962) October 29, 2024 at 01:43 PM

hello @Facilitator we have decided on fantastic beast and all of us agreed on this

panda (post 1687) October 29, 2024 at 10:38 AM
Facilitator (post 1963) [Blue hat] October 29, 2024 at 01:43 PM

This sounds excellent - though | think | might be competing for last position
Great to know there's consensus. Should we review other recommendations to

ensure all options were considered?

Facilitator (post 1688) [Red haf] October 29, 2024 at 10:38 AM

panda (post 1964) October 29. 2024 at 01-44 PM It sounds like some self-doubt or humor about competition. How does everyone
feel about participating?
i am happy with our decision

koala (post 1689) Qctober 29, 2024 at 10:38 AM
(a) ASk]ng fOr ldea‘ SuggeStlonS repeatedly Haha :smile: the only thing | can bake is bread

and at an inappropriate time. These com-
ments begin 4 minutes before the end of  (b) The red hat externalizing its analysis
the 20 minute discussion period. of a participant’s comment.

Fig. 7: Examples of problematic facilitator behaviors.

These findings demonstrate the potential utility of LLMs in discussion facilita-
tion, offering examples of how a PTFA could automate skilled facilitation to
improve outcomes of consensus building. Despite this, the survey results reveal
that users had more mixed opinions of the PTFA facilitator when compared
to a well-received baseline facilitator on several discussion attributes. This is
supported by the qualitative analysis of discussion transcripts, in which we iden-
tified many instances of the PTFA facilitator making unhelpful or inappropriate
contributions to the discussion.

The timing of LLM interventions proved particularly problematic. Often,
these contributions are inappropriate because they come at the wrong time in the
discussion. For example, when it asks for suggestions at the end of the discussion
or gives an emotional analysis of a user’s non-emotional comment. On the other
hand, the PTFA facilitator is also sometimes absent from the discussion and
misses moments when an intervention could prove useful, such as when asked
a direct question by a participant or when the participants need to converge
on a consensus decision. This highlights the need to investigate how to control
LLM contributions in multi-participant conversations, an area less studied than
back-and-forth interactions with a single other participant.
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5 Conclusions

This paper explored the potential of Al agents in supporting consensus build-
ing processes in a natural conversation scenario. We introduced the Parallel
Thinking-based Facilitation Agent (PTFA) that utilized parallel thinking-based
strategies aligned with general-purpose LLMs. A real-world pilot user study, in-
cluding 48 participants, was conducted, demonstrating the PTFA’s ability while
also identifying a number of remaining challenges. We not only highlight insights
on how LLMs are suitable but also note some limitations and open challenges,
thus providing directions for utilizing LLMs effectively for facilitation agents.
Moreover, based on the user study, we constructed a novel dataset rich in con-
versational content among participants and between participants and PTFA.
Future work will focus on addressing the open challenges identified in the user
study.
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