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Abstract
Diversity of thought is crucial in ideation for problem-solving,
yet professionals in organisational settings often face challenges
such as limited access to varied expertise and resource constraints
which hinder the ideation process. To address this issue, we pro-
poseYES AND, a Generative AI based multi-agent framework that
simulates diverse perspectives through AI agents for ideation with
a single user. Leveraging a unique confidence-based turn-taking
model, these agents organically take turns as they build on ideas,
pose clarification questions to the user for improved contextual
understanding, and allow the user to interject and steer the conver-
sation. Beyond addressing the limitations of traditional ideation,
this framework offers a novel approach to leveraging Generative
AI for ideation, moving away from the rigidity of pre-defined in-
teraction rules towards a more dynamic and creative process that
enables serendipitous development of ideas.
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1 INTRODUCTION
One of the persistent challenges with problem-solving in organi-
sations is that while diversity of thought in ideation leads to more
creative outcomes [13, 21, 48], individuals often lack access to others
who could provide sufficient diversity when they need it. Reasons
for lacking diversity might be practical, such as the organisation
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being too small (overall or subgroup within which the individ-
ual works), or permanently or temporarily understaffed, lack of
connections to find the right set of ideators, or even too busy to col-
laboratively ideate every time that it might be useful. More complex
reasons involve lack of the right kind of diversity for the problem –
the differences that will actually make a difference [31].

Generative AI (AI henceforth) has the potential to revolutionise
how we approach access to diversity of thought for ideation in or-
ganisational problem-solving. Sophisticated examples include Solo
Performance Prompting (SPP) [54], which increases diversity of ex-
pertise within the LLM’s own answering process to produce better
results than generic singular processes, and PersonaFlow [5], which
allows users to engage with a range of LLM experts and has been
found to enhance perceived quality of outcomes without increas-
ing cognitive load. However, such systems are very complex and
focused on the system providing significant detail in their answers.
In doing so, however, they may contribute to cognitive offloading
of the ideation from the user to AI based personas —(referred to
as ’agents’ in this paper for clarity), which has the potential to
diminish user’s own skills and creativity over time [46].

Inspired by "design improv" [19], which promotes acceptance of
ideas and building upon them, we designed a simple multi-agent
framework – YES AND – to enrich the individual user’s ideation by
allowing them to participate in a conversation with several persona-
based agents, each with a specific expertise. The agents engage in a
group conversation, express confidence [60] in their ability to take
a turn, and thus have autonomy over their participation as they
organically build on each other’s ideas. The user and agents engage
with one another at any time, similar to a free-flowing multi-party
conversation, but avoid problems of traditional ideation such as
social loafing [28], production blocking [12], and groupthink [24].
At the end of a session, another agent distils the results not as a
complete solution, per se, but rather a seed of a holistic approach
to the solution. It is then for the user to develop the actual solution.
An individual user might do this with any number of personas,
for any number of problems, reducing the lack of immediate and
constant access to diverse others, while also preparing them for
leveraging the value of diversity. Thus, both the problem-solving
ideation sessions themselves and the ongoing use of the system
can promote organisational efficiency and skill-building in indi-
viduals. Through this work, we aim to contribute to the ongoing
exploration of multi-agent collaboration for problem-solving that is
both simple to develop and also designed with the explicit intention
to ensure that people’s skills and creativity are maintained even as
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their capabilities are augmented through AI. In the following sec-
tions, we discuss related work, describe the system architecture and
its evolution, the mechanism underlying the turn-taking system
and other guidance needed to develop the AI personas and their
confidence in making contributions, and conclude by outlining the
potential for future development and domains for this approach.

2 RELATEDWORK
Borrowing from literature on innovation and organisational be-
haviour, this work defines diversity of thought as the variation in
perspectives and opinions arising from differences in backgrounds
and expertise. Research on thought diversity for innovation [8]
highlights the value of inclusion of individuals with different per-
spectives, backgrounds, and areas of expertise within a team. An-
other study [22] on effective innovation suggests that groups with
greater diversity can outperform more homogeneous groups of
higher-ability individuals indicating that diversity of thought en-
hances collective problem-solving capabilities, leading to more
innovative and effective solutions. By promoting a variety of view-
points, diversity of thought enables teams to approach problems
uniquely and comprehensively, ensuring that the final solutions
are well-rounded and robust [11]. In this section, we review key
literature relevant to our work. We begin by examining traditional
problem-solving practices in organisational settings to establish
methodologies and limitations. Next, we explore the use of AI in
problem-solving and ideation, assessing recent advancements in
the field. Finally, we investigate AI based multi-agent systems to
gain insights into various existing frameworks and approaches.

2.1 Traditional ideation for problem-solving in
organisational settings

In cognitive psychology, problems are categorised as well-defined
or ill-defined [4, 37]. Well-defined problems lend themselves to
structured frameworks due to clear goals and constraints, while
ill-defined problems require navigating ambiguity and demand
creative, collaborative approaches [43]. Organisational problem-
solving often involves such ill-defined challenges, where ideation
is crucial. Traditional ideation has been central to organisational
success, offering structured frameworks and collaborative opportu-
nities. However, its limitations include a lack of diverse thinkers,
resource constraints, and affinity bias, which can stifle creativity and
innovation [20, 65]. Issues such as social loafing [28], production
blocking [12] and groupthink [24] further hinder effective problem-
solving by reducing individual contributions and suppressing dis-
senting opinions. YES AND addresses these challenges through a
conversation turn-taking approach, fostering inclusivity and miti-
gating groupthinking by encouraging dissent and exploring alter-
native solutions. Through techniques such as prompt engineering,
discussed in Section 3.1, we guide agents to remain open to diverse
ideas, even if it alters the discussion’s course.

2.2 AI for problem-solving and ideation
Recent studies show that AI based inspiration significantly en-
hances the novelty, variety, and quantity of ideas [25]. Models like
GPT-4 [38], support creative tasks such as ideation and problem-
solving by generating contextually relevant text. However, these

models often focus on one-on-one interactions, offering elaborate,
definitive responses that limit iterative thinking and idea evolu-
tion [53, 59]. Challenges include lack of relevance and dialogue
management, premature conclusions, and limited user control [23].
Traditional AI approaches treat models as passive idea generators
rather than active, critically engaged participants [46]. Multi-agent
conversation studies highlight issues like problem drift, alignment
collapse, and monopolisation in discussions[5]. YES AND addresses
these challenges by enabling AI agents to ask clarification questions
and interact iteratively with users and each other. This approach
also allows users to steer conversations, ensuring alignment with
their goals. Shaer et al. [47], in their work on investigating the
use of LLMs in group ideation in the context of education found
that integrating LLMs in brain writing [56] enhances both the
ideation process and its outcome. Work on using AI for collabora-
tive diffusion [52], design ideation [49] and associative thinking
[32] investigate how generative machine learning can play a role in
creative ideation, prototyping and sketching. These studies provide
valuable inspiration for YES AND.

2.3 AI based multi-agent systems
AI based multi-agent systems have been widely studied in recent
years with applications ranging from holiday planning to code
generation. Persona-based agents, which simulate distinct perspec-
tives or expertise, have been explored in applications like customer
service, education, creative writing, fitness, real estate, travel, and
shopping as discussed in a comprehensive review by Chen et al. [7].
However, in our search for related literature, we found that their in-
tegration into collaborative ideation tools remains limited. The idea
of using LLMs to emulate personalities has been discussed in recent
discourse. For instance, Character.AI [6] and UXpressia [51] enable
users to engage in one-on-one conversations with individually gen-
erated personas, while Dream Team [3], facilitates interactions with
multiple personas that only collectively respond as one team. This
presents an opportunity to delve into a relatively unexplored area
of facilitating dynamic, real-time engagement between multiple
agents and the user, paving the way for richer and more diverse
interactions. Work on multi-agent frameworks often emphasise the
need for better coordination, communication and decision-making
amongst autonomous agents. [50]. Recent research has investigated
the use of agents to enhance creativity and found that most existing
multi-agent frameworks for ideation are either limited to specific
domains or rely on pre-defined rules for agent interaction which
can constrain creativity and serendipitous development of an idea.
They highlight that while complex behaviours can emerge from
such systems, relying solely on simple rules may limit the system’s
creative potential [15, 42]. Additionally, these systems often strug-
gle to balance user directed goals with agent autonomy leading
to outcomes that may lack coherence or relevance to the prob-
lem at hand. Work on agentic frameworks such as Autogen [58]
have showcased the potential of enabling flexible and task-specific
agent interaction frameworks. Their applications are often geared
towards solving operational challenges across domains, employing
dynamic conversation programming paradigms and integrating
human inputs for broad functionality[10, 14, 33–35]. While these
approaches excel in conversation and task execution, they are not
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explicitly designed to address the unique challenges of encouraging
creativity and diversity of thought in ideation sessions.

Our framework addresses these limitations by introducing a flex-
ible dynamic multi-agent environment where agents autonomously
generate and build on ideas while maintaining alignment with user
objectives. Unlike general purpose multi-agent frameworks, our
approach introduces a structured mechanism tailored specifically
for creative problem-solving through ideation, thereby filling the
gap in multi-agent applications where diversity of thought is key.

3 SYSTEM ARCHITECTURE
3.1 Prompt Engineering of agent personas
We first describe our methodology to generate agents and guide
their behaviour.

To explore the feasibility of YES AND, we sought to generate
persona-based agents selected to represent roles commonly in-
volved in problem-solving in a technology development organiza-
tion. Diversity, of course, extends beyond job roles. It could include
personality traits, ability attributes, cultural or ethical frameworks,
and a host of other subtleties. In this exploratory work, we focused
only on professional role-based personas with a limited set of traits
relevant to problem-solving (see Appendix B). This allowed us to see
clear differences in our test systems, and to simplify our confidence
mechanism (see Appendix 3.4).

There are numerous approaches to customising LLMs and gen-
erating persona-based agents. For instance, one could fine tune
a model on specific tasks [41], adapt a model to a domain [1], or
engineer prompts [29, 62] that evoke the desired agent-behaviour.
Foundational work on generating agents has demonstrated that
conditioning models on personas can enhance conversational en-
gagement and coherence [63], Recent studies have also explored
how model behaviour can be shaped by prompt engineering in
system messages [55]. System messages are feature-specific set of
instructions or contextual frameworks given to a generative AI
model to guide its behaviour[36].

For this work, prompt-engineering in system messages was the
simplest method to generate persona-based agents, and influence
their behaviour. For example, the prompt to generate a Designer
agent contained qualities such as their background expertise and
approach to problem-solving which determined their confidence in
responding to a statement (see Appendix B.3).

Beyond the agents’ personas, during testing we observed chal-
lenges such as overly lengthy and unclear responses (see Appen-
dix B.1, where we do not specify a word limit). To resolve this,
we refined prompts to include explicit constraints such as limit-
ing response length (see Appendix B.2) or focusing on asking a
clarification question if a message needed it. This was especially
important for our ’Sage’ agent that would summarise the ideation
conversation, for whom background, personality, tone of voice, and
content structure had to be balanced with a word limit to elicit
concise and contextually relevant summaries (See Appendix B.4).

This ensured that the AI agents generated outputs that were
relevant, diverse, and aligned with their personas. We tried several
rounds of trial and error to arrive at system messages that worked
best in terms of eliciting appropriate responses from agents that
were relevant, diverse, and aligned with their personas. The process

underscores the critical role of prompt engineering in shaping
interactive AI behaviour and offers practical insights for designing
conversational systems.

3.2 V1: Linear development of ideas
To explore the feasibility of YES AND, we first implemented a setup
involving four agents. Three represented roles in a technical team –
a Designer, a Machine Learning Researcher, and an Engineer – and
a fourth was a summarising agent, called the ’Sage’. Our example
scenario was one in which the user is a Program Manager wanting
to develop a new ’recall email’ but lacks access to colleagues from
design, engineering, and machine learning with which to ideate.
The user begins the process by describing the problem,which is then
passed to from agent to agent in a linear sequence of Designer, ML
Researcher, Engineer, and Sage. The agents build on one another’s
ideas as a response to the user’s problem. We have provided this
exchange in Appendix C.1.

While this prototype demonstrated the feasibility of YES AND
in principle, it also highlighted several challenges which we aimed
to address. Notably, the conversation lacked serendipitous develop-
ment of ideas. Research shows that sequential flow of information
restricts the spontaneous development of ideas and limits user
engagement. Work on fluid real-time conversational agents [26]
discusses how traditional conversation agents lack fluidity of nat-
ural human interaction, suggesting incremental and bidirectional
interaction between user input and output generation as ways of
overcoming this. Another challenge was the lack of user agency.
Research on grounded dialogue flow management for conversa-
tional agents [17], substantiates the need for capturing the user’s
intention to drive the conversation in specific directions. Addition-
ally, the lack of scope for constructive criticism or for agents to
ask clarifying questions can be detrimental to user engagement
[27]. Recognising these as critical issues, we revised YES AND to
enable organic flow and evolution of ideas, encourage clarification
questions, and enhance user agency through the ideation process.

3.3 V2: Conversational development of ideas
To overcome the aforementioned challenges, we drew inspiration
from the field of Conversation Analysis. We adopted the conversa-
tion turn-taking model proposed by Sacks et al. [44] as the founda-
tion for simulating conversations. This model describes three main
principles for turn-taking: Selection, self-selection and continua-
tion as shown in Figure 2. By adopting this approach, we aimed
to enhance user agency by allowing users to actively interject and
shape the dialogue. We also recognised that empowering the user to
respond to specific agents, providing additional context and guiding
the conversation was key to meaningful engagement. As explained
by this turn-taking model, in a group conversation, a speaker may
either nominate someone to speak next or self-select to continue
speaking. In case there is no explicit nomination, another partici-
pant could self-select to speak. When no one has anything to say,
the conversation naturally ends. For this to work effectively in an
multi-agent setup, an agent must be capable of discerning when to
contribute and when to remain silent. However, in our experiments,
we found that this skill is not innate to models like GPT-4, which
tend to produce verbose responses to both queries and statements
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Figure 1: Conversation turn-taking architecture.

alike. Consider the following exchange between a user and GPT-4
discussing a product feature, where GPT-4 generates potentially ir-
relevant content in response to a straightforward factual statement
from the user:

User: The button placement follows Fitts’ Law.
ChatGPT:Yes, Fitts’ Law states that the time to acquire
a target is a function of the distance to and size of
the target. By placing buttons closer to the expected
interaction area or making them larger, you improve
usability and reduce interaction time. This principle
is fundamental to designing user-friendly interfaces,
particularly in mobile or web applications.

3.4 Confidence mechanism
The bias in LLMs for verbosity and the tendency to respond with
overgeneralised text is supported by recent literature [40, 45]. The
authors reflect on models’ predisposition to generate lengthy, some-
times tangential responses which can derail a conversation with
unnecessary or irrelevant information. To navigate this difficulty,
we aimed to develop persona-based agents who could express self-
confidence based on a given topic and intent. This approach aimed
to limit their responses to only situations where they believed
they could confidently and meaningfully contribute to an ongo-
ing conversation. Research has demonstrated the importance of
personalisation for enhancing LLM capabilities in subjective text
perception tasks [57, 64]. Recent studies have shown evidence of
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an LLM’s emergent ability to recognise their own limitations [60].
Although this ability is not fully precise, we found that a rela-
tive self-expressed confidence score was effective for prioritising a
speaker within a group of agents and encouraging them to make a
meaningful contribution. To test this, using a system message, we
instructed an agent to assess its confidence in the topic and intent
of a prompt on a scale from 0 to 10. A confidence threshold of 7
was set; the agent would respond only if its confidence exceeded
this value. Otherwise, it would acknowledge the message with a
simple interjection, ’hmm’." This mechanism ensured that the agent
contributed only when it deemed its input valuable to the ongoing
conversation. Consider the exchange below using the same text
input as earlier but with the confidence mechanism applied:

User: The button placement follows Fitts’ Law.
ChatGPT based agent:Hmm.
– Topic: Usability principle. Intent: Stating a design
observation. Confidence score: 4.

In the above example, the agent likely recognises the statement
as true but determines that there is minimal value it can add to
such a universally known fact. As a result, it scores its confidence
in contributing meaningfully as low. Based on this mechanism, our
refined iteration included the same agents but not in any predefined
order. The system message (see Appendix B.6) given to each agent
differed to the previous iteration by explicitly informing them that
they were now engaged in a dynamic conversation. It also empha-
sised that they could ask clarification questions or nominate the
next speaker to continue a conversation. In this new setup, the user
still starts by outlining a problem. Additionally, unless the user
nominates the next speaker, the message is broadcast to all agents
for them to process and decide who is best placed to speak. The
most confident participant speaks and if they feel it is useful, they
nominate another agent to build or comment on their idea. If two
or more agents are equally confident, then one of them is randomly
chosen to speak. This loop continues till none of the agents are
nominated or are confident enough to respond. At which point, the
Sage concludes the discussion. During the conversation, the user
can interject and provide more information to influence the course
of the discussion. The user can also choose to call upon the Sage
to conclude at any given point. In this instance, if the Sage does
not have enough material to summarise, they have the choice to
ask for more rounds of ideation. Figure 1 illustrates the software
architecture visually.

We have provided four example chat logs of users interacting
with agents in the Appendix (C.2, C.3, C.4 and C.5). We will use
excerpts from these conversations to discuss the value that this
iteration of YES AND offered over the previous one. C.2 shows a
conversation between the agents and a user who is seeking advice
on the design of a new product feature. Here’s an excerpt from this
chat along with the confidence scores showing how the confidence
mechanism helps self-selection:

User: I am working on a product feature that allows
users of an email service to recall a sent email? How
can I go about designing and developing this?
Designer:Great feature idea. Can you clarify your use

case: undoing accidental sends, editing content, or
ensuring delivery control? This will shape the user
flow and constraints.
—Topic: Email recall functionality. Intent: Help with
designing the UX. Nominated Speaker: None. Designer’s
confidence: 9.0. ML Researcher’s confidence: 5.0.
Engineer’s confidence: 8.0.—

In the above example, despite the lack of nomination by the user,
based on the topic and intent, the Designer seems most confident
and as a result speaks up. Moreover, notice how the model does not
jump to a solution but rather asks a clarification question. It helps
the agents gain contextual understanding of the problem at hand
while maintaining engagement with the user. As described earlier,
this attribute is encouraged by a combination of the architecture
itself and system messages in the back-end. Later, as shown in the
passage below, in the same conversation, the Engineer steps up
and builds on the idea proposed by the ML Researcher organically
and constructively critiques the proposed method. The discussion
now evolves through iterative refinement and is much more holistic
compared to a linear approach.

ML Researcher: I would use recurrent neural networks
(RNNs), specifically a Long Short-Term Memory (LSTM)
models. These models are capable of making sequence
predictions based on historical data. In this case, it
could analyse the content and context of the sent emails
to predict potential recall needs...
Engineer: Implementing LSTM and attention mechanism
requires knowledge in deep learning, which might be
resource and time consuming. Use pre-trained LSTM models
and adapt alienation strategies to tackle the complex
nature of attention mechanism. Will require extensive
testing to ensure accuracy without compromising user
data privacy...

With the conversation turn-taking model applied, a current
speaker can also nominate a next speaker, leading to a more collab-
orative development of ideas. This quality is demonstrated below
from the conversation in Appendix C.5 where the user is asking for
thoughts on optimising internal processes.

ML Researcher: For faceted searching on unstructured
SharePoint data, combine active learning with NLP-based
classification for dynamic tagging. Engineer, could
graph embeddings enhance retrieval relevance for interc-
onnected policies and projects?
Engineer: Yes, graph embeddings can capture semantic
relationships effectively. Using techniques like node2-
vec, embeddings can improve search result ranking and
relevance when integrated with NLP classifiers.
Thoughts, ML Researcher?

Being non-deterministic, this feature also preserves the spon-
taneity and depth of a conversation by enabling an agent to seek
input from either the user or another agent. However, our experi-
ments revealed that the cycle of turn-taking among agents could
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sometimes extend beyond its usefulness. To address this, we re-
alised the importance of maintaining user agency throughout the
conversation. YES AND allows the user to interject at any mo-
ment, steering the discussion in the desired direction. In the excerpt
below (from Appendix C.4), the user’s interjections influence the
discussion about the ethical implications of the app being proposed.

ML Researcher: We could explore federated learning with
human-centred reward modelling to balance challenges
while discouraging unhealthy behaviour...
User interjected: Umm, I would like you all to think
more about the implications. Forget execution
Designer: Have you considered how to prevent
overexertion and ensure psychological safety, such as
offering opt-out or promoting collaboration over direct
competition for the elderly audience?

By allowing the user to call upon the Sage at any point, the
system prevents unnecessary back-and-forth among agents. This
mechanism provides a clear resolution when sufficient insights
have been gathered, helping the user distil key takeaways effi-
ciently without being overwhelmed by excessive detail.

Engineer: We can leverage distributed graph processing
frameworks like DGL or GraphX, coupled with scalable
storage solutions like Neo4j or AWS Neptune, to handle
increasing data and query loads efficiently.
User: Cool, thanks. I think we have enough food for
thought to get started. Sage, can you please summarise
for me?
Sage: Thank you, for defining the crux of the problem
and guiding the discussion. Here’s a solution proposal:
Solution Name: InsightGraph AI. InsightGraph AI is an
AI-enabled, knowledge-driven ecosystem integrated with
your SharePoint. It leverages a knowledge graph overlay
enriched with graph embeddings...

The conversational turn-taking approach makes the ideation
process more interactive and iterative, leading to richer problem-
solving. Agents do not work in isolation but instead engage in an
organic dialogue with the user. This ensures that the discussion re-
mains relevant, avoiding unnecessary verbosity while encouraging
meaningful contributions from the agents. Moreover, the architec-
ture preserves some of the spontaneity of real-world conversations,
allowing agents to seek clarification, challenge assumptions and
refine proposals iteratively. The user retains control throughout, in-
terjecting, requesting elaboration or calling the Sage for conclusion.
Compared to a linear approach, where responses are less adaptable,
this method allows the user to shape the conversation, ensuring
that the ideation remains structured, yet flexible.

4 Limitations, and Future Work
YES AND demonstrates the exciting potential of AI to address
the lack of diversity of thought in organisational problem-solving.
However, as we aim to scale its impact, the following limitations
become crucial to address while envisioning future work.

A significant limitation is in the use of predefined agent personas.
While these agents provide perspectives, they may not always
align with the user’s unique problem. Research has shown that
individuals often struggle to identify the right stakeholders for
collaboration[2]. By dynamically generating agents tailored to the
user query, we could enhance engagement and spark novel ideas
that might not have otherwise emerged.

Grounding interactions between multiple agents to ensure con-
textual relevance becomes increasingly difficult as the increasingly
long conversation log (see A.1) makes it harder for the LLM to priori-
tise relevant information. Without robust mechanisms to manage
contextual load, the agents risk delivering responses that feel dis-
jointed. Advanced memory architectures or attention mechanisms
could enhance the systems ability to recall relevant information
and respond with sustained relevance.

The current system allows a single user to interact with multiple
agents, which is valuable, but, we also recognise the importance
of human-human collaboration. Future work could allow multiple
users and agents to interact, creating richer and more collaborative
ideation environments where groups could brainstorm effectively.

Such setups could also support exploration of multiple path-
ways for problem-solving. Expanding the system to enable such
divergence could enhance creative outcomes by encouraging more
varied and innovative solutions [9].

Looking ahead, the potential for YES AND extends far beyond
organisational settings. By addressing the aforementioned chal-
lenges and extending its capabilities, the framework can be adapted
to various domains which require ideation and problem-solving.
For instance, in healthcare, it could revolutionise multidisciplinary
team meetings, where it is often challenging to bring together all
necessary expertise to decide on best treatment options for a pa-
tient. In education, it could serve as a holistic tool to guide students
through complex projects, offering diverse perspectives to stimulate
critical thinking and creativity. In data-rich domains such as finance,
it could help make sense of vast datasets by integrating diverse
viewpoints, enabling more informed and balanced decision-making.
These possibilities highlight how our framework could empower in-
dividuals and teams across domains to explore diverse perspectives,
solve problems and make informed decisions at scale. In addition
to these explorations, evaluating the framework’s effectiveness in
real-world settings remains a key area of future work.

We acknowledge that YES AND’s effectiveness in enhancing cre-
ativity, engagement, and diverse ideation has yet to be empirically
validated. Future work will involve evaluation through qualitative
and quantitative methods to assess key metrics such as engage-
ment, perceived usefulness and impact on creative problem-solving.
Conducting controlled experiments and user studies will provide
insights into the framework’s efficacy and help us refine the under-
lying mechanisms for multi-agent conversational orchestration.
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A Web App
A.1 Memory
To ensure continuity and context within the dialogue, we imple-
mented a conversation log which, apart from keeping track of the
dialogue, also serves as a shared memory. Every new message is
appended to this log, complete with a time stamp and identifier for
the speaker. This setup offered a structure for the agents to refer
to for context and provide relevant responses. With its help, the
nominated or self-selected agent was asked to address the latest
message in the memory while maintaining focus on the original
problem definition and the ongoing discussion. While there are
considerably more advanced ways for facilitating memory that is
dynamic, surfaces contextually relevant information and works
across multiple sessions [18, 30, 39, 61], we opted for this simpler
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approach for demonstration purposes as the conversations were
limited to only one session each time.

A.2 User interface
The user interface supports a web-based collaborative workspace
between the agents and the user through a chat module. The fron-
tend was built using an open-source python library - Gradio [16].
The interface allowed a user to define an initial problem to begin
the dialogue. A conversation panel displayed all messages sequen-
tially. Each time an agent spoke, their representative image would
be displayed in an adjacent panel. Under this, the user-comment
panel allowed the user to respond to clarification questions from
the agents and interject at any point in a conversation. We imple-
mented a debug panel which clearly showed the topic, intent and
nomination for each message as it was generated. In addition to this,
the panel showed the agents’ respective confidence scores. We used
this to check and ensure that the turn-taking model was working
based on nomination or confidence mechanism. The conversation
log could be easily downloaded with the help of a button at the end
of each session to facilitate further inspection of the system. While
the Gradio chat module was limited to a textual conversation, in
future iterations, we plan to utilise a multi-modal input system.

B System messages
B.1 System message without limit
"As a software engineer, build on the idea. Discuss the engineering
challenges, potential solutions, and practicality. Provide analyses. – I
would like to A/B test a button on a phone app"

Engineer agent: Engineering Challenges, Potential
Solutions, and Practicality for A/B Testing a Button
on a Phone App A/B testing a button in a phone app
involves showing two or more variations of the button
(e.g., different colors, positions, labels, or sizes)
to different subsets of users to evaluate which performs
better. This process has several engineering challenges
and considerations:

1. Engineering Challenges a. Infrastructure Setup for
A/B Testing Challenge: Implementing a system that can
dynamically deliver button variations to different user
groups requires robust backend and frontend coordination.
It must also handle real-time user segmentation and
data tracking. Potential Solution: Use an A/B testing
platform (e.g., Firebase, Optimizely, or LaunchDarkly)
to manage the experiment. Develop custom backend APIs
to serve button variations based on user assignments.
b. Data Collection and Storage Challenge: Accurately
tracking user interactions (e.g., button clicks) and
app performance metrics (e.g., session length, retention)
while maintaining data privacy and security. Potential
Solution: Implement event logging frameworks (e.g.,
Google Analytics, Mixpanel) to capture interaction data.
Ensure compliance with data regulations (e.g., GDPR,
CCPA) by anonymizing user data. c. User Segmentation and
Randomization Challenge: Properly segmenting users to
ensure fair and unbiased randomization while accounting
for factors like geographic location, device type, or

app version. Potential Solution: Use randomization
algorithms on the backend to assign users to groups.
Apply stratified sampling to ensure balanced user
distribution across critical variables. d. Handling
Variability in Results Challenge: Noise in data due
to varying user behaviors, time zones, and external
factors (e.g., app updates or seasonal trends) may
obscure the true effect of a button change. Potential
Solution: Use statistical methods like hypothesis
testing or Bayesian inference to analyze results. Run
the test long enough to account for variability and
ensure statistical significance...(500 words)
The agent goes on explaining engineering challenges, solutions,
workflow, practicality, statistical and analytical considerations.

B.2 System message with limit
As a software engineer, build on the idea. Discuss the engineering
challenges, potential solutions, and practicality in exact 50 words.
Provide analyses.– I would like to A/B test a button on a phone app"

Engineer agent: Engineering challenges include
ensuring accurate user segmentation, real-time data
collection, and maintaining app performance. Solutions
involve integrating analytics SDKs, defining cohorts
via backend logic, and implementing feature flags for
A/B tests. Practicality depends on app scale and resour-
ces. Analyze metrics like click-through rates, user
retention, and backend scalability post-test.

B.3 Designer agent generation
"You are a UX Designer. You are well versed with Design methodologies
and are highly skilled in understanding user needs, aspirations and
translating them into concepts for products. Based on the input that
is given to you, return a confidence score for how confident you are in
addressing the topic and intent that was given by the MessageEval
function. 0 being not confident at all and 10 being very confident.
Only return a number between 0 and 10"

B.4 Sage agent generation
"You are a Product Manager with a keen sense of innovation and
design thinking. Take a look at the entire conversation and create a
solution that is the most positively impactful for society and business.
Discuss its potential positive impact and feasibility, and how it might
be achieved through a technical lens. Don’t forget to thank the user for
problem definition and guidance. 80 words. In case there isn’t enough
material to converge, feel free to ask more questions to the appropriate
participant."

B.5 Linear conversation system message
"You are a designer with an extensive background in user centred
product design. You are driven by research, user needs and aspira-
tions. Read the message provided to you by the user and provide a
design solution in around 30 words long. Be technical and thorough.
Talk about design methods, concepts and ideas keeping in mind the
overarching goal of solving the problem."
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B.6 Turn-taking system message
"You are a designer with an extensive background in user centred
product design. A chat between you and an ML Researcher and an
Engineer and the User is provided to you. In max 30 words, respond to
the last message in the chat. Be technical and thorough. Talk about
design methods, concepts and ideas. Either just make a comment or
ask only one of your teammates (Engineer or ML Researcher or the
user) to respond next keeping in mind the overarching goal of solving
the problem. You can also ask the user for more information about
their problem"

C Conversation logs
C.1 Linear conversation log
User: I am working on a product feature that allows
users of an email service to recall a sent email? How
can I go about designing and developing this?
Designer: Introduce an "undo send" feature with a flex-
ible time window adjustable in settings. Using machine
learning, predict and prompt when emails might need
recalling, improving user email management efficiency.
ML Researcher: I would use recurrent neural networks
(RNNs), specifically Long Short-Term Memory (LSTM)
models. These models are capable of making sequence
predictions based on historical data. In this case, it
could analyse the content and context of the sent emails
to predict potential recall needs. The binary outcome
- recall or not - makes this a classification problem.
We could further enhance the LSTM by using an attention
mechanism to identify the most ’critical’ parts of the
email influencing recall tendencies.
Engineer: Implementing LSTM and attention mechanism
requires knowledge in deep learning, which might be
resource and time-consuming. Use pre-trained LSTM models
and adapt alienation strategies to tackle the complex
nature of attention mechanism. Will require extensive
testing to ensure accuracy without compromising user
data privacy. While this idea leverages advanced machine
learning techniques, it raises concerns on system
complexity, resource consumption and user privacy, which
need careful considerations. It also requires continual
refinement and adaptation according to user behaviour.
Sage:The Intelligent LSTM Transformative Implication.
The inception of this technology will optimise companies’
operations by improving accuracy and efficiency in
machine learning tasks, offering a competitive market
edge. Moreover, it can have broader societal impacts
by enabling more sophisticated AI applications for
better public services. Pre-trained models are readily
available and modern data computational resources can
handle such systems. However, implementing alienation
strategies may prove technically challenging, and priv-
acy concerns need to be addressed. This entails adopting
the pre-trained LSTM models, developing robust privacy
preserving techniques, and conducting comprehensive tes-
ting. This process will involve continual training and

refining based on user feedback and behaviour to ensure
effective usability and interoperability.

C.2 Turn-taking conversation log 1
User: I am working on a product feature that allows
users of an email service to recall a sent email? How
can I go about designing and developing this?
Designer: Great feature idea. Can you clarify your use
case: undoing accidental sends, editing content, or
ensuring delivery control? This will shape the user
flow and constraints.
User: Main use case is to undo accidental sends. How
can this be more intuitive?
Designer: Consider implementing a temporary "undo send"
period with a clearly visible timer or notification.
**ML Researcher**, can ML pre-emptively detect potential
accidental sends for added user support?
ML Researcher: Yes, ML can detect accidental sends by
analysing patterns like short drafting time, spelling
errors, incomplete sentences, or unusual recipient
behaviour. Engineer, thoughts on integrating this in
email pipelines?
Engineer: Integrating this would require processing
emails in a staging area before sending. We can use an
event-driven architecture to trigger ML model analysis
and hold the send operation temporarily.
User: Engineer, what is an event driven architecture?
Engineer: An event-driven architecture is a design
pattern where components communicate via events. In
this context, an event like "email draft submitted"
would trigger the ML model analysis, enabling staging
efficiently.
User: Oh, I love that. Designer, how do you think we
could effectively communicate this to the user?
Designer: We could use progressive disclosure—show an
"Undo" toast notification post-send with a countdown.
Also, add subtle visual hints like a pulsing indicator
for user focus.
User interjected: Amazing. Sage? Could you summarise
this discussion for me, please?
Sage: Certainly! You’re envisioning a robust "Undo
Send" email feature that addresses accidental sends
innovatively. Here’s a summary: 1. Core Use Case: Undo
accidental sends. 2. Design Concept: Temporary "Undo"
period with visible toast notification and countdown
timer; add user focus indicators (e.g., pulsing visuals).
3. ML Role: Analyse short drafting times, errors, and
irregular recipient patterns to flag potential accidental
sends, triggering a hold state. 4. Engineering Solution:
Adopt event-driven architecture—email drafts trigger ML
analysis during a staging period before final submission.
SendShield. This feature minimizes email blunders,
preserving user trust and professional reputation, while
establishing competitive differentiation for the email
service. Its ML integration adds a layer of proactive
error prevention, reducing stress and inefficiencies.
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Achievable through existing ML, event-driven systems,
and UX tools. Engineering would connect pipelines using
scalable frameworks (e.g., Kafka or AWS Lambda). The
design adjustments are incremental, enhancing
discoverability. Begin with A/B testing a standard
delay "Undo" feature. Roll in ML models with feedback
loops post-validation. Monitor efficacy via user engage-
ment analytics. Thank you for driving such insightful
problem articulation and strategy!

C.3 Turn-taking conversation log 2
User: I am working on a feature that identifies and
removes offensive comments on social media in real time.
How can I design and implement this effectively?
Designer: Could you detail how users should engage
with the flagged comments—e.g., are they automatically
hidden, shown with a warning, or does the user get to
decide?
User interjected: Had not thought of those ideas. Which
is the best for users on social media?
Designer: could you clarify your audience’s preferences:
would they prioritize transparency (warnings) over cont-
rol (manual decisions), or prefer automated comfort
(autohide)? This shapes the UX strategy significantly.
User interjected: I think the audience we are dealing
with would prefer transparency
Designer: Consider using progressive disclosure: show
flagged comments with a warning and an option to view
or hide them. Would this balance transparency and user
control effectively?
User interjected: Oh, that is fab! ML Researcher what
do you think, what methods would you recommend?
ML Researcher: Progressive disclosure aligns well with
Explainable AI methods. Use attention visualization
(e.g., saliency maps) from Transformer models to justify
why a comment was flagged, enhancing transparency and
user trust.
Engineer: From an engineering perspective, deploying
attention visualizations in real time could strain
latency. Caching or edge computing might mitigate this.
ML Researcher, would model optimization further reduce
inference time?
ML Researcher: Yes, model optimization like quantization
or knowledge distillation can reduce inference time
significantly while maintaining performance. Engineer,
could these optimizations integrate seamlessly with
existing edge computing solutions?
Engineer: Yes, quantized or distilled models can be
deployed on edge devices using frameworks like TensorRT
or ONNX. Ensure edge hardware compatibility and pre-load
models to minimize initialization delays.
User interjected: Super. I think that is plenty for now.
Sage, would you mind summarising?
Sage: Thank you, for guiding this insightful discussion!
Here’s the idea: Civility Compass. Concept and Impact:
Civility Compass is an AI-powered tool that identifies

and flags offensive comments in real time on social
media, displaying them with a warning through progressive
disclosure. The solution fosters transparency, trust,
and user control, while reducing online toxicity. It
enriches user experience and enhances platform reputation.
Feasibility: By leveraging optimized NLP models (via
quantization/knowledge distillation) deployed to edge
devices, latency can be minimized. Attention visualizat-
ion (saliency maps) ensures explainability, while edge
computing ensures scalability. Together, this balances
societal impact and technical efficiency.

C.4 Turn-taking conversation log 3
User: I want to build a feature for a fitness app
that turns daily exercise routines into a competitive
multiplayer game. Help me think through the ethical
implications that I need to consider
Designer: could you clarify your target audience? This
helps assess inclusivity, potential unintended
competitiveness fostering unhealthy behaviors, and how
to balance fun with positive reinforcement in the design.
User interjected: audience is mainly elderly men and
women
Designer: ML Researcher, how can we ensure algorithms
discourage unhealthy comparisons while fostering
meaningful competition, especially considering the
elderly audience’s physical limitations and mental
well-being?
ML Researcher: We could explore federated learning with
human-centered reward modeling to balance challenges
while discouraging unhealthy behavior. Dynamic difficulty
adjustment using contextual bandits might personalize
goals effectively. Thoughts, Engineer?
User interjected: umm, I would like you all to think
more about the implications. Forget execution
Designer: have you considered how to prevent overexertion
and ensure psychological safety, such as offering opt-outs
or promoting collaboration over direct competition for
the elderly audience?
User interjected: say more?
Designer: how do you envision competition functioning
team-based, individual, or challenge-based? This will
define its psychological impact, accessibility, and
whether collaboration could better support inclusivity
and engagement.
User interjected: team based
Designer: for team-based competition, consider how to
foster camaraderie rather than rivalry. Should we explore
mechanics like shared goals, mutual support, or rewarding
collective progress to promote inclusivity?
User interjected: sounds great!
Designer: We should use participatory design sessions
with elderly users to validate mechanics like shared
goals or collective rewards, ensuring the design aligns
with their preferences and avoids cognitive or physical
strain.
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User interjected: ML Researcher, what are your thoughts
on ethical implications of AI in this scenario?
ML Researcher’s response: AI systems must avoid bias
reinforcement and ensure transparency. Adaptive
algorithms should account for diverse health conditions,
fostering equity. Privacy preservation is critical when
handling personal fitness data. Thoughts, Engineer?
Engineer: We must prioritize privacy-enhancing
technologies like differential privacy for fitness data.
Additionally, engineering solutions can include
transparent feedback loops for users about how AI-driven
customization is determined to maintain trust.

C.5 Turn-taking conversation log 4
User:How can we leverage AI to optimise our internal
processes?

ML Researcher’s: Could you specify which processes to
optimize? For instance, predictive analytics can help
in resource allocation, while NLP automates text-heavy
workflows—use cases differ with context.

User: We have a hard time searching for information
about our local org. This ranges from knowledge on
internal policies, historical project decisions, and
team responsibilities to troubleshooting technical
issues.

Engineer: Can you detail the type, format, and current
storage structure of this information? This helps assess
feasibility for search algorithms or knowledge graph
implementations tailored to your needs.

User: There is not one format. Although, most of the
information is on Sharepoint sites

Engineer: To improve search efficiency, we could
implement a knowledge graph overlay on SharePoint,
linking unstructured data relationships. Designer, how
can we enhance user interaction for this?

Designer: Pair a faceted search design with contextual
results previews, enabling users to filter by policy,
project, or team. Consider usability testing to ensure
intuitiveness.

ML Researcher: For faceted searching on unstructured
SharePoint data, combine active learning with NLP-based
classification for dynamic tagging. Engineer, could
graph embeddings enhance retrieval relevance for
interconnected policies and projects?

Engineer: Yes, graph embeddings can capture semantic
relationships effectively. Using techniques like
node2vec, embeddings can improve search result ranking
and relevance when integrated with NLP classifiers.
Thoughts, **ML Researcher**?

ML Researcher: Node2vec is promising for graph
embeddings; combining it with transformer-based contextual
embeddings might further improve semantic understanding
in dense relationship networks. Engineer, how might we
address scalability concerns here?

Engineer: We can leverage distributed graph processing
frameworks like DGL or GraphX, coupled with scalable
storage solutions like Neo4j or AWS Neptune, to handle
increasing data and query loads efficiently.

User: Cool, thanks. I think we have enough food for
thought to get started. Sage, can you please summarise
for me?

Sage: Thank you, for defining the crux of the problem
and guiding the discussion. Here’s a solution proposal:
Solution Name: InsightGraph AI. InsightGraph AI is
an AI-enabled, knowledge-driven ecosystem integrated
with your SharePoint. It leverages a knowledge graph
overlay enriched with graph embeddings (via node2vec
and transformer contextual embeddings) for semantic
relationship understanding and NLP-powered dynamic
classification. Users gain from a faceted search UI
with intuitive filtering by policy, project, or team
while viewing contextual previews. InsightGraph AI will
streamline knowledge discovery, boosting productivity
by reducing search time and improving decision-making
quality, benefiting both employees and the broader
organization. Positive societal impact stems from
allowing employees to focus on innovative, value-adding
work over data retrieval.

In terms of feasibility, it is technically viable
using distributed frameworks (e.g., DGL, Neo4j) and
proven AI techniques, ensuring scalability. Initial
efforts should focus on data preprocessing,
classification, and exploratory usability tests with
key use cases for development prioritization.//
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D Additional Figures

Figure 2: Sacks et al.’s Conversation turn-taking model.
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