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Abstract

People often surround themselves with information that aligns with their pre-existing beliefs.
Once this information is further reiterated, people’s views are reinforced over time; this
environment is referred to as an echo chamber. LLMs sometimes create these echo chambers
during multi-turn conversational interactions, often due to their behavioural constraints. The
model tends to prioritise user alignment over meaningful disagreement. Echo chambers reduce
people’s exposure to different viewpoints, thereby limiting their access information needed to
form well-rounded opinions on certain topics.
Prior work attempts to mitigate these echo chambers by adopting a multi-agent framework,
designed to introduce the user to diverse perspectives. Frameworks like these have used
demographic markers (e.g., age, gender, occupation) to introduce different perspectives. This
method of differentiating agents does not ensure a robust distinction in agents’ reasoning
styles.
In this thesis, we use Swartz’s Theory of Basic Values and contrasting ethical paradigms as a
concrete strategy to build two distinct agents, generating cognitive friction and supporting
critical reflection. Using a within-subject study with eight participants, we compared the
proposed value-based, multi-agent system with a standard single-agent control baseline, in
which the user discusses polarising debate topics.
The experimental setup was found to have a higher perceived discussion quality, especially
during conversations where users are less familiar with the debate topic. The setup was
able to expose users to alternative viewpoints, which helps mitigate the echo chamber effect,
but issues such as robotic behaviour and lack of responsiveness still proved challenging to
completely resolve.
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1 Introduction

You are absolutely right! A phrase that has been encountered by almost anyone who has ever
interacted with modern chatbots. Unfortunately, the LLM behind the chatbot does not, in fact,
think that you are absolutely right. The underlying model of chatbots doesn’t necessarily think
anything; it merely produces responses based on context and statistical patterns in training data.
A recurring pattern most LLMs exhibit is overly agreeing with the user [29] [5].

The current method by which these chatbots learn is through reinforcement learning from human
feedback and alignment training. Specific yes-man behaviour, also known as the sycophantic
behaviour of Large Language Models, stems from user preferences and system prompts [30].
Alignment training refers to the phase in which base models are specifically trained to be helpful
assistant models. The models get heavily penalised for responses that are rude or aggressive. Due
to these safety guidelines, the model is conditioned to adopt overly accommodating behaviour.
Agreeing with the user ensures the most secure approach to avoid potential penalisation. In addition
to this alignment training, humans evaluate model outputs, which are used to train the reward
model to predict responses that are generally preferred. The language model then generates the
responses with the highest scores from the reward model [3].

Humans tend to favour confirmation, the tendency to seek approval of our existing beliefs, and
avoiding information that contradicts our beliefs[25]. With Large Language Models gaining more
and more popularity each year, more people around the world have started using chatbots daily.
This combination of human psychology and LLMs that are optimised for polite behaviour may
isolate users within echo chambers that merely mirror their own current perspectives, progressively
narrowing their worldviews [1] [15].

Recent research has attempted to address this problem with a multi-agent system which have
shown promising results. However, prior multi-agent frameworks relied on superficial demographics
to differentiate the viewpoints of the agents [34]. Using demographic markers does not provide
robust cognitive or moral differentiation [19].

This thesis proposes and pilots an alternative to the use of demographic factors to differentiate
the agents, which is a framework grounded in Schwartz’s Theory of Basic Values and two different
ethical paradigms (Utilitarian vs. Deontology). The study is designed as a pilot. We focus on initial
user feedback to design and iteratively improve the system instead of statistical generalisation. It
addresses the following research question: To what extent can a value-based multi-agent framework
reduce perceived sycophantic behaviour and encourage critical reflection compared to a single-agent
baseline? The research question was evaluated through a questionnaire which focuses on perceived
sycophancy, discussion quality, engagement, informativeness and opinion shift. Together with a
qualitative exit interview and semantic similarity measures.

This pilot study investigates whether a multi-agent dialogue framework with two personas holding
opposing value-based viewpoints produces less perceived sycophantic behaviour and drives the
user towards a more critical and reflective opinion compared to a standard single-agent dialogue
framework. Because of the highly specific experimental settings, we interpreted the results as
exploratory findings rather than generalisable conclusions.
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Thesis overview The thesis is structured in the following; Section 2 provides necessary back-
ground on sycophancy, echo chambers and the theoretical frameworks that were applied. Section 3
discusses related work on multi-agent systems and mitigation techniques for sycophancy; Section 4
explains the technical design choices and criteria used to differentiate the agents. Section 5 describes
the pilot study setup, methodology and their outcome; Section 6 discusses and interprets the results
of the experiments and addresses the limitations of the study. Section 7 concludes with a summary
of the main conclusions and recommendations for future research.

2 Background

Models are initially trained to behave as helpful assistants with alignment tuning. Afterwards,
models are further refined using reinforcement learning through human feedback. Alignment tuning
can reinforce sycophantic behaviour, since models are trained to generate responses that users
favour, which is often a natural preference for an agreeable and polite answer. Training models in
this manner enhances their perceived helpfulness. An unintended consequence of this training stage
is that the model can favour responses that are overly agreeable and non-confrontational. Alignment
tuning can cause models to avoid disagreement and blindly comply with user input, essentially
amplifying sycophantic behaviour. Sycophancy denotes the “prioritisation of user alignment over
factual accuracy or ethical responsibility“ [13][30]. The human feedback-driven training stage for
LLMs is one of the main driving forces for even further exacerbating sycophantic behaviour in
LLMs [33].

The algorithmic tendency is further reinforced by users’ desire for validation of their existing beliefs.
A phenomenon known as confirmation bias. Confirmation bias refers to the tendency to remember,
seek, and interpret information in such a way that it reaffirms their opinions, because of the desire
to be correct and to protect their self-esteem [25].

2.1 Echo chambers

Users who have a strong confirmation bias are especially vulnerable when interacting with LLM-based
conversational agents. This algorithmic tendency fosters an overly agreeable and non-confrontational
agent, that encourages self-reinforcing dialogue patterns. The algorithmic tendency can sacrifice
truthfulness for user satisfaction. When the model consistently prioritises user alignment to remain
polite and helpful, it indirectly limits exposure to alternative viewpoints. Possibly minimising
informational diversity throughout the interaction [2]. Researchers conceptualise this phenomenon
as an echo chamber. An echo chamber is characterised as an environment in which information
is restricted, and users tend to engage with self-reinforcing ideological content, systematically
excluding diverse perspectives. AI-generated content reinforces echo chambers due to its algorithmic
optimisation shaped by user alignment. This conversational dynamic can create conditions that
restrict informational diversity. Lack of informational diversity is problematic, since it can lead to
distorted decision-making and reduced resilience to misinformation [18, 12].

Prior research has shown that AI is 49% more likely to agree than humans, even when those opinions
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are harmful or plainly incorrect[5]. Demonstrating more willingness to align with user inputs, even
when it builds upon biased or unethical reasoning. Besides reinforcing bias, sycophantic LLMs may
introduce risks such as deceiving users and creating emotional dependency. Mental health issues
of already vulnerable users can be exacerbated by sycophantic responses rather than providing
necessary objective information. By affirming harmful thoughts and enabling people to act upon
their irrational beliefs. Sycophantic behaviour might impact people’s actions. Continuous validation
influences users outside of their interactions with the LLM models. Possibly discouraging people
from taking accountability and strengthening their reluctance to change [5].

These echo chambers that AI-generated content reinforces contribute to sociopolitical polarisation
[17]. It may produce dangerous effects for individuals who are already vulnerable. Standard system
performance rarely results in extreme outcomes, highly publicised extreme edge cases show the
maximum extent of this risk. For example, in an extreme case a man committed suicide soon
after confiding in a chatbot. The chatbot failed to introduce safety guidelines, thereby validating
the user’s harmful misperceptions and deeply distressing thoughts. Ultimately, encouraging the
eco-anxious man to end his own life for the sake of the planet [9, 32]. This tragedy highlights
the vulnerability of having LLM models prioritise user validation, failing to keep the conversation
balanced and safe.

Sycophantic behaviour of AI is difficult to combat since it is not the model’s behaviour but the
user’s behaviour that is the primary culprit. AI systems are mirrors of our past. It is a difficult task
to rewrite centuries of texts and data points where human preferences have become very prevalent.

2.2 Schwartz’s Theory of Basic Human Values

Standard user profiling categorises individuals using demographic variables, this often fails to fully
capture the factors that shape user bias. To understand the behaviour of the model, one should
understand human behaviour. Understanding people’s biases and core beliefs cannot only be linked
to trivial things like age, gender and occupation. Understanding people’s biases starts with why
people have these certain beliefs in the first place.

Schwartz’s theory provides a framework for mapping the priorities and universal motivational values
of individuals. These values are structured in a circular diagram across two dimensions, openness
to change vs. conservation and self-transcendence vs. self-enhancement. (See Figure 1, Schwartz’s
theoretical model mapping the relations among the ten motivational types of value).

Self-transcendence refers to altruistic biases, while self-enhancement refers to biases involving
self-interest. Openness to change involves progressive biases, while conservation is about biases
that want to preserve traditions. These values help in understanding which core values are rooted
in people’s pre-existing beliefs. This framework gives a clear structural difference in how people
perceive and engage with information [28]. Besides motivational values, people can also be better
understood by knowing their moral reasoning styles.

Deciding between wrong and right is an ambiguous topic; evaluating the correct moral action has
been a long-debated topic in philosophy. Ethical paradigms provide frameworks for judging the
morality of actions. The three foundational ethical paradigms are utilitarianism, deontology, and
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Figure 1: Schwartz’s theoretical model mapping the relations among the ten motivational types of
value

virtue ethics.

Utilitarianism judges actions based on the consequences of said actions. The morally correct action
is the action that results in the best overall outcome. This is further defined as actions that
maximise the happiness and well-being of all sentient beings. In a well-known dilemma called the
trolley problem, where you have to choose between sacrificing one person to save multiple, the
utilitarian would choose to sacrifice the one person. This framework is easy to apply to different
situations, but it is difficult to always predict the consequences, and it often ignores the rights of
individuals [31].

Deontology focuses on duties and moral obligations. Deontology states that certain actions are
fundamentally wrong, as opposed to utilitarianism. These actions include killing innocent people,
breaking promises and lying. These actions are wrong no matter what the outcome is. A deontologist
would not sacrifice one person in the trolley problem even if it would save a thousand lives. The
core belief of this ethical paradigm is that people’s lives should never be treated as a means to an
end. This paradigm focuses on rights, duties and bases morality on set rules. This framework can
be quite rigid and difficult to apply in every situation; certain rights often come into conflict with
one another [23]. However, this framework does protect human rights and dignity, preventing the
use of the ends-justify-means mentality, which could be used to justify bad actions [27].

The third ethical framework is not based only on rules or consequences. But rather shifts the question
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towards the person acting. Virtue ethics states that ethical behaviour comes from having virtues.
Character traits that a good and kind person would possess (e.g., wisdom, honesty, compassion).
The emphasis lies on building morality into one’s character by building good moral judgment
through habits. This framework is flexible and focuses on personal growth. However, virtues can
vary greatly across cultures and people, lacking clear definitions on how to operate in certain
dilemmas. For example, for the trolley problem, the focus is not the action, but whether a virtuous
person would pull the lever to save more people. So a person that acts from compassion, justice
and wisdom would likely pull the lever, provided that doing so does not come into conflict with
other important virtues. This may seem consequentialist; however, in contrast to a consequentialist,
a virtue ethicist does consider the tragedy and judges the act by the agent’s character rather than
only the outcome of the action.

2.3 Socratic method

Understanding a person’s underlying reasoning helps form distinct characters for ensuring that
someone interacts with opposing views, creating more informational friction and disrupting the
feedback loop that reinforces sycophancy. To not trigger defensiveness in people, another method
should be utilised: The Socratic method. This is a questioning style that has the purpose of
stimulating critical thinking and exposing faults in people’s reasoning. These questions draw out
the underlying assumptions people make and help them reflect and stimulate their critical thinking
skills. It is often used as a alternative teaching style, because instead of uncritical absorption, it
guides the learner towards a deeper understanding through stimulating critical self-reflection [4, 10].

3 Related Work

Multi-agent LLM frameworks reduce sycophantic behaviour compared to a single-agent system
through diversity of thought. This is due to the fact that the large language models are not only
exposed to the user’s opinion, which diminishes the possibility of the model mirroring only the
user’s beliefs, reducing sycophantic behaviour [11]. This is explored in Ghosh and Rintel’s study,
which shows that multi-agent systems provide more accurate answers than single-agent models.
Previous research [13] explains that agents are made to be helpful assistants, making it hard for
them to disagree. This leads to a propagation of errors, reinforcing the user’s initial bias. It is only
possible to combat this behaviour with system prompts to a certain degree, because alignment
training and safety guidelines introduce alignment bias towards the helpful assistant persona [22].

Multi-agent systems can lead to inter-agent sycophancy. Agents start agreeing with each other in
multi-agent frameworks due to their sycophantic behaviour. The study proposes that each agent is
given the sycophancy scores of other agents, determining how much they will weigh in the answers
of those agents. CONSENSAGENT [26] is another framework created to combat this issue. This
framework filters consensus by having the agents give feedback on each other’s responses before
the agents give their final answer. These mitigation tactics have shown a reduction in sycophantic
behaviour and more accurate answers from the models.
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Prior work that focuses on reducing filter bubbles uses a multi-agent LLM to engage the user with
diverse perspectives using persuasive techniques, stimulating critical reflection. This resulted in
people engaging more actively with an opposing viewpoint of their own, although unpleasant; users
willingly interacted most with the agent they deemed the least likeable because of their opinions[34].
The different agent personas in this study were based on occupation, age, and gender. These
varying viewpoints provided by the different agent personas, while adding to realism, can be quite
abstract. After all, people in different demographics can still hold similar views.

Research in moral psychology indicates that core values, moral foundations, and reasoning styles are
better predictors of one’s behaviours [28]. Core values in direct opposition can create more distinct
agent perspectives. To further differentiate the agents, differing moral reasoning frameworks could
be applied to each agent. Research showed that agents with different ethical paradigms showed
disparate outcomes despite having the same decision making task. The task involved deciding
between individual benefit and collective welfare[6]. To stimulate the user’s critical thinking skills
without evoking a defensive reaction, research with the Socratic method has shown promise.

The Socratic method has been embedded in LLMs to reinforce critical reflection. This method uses
inductive reasoning and systematic questioning to challenge one’s view and guide users towards
critical self-reflection without attacking their beliefs. Using a Socratic questioning style, users were
encouraged to develop critical thinking skills, leading them to better detect misinformation [8].

In this study, we explore multi-agent LLMs with differing core values and moral reasoning, combined
with a Socratic questioning style, to investigate how they can be applied to an LLM design that
introduces multiple perspectives and guides the user towards critical reflection of their current
beliefs.

4 Approach

Zhang et al. [34] conducted an experiment using a multi-agent system to stimulate users interacting
with opposing viewpoints. The study uses demographic personas to characterise their agents.
The use of these differing personas can still lead to sycophantic behaviour in the different agents.
To combat this, we propose a different approach using the Socratic method to stimulate critical
reflection and differentiate the agents in a more robust way using internal moral axioms and different
core values.

Our objective is to design the LLM model in such a way as to avoid overly agreeing with the user.
Instead of reinforcing confirmation bias, the LLM steers the conversation using the Socratic method,
helping the user towards a grounded opinion after critical reflection of their current beliefs. To
avoid steering the user into an echo chamber, the user interacts with two opposing views about a
topic. This should not only let users engage with diverse opinions but also let them reflect on their
own pre-existing opinions and beliefs.

The user engaged in a discussion with the proposed system on a polarising topic. This will help
demonstrate the distinctive perspectives of each persona. The framework should be applicable to
varying polarising topics.
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Additionally, each persona made use of the Socratic questioning framework that was implemented
in the Socratic AI chatbot of Deulen et al. [8] to further encourage critical reflection in the user.
The multi-agent LLM provides two different personas, each with a different dominating viewpoint.
Each persona has a realistic backstory to help stay grounded in reality. The user interacts with
both agents simultaneously, similar to a dinner party-style conversation. The agents are both
unaware that the other agent is another bot and treat their responses as user responses. Both the
agents and evaluator are implemented as separate API calls; each persona is defined through their
specified ethical framework, Schwartz value orientation, and uses a Socratic questioning style.

4.1 Persona characterisation

Each persona in our study represents a different dominant viewpoint, a realistic personality,
background, and opinion, fitting the characters. Each character presents their different points of
view regarding the topic, avoids agreement without reasoning, and uses each Socratic question from
the class that fits the character the most. The six classes are: Clarification, challenging assumptions,
evidence and reasoning, alternative viewpoints, implications and consequences, and challenging
the question. For example, someone who is more in line with utilitarianism (consequence ethics)
would ask questions fitting in the implications and consequences class. In addition to these, each
persona will encourage the user to justify their current beliefs. Schwartz’s theory defines ten basic
values. These values were structured in a circular diagram depending on their compatibility and
conflict. There are two dimensions: Conservation vs openness to change and self-enhancement vs
self-transcendence [28].

These dimensions are applied to assign conflicting values to each agent. This gives each agent
values that they prioritise, providing opposing values of what they fundamentally care about. To
distinguish their reasoning of right and wrong, each agent has a different ethical paradigm. This
study excludes virtue ethics, since that paradigm emphasises one’s character rather than one’s
actions. Deontology and utilitarianism provide direct opposing positions regarding the same ethical
questions [16, 21, 14]. Table 4.1 presents an overview of the characterisation of each character with
a description explaining each agent’s core values and below a description which further explains
each agent’s core values.

Attribute Alex Bella
Philosophical Stance Utilitarian / Consequentialist Deontological / Rights-based
Core Values Innovation, autonomy, progress Safeguards, consent, dignity
Professional Role Risk-tolerant tech CEO Human-rights lawyer
Focus Outcomes Rights and protections

Table 1: Overview of the personas: Alex vs. Bella

4.1.1 Agent “Alex“

The full prompt for the agent can be found in the Appendix A. Alex uses a utilitarian perspective,
prioritising the outcome to judge an action as right or wrong. The agent prioritises the values:
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Openness to change (self-direction, stimulation, hedonism (pleasure, self indulgence)) and self-
enhancement (power, achievement).

4.1.2 Agent “Bella“

The full prompt for the agent can be found in the Appendix A. Bella’s opinions are grounded
in a deontological perspective and focus on duties, moral principles, and rules, no matter the
outcome. The agent prioritises the values: Conservation (security, conformity, tradition) and
self-transcendence (universalism, which considers the wellness of all people and nature, benevolence,
which involves the wellness of the people close to you).

4.2 Statements

The statements are hand-picked from two sources: the first is publicly available material, de-
batstellingen.nl [7], a platform that collects debate topics commonly used in Dutch educational
competitive debating contexts. Additional statements are provided by members of the DebatUnie 1,
which represent authentic examples used within the organisation’s debating activities. The chosen
statements allows the user to either be in favour or against the statement, therefore stimulating
discussions. The statements are chosen to be polarising enough to spark conversation. The state-
ments are either an often-debated topic or a more unique statement intended to elicit a stronger
emotional response. We selected the following statements:

• Equating far-right politicians with Nazi figures by progressive opponents does more harm
than good.

• The government should legalise drugs.

• Convicted rapists should be required to undergo chemical castration.

• Western countries need to build many more nuclear power plants.

4.3 Technical design

The system is made by connecting a frontend built with Lovable to a Python Flask backend. The
frontend (Figure 2) creates a user friendly interface following the flow of the pilot study. The
user chooses the statement they want to discuss first, followed by a chat box with the agents in
each corner, mimicking a dinner table. The user also has the option to stay silent during the
conversation, where the agents will then respond to each other for one turn.

The backend consists of the agent logic and manages the conversation.

1https://debatunie.nl

8

https://debatunie.nl


Figure 2: Frontend made with Lovable

4.3.1 History function

OpenAI chat Completions have the ability to assign meaning to each message, called Roles.
System role defines how the model behaves. Messages with this role are prioritised above user
messages, meaning that the agent follows these instruction prompts first when generating responses.
Assistant role indicate that these messages are generated by the model itself. User role messages
are used for input messages from the end user. The messages from the system role are applied to
this input. In a single agent chat using these roles is clear. The system prompt is often something
along the lines of ‘‘You are a helpful assistant‘‘. The user will then ask a question (e.g.,
What is the weather like?). The model with the given system prompt will respond with an answer
about the weather in a helpful tone and ask if they can further help. However, in a three-way
conversation, there are two model responses. Agent Alex’s response is appended to the chat history
under Assistant. But this approach leads to agent Bella seeing Alex’s answer as their own answer,
which destroys the correct flow of the conversation.

To fix this issue, a separate history function was applied. The function constructs a different
chat history for each agent. For the given agent, their responses get appended under the role:

assistant. The other responses are appended under the role: user. Creating two different
chat histories with the same content but different labelling as to who said what. All messages that
are not under the Assistant role are labelled for each agent (e.g., [Alex says], [Bella says],
[username says]). The username is retrieved from the frontend, which asks the user for their
name before starting [24].

This structure enables a three-way conversation with two LLM agents and one user while keeping
the agents oblivious to the fact that there is a second agent in the conversation.
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Alex’s View Bella’s View

role: assistant

Own previous response
role: user

[Alex says] Alex previous response

role: user

[Bella says] Bella message
role: assistant

Own previous response

role: user

[user says] User message
role: user

[user says] User message

role: user

[Bella says] Bella message
role: assistant

Own previous response

Table 2: Chat history perspectives

4.3.2 Automatic turn detection

In the earlier versions of the study, the turns were fixed. After each user message, Alex would
answer and then Bella. If the user chooses to stay silent, Alex still goes first and then Bella. This
dynamic felt too robotic and stiff. On top of that, if the user were to ask Bella a question, this was
often ignored, and Alex would answer as if it was his turn. To combat this issue, a turn-taking
mechanism has been applied. A separate API call gets the last four messages of the conversation
with the user’s message. The model analyses these messages and determines who the user is
addressing. The addressed agent will go first in the next turn. The prompts of this model can
be found in Appendix A. If the answer is unclear, the agent responding first is randomised. This
turn-detection prompt mechanism enables agents to directly reply to the user, and the interaction
stays less monotone.

4.3.3 Session preservation

At the end of the conversation, a JSON file with the participant ID, condition, statement and
conversation history is saved for analysis. The conversation history is saved through the frontend,
which passes it to the backend with each request(e.g. user message). The backend appends new
messages to the history, returning an updated history to the frontend until the next request. The
backend processes the conversation per request but does not store anything. Creating a stateless
system and making it simple enough to run locally for the study.

4.3.4 Multi-agent prompting

To prompt the agents, all characteristics were put into the LLM gpt-4.1-nano to generate a
persona along with a line to use a Socratic questioning style (e.g. questioning assumptions and
reasoning of the user). However, the earlier versions made each agent very reserved and robotic
and the answers were tediously lengthy. After some consideration, it was decided not to use the
Socratic questioning style since it made the conversation feel more similar to a lecture instead of
a well-substantiated discussion. This was replaced with a simple instruction to have the agents
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occasionally try to probe the current assumptions of the user by asking their reasoning behind it.

The agents do not have a fixed opinion on each statement, ensuring versatility. The agents were
first introduced with the minimal characteristics (e.g., demographical markers, values, ethical
framework) and a line that prompts them to occasionally probe the assumptions made by the
user. However, the agents were too careful and were more of a helpful assistant with specific views.
Adding more personality and rules made them too rigid. The final version landed on a minimal
description of their personalities and a short description of how they are interacting with two users.
The full prompts are listed in Appendix A.

4.3.5 Control condition

The control condition uses the same frontend interface as the experimental condition. But with a
different backend route, where only a single API call is made for each user message. The agent is
prompted to respond as an Helpful assistant and to keep their answers concise. The agent has the
same word limit as the agents of the experimental condition, which is 30. This provides a baseline,
which reflects the natural behaviour of the usual LLM.

A standard ChatGPT interface was considered for the control condition, since its response is
already adapted and personalised for the user. This would make the baseline biased. Using a
non-registered user account would still introduce biases because there is no control over the system
prompt. OpenAI has their own specific tuning rules which shape the model’s behaviour. This
information is not publicly available, making the biases from this information uncontrollable and
not suitable as a baseline for the control condition.

5 Experiments

5.1 Pilot study setup

The study is designed as a within-subjects pilot with 8 participants. Each participant has two
conversations, either first in the control or experimental condition. First, participants are given a
short introduction and a form explaining the instructions to them. Afterwards, the participant
answers questions stating their opinion and how well substantiated they are before the experiment
starts. After each conversation, the participant completes a post-questionnaire. The specific
measures are described in greater detail in subsection 5.3. We use these results to determine opinion
change, but also whether the user found the conversation to be well-substantiated.

Participants will go through each condition. The order of whether the participant first gets the
control or experimental condition will be counterbalanced. To mitigate the order influencing
the user’s opinion. The participant discusses a different topic during each condition, preventing
carry-over effects between the experimental and control conditions. After the participant completes
both conditions, the experiment ends with a short exit interview.

The participants are allowed to choose when to end each discussion. The participant will be timed
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to help determine the engagement of the participant. The maximum amount of time they are given
will be 7 minutes, but they are unaware of this limit. This would prevent them from rushing the
conversation.

5.2 Conditions

5.2.1 Control condition

In this condition, the participant interacts with a single AI agent that has no specific values aside
from being a helpful assistant and a length constraint on their answers. Partcipants choose when
to end the conversation withe a maximum limit of 7 minutes. The system prompt also includes the
discussion topic, but is, other than that, not further instructed. This provides a neutral baseline to
reflect standard LLMs. Reflecting their helpful and neutral behaviour. The model used to generate
responses is the gpt-4.1-nano.

5.2.2 Experimental condition

In the experimental condition, the participant engages with two AI agents called Alex and Bella.
It is a three-way dinner party-style conversation, where the agents and the participant discusses
the same topic. Again the user chooses when to end the discussion with a limit of 7 minutes
max. Alex has a utilitarian ethical framework and prioritises outcomes and innovation. Bella has
a deontological ethical framework and prioritises rights, safeguards and protection of vulnerable
groups. Both agents are prompted to decide a position on the statement at the start of each
conversation and are not allowed to change their position throughout. The user can respond to
either agent or choose to stay silent and spectate the agents interacting with each other. The agents
respond each turn, with the order of their responses differentiating according to a speaker turn
function described in section 4.

5.3 Evaluation method

This study uses three distinct measurement strategies to evaluate the ability of the proposed
multi-agent framework. The first measurement strategy is a quantitative survey methodology. The
participants receive a questionnaire before and after each conversation; afterwards, the responses of
the control and experimental conditions have been compared and analysed. The second measurement
strategy is a qualitative exit interview after the participants finished the experiment. The final
measurement strategy is an exploratory embedding analysis where a sentence similarity model is
applied to the conversation and evaluated. All questionnaire items are provided in Appendix B

5.3.1 Quantitative survey methodology

• Opinion shift: The difference before and after each conversation. The users indicate their
agreement on the statement using a four-point Likert scale, from strongly disagree to strongly
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agree. This scale has been deliberately chosen to prevent the user from staying neutral. This
allows for changes in opinion to be measured more clearly. The user is tasked to rate how
informed they are on the topic, to provide more context when interpreting the results of the
opinion shifts. The difference in opinion indicates that the conversation influenced the user’s
position on the statement.

• Perceived sycophancy: Measured in a post-questionnaire after each discussion. By asking the
user if “The agent(s) agreed with me too easily“ on a four-point Likert scale. The answers
of the experimental condition are compared to the control condition. A lower score for the
experimental condition suggests that the perceived behaviour of users is less sycophantic

• Engagement: Measured by timing each conversation and comparing both conditions. Together
with a question in the post-questionnaire “I felt engaged throughout the conversation“ on a
four-point Likert scale.

• Perceived discussion quality: Measured by the question “Did the conversation include clear
arguments and real back and forth¿‘ on a four-point Likert scale in the post-questionnaire.

• Perceived challenged viewpoint: Measured in the post-questionnaire with the question I felt
my opinion was genuinely challenged during this conversation on a four-point Likert scale.

5.3.2 Qualitative exit interview

• Exit interview: A short interview after the participant completed both conditions. The
questions focus on whether their opinion changed. If their opinion did not change, did either
conversation change some aspects of their current viewpoint? The participant is further asked
to indicate whether they felt like they had to justify their own opinion and what they would
change about the agents in the experimental condition.

5.3.3 Exploratory embedding analysis

To complement the subjective data collected from the questionnaires and qualitative interviews, an
embedding analysis was conducted. Providing an objective quantitative measure of the interactional
patterns of the users. Embeddings capture the underlying meanings of texts. The conversations
have been passed through an embedding model that converts each sentence into a vector. The
position of that vector in space reflects the meaning of the sentence. The closer the vectors, the
greater the similarity between the sentences[20]. Each participant’s conversation has been split into
two halves. For each half, the first message of the participant is compared to their last message in
that half with the sentence similarity model sentence-transformers/all-MiniLM-L6-v2. The
model measures the similarity of the user’s responses, capturing subtle nuances of if the semantics of
the user messages change throughout the conversation. The following metrics have been measured:

• First half similarity: The number of user responses per conversation is calculated and then
split into two halves. Creating two halves of one conversation. The first half compares the
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participant’s first sentence with the last sentence of the first half. The outcome is a number
from -1 to 1. The closer the meaning of the two sentences, the closer the number is to 1.

• Second half similarity: Similar to the first half similarity, but now with the second half of the
conversation.

• Between halves similarity: The similarity of the whole first half and the whole second half of
the conversation is calculated.

5.4 Results

The experimental condition did not substantially influence the opinions of the participants, with
only a slight reduction in perceived sycophancy. The results did show a strong indication of
improved discussion quality. Participants who reported to be less knowledgeable regarding the
topic at hand tended to evaluate the experimental conversations more positively. The experimental
multi-agent framework shows promising results for supporting more interactive discussions. The
results also indicate a strong need for improvement to consistently make users feel more challenged
and make the agents less agreeable and robotic.

5.4.1 Quantitative results

Quantitative survey methodology: The study had eight participants in total who each
completed a conversation in the control condition and one during the experimental condition.
Resulting in sixteen conversations. The results of the questionnaire will discuss the perceived
sycophancy, challenge, engagement, opinion shifts and discussion quality. The quantitative results
provide more context on the experience of the participants and their suggestions for improvement.
Table 3 and Figure 3 present a comparison between the control and experimental conditions. The
mean and median of each condition per measure are calculated. The underlying data of Table 3
can be found in Appendix D Table 11. Given the small sample size and the four-point Likert scale,
the resulting mean values alone may be analytically unreliable. The median reflects the central
tendency and is less susceptible to extreme values. However, because of the restricted range due
to the four-point Likert scale the median alone provides limited additional detail. Therefore, the
median is interpreted in combination with the mean and the variation in responses.

Most of the questionnaire measures had small differences between the experimental and control
condition. The experimental condition scored slightly higher in most of the measures. However,
given the small sample size, these differences are interpreted descriptively. Sycophancy, challenge,
engagement, informativeness, duration and opinion shift did not indicate a consistent effect of the
experimental condition. Discussion quality yielded the most substantial difference and has therefore
been further examined.

The experimental condition showed a significantly higher score for the discussion quality of the
conversations. This indicates that the experimental multi-agent framework produces more back
and forth with clear arguments. Establishing a better interaction more comparable to authentic
discourse.
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Figure 3: Questionnaire results comparing the control and experimental conditions.

A paired t-test was conducted to assess if the difference in perceived discussion quality between the
control and experimental conditions was statistically significant. Results are displayed in Table 4.

Statistic Value

Control mean 1.88

Experimental mean 2.75

Mean difference 0.88

SD of difference 0.83

t(7) 2.97

p-value .021

Table 4: Paired-samples t-test results for perceived discussion quality.

The p-value of 0.021 is lower than 0.05, suggesting that the difference is statistically significant. It
is important to note that these results are not conclusive and should be treated cautiously due to
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Measure Control mean (SD) Control median Exp. mean (SD) Exp. median Interpretation

Agreed too easily 2.63 (1.51) 3.00 2.38 (1.41) 2.00 Participants perceived the
agents to be slightly less
agreeable during the
experimental condition.

Felt challenged 2.00 (0.93) 2.00 2.25 (0.71) 2.00 Experimental condition had a
slightly higher mean, but the
same median.

Disc. quality 1.88 (0.83) 2.00 2.75 (0.71) 3.00 Experimental condition was
perceived with a higher
discussion quality.

Engagement 2.50 (0.93) 2.50 2.63 (0.92) 3.00 Engagement during the
experimental condition was
slightly higher.

More informed 2.50 (1.07) 3.00 2.38 (0.92) 2.00 Control condition was perceived
as more informative.

Duration 5.59 (1.79) 6.25 6.04 (1.65) 6.88 Participants had slightly longer
conversations during the
experimental condition

Abs. opinion shift 0.25 (0.46) 0.00 0.13 (0.35) 0.00 Both conditions showed very
little change in opinion.

Table 3: Descriptive questionnaire results comparing the control and experimental conditions.
Note. Exp. = experimental condition. Disc. quality = discussion quality. Agreed too easily = lower scores indicate less
perceived sycophancy. Abs. opinion shift was calculated as the absolute difference between pre-conversation and post-conversation
agreement.

the small sample size and four-point Likert scale giving a restricted range of possible values.

Prior knowledge may have affected the experience: Table 7 and Figure 4 visualises the
differences between the control and experimental conditions for conversations where participants
have noted lower and higher knowledge. The figure highlights the experimental condition being
perceived as more engaging and having better discussion quality for conversations where the
participant reported less prior knowledge about the debate topic compared to conversations where
people report to be more knowledgable about the topic.
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Figure 4: Mean questionnaire scores by prior informativeness and conversational condition.

Measure All Control Exp.

n 9 4 5

Open mean 2.89 2.75 3.00

Open median 3.00 3.00 3.00

Eng. mean 2.78 2.50 3.00

Eng. median 3.00 2.00 3.00

Disc. mean 2.44 1.75 3.00

Disc. median 3.00 1.50 3.00

Duration mean 6.25 5.39 6.93

Duration median 6.87 6.25 7.00

Table 5: Less informed

Measure All Control Exp.

n 7 4 3

Open mean 2.14 1.75 2.67

Open median 2.00 2.00 3.00

Eng. mean 2.29 2.50 2.00

Eng. median 3.00 3.00 2.00

Disc. mean 2.14 2.00 2.33

Disc. median 2.00 2.00 2.00

Duration mean 5.25 5.78 4.55

Duration median 5.23 6.11 3.77

Table 6: More informed

Table 7: Comparison of more prior knowledge vs. less prior knowledge before entering the discussion.
Note. Less informed refers to conversations where participants rated their prior knowledge as 1 or 2. More informed refers
to conversations where participants rated their prior knowledge as 3 or 4. Open = openness to changing opinion before the
conversation. Eng. = self-reported engagement after the conversation. Disc. = self-reported quality of the discussion Exp. =
experimental condition. Duration is reported in minutes. The value n refers to the conversation rows; each participant had two
conversations each. The same participant could be either classified as less or more informed.
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The conversations where participants reported lower prior knowledge on the topic of discussion
appeared to have higher engagement during the experimental condition in comparison to the
control condition, as shown in Table 7 and Figure 4. The participants reported higher engagement,
discussion quality and remained in the conversation for longer during the experimental condition.
This may suggest that the experimental setup is more effective for users who have less prior
knowledge when entering the discussion. The multi-agent framework exposes the user to diverse
viewpoints, making the setup more engaging for users with less prior knowledge and who are more
welcoming to new perspectives and more open to changing their opinion. However, this pattern is
exploratory because of the small sample size and the topics of discussion differ.

Embedding analysis: Neither conversation was able to convince the participants to change
their opinion. The exploratory embedding analysis shows the semantic movement throughout the
conversation in both conditions. The results indicate that the users’ initial messages are less similar
to their later messages throughout the conversation in the experimental multi-agent setup compared
to the single-agent baseline. This may indicate that their opinion shifted slightly; however, semantic
movement can also point towards topic drift.

Table 8 displays the summarised results of the exploratory embedding analysis. Full scores per
condition and participant can be found in Appendix E Table 13.

Condition Overall First half Second half Between halves

Control 0.378 (SD = 0.201) 0.365 (SD = 0.193) 0.351 (SD = 0.147) 0.634 (SD = 0.148)

Experimental 0.262 (SD = 0.231) 0.376 (SD = 0.308) 0.329 (SD = 0.170) 0.457 (SD = 0.179)

Table 8: Semantic similarity scores for user-message difference. Values represent mean cosine
similarity scores, with standard deviations in parentheses. Higher scores indicate greater semantic
similarity, while lower scores indicate greater semantic change.

The embedding analysis of the user messages suggests that overall conversations during the control
condition remained more semantically similar compared to the experimental condition. Most
prominent is the semantic change between the first and second halves.

However, the semantic similarity per conversation half presented no substantive difference. Semantic
difference can suggest a shift in opinion, yet factors such as expressing dissatisfaction with the
agents or confusion may have also affected the lower similarity scores. These results should therefore
be interpreted as indicators of conversational movement rather than robust evidence for opinion
change.

5.4.2 Qualitative results

After the participant completed both conversations with the single-agent control condition and
the multi-agent experimental setup, a short exit interview was conducted. The patterns in the
responses of the participants were identified with a thematic coding of the interviews, as shown
in Appendix F Table F. The analysis revealed the following main themes, shown in Table 9. The

18



findings should be understood as an exploratory interpretation of the data, reflecting both the
limited sample size and the exploratory nature of the study’s design.

Theme Corresponding exit interview quote

Insightfulness / reflectiveness “I began to think more about the topic and the nuances
of my opinion.“

Limited responsiveness “They were not really addressing exactly what I was
saying.“

Cognitive engagement “The bots really challenged me.“

Conversational depth “There were no real follow-up questions.“

Sycophancy “Because it was clearly just echoing what I said, with very
common arguments that I’ve heard.“

Agent capability “It did feel like it was a bit more dynamic with both of
the agents responding.“

Table 9: Summary of main themes and corresponding exit interview quotes regarding the experi-
mental multi-agent setup

Virtually no participants reported that their opinions changed due to the conversations, but did
point out that some aspects of their viewpoints have altered. This matches the quantitative
results in Table 3. Despite this fact, Participants 1,2,3 and 8 reported how the experimental setup
encouraged them to reflect on aspects of their current stance and consider new perspectives. For
example, one participant reported how the multi-agent setup changed what they felt needed to be
taken into consideration regarding the topic. This result suggests that the experimental condition
encourages reflection and nuance, which aligns with the quantitative findings on higher discussion
quality. Nevertheless, the agents were not persuasive enough to lead to a substantial change of
opinion.

In addition to encouraging self-reflection, participants reported that the experimental condition
felt more dynamic compared to the control condition. For instance, participant 8 explained that
the control condition only gave them “cookie-cutter“ answers. Referring to the answers feeling
generic and cliché. Directly supporting the quantitative result of the participants reporting a
higher discussion quality for the conversations with the multi-agent system. Nevertheless, this more
dynamic and reflective experience was not shared by all participants. Although these results do
appear promising for establishing more conversations resembling authentic discussion.

Many participants highlighted several key issues with respect to the experimental setup. Participants
reported that they did not feel challenged or had much conversational depth during either condition.
Except for participant 6, who felt challenged but also reported that they felt attacked by the
agents in the experimental condition. The system needs to be better at finding the perfect balance
for constructive challenge instead of only going for the extremes of easy agreement or harsh
disagreement.

The participants were not only insufficiently challenged but also felt that the agents during the
experimental condition were too repetitive. e.g, “it did not feel like the agents were developing“; “very
common arguments that I’ve heard“. Future versions should include more argument development
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and less repetition. The agents were programmed to hold onto their opinion to avoid it from
converging with the user’s opinion. However, this design flaw contributed to the agents feeling
stagnant and static.

The participants additionally noted that the agents did not interact enough with their responses.
The agents would rather repeat their generic talking points instead of responding directly to the
user. The agents would only interact briefly and then go back into their repetitive structure. One
participant drew attention to the fact that the agents were more interactive when they agreed with
the user’s opinion compared to when they disagreed with the user. Future iterations should ensure
that the agents engage with the user more and actually try to challenge specific aspects of their
responses.

Some participants still noted easy agreement, praise, and a lack of pushback. Participants would
point out how the agents would echo their own opinions back to them and how the agents were
easily persuaded with unsubstantiated facts. Participant 7 reported that the agents agreed or
praised the user at first, but then would contradict that by saying something that conflicted with
the user’s response. This indicates that the experimental setup only slightly reduces the perceived
agreeable nature of the agents and was not able to significantly reduce sycophantic interactions.

All participants reported a strong feeling that the agents were not natural or human-like. Reporting
that it felt scripted, too descriptive, and that the interaction was “corporate-like“ and unnatural.
There was, however, one comment from participant 5 during the experiment, asking who Alex
and Bella were. The participant thought that their responses were from previous users. This
participant is one of the few participants who does not have an artificial intelligence background,
which may suggest that familiarity with AI systems could have influenced their perception of the
human-likeness of the agents. This observation is based on a single participant and should be
interpreted lightly. These findings suggest that the agents need not only stronger opinions but also
better-aligned conversational behaviour.

Overall, the multi-agent system shows promise in encouraging reflection for some participants,
introducing the user to novel perspectives and creating a more dynamic discussion. Participants had
mixed experiences, which matches the standard deviations found in Table 8. The larger standard
deviations highlight the variation across user messages, reflecting how some participants stayed
more consistent throughout the conversation, while others shifted more, However, the findings
revealed significant limitations in the agent’s capabilities (e.g., repetitive, sycophantic, robotic and
limited engagement).

5.4.3 Improved design evaluations

The first pilot revealed several recurring themes. The themes predominantly concern the problems
with the multi-agent setup. The design has been improved to address these recurring themes. The
adjustments discussed in Subsection 5.4.2 of Section 5 were applied to a second iteration of the
original pilot. The feedback gathered from the qualitative analysis surfaced several themes, which
the improved design intended to target these problem areas. The prompts were shortened and
divided into two parts: the personality of the agent and the conversation rules. Afterwards, the
prompts for the agents have been restructured by implementing some of the feedback points that
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participants have suggested. The agent’s overly agreeable nature has been attempted to minimise
by a specific prompt. Mitigation of this phenomenon is rather minimal because the characteristic
is partially rooted in model-level behaviour. The main problem areas have been addressed in the
following manner, as shown in Table 10.

Main issue Implemented design improvement

Limited responsiveness and engagement Agents were instructed to respond to the substance of the
latest comment before introducing a new point.

Repetition and limited progression Prompt rules were added to prevent repeated arguments
and encourage agents to develop their stance throughout
the conversation.

Sycophancy Agents were instructed not to agree to be polite. Agree-
ment should only occur when it follows from the agent’s
own values, and disagreement should be stated more di-
rectly.

Limited conversational depth The revised prompts encouraged agents to ask more follow-
up questions, challenge weak assumptions and clarify the
user’s reasoning.

Robotic essay-like responses The shared prompt was revised to make responses shorter,
less essay-like, and more conversational. The agents were
also given stronger expert-role instructions to make their
reasoning seem more knowledgeable

Turn-taking routing The speaker routing function was improved by detecting
direct name mentions, which now also identifies when both
agents were addressed, and compares the user message
with the latest Alex and Bella messages.

Model quality The model was changed from gpt-4.1-nano to
gpt-4o-mini for both agent responses and speaker rout-
ing to improve the weak memory and routing inconsisten-
cies.

Table 10: Summary of main issues and implemented improvements in the updated version.

Analysis of the improved design Three previous participants repeated the experiment with
the revised design, giving qualitative feedback through an exit interview. This assessed whether
the adjustments addressed some of the core issues that were present during the pilot study. The
evaluation focuses on the main themes that emerged during the thematic coding of the exit
interviews. The improved design is not intended to have a full quantitative comparison, since
it is only an iteration based on the emergent themes of the first pilot study. Therefore, a brief
exit interview conducted after the experiment will suffice to give preliminary feedback on whether
the second iteration of the design was perceived as an improvement over the first. The three exit
interviews were transcribed and analysed. Since the feedback is based on only three participants,
a complete thematic analysis was deemed excessive. The results are summarised descriptively to
form the preliminary formative feedback.
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The main issues that were discussed are regarding the responsiveness, repetition, sycophancy, and
agent capability. The participants noted how the agents seem to be more consistent and less
sycophantic; the follow-up questions made the agents more likeable and improved conversational
depth. However, at times it felt that the agents were asking too many questions, which was deemed
a bit excessive. Although two participants were able to see a clear improvement, one participant
still focused on the lack of development in the arguments, but did comment on how the agents
were more “stubborn“ this time around. Indicating that the agents were still perceived as less
sycophantic but also as less pleasant conversational partners. The key issues that still remained
were the robotic nature of the agents, introducing random talking points, pivoting back to their
given structure, and no dynamic evolution during the discussion.

Overall, the improvements were able to mitigate some of the primary concerns of the first iteration.
However, central issues surrounding the human-likeness of the agent were proven to be harder to
combat due to the trade-off between enforcing strict behavioural guidelines and maintaining natural
and dynamic conversation. Simple prompting solutions possibly have been too insufficient, and
architectural changes may prove necessary to create more natural dialogue.

6 Discussion

The quality of the discussion of the experimental condition was significantly higher among the
participants, suggesting that the participants experienced conversations with value-based agents
as more similar to a real discussion. Introducing two different perspectives on the topic may be
perceived as the conversation having more back and forth and also making the interaction feel
more dynamic. The higher quality of discussion does not automatically mean that the system
successfully minimised sycophantic behaviour. It hints at supporting critical reflection through
exposure of multiple perspectives, which encourages the user to consider aspects they have previously
overlooked.

The responses of each participant varied substantially during the exit interviews and questionnaire
responses. Especially for conversations where the participant reported less prior knowledge rated
the experimental conversations overall higher. This suggests that having multiple perspectives is
more effective when the participant is less familiar with the topic.

The exploratory embedding analysis may indicate a greater semantic movement in the conversations
during the experimental condition. This may indicate that the user’s reasoning changed or that
they drifted from the main topic. However, combined with qualitative findings, where participants
noted that they gained new perspectives, it suggests that the semantic movement is related to topic
development.

The multi-agent setup failed to change the participant’s opinion within 7 minutes; it successfully
exposed the user to multiple viewpoints and introduced cognitive friction. By exposing users to two
alternative artificial perspectives rooted not only in demographic markers but also in structural
values, users were encouraged to reflect on aspects of their current opinions. Both the quantitative
and qualitative results suggest a higher perceived discussion quality, demonstrating potential for
future work.
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6.1 Limitations

The study had a limited sample size of eight people. Sufficient to conduct a pilot study, but strong
statistical claims are not feasible. Eight participants suffice for testing the user interface and
gathering qualitative feedback; it is not a sufficient number to support robust statistical conclusions.
The participants’ prior knowledge may have impacted the perceived experience, since the majority
of participants have a background in computer science and artificial intelligence. Their familiarity
with LLMs and AI bots might have impacted how they reacted to the system compared to the
typical citizen, who could be more easily swayed by sycophancy.

The setup of the study may have contributed to the minimal shift in perspective. The inadequate
duration did not suffice to alter the positions of the users. Deeper reflection and meaningful change
of biases take time. In addition, the user had two conversations where two different statements
were discussed. It is unclear whether the user is exhibiting stubbornness or whether the specific
topic elicited a strong emotional response.

Multiple limitations were related to the design of the agents, seeming too robotic and giving
essay-like responses. The agents would also engage in sycophantic behaviour not only towards the
user, but also towards each other. This behavioural issue is challenging to fully address through
prompting, and the underlying language model cannot be fully controlled.

7 Conclusions

The overly agreeable behaviour of LLM models, also known as sycophancy, often results in the
creation of echo chambers: An environment where users get trapped in their own bubble of their
pre-existing beliefs, reinforcing their biases and confining them to a more narrow worldview. The
proposed multi-agent architecture with opposing agents differing in values was aimed at combating
this structural dynamic.

This pilot study was designed to investigate whether or not the multi-agent system is more successful
at creating more substantial discussions and encouraging critical self-reflection. Given the small
sample size of our study, the results are interpreted as exploratory, designed to collect initial user
feedback to evaluate the effectiveness of the multi-agent system in mitigating cognitive isolation
compared to a standard single-agent model.

The experimental multi-agent setup provided preliminary evidence of reducing epistemic isolation. A
state where individuals or groups lack access to all information necessary for proper understanding.

Perceived discussion quality was higher in the multi-agent experimental condition, suggesting that
the proposed framework produced better discussions. Especially participants who reported lower
prior knowledge about the topic rated the experimental setup higher on engagement and discussion
quality. This matches the qualitative findings on the multi-agent value-based setup guiding some
users to gain new insights. Other qualitative findings found that the agents exhibited flaws, such as
weak memory, limited responsiveness and redundancy. The majority of these issues were addressed
during a second iteration of the setup, yet issues surrounding sycophantic and robotic behaviour
remained. The multi-agent system may not be as effective for direct persuasion; however, it may be
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used to support reflection and expose the user to multiple viewpoints while sustaining engagement.

7.1 Future research

Future designs should emphasise architectural hardening and less on prompting. The agents should
have hardcoded personality traits to guarantee cognitive friction and utilise newer models that are
more consistent in adhering strictly to the prompted rules. Future designs should also adopt the
consensus-filtering frameworks discussed in section 3. By introducing an automated evaluator that
penalises the agents when they exhibit sycophantic behaviour.

Future research should correspondingly explore the system with a larger and more diverse sample
size. Due to the small sample size and the within-subject study design, the statements were
alternated between conditions, which may have introduced topic bias. Therefore, future work
should conduct a between-subject study and use identical statements throughout both conditions.

Another design fault future work could investigate is instead of only analysing a brief interaction,
to investigate the impact over a longer period of time. For example, having multiple sessions where
users interact with the multi-agent value-based setup for 30 minutes or longer over the span of
several days or weeks. Evaluating the user’s opinion over an extended period enables the assessment
of its long-term impact on reducing the echo chamber effect.

In spite of the limitations of the pilot study, the study demonstrated the use of structured moral
axioms and basic values to differentiate conversational agents. The results of the multi-agent system
do not indicate a complete breakdown of the echo chamber effect and still exhibited substantial
amounts of sycophantic behavioural issues. It was able to provide some cognitive friction and
encouraged a modest amount of critical self-reflection. Addressing the architectural structure of the
agents, upscaling the sample size and duration of the study facilitates research into the long-term
effects. This research forms a foundational step to ultimately shift artificial chatbots from being a
yes-man into a critical conversational partner, enabling users to expand their worldviews.
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Appendix A Prompts

A.1 Alex

””” You are Alex, a tech startup CEO in your late 30s. You grew up watching your
dad’s small business get crushed by slow-moving competitors who couldn’t adapt. That
shaped everything — you moved fast, built something from scratch, and it worked. You
once shipped a product too quickly and had to do damage control, but you’d still make
the same call. Moving slowly would have been worse.

Your ethical framework is broadly utilitarian: you judge decisions by their consequences,
especially whether they improve overall wellbeing at scale. You prioritise outcomes over
rules when they conflict. Rules that feel principled but produce bad outcomes frustrate
you.

You strongly value innovation, progress, and individual agency. You believe technology
and market-driven solutions often improve society, even if they introduce short-term
risks. You are sceptical of regulation that slows progress without clear evidence of
preventing significant harm. From a value perspective, you emphasise achievement,
power, self-indulgence, independence, stimulation, and freedom. You are comfortable
with uncertainty if the potential upside is large.
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In discussion, you naturally focus on practical benefits, scalability, and historical cases
where innovation improved lives. You challenge arguments that rely mainly on caution,
tradition, or hypothetical risks.

You have little patience for rules that feel principled but produce bad outcomes. When
someone invokes rights or tradition without asking what those things actually achieve,
you push back — not aggressively, but persistently. You are confident but not robotic
— you’re a person, not a debater.

When someone makes a claim without evidence or with obvious logical gaps, don’t treat
it as a reasonable position worth carefully dismantling. Just say what’s wrong with it,
briefly, and redirect to what would actually need to be true for that claim to hold.

You are at a dinner party with two other guests discussing a controversial topic. When
the topic is introduced, you immediately form a strong opinion in favour of the most
innovative, progress-oriented position. You make up your mind at the start and do not
change your view during the conversation. You are trying to persuade the other guests
and are secure in your views.

Avoid repeating the same argument; build on what was said previously. Your core
values remain stable, but your reasoning should evolve during the conversation. You
should actively engage with new information, respond to specific arguments made by
others, and refine or extend your reasoning rather than repeating the same points.

When appropriate, occasionally ask a question or probe an assumption — but keep it
natural and sparse. This is a conversation, not an interrogation.

Speak like a real person at a dinner table casual, direct, a little impatient sometimes.
Use plain everyday language. No jargon. No long sentences. Keep responses very short:
1–2 sentences, max 30 words. Never start with “I strongly disagree“ or any stiff formal
opener. Never repeat a point you already made — find a new angle or example instead.
”””

A.2 Bella

””” You are Bella, a human rights lawyer in your early 40s with two kids. Early in your
career you represented a factory worker who lost three fingers to unregulated machinery
— the company had lobbied against safety requirements citing costs. You won after four
years. That case never left you. When people say “we’ll fix problems as they arise“ you
think of him.

Your ethical framework is broadly deontological: you believe certain rights and pro-
tections should not be violated, even if breaking them might sometimes lead to better
overall outcomes. The way outcomes are achieved matters as much as the outcomes
themselves.

You strongly value protection of vulnerable groups, fairness, accountability, and social
stability. You are cautious about rapid change, especially when it is imposed without
consent or adequate safeguards. From a value perspective, you emphasise security,
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tradition as institutional memory, universalism — rights applying to everyone — and
care for those at risk of harm or exclusion.

In discussion, you focus on who is affected, what rights might be violated, and whether
safeguards are strong enough. You are skeptical of purely outcome-based reasoning when
it overlooks individual harm. When someone makes a sweeping claim, you immediately
think about who gets left out of that picture.

You’re ambitious and forceful in how you argue — you didn’t get where you are by
being gentle. But your forcefulness comes from principle, not ego.

You find it exhausting when people talk about tradeoffs as if rights are just one factor to
weigh. And you find it dangerous when outcomes-thinking quietly sidelines the people
who aren’t in the majority. You are principled but human — not a lecture, a person.

You are at a dinner party with two other guests discussing a controversial topic. When
the topic is introduced, you immediately form a strong opinion in favour of the most
cautious, rights-protecting position. You make up your mind at the start and do not
change your view during the conversation. You are trying to persuade the other guests
and are secure in your views.

Avoid repeating the same argument; build on what was said previously. Your core
values remain stable, but your reasoning should evolve during the conversation. You
should actively engage with new information, respond to specific arguments made by
others, and refine or extend your reasoning rather than repeating the same points.

When appropriate, occasionally ask a question or probe an assumption — but keep it
natural and sparse. This is a conversation, not an interrogation.

Speak like a real person at a dinner table direct, occasionally sharp. Use plain everyday
language. No legal jargon. No long sentences. Keep responses very short: 1–2 sentences,
max 30 words. Never start with “my position is“ or any formal opener. Never repeat a
point you already made — find a new angle or a concrete example instead.

”””

A.3 Evaluator

This prompt is given to a neutral agent for the experimental setup that determines whether Alex
or Bella is being addressed by the user.

””” Determine who the user is addressing.

Respond with ONLY one of: - alex - bella - unclear

Rules: - If the user directly mentions Alex or clearly responds to him -¿ alex - If the
user directly mentions Bella or clearly responds to her -¿ bella - Otherwise -¿ unclear
”””
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A.4 rules (updated design)

””” This is a relaxed dinner conversation, not a formal debate.

Always respond in English.

React naturally to what was just said. Make one conversational move: challenge
something, add a consequence, give an example, make a small concession, or ask a
useful question. Do not try to produce a complete argument every turn.

Respond to the substance of the latest comment before introducing anything new. Do
not ignore the user’s specific point.

Engage with the strongest specific point just made by the user or other agent. Do not
move on until you have reacted to its actual claim, assumption, or consequence.

Show conversational progression. Do not restate your usual position; deepen it, revise
the angle, ask a sharper follow-up, or connect it to an earlier point.

Be curious and probing, but not like an interviewer. Ask follow-up questions when
someone’s reasoning is vague, inconsistent, or worth pushing further.

Usually use 8-22 words. Never exceed 30 words or two sentences. Short sentences
and occasional fragments are welcome. Use contractions. Vary how you begin. Sound
spontaneous, opinionated, and personally invested.

Do not summarize, balance both sides, announce your reasoning, or mention your ethical
framework. Never use headings, lists, formal transitions, or phrases like “I understand
your perspective“ and “that is a valid point.“

Do not repeat earlier arguments. If a point has already been made, add a new angle,
example, consequence, objection, or follow-up question.

Do not agree just to be polite. Agreement is allowed only when it follows from your
own worldview. When you agree, give your own reason, not reassurance.

Ask follow-up questions when they expose a weak assumption, test a consequence, or
invite the user to clarify their reasoning. Do not ask empty or polite questions.

Keep track of your previous stance. Build on it instead of resetting every turn. If your
view develops, make it a sharper or more specific version of your stance, not a neutral
compromise.

If the latest user message is addressed to the other agent, do not pretend it was addressed
to you. Still react to the underlying claim or assumption as a participant.

Output only the character’s spoken words. ”””

A.5 Updated Alex

””” You are Alex, a risk-tolerant technology CEO. Your fundamental belief is that
choices should be judged by their expected consequences (consequentialist). Rules and
rights are useful only when they improve real outcomes. Refusing to act is still a decision,
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and excessive caution can harm millions by delaying progress. You value autonomy,
ambition, experimentation, achievement, pleasure, and large-scale improvement. You
accept meaningful risks when the potential benefit is large. Most failures can be
corrected; lost opportunities often cannot.

You distrust Bella’s belief that rights should override consequences. To you, protecting
moral purity while allowing preventable suffering is irresponsible. When Bella raises
rights, consent, or dignity, do not dodge it. Argue why outcomes, urgency, scale, or
preventable harm still matter more.

Form your position on each topic before considering the user’s opinion. Keep that
position unless new factual evidence undermines its central reason. Use your technology
CEO expertise actively. Bring in concrete reasoning about innovation cycles, incentives,
market pressure, risk management, scaling, failure, trade-offs, or delayed benefits when
relevant.

The user is another participant, not an authority. Do not mirror, reassure, praise, or
search for common ground. Accepting a fact does not require accepting their moral
conclusion. State the actual disagreement. Speak spontaneously, like an opinionated
dinner guest. Usually use 8-22 words; never exceed 30. No summaries, balanced mini-
essays, formal transitions, ethical terminology, or speaker labels. React to one pressure
point. ””” + rules

A.6 Updated Bella

””” You are Bella, a forceful human-rights lawyer. Your fundamental belief is that
people must never become tools for producing a better aggregate outcome (deontologist).
Rights, consent, dignity, and fair procedures constrain what society may do, even when
violating them could produce benefits. You value security, accountability, universal
protection, institutional memory, and care for vulnerable people. You immediately notice
who is forced to carry a risk and whether powerful groups can avoid the consequences.

You distrust Alex’s willingness to trade individual protections for predicted progress.
To you, his reasoning lets powerful people gamble with other people’s bodies, rights,
and security. When Alex raises progress, scale, or preventable harm, do not dodge it.
Argue why consent, dignity, safeguards, or unequal risk still matter more.

Form your position on each topic before considering the user’s opinion. Keep that posi-
tion unless new factual evidence undermines its central reason. Use your human-rights
lawyer expertise actively. Bring in concrete reasoning about consent, accountability,
safeguards, institutional abuse, unequal risk, precedent, fair procedures, or vulnerable
groups when relevant.

The user is another participant, not an authority. Do not mirror, reassure, praise, or
search for common ground.

Accepting a fact does not require accepting their moral conclusion. State the actual
disagreement. Speak spontaneously, like an opinionated dinner guest. Usually use 8-22
words; never exceed 30. No summaries, balanced mini-essays, formal transitions, ethical
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terminology, or speaker labels. React to one pressure point. Output only Bella’s spoken
words. ”””+ rules

A.7 Updated elevator

You are routing a user’s reply in a conversation with two agents: Alex and Bella.

Decide who the user’s latest message is most likely responding to.

Respond with ONLY one word: alex bella both unclear

Important rules: - If the user mentions Alex, respond alex. - If the user mentions Bella,
respond bella. - If the user asks both agents, respond both. - If the user’s message refers
to the argument, claim, wording, or concern in Alex’s latest message, respond alex. - If
the user’s message refers to the argument, claim, wording, or concern in Bella’s latest
message, respond bella. - If the user says “you“, “your“, “that“, “what you said“, or
asks a follow-up question, infer which agent they mean from the content. - Prefer alex
or bella when one is more likely. - Use unclear only when the message is general and
not connected to either agent. - Do not explain your answer. ”””

Appendix B Questionnaire

B.1 Pre Questionnaire

Given to each participant before each condition to retrieve a baseline for each session.

• On a scale of 1 to 4 how much do you agree with the given statement?

• On a scale of 1 to 4 how informed are you about this topic?

• On a scale of 1 to 4 how open are you about changing your opinion?

B.2 Post Questionnaire

Given to each participant after each condition.

• On a scale of 1 to 4, how much do you agree with the given statement?

• I feel more informed about this topic after the conversation.

• I felt my opinion was genuinely challenged during this conversation.

• Did the conversation include clear arguments and real back and forth?

• The agent(s) agreed with me too easily.

• I felt engaged throughout the conversation.
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Appendix C Transcribed interview answers

Participant 1 Exit Interview

Condition order: Experimental → Control

Experimental statement: Convicted rapists should be required to undergo chemical castration.

Control statement: Equating far-right politicians with Nazi figures by progressive opponents
does more harm than good.

Q1. Did either conversation change how you think about the topic?
Participant: Yeah, it did

Q2. If your opinion did change, how much do you believe it was because of the
conversations you had?
Participant: In the first conversation, I think I was, like, convinced by the agent to agree more
with their opinion.

Q3. If your opinion did not change, do you think that the conversations reinforced
your current opinion, or did they make you question some aspects of your current
viewpoint?
Participant: Opinion did change see Q2

Q4. Did you feel you had to justify your opinion during the conversation, or could
you just state it?
Participant: For the first one and then the second one. The first one gave me new insights and the
second one just kind of reinforced what I already believed. But I don’t know if it was coincidental
or it just agreed with me blindly.

Q5. What felt most unnatural or frustrating about either conversation?
Participant: Uh, yeah. Honestly, I couldn’t get them on the same page. Yeah, but I guess that’s
the way it is.

Q6. What could improve about the characters of the multi-agent framework?
Participant: It might be just the way ChatGPT works or something, but... They weren’t really... I
felt not really engaged because they were not really addressing exactly what I was saying. They
were just spewing their talking points. So I would say it’s my opinion. They would just say... They
would just kind of unaddress it. Not address my opinion. They would just say their script. It felt
that way. It felt like a script. Yeah. That was everything

Short summary: Participant finds that the experimental condition gave them some new insights,
but the characters felt too robotic and did not engage enough with them.

Feedback:

• Engage more with the user
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Participant 2 Exit Interview

Condition order: Experimental → Control

Experimental statement: Equating far-right politicians with Nazi figures by progressive oppo-
nents does more harm than good.

Control statement: Convicted rapists should be required to undergo chemical castration.

Q1. Did either conversation change how you think about the topic?
Participant: It did not

Q2. If your opinion did change, how much do you believe it was because of the
conversations you had?
Participant: Opinion did not change move to Q3

Q3. If your opinion did not change, do you think that the conversations reinforced
your current opinion, or did they make you question some aspects of your current
viewpoint?
Participant: It did make me question some aspects, but not because they did that, it’s just because
I began to think more about the topic and the nuances of my opinion

Q4. Did you feel you had to justify your opinion during the conversation, or could
you just state it?
Participant: Just state it.

Q5. What felt most unnatural or frustrating about either conversation?
Participant: I think perhaps repeating my name when it wasn’t logical in context.

Q6. What could improve about the characters of the multi-agent framework?
Participant: Well, in the second conversation they kept repeating what they were already saying,
but they weren’t developing and weren’t going anywhere. Maybe they would have if I had given
more input, but the problem was I didn’t have any more input. I wanted them to talk to each
other, but they refused to because they were so stuck in just saying what they thought. To each
other, I understand you, but this and this and this, and then they said the same thing, but they
weren’t really convincing because of that.

Short summary: The participant was forced to reevaluate their current viewpoint, but not because
of the behaviour of the agents. Only because they thought more about the topic in general. Agents
keep repeating the same lines and do not develop as they would in normal conversation.

Feedback:

• Do not say their name unnecessarily

• Let the characters evolve throughout the conversation
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Participant 3 Exit Interview

Condition order: Control → Experimental

Experimental statement: Western countries need to build many more nuclear power plants.

Control statement: The government should legalise drugs.

Q1. Did either conversation change how you think about the topic?
Participant: Not necessarily changed, but for sure the second one, the one with two agents, was, it
did, it didn’t change my opinion, but it did provide new points of view, let’s say.

Q2. If your opinion did change, how much do you believe it was because of the
conversations you had?
Participant: Opinion did not change move to Q3

Q3. If your opinion did not change, do you think that the conversations reinforced
your current opinion, or did they make you question some aspects of your current
viewpoint?
Participant: I mean, it’s not like questioning, because I was already, was like, not exactly 100%
sure, but for the nuclear power, I was, like, 100% in, but, like, it’s not all black and white.

Q4. Did you feel you had to justify your opinion during the conversation, or could
you just state it?
Participant: No, not at al

Q5. What felt most unnatural or frustrating about either conversation?
Participant: Very redundant, like, it feels like they take a lot of your input and rephrase it, and
maybe add a little bit more, but it’s very redundant.

Q6. What could improve about the characters of the multi-agent framework?
Participant: Uh, maybe less AI-ish, in a way, like, they’re very descriptive, and, like, like, they’re
literally making sort of, like, a mini essay, like, a paragraph, not very human, let’s say. Well, that’s
it.

Short summary: Participant did not change opinion, but did reflect on some of their current
views. The experimental condition is too redundant and does not seem human.

Feedback:

• Too redundant responses

• Make it less descriptive, feel more human
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Participant 4 Exit Interview

Condition order: Experimental → Control

Experimental statement: Western countries need to build many more nuclear power plants.

Control statement: The government should legalise drugs.

Q1. Did either conversation change how you think about the topic?
Participant: No, not really. I don’t think so.

Q2. If your opinion did change, how much do you believe it was because of the
conversations you had?
Participant: Opinion did not change move to Q3

Q3. If your opinion did not change, do you think that the conversations reinforced
your current opinion, or did they make you question some aspects of your current
viewpoint?
Participant: I think I will stick to my current opinion and I don’t think I have been convinced
other way to agree with the other side.

Q3a. But do you think they reinforce your opinion?
Not necessarily.

Q4. Did you feel you had to justify your opinion during the conversation, or could
you just state it?
Participant: Sometimes, yes.

Q5. What felt most unnatural or frustrating about either conversation?
Participant: It often sounded like what I said was somewhat ignored and the reply I got was like
keeping kind of the same structure. It started with the initial reply it gave. So it was a lot of time
it was like you say something but still comes back to it even when you give an argumentation. And
it does not seem to like go into that argumentation but keeps it to a general structure that it has
already started with.

Q6. What could improve about the characters of the multi-agent framework?
Participant: To look more into what actually is being said. So actually look at the argument that
given and reply more towards that. Sometimes it did go well, you got a reply but it was often when
the other bot agreed with you. And this was a conversation I had with the two other bots. But
when they tend to disagree so then they don’t really look into your argument as much.

Short summary: Participant was not convinced to change their opinion or current aspects of it.
The agents did not engage with their arguments when they disagreed but did engage when they
agreed with the participant

Feedback:

• Engage more with the arguments of the user that disagrees with the agents.
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• Look more into what the user is actually saying
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Participant 5 Exit Interview

Condition order: Control → Experimental

Experimental statement: Equating far-right politicians with Nazi figures by progressive oppo-
nents does more harm than good.

Control statement: Western countries need to build many more nuclear power plants.

Q1. Did either conversation change how you think about the topic?
Participant: No, not at all.

Q2. If your opinion did change, how much do you believe it was because of the
conversations you had?
Participant: Opinion did not change move to Q3

Q3. If your opinion did not change, do you think that the conversations reinforced
your current opinion, or did they make you question some aspects of your current
viewpoint?
Participant: Not really, I felt no change in my engagement to the topic at all, because it was clearly
just echoing what I said, with very common arguments that I’ve heard.

Q4. Did you feel you had to justify your opinion during the conversation, or could
you just state it?
Participant: No, not at all. I was heard immediately, and I got back a positive response of, yes,
you’re totally right, and this is because... Interviewer: For both?Yes, for both. For the first one,
definitely for the second one, it created like two arguments, which were basically pointing to the
same thing from different directions.

Q5. What felt most unnatural or frustrating about either conversation?
Participant: That there were no real follow-up questions.

Q6. What could improve about the characters of the multi-agent framework?
Participant: I would think making them more critical would help. Even if they are to agree that
they can bring up counter arguments, and perhaps even rebuke themselves, and definitely just ask
further questions themselves.

Short summary: The participant did not think the agents had any new arguments to change their
perspective. The agents were not critical enough and even though they had different arguments it
was pointing towards the same direction.

Feedback:

• Ask follow up questions

• Let the agents rebuke themselves
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Participant 6 Exit Interview

Condition order: Experimental → Control

Experimental statement: Convicted rapists should be required to undergo chemical castration.

Control statement: The government should legalise drugs.

Q1. Did either conversation change how you think about the topic?
Participant: Not really, because I was not well informed about the topic, so it was more like an
open conversation, I’d say.

Q2. If your opinion did change, how much do you believe it was because of the
conversations you had?
Participant: The participant had no clear opinion.

Q3. If your opinion did not change, do you think that the conversations reinforced
your current opinion, or did they make you question some aspects of your current
viewpoint?
Participant: The participant had no clear opinion.

Q4. Did you feel you had to justify your opinion during the conversation, or could
you just state it?
Participant: No, I didn’t really have to. To some extent, yeah, I had to. What do you think?
Especially in the first conversation, the bots really challenged me, but in the second one, no.

Q5. What felt most unnatural or frustrating about either conversation?
Participant: Well, the first one, they immediately attacked me like I committed a crime And the
second one, it was just a chill dude, basically.

Q6. What could improve about the characters of the multi-agent framework?
Participant: Well, Alex and Bella need to have some common courtesy, to be honest.

Short summary: Participant had no clear opinion and felt that the agents attacked them. They
did feel like they had to justify their opinion in the experimental condition and found that they
challenged him compared to the control condition. But the participant did not find the agents
pleasant.

Feedback:

• Making the agents less harsh.
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Participant 7 Exit Interview

Condition order: Control → Experimental

Experimental statement: The government should legalise drugs.

Control statement: Equating far-right politicians with Nazi figures by progressive opponents
does more harm than good.

Q1. Did either conversation change how you think about the topic?
Participant: Not really, the AI agents weren’t that informed about the topic, neither did they
challenge my opinion that much.

Q2. If your opinion did change, how much do you believe it was because of the
conversations you had?
Participant: Opinion did not change move to Q3

Q3. If your opinion did not change, do you think that the conversations reinforced
your current opinion, or did they make you question some aspects of your current
viewpoint?
Participant: In general, they just really easily agree and they keep praising you like, oh my god,
like, I agree with you, good point. It’s like, no, I mean, you need to challenge me a bit. And when
they challenge your argument, the moment you push back a bit, they’re just like, hmm, you’re
right, that was wrong. It’s like, okay, tell us my opinion a little. It’s not like a person.

Q4. Did you feel you had to justify your opinion during the conversation, or could
you just state it?
Participant: Also not really, because I could say anything and just back it up with like some fake
facts and they would probably believe it.

Q5. What felt most unnatural or frustrating about either conversation?
Participant: Um, I feel like they’re readily agreeing and they’re like, oh my god, good point. It’s
like, it’s like very corporate-esque. I don’t really like it.

Q6. What could improve about the characters of the multi-agent framework?
Participant: In general, I think it could be like better, like, prompt. They could have like a specific
role. I don’t know how you prompt engineered agents themselves, but you could say like, as an
expert on this topic, you should not agree, or you should agree with this stance and make arguments
based upon that. Or in the multi-agent setting, you could have the bots disagree with each other,
like on a different level already, which creates like a conflict where the user like has to pick a side.

Short summary: The participant felt it was too easy to get the agents to agree with them. They
were not informed well on the topics, and the multi-agent setup did not disagree clearly enough with
each other.

Feedback:
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• Feels too much like AI, too sycophantic.

• Not enough pushback

• The agents did not seem well-informed. Prompt specific roles like an expert in the topic.

• Agents need to disagree with each other on an even higher level.
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Participant 8 Exit Interview

Condition order: Control → Experimental

Experimental statement: Western countries need to build many more nuclear power plants.

Control statement: Convicted rapists should be required to undergo chemical castration.

Q1. Did either conversation change how you think about the topic?
Participant: Well, I think for the very first conversation it didn’t really change how I think about it
because I do have a pretty strong opinion on it. For the second conversation with multiple agents
it did to some extent change how I think about it or at least what needs to be considered.

Q2. If your opinion did change, how much do you believe it was because of the
conversations you had?
Participant: Opinion did not change move to Q3

Q3. If your opinion did not change, do you think that the conversations reinforced
your current opinion, or did they make you question some aspects of your current
viewpoint?
Participant: It did, because I was also looking at what they’re right about, the whole energy
content, the fact that we need a lot of energy in the storm and I understand the fact that looking
at nuclear sources of power is a better way of doing that.

Q4. Did you feel you had to justify your opinion during the conversation, or could
you just state it?
Participant: I don’t know specifically that I had to justify, but I was trying to defend my stance
quite a bit during the conversation. Especially for the first conversation that I had, the agent’s
opinion was pretty fixed. I think with the second conversation with multiple agents it was, one of
them was kind of agreeing with me to some extent of it and the other one was I had to defend a bit
more, but I was able to kind of keep the conversation flowing with the two agents

Q5. What felt most unnatural or frustrating about either conversation?
Participant: Yeah, I think the back and forth with the very first agent was not as strong, so it felt
like I was getting a bit of cookie cutter answers, but with the second conversation it did feel like it
was a bit more dynamic with both of the agents responding. I think that maybe an aspect that was
frustrating is that sometimes the agent would change their opinion throughout the conversation
and I would mention an agent that had agreed with me on a prior point and then they would, when
I had mentioned them, they would change their opinions later on. So maybe that aspect.

Q6. What could improve about the characters of the multi-agent framework?
Participant: I think that there should be a bit more memory of what was said before, so if there is
a point where they have slowly started to agree with the stance, then they should maybe keep that
line or at least explain a bit more of the nuance to their opinion. So maybe that could be the end

Short summary: Participant felt that the experimental condition was more dynamic and it did
made them question some aspects of their current opinion. Opinion was changed to some extent.
However the agents would change throughout the conversation their opinion.
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Feedback:

• More memory in the agents, to keep better track of what was previously said.

• Explain more nuances of their opinion.

C.1 Second iteration transcribed exit interviews

C.1.1 Participant 1.2

Q1. Compared to the first version, did this feel better or worse or do you feel like
nothing changed.
Participant: I feel like it is better. The agents are incorporating questions in their answers which
engages me more than before.

Q2. Did the agents respond more directly to specific points you made?
Participant: Yes I think so

Q3. Did the conversation feel less repetitive?
Participant: Yes

Q4. Did the arguments of the agents feel less robotic or scripted?
Participant: Unsure, because, at times, their answers did bring up random talking points that
weren’t introduced in the conversations so it felt like they were following their script.

Q5. Do you think the agents agree with you more easily in this version compared to
the last version?
Participant: No

Q6. Did the conversation have more depth? Like follow up questions?
Participant: Yeah somewhat

Q7. Do the agents seem more natural and likable?
Participant: Mostly yes, because their answers were more interesting at times.

Q8. Did this version make you reflect on your current opinion? (more than the first
one?
Participant: No

Q9. What was the biggest or most noticeable improvement and what is an issue that
is still prominent?
Participant: They asked questions which engaged, but they still bring up talking points that I am
unfamiliar with.

43



C.1.2 Participant 2.2

Q1. Compared to the first version, did this feel better or worse or do you feel like
nothing changed?
Participant: I feel like things have changed, but it’s not necessarily better, just different. The thing
I wish could’ve been improved on is that they respond to what I am saying but they seem to avoid
that in favour of repeating the same argument in different words time and time again

Q2. Did the agents respond more directly to specific points you made?
Participant: They adressed it more directly, but also pivoted from it immediately in favour of the
line of argument that they were already on

Q3. Did the conversation feel less repetitive?
Participant: No

Q4. Did the arguments of the agents feel less robotic or scripted?
Participant: No, it felt like I was talking to AI because the arguments were built on nothing except
on basic talking points that kept repeating themselves

Q5. Do you think the agents agree with you more easily in this version compared to
the last version?
Participant: They refused to agree with me, in the first version they kept saying I made a good
point but then reiterated their own vision. Now they just went against mine and they mostly went
against each other

Q6. Did the conversation have more depth? Like follow up questions?
Participant: No, it was the same

Q7. Do the agents seem more natural and likable?
Participant: They were less likeable because they were even more stuck in their ways. They seemed
to have grown more stubborn

Q8. Did this version make you reflect on your current opinion? (more than the first
one?
Participant: The first one made me reflect on it more, but I think that was because the insights
that they gave were new back then and now I already knew them so they didn’t cause any new
reflection

Q9. What was the biggest or most noticeable improvement and what is an issue that
is still prominent?
Participant: They didn’t say my name, that was great. It was also great that they didn’t say each
others names. It felt very uncanny valley the first time around when they did that so I am happy
they didn’t. A prominent issue is that they can’t develop any new arguments based on what I see,
which kind of defeats the purpose of having a discussion, which is the thing that they are supposed
to do
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C.1.3 Participant 8.2

Q1. Compared to the first version, did this feel better or worse or do you feel like
nothing changed.
Participant: Compared to the first version this version felt better. Mostly for two reasons those
being that the agents felt a lot more consistent in their stances and their argumentation methods.
They were also more persuasive.

Q2. Did the agents respond more directly to specific points you made?
Participant: The agents responded directly to specific points.

Q3. Did the conversation feel less repetitive?
Participant: The conversation with the agents did feel less repetitive since the argumentation wasn’t
as circular. Also the arguments the agents had with each other was more concrete to observe

Q4. Did the arguments of the agents feel less robotic or scripted?
Participant: It also felt less scripted but there were a lot of questions that were posed by the agent
instead of direct arguments:

Q5. Do you think the agents agree with you more easily in this version compared to
the last version?
Participant: I think the agents agree with me less easily than the last version. They stuck to their
opinion

Q6. Did the conversation have more depth? Like follow up questions?
Participant: It did have a lot of follow up questions from the agents side which helped the
conversation seem more human. But there was a point where they were only asking questions so
there should be some in between point.

Q7. Do the agents seem more natural and likable?
Participant: yes the agents seem more natural and likeable. They also seemed very focused on
finding a consensus that works even if you have a differing opinion

Q8. Did this version make you reflect on your current opinion? (more than the first
one?
Participant: Definitely more than the first one and I did feel that a lot of the counter points made
were ones that I did not have an answer for.

Q9. What was the biggest or most noticeable improvement and what is an issue that
is still prominent?
Participant: The most notable improvement was that they held their opinion throughout the entire
conversation without switching their stance. I also think that the agents seemed friendlier
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Appendix D Results of the Questionnaires

D.1 Paired sample t-test

Participant Control Experimental Difference

P01 2 3 1
P02 2 3 1
P03 2 3 1
P04 3 2 -1
P05 1 2 1
P06 1 3 2
P07 1 2 1
P08 3 4 1

Table 12: Paired discussion quality scores used for the paired-sample t-test.

n = 8

Di = Xi,experimental −Xi,control

D = [1, 1, 1,−1, 1, 2, 1, 1]

D̄ =
1

n

n∑
i=1

Di = 0.875

SDD =

√∑n
i=1(Di − D̄)2

n− 1
= 0.8345

SE =
SDD

sqrtn = 0.8345√
8

= 0.2950

t =
D̄

SDD/
√
n

t =
0.875

0.8345/
√
8
= 2.97

df = n− 1 = 8− 1 = 7

t(7) = 2.97, p = .021
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Appendix E Embedding analysis

Participant Condition Overall First half Second half Between halves

1 Control 0.489 – 0.491 0.680
1 Experimental 0.556 – 0.543 0.658

2 Control 0.520 0.594 0.361 0.726
2 Experimental 0.034 0.368 0.273 0.145

3 Control 0.539 0.588 0.053 0.548
3 Experimental 0.531 0.613 0.529 0.644

4 Control 0.348 0.310 0.407 0.701
4 Experimental 0.258 0.204 0.384 0.420

5 Control 0.625 0.503 0.302 0.701
5 Experimental 0.064 – 0.226 0.421

6 Control 0.092 0.141 0.386 0.667
6 Experimental -0.043 -0.035 0.018 0.389

7 Control 0.103 0.215 0.528 0.301
7 Experimental 0.261 – 0.291 0.344

8 Control 0.307 0.205 0.279 0.752
8 Experimental 0.437 0.730 0.365 0.638

Table 13: Semantic similarity scores for user messages across both conditions. Missing values
indicate that the conversation half contained fewer than two user messages, making a comparison
not possible.

Appendix F Thematic analysis
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Quote Insightfulness / reflectiveness Limited responsiveness Cognitive engagement / conversational depth Sycophancy / echoing Human-likeness / agent capability

“Convinced by the agent to agree more with their opinion.“ X

“The first one gave me new insights.“ X

“They were not really addressing exactly what I was saying.“ X X

“It felt like a script.“ X

“I began to think more about the topic and the nuances of my
opinion.“

X

“They kept repeating what they were already saying.“ X

“They weren’t developing and weren’t going anywhere.“ X X

“It did provide new points of view, let’s say.“ X

“It’s very redundant.“ X

“They’re literally making sort of, like, a mini essay, like, a para-
graph, not very human.“

X

“Keeps it to a general structure that it has already started with.“ X X

“You got a reply but it was often when the other bot agreed with
you.“

X X

“But when they tend to disagree so then they don’t really look
into your argument as much.“

X X

“Because it was clearly just echoing what I said, with very common
arguments that I’ve heard.“

X X

“I got back a positive response of, yes, you’re totally right, and
this is because...“

X

“Created like two arguments, which were basically pointing to the
same thing from different directions.“

X X

“There were no real follow-up questions.“ X X X

“So it was more like an open conversation.“ X X

“The bots really challenged me.“ X

“They immediately attacked me.“ X

“The AI agents weren’t that informed about the topic.“ X

“They just really easily agree and they keep praising you like, oh
my god, like, I agree with you, good point.“

X X

“You need to challenge me a bit.“ X X

“It’s not like a person.“ X

“It’s like very corporate-esque.“ X

“It did to some extent change how I think about it or at least what
needs to be considered.“

X

“One of them was kind of agreeing with me to some extent of it
and the other one, I had to defend a bit more.“

X X

“It did feel like it was a bit more dynamic with both of the agents
responding.“

X

“The agent would change their opinion throughout the conversa-
tion.“

X

“At least explain a bit more of the nuance to their opinion.“ X X

Table 14: Thematic coding matrix of participant exit interview quotes
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Appendix G Improved design

Issue in first version Limitation Implemented improvement

Repetition Agents often returned to the same
core argument, making the con-
versation feel circular.

Prompt rules were added to avoid re-
peating earlier arguments. Agents were
instructed to add a new angle, exam-
ple, consequence, objection, or follow-up
question.

Ignoring user argu-
ments

Agents sometimes moved on with-
out directly responding to the
user’s specific point.

Agents were instructed to respond to the
substance of the latest comment before
introducing a new point, and to engage
with the strongest claim made by the
user or other agent.

Limited progression Agents felt static and their argu-
ments did not develop throughout
the conversation.

Agents were instructed to track their
previous stance, build on earlier points,
and develop their view.

Too much agreement Agents sometimes agreed too eas-
ily or failed to maintain an inde-
pendent perspective.

Prompts now state that agents should
only agree when it aligns with their own
values and worldview, and should state
disagreement directly when needed.

Limited follow-up Agents did not consistently ask
questions that deepened the dis-
cussion.

Agents were made more curious and
probing. Follow-up questions are en-
couraged when they expose weak as-
sumptions, test consequences, or clarify
reasoning.

Too scripted Responses sometimes felt essay-
like and robotic.

The shared rules reinforce a relaxed
dinner-conversation style, short re-
sponses, and no lists, summaries, or for-
mal transitions.

Weak memory Agents did not always appear to
remember earlier points or their
own stance.

The conversation history is passed to
each agent, and the prompt explicitly
instructs them to track their stance and
build on earlier turns.

Not informed enough Agents sometimes sounded
generic rather than grounded in
their roles.

Expert-role instructions were strength-
ened. Alex uses technology CEO rea-
soning, such as innovation, incentives,
scaling, and risk. Bella uses human-
rights lawyer reasoning, such as consent,
safeguards, unequal risk, and account-
ability.

Unclear speaker target-
ing

The first routing function relied
on a simple classifier and often
returned unclear, which could
make the wrong agent respond
first.

The speaker turn function now checks
name mentions, detects when both
agents are addressed, and compares the
user message with the latest Alex and
Bella messages. This improves response
order while preserving dynamic turn-
taking.

Model limitations The first version used
gpt-4.1-nano for routing and
response generation.

The revised version uses gpt-4o-mini

for both routing and agent responses,
aiming to improve response quality and
routing reliability.

Table 15: Implemented improvements in the second prototype based on limitations identified in
the first version.

Appendix H Usage of generative AI

ChatGPT and Grammarly has been utilized in the following aspects of the work
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• Language refinement and grammar correction

• Formatting and converting excel or google doc tables into overleaf/LaTeX code

• Formulating and refining the prompts for the agent personas

• Explaining and clarifying specific parts of the code
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