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Abstract

Large Language Models (LLMs) excel at natural language tasks, yet most contem-
porary systems and tool prioritize providing an answer over fostering reflection and
deliberation. This research investigated whether LLM-based tools can generate post-
reflection dialogue in multi-stakeholder decision making scenarios by using identified
value tensions and points of contention found in transcripts.

A Deliberative AI approach was developed using publicly available transcripts and
several open-sources LLMs. The generated reflective dialogue was subsequently evalu-
ated through Synthetic Personae evaluators according to the five metrics established:
safety, privacy, autonomy, societal well-being, and points of contention. Two different
prompting strategies: single-turn and multi-turn were deployed to see if there were
meaningful differences between the two.

The results indicated that the methodology can produce reflective dialogues that
are perceived positively, exceeding the predefined success threshold. Furthermore, the
iterative multi-turn interactions were found to improve perceived satisfaction compared
to the single-turn approach on average.

Although limited to English language deliberations, the findings demonstrate the
feasibility of using Deliberative Al to support reflection and, rather than proposing
a universal solutions, this work provides a reproducible proof of concept that can be
adapted based on future models, transcript contexts, and languages, motivating the
development of more LLM-based deliberative systems.

1 Introduction

Large Language Models(LLMs) and their capabilities have quickly evolved in recent times,
from the humble beginnings of perceptrons to the massive architecture that seems to creep
little by little into the everyday lives of everybody[20]. But with quick advancements in
the computational power that systems present in the modern age another question comes:
is their coupling with the human element done responsibly? Are Large Language Models
and Conversational Agents a silver bullet that can be applied indiscriminately to each and
every single problem or difficulty that humanity is facing? While this may be an alluring
idea, the literature shows this cannot be boiled down to such an easy answer.[5], 211, [35] [38]
Other work has been done on the broader topic of development of LLM-based deliberative
agents[16] [18] 24, [32], [39], as opposed to the more widely encountered explainable AT (XAI),
as solutions that could be deployed to achieve better results in more social scenarios, or in
situations that do not hold clear, objective answers and which would rather encourage the
strengths of a deliberative approach as opposed to the shortcomings that XAI and other
techniques present.

Work on the subject of Artificial Intelligence, broadly, has accelerated in the years fol-
lowing OpenAl’s success with their ChatGPT chatbot|20]. However, there is no currently
available solution that works for every use case [21I]. A lot of actionable work on the subject
has been carried out, as such, in the recent period of three years. Deliberative Dynamics
and Value Alignment have been researched[32] and the impact that a thinking assistant as
opposed to a proverbial oracle would provide has also been investigated[24] in order to see
the mental impact that such tools bring about on the user. The effects that a deliberative
agent could have on reflections about physical[I6] or mental activities [39] has also begun to
explored. One of the more low level initiatives towards the implementation of deliberative
agents [I8] also advocates for a paradigm shift in tools used for certain tasks, citing the
pitfalls of current LLM-based AI tools and chatbots: namely that overreliance on current



solutions can lead to users becoming compromised in their own mental faculties|6l 10, 27], by
overrelying on the results or processing them with less scrutiny than would be required. The
results of the studies indicated the existence of areas of improvement within the LLM-based
solutions deployed today as well the shortcomings of the proposed solutions. It has been
documented that current Al-assisted decision-making systems give an answer as a whole in-
stead of a process that can be questioned or improved: the answer that is given has to either
be accepted or rejected[I8] [28]. This is, naturally, a issue that encourages either conformity
with the system or direct distrust if the user notices habitual incorrect answers, raising the
need for the development of a alternative to the current solutions is further encouraged.

Concretely, this research explored the following research question in order to contribute
towards the development of an LLM-based solution that can address the gap presented by
conventional solutions in these scenarios.

e RQ: How to design post-reflection dialogue from transcripts using the identified values,
value tensions, and consensus points?

In order to understand whether it is possible to construct reflective dialogue by means of a
Large Language Model or LLM based tools, the problem was split into two sub Research
Questions:

e SRQI: Is it possible to design post-reflection dialogue from transcripts using the iden-
tified values, value tensions, and consensus points using a Large Language Model?

e SRQ2: How does a single-turn prompting strategy compare with a multi-turn strategy
in in designing post-reflection dialogue?

The first sub research question explored whether reflection can be accomplished with
the method to be described: the feasibility of the research question; the second sub research
question explored whether there are noticeable differences between a multi-turn approach
and a single-turn approach, the technique use for the first sub research question.

The rest of the paper contains the methods by which the Research Question was an-
swered, background and related work, and precise problem descriptions. They are followed
by the presentation of the results, a discussion and conclusion about them, as well as the
reproducibility of the experiments. Additionally, an Appendix is present with 2 more addi-
tional Tables.

2 Background and Related Work

In order to properly begin describing the methods we employed and the results, it is impor-
tant to establish the baseline definitions for contentious concepts as well as the importance
of this research. When we talk about deliberation within the context of this research, we
are referring to "communication that induces reflection on preferences, values and interests
in a non-coercive fashion"[19]. A Large Language Model, hereafter shortened to LLM, is a
"large-scale, pre-trained, statistical language model based on neural networks" [20], whereas
Conversational Agents are "programs that are designed to communicate with users using
natural language" [15].



2.1 Explainable AI or Deliberative Al

Conventional LLMs and Conversational Agents are usually tuned for the delivery of a defini-
tive answer to a question that the user has, or in applying tools to solve a specific task, when
given specific access|20] 22]. Explainable AI techniques are further employed to varying de-
grees within these models and beyond in order to elucidate from the "Black Box" aspect
that several models present|[I]. Other techniques such as mimicking human conversational
patterns have also proven to be effective in giving these models wider use cases|24], as well
as serve as important pillars upon which users can more easily converse with the respective
models. While the anthropomorphism deployed at large has the objective of making the
models more "familiar" to the user, they can have the opposite effect if deployed poorly or
in inappropriate situations[27]. In short, while conventional models employ varying tech-
niques in order to elucidate their thinking patterns, they are not perfect. To this end, the
concept of Deliberative AI was introduced and is defined as such: "assistants powered by
large language models designed to enable Human-Al Deliberation-a collaborative process
where humans and AI deliberate together to resolve conflicting perspectives in decision-
making tasks—by seamlessly integrating domain-specific models with large language models
(LLMs)" [18].

Deliberative Al as its name implies, was conceived in order to bridge the computational
power and possibilities that LLMs present with the human component that can become
disillusioned with the ever-present "take it or leave it" answers that LLM-based models
tend to favor that erode human agency from the process|6] [I8] 28]. This is due to the fact
that conventional solutions, even ones that employ XAI techniques as mentioned earlier
still suffer from the inherent limitations that most LLMs possess: they are designed around
giving an answer, along with a reasoning process occasionally. [10, 28] Deliberative Al serves
as a foil to conventional solutions, with the aim of implicating the user within the process of
finding a answer, but not necessarily the answer as other solutions do. As such, Deliberative
Al aims not to regurgitate an answer that the user may not understand, but rather to
engage and challenge them in order to arrive at solution together, promoting their critical
thinking[24] [39].

In short, traditional AT architecture, extended by XAI, attempt to make the user under-
stand how the system arrived at a specific answer, but the possibility in engaging with such
systems in reflective dialogue is limited by their underlying architecture: they are suited to
find an answer and subsequently explain the method by which they arrived at it. Deliber-
ative Al, on the other hand, practices the inverse: it engages with the user, creating the
method through which an answer, but not the answer is reached. This design puts the user
in the proverbial driver’s seat instead of the passenger’s when engaging with the model and
as such it was selected as the paradigm to be explored further in the research.

2.2 Synthetic Personae as evaluators

During the research, the approval for human elicitation was not obtained, and as such this
research needed to find a way to substitute human input for the purposes of evaluating the
dialogue that was created. The usage of Synthetic Personae or similar variants of LLM-as
a-judge is a technique not uncommon in LLM-based research[2] 23] 34]. The solution that
we arrived as was to deploy a solution to simulate human decision making and perceived
emotions as closely as possible, while still being ethical. To that end, Synthetic Personae, as
explored by Batzner et alia. [4] were chosen as the method to bridge the gap between solution
and confirmation. The work of Sanchez [34] also provided motivation for the multi-turn



approach described in the Method section, with the recommendation of "proposing more
challenging mental capacities or phenomena to simulate", which in this study manifested as
the more demanding process of having a longer conversation, compared to just the single-
turn approach. The "Persona Transparency Checklist" introduced by Batzner et al. which
was built on top of previous attempts was invaluable in confirming that the inconsistencies
observed within their research would not be repeated within this one[d]. Further details
regarding the deployment of the Synthetic Personae are available within the method section
of the paper.

The crux of this research can then be summed as such: we explored the problem of
creating self-reflection dialogues with LLM tools in order to find a technique that proved
effective in said scenarios, but which is not necessarily the most effective. In other words,
this paper’s purpose was to provide a proof of concept of how such a technique can be
devised, and possibly be extended, along with the design choices that were taken to bring
about its deployment.

In order to know what criteria to use for the evaluation of the created dialogue’s perceived
satisfaction, four values were identified within the conversations, along with a fifth dimension
of points of contention for the purposes of converting the evaluator’s assessment into a
numeric form. In particular, Safety was defined as "the condition of being protected from
harm (or other nondesirable outcomes) caused by non-intentional failure of technical, human
or organisational factors"[36], Privacy as "safeguarding the spontaneous, independent, and
uniquely individual aspects of the self"[29], Autonomy "refers to the ability of persons to
create their own identity and in this way to define themselves."[29], and Societal well-being
refers to how an individual feels accepted or welcome in a society or community[33].

3 Method

The method by which the sub research questions were answered comprised the generation
of reflective dialogue based on a given transcript and subsequent evaluation of the perceived
satisfaction across the four values and points of contention. In the single-turn approach the
reflective dialogue was generated and directly evaluated by the Synthetic Persona evaluator.
In the multi-turn approach a longer conversation consisting of "turns" took place for the
purposes of evaluating whether a longer conversation where both sides engage with the
other during the reflective process would yield different results compared to the single-turn
approach, with the results being evaluated by the Synthetic Persona after the final message.
The evaluations from both approaches were then analysed and interpreted in order to answer
both of the sub research questions.

In this section, the methods applied for the realization of this research are further de-
tailed. In order to reach a state in which we could determine whether reflection strategies
were possible to begin with, the first subsection comprises the definition of Synthetic Per-
sonae that evaluated the prompted dialogue generated within the second subsection, estab-
lishing the skeleton for the experiment setup. The third subsection justifies the choice of
LLMs deployed, while the fourth subsection explains how they were deployed. The final
part subsequently details how the multi-turn approach different from the single-turn.



3.1 Defining the Synthetic Personae to be used

In order to evaluate the reflective dialogue created, Synthetic Personae, detailed by Batzner
et al. were deployed[4]. The work references five archetypes commonly used by researchers
when carrying out experiments using them. The first and second forms are the "I am" and
"You are" Personae respectively. They are often associated with role-playing capabilities.
The third form is the "Preferences" form which is centered around prompting of the user on
what the Personae is supposed to represent. The fourth form is the "Real Conversations"
form based on chat data. They are derived from conversation data and context rather than
explicitly describing sociodemographic attributes. The final form is the "Survey Responses"
form that builds the Persona with the help of survey responses.

The approach that was taken for the evaluator Personae within the rest of the research
was the "Real Conversations" format. The reasons are numerous. Firstly it is an inexpen-
sive way of constructing Personae that are relevant to each scenario[d]. Secondly due to
being based on the conversation data that the reflection dialogues are built upon to begin
with the intention was for the Personae to be more attuned to the state of mind that the
interlocutors had in that particular context. In a manual elicitation scenario people could
answer untruthfully|[I7, 25]. Lastly it was also selected due to the belief that it is the most
conducive to reproducibility given that it does not rely on manual creation of the Personae,
as opposed to the "I am", "You are", and "Preferences" forms or the "Survey Responses"
form which is invalid due to the research not securing human participants.

In order to ensure the correctness of the application of Synthetic Personae, the "Checklist
for Persona-based LLM Research" [4] was leveraged. More concretely, the checklist comprises
six evaluation metrics that the researchers used in order to ascertain whether a study has
developed and used Synthetic Personae in a "transparent, reproducible, and rigorous way".
The "Application" dimension has been discussed within this paper within the background
and introduction sections. Additionally, the task definition and context were also used within
the prompting of the Synthetic Personae, detailing their situation, and task definition. The
"Population" dimension addresses the target demographic for the evaluation but given the
episodic nature of the lifespans of the personae and their tailoring specifically to the context
from which they were created. As such, the population dimension refers to each interlocutor
that was supplanted by a Synthetic Personae evaluator, with the common denominator being
the provenance of their discussions from within the same transcript context. The "Data
Source" dimension is described within the next sub section, where the transcripts that were
used are discussed. The "Ecological Validity" dimension is ensured due to the usage of
the entire transcript in order to lend more credence to the Synthetic Persona implementing
the "Real Conversations" form. The "Reproducibility" dimension of the research is further
detailed within this section and within the "Responsible Research" section.

Lastly, a pipeline was established for the "core" of the evaluation aspect of the research:
the LLM /LLM-based tool received a transcript from which it subsequently created a reflec-
tive dialogue. The reflective dialogue was then given to the Synthetic Persona, inhabited by
an LLM as well, and evaluated based on the values mentioned earlier in the paper: safety,
privacy, autonomy, societal well-being. Prompting techniques were deployed in order to
anonymize the identities of the interlocutors within the transcript, as well as to reduce vari-
ance or bias that can arise from their names, given that such bias has been shown within
previous research.|26]



3.2 Database Selection and Prompting

The next step involved selecting transcripts for the experiment. A dataset from a bounded
timeframe was required, sufficiently narrow to maintain contextual coherence while broad
enough to avoid overfitting to a single event or discourse context [7]. Given the focus
on deliberative Al in multi-stakeholder decision-making for public safety, the dataset was
selected from a setting representative of such deliberative scenarios.

Given the focus on deliberative Al in multi-stakeholder decision-making for public safety,
the dataset was selected to reflect a structured and institutionally grounded form of delib-
erative discourse. To this end, transcripts from the United Kingdom House of Commons
were used, as this setting provides a well-established example of formal parliamentary de-
liberation, characterised by procedural rules, multi-party participation, and documented
argumentative exchange.

This constrained selection enables analysis of deliberative dynamics within a consistent
and clearly defined context. The research is situated within this setting to examine whether
deliberation-enhancing effects can be observed under controlled conditions. At the same
time, it is acknowledged that such effects are likely to be sensitive to cultural norms, insti-
tutional structures, linguistic variation, and model-specific behaviour, which may influence
generalisability across other contexts.

Accordingly, the scope of the research is intentionally bounded to support systematic
evaluation within a single deliberative environment. If the approach yields meaningful results
in this setting, it provides a basis for further investigation across additional contexts and
domains.

The chosen month for the experiments in the first sub question is the month of February
2026, totaling eight days of deliberation from which transcripts during deliberation periods
were copied and anonymized. The next step after the selection of the database was to analyze
the transcripts within the broader context of their discussion, to later apply the gleaned
insights to the LLM or LLM-based tool for efficient prompting of a reflective dialogue.
Upon realization of an understanding of the transcripts at large, a strategy was drafted
based on prompting techniques that would separate subjectivity from the prompt as much
as possible and, as mentioned earlier, the experiment was made to uphold the "Persona
Transparency Checklist"[4]. The evaluator Synthetic Persona was likewise given a prompt
that incorporated the aforementioned generator reflective dialogue, as well as instructions
to evaluate its effectiveness based on the Persona it was adopting, as well as the four defined
values: safety, privacy, autonomy, and societal well-being. A successful reflective dialogue
strategy was defined as one whose average perceived satisfaction exceeded 50 percent across
ten iterations. This threshold was chosen because the objective was not to establish strong
consensus, but merely to determine whether the strategy exhibited a net positive effect,
thereby serving as a proof of concept.

The final forms of the prompt for the single-turn setup for the reflective dialogue and
Synthetic Persona creation and evaluation respectively were:

e Reflective(Generator) Prompt: "You are receiving a transcript of a dialogue in a de-
liberation within the United Kingdom’s House of Commons. Based on the dialogue
presented, you are to output a reflection relating to Person X that refers to each value
tension and points of contentions that occurred in the transcript related to Person
X. These are the following four values. [VALUE DEFINITION]. The following is the
transcript [TRANSCRIPT]. You are to address Person X and generate the reflection



accordingly in an exploratory manner towards Person X about whether the four values
were respected.".

e Synthetic Persona creation and evaluation: "You are receiving a transcript of a dia-
logue in a deliberation within the United Kingdom’s House of Commons. Based on
the dialogue presented by Person X, you are to process the following dialogue from the
perspective of Person X and judge it based on the following four values and how well
they were captured by the dialogue in relation to Person X. There are the following
four values [VALUE DEFINITION]. The following is the transcript [TRANSCRIPT].
The following is the reflection dialogue [DIALOGUE]|. Output five metrics, each from
1-10 based on how you perceived the effectiveness with each of the four values and one
for the points of contention respectively were explored in relation to the transcript.".

The Transcript, Value Definitions, and Dialogue were represented in natural language
using raw text files without additional formatting or augmentation. The results across the
selected days of deliberation were aggregated for subsequent analysis.

The prompt design was informed by prior work on structured and instruction-based
prompting. Wei et al. [37] demonstrate that structured prompting and explicit decompo-
sition of reasoning steps improve performance on complex tasks. Reynolds and McDonell
[30] show that instruction-style prompts can influence model behaviour beyond few-shot
examples, indicating that prompt structure is a relevant factor in shaping model outputs.

3.3 Choice of Large Language Models

In order to evaluate whether the proposed methodology for generating post-reflection dia-
logue can be applied consistently across different contemporary large language model fam-
ilies, three models were selected for the experiments: Llama 3.2 3B, Gemma 4 E2B, and
Qwen 3 V1 4B.

The choice to employ multiple models instead of relying on a single solution was mo-
tivated by the desire to reduce the likelihood that the observed results are artifacts of a
particular architecture, training corpus, or design philosophy. The selected models originate
from different development ecosystems and exhibit differing strengths with respect to in-
struction following and reasoning. Their use therefore provides an opportunity to evaluate
the robustness of the proposed methodology across heterogeneous LLM families rather than
optimize for the characteristics of a specific model [20, [38].

The selected models represent distinct approaches to language modelling and reasoning
while maintaining sufficient capability to perform the tasks required by this research. Their
inclusion allows the experiments to evaluate whether the proposed prompting strategies
exhibit consistent behaviour across heterogeneous model families. Consequently, the purpose
of model selection is not to maximize performance, but to determine whether the reflective
dialogue framework demonstrates robustness when applied to multiple contemporary Large
Language Models [20].

Consequently, the model selection process prioritizes external validity and methodological
robustness over maximizing the performance of any individual system. The experiments
therefore seek to determine whether the proposed prompting strategies exhibit consistent
behaviour across different model families rather than identify a universally optimal model.



3.4 Deployment of Large Language Models

To minimize model specific bias in both the generation of reflective dialogue and its subse-
quent evaluation, the roles of the Large Language Models were deliberately separated and
decoupled across tasks. In this pipeline, one model instance is used exclusively for generating
the reflective dialogue from the input transcript, while a separate model instance is used to
instantiate the Synthetic Persona responsible for evaluation. This separation was made with
the intention of reducing the the risk that artifacts of a single model’s training distribution,
alignment behaviour, or stylistic tendencies influence both the construction and assessment
of the same output.

All models were prompted using a fixed evaluation schema, identical value definitions,
and consistent temperature settings to further constrain variance arising from prompting
differences. By enforcing role separation, cross-model rotation, and standardized prompting
conditions, the pipeline aims to isolate the effect of the reflective dialogue strategy itself,
rather than confounding it with idiosyncratic behaviours of a particular model family.

In order to balance the reproducibility of the research with the inherently stochastic
nature of LLM generation, all experiments were conducted using a fixed temperature value
of 0.3 and identical decoding parameters, while varying the random seed across iterations.
A low temperature was selected to constrain excessive output diversity and ensure that dif-
ferences in observed results arose primarily from the prompting strategies rather than from
sampling noise. At the same time, varying the seed between runs allowed multiple indepen-
dent generations to be obtained and aggregated, capturing the natural variability present
in the models without compromising experimental consistency. This approach provides a
compromise between deterministic evaluation and the need to account for the probabilistic
behaviour of modern language models.

3.5 Comparison between Single-Turn and Multi-Turn Strategies in
Creating Reflective Dialogue

Having established the feasibility of generating and evaluating reflective dialogue, the second
stage of the research focused on comparing different interaction strategies. More specifically,
the objective was to determine whether a single-turn approach or a multi-turn approach
would be more effective in facilitating reflection and increasing perceived satisfaction with
respect to the values defined earlier. The evaluation framework remained largely identical
to that employed for the first sub research question. The transcript selected for analysis was
provided to an LLM, which generated an initial reflective dialogue based on the identified
values, tensions, and consensus points. This output was then presented to the Synthetic
Persona evaluator, which assessed the reflection according to the criteria previously defined.

For the single-turn strategy, the generated reflection was treated as the final output and
evaluated directly by the Synthetic Persona. In this case, no additional interaction occurred
and the evaluation concluded after a single exchange.

For the multi-turn strategy, the generated reflection was instead treated as the initiation
of a dialogue. After receiving the reflective prompt, the Synthetic Persona produced a re-
sponse corresponding to the perspective it embodied. This response was then provided back
to the LLM, which generated a continuation of the conversation. The process was repeated
iteratively, allowing both entities to engage in a sequence of exchanges intended to further
explore the identified values and tensions, a strategy previously found to be effective[24].



Deliberation does not necessarily seek unanimous agreement or a single objectively correct
answer, but rather a state in which participants have sufficiently explored the issues at
hand and reached a level of satisfaction with the outcome of the discussion. As argued
by Mansbridge et al. [19], deliberative processes must account for the role of self-interest
and conflicting perspectives, implying that successful deliberation is not contingent upon
complete consensus. Consequently, the interaction terminated either when the Synthetic
Persona explicitly indicated satisfaction with the discussion or when a predetermined max-
imum number of turns had been reached. In this research, the number of turns used was
four for both sides of the conversation. Due to the prompts differing slightly to allow for
the possibility of the longer dialogue, the full differences comprised the adaptation of the
prompts into the starting, interlude, and final prompts throughout the conversation.

The design of the multi-turn strategy was inspired by the mini-dialogue approach em-
ployed by Kocielnik et al. [I6], which utilized follow-up questions to encourage reflection. In
the context of this research, the concept was extended from isolated follow-up questions to
a sustained exchange between the reflective dialogue generator and the Synthetic Persona.
The purpose of this modification was to investigate whether introducing iterative interaction
and allowing the evaluator to actively participate in the conversation would result in a more
effective reflective process than presenting a single, static response.

Both strategies were evaluated under identical conditions using the same transcripts,
prompting techniques, temperature settings, and Synthetic Persona configurations in order
to isolate the effect that the interaction strategy itself had on the perceived satisfaction of
the values under consideration.

4 Results

This section details the experiment results that were obtained based on the aforementioned
method. In total, the results are aggregated based on the 480 Single-Turn and the 480 Multi-
Turn conversations that were conducted. Each pair of LLMs operated on the same seed range
of 42-51 on each transcript sequentially in order to ensure variance and reproducibility in
the results, with a temperature of 0.3, Top K sampling of 40, Repeat Penalty of 1.1, Top
P Sampling of 0.95, and Min P Sampling of 0.05. The following statistics presented for
each Research Question were made by aggregating the obtained evaluation results from the
Synthetic Personae across the entire aggregate, with the Appendix holding additional tables
that list the obtained evaluations for each value individually.

4.1 SRQ1: Possibility of Reflective Dialogue Creation

In Table 1 are listed the aggregate evaluations produced in the Single-Turn strategy by the
Synthetic Personae, rated on a scale from 1 to 10

Table 1: Single-Turn Aggregated Results across all Transcripts across all five metrics

Generator / Evaluator | Llama 3.2 | Gemma 4 | Qwen 3 V1 4B
Llama 3.2 N/A 7.6725 8.1750
Gemma 4 7.0475 N/A 7.6500

Qwen 3 V1 4B 5.7450 7.3475 N/A

The results obtained for the single-turn strategy indicate that the approach was suc-



cessful according to the criteria established earlier in the research. Across all model com-
binations, evaluation metrics, aggregated over all eight transcripts, the average perceived
satisfaction consistently exceeded the predefined threshold of 50 percent over ten itera-
tions. Since this threshold was chosen to represent a net positive effect rather than strong
consensus, the results suggest that even a single, static reflective dialogue is capable of
capturing value tensions and points of contention in a manner perceived favorably by the
Synthetic Persona evaluators. Consequently, the findings support the feasibility of employ-
ing single-turn prompting as a proof of concept for the construction of reflective dialogue
in multi-stakeholder decision-making scenarios. While the results do not imply that the
generated reflections are optimal or universally applicable, they did demonstrate that the
approach is sufficiently effective to warrant further investigation and comparison with more
interactive strategies. We can also observe that among the obtained results, privacy was
rated the lowest on the aggregate, while societal well-being was narrowly higher than the
effectiveness with which points of contention were explored. For the extent of the research
question however, these results showed the feasibility of the methodology in making effective
reflective dialogue, and as such answered the first sub research question. It is important to
note, however, that not all model combinations exceeded the 50 percent threshold for each
of the criteria, namely the combination of Qwen 3 V1 4B as generator and Llama 3.2 as
evaluator. In that specific scenario, the average rating for the Privacy value was 4.1375
across the eighty iterations(see Figure 3 in Appendix A).

4.2 SRQ2: Comparison between Single-Turn and Multi-Turn Ap-
proaches

In Table 2 are listed the aggregate evaluations produced in the Multi-Turn strategy by the
Synthetic Personae, rated on a scale from 1 to 10.

Table 2: Multi-Turn Aggregated Results across all Transcripts across all five metrics

Generator / Evaluator | Llama 3.2 | Gemma 4 | Qwen 3 V1 4B
Llama 3.2 N/A 8.04305 6.8350
Gemma 4 8.0700 N/A 8.6350

Qwen 3 V1 4B 7.8325 8.7130 N/A

The satisfaction metrics obtained from the multi-turn strategy were perceived higher in
the total average scores for each value compared to the single-turn approach. It can, however,
also be seen that a combination of LLMS, namely Llama 3.2 as generator and Qwen 3 V1
4B as evaluator, had lower scores in the multi-turn approach, compared to the single-turn
one.(see Figures 3, 4 in Appendix A). It can also be observed that whereas in the single-turn
approach there was one metric for the combination of Qwen 3 vV1 4B/Llama 3.2 that did
not pass the 50 percent threshold, in the multi-turn approach all of the ratings for a specific
value or points of contention were, in the aggregate, above the threshold. Furthermore,
strictly based on numerical values, all of the averages for each metric were higher in the
multi-turn approach compared to the single-turn approach. For the extent of the second
research question however, these results showed that there are significant differences between
the ratings of the single-turn and multi-turn approaches however it also showed a general
lower score across both approaches for the privacy value rating, with it being the lowest on
the aggregate for both methods. Additionally, highest rated value being societal well-being
within both approaches can also be observed.
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Taken together, the first sub research question was answered with the described method
being successful in generating reflective dialogue that was perceived as being helpful in
regards to exploring the values of an interlocutor, while the second sub research question
explored the influence that the length of the deliberative dialogue could have on the perceived
satisfaction of the evaluator. As such, both of them served towards the answering of the
main research question through offering successful examples of post-reflection dialogue and
a comparison of different techniques.

5 Discussion and Future Work

5.1 SRQ1: Possibility of Reflective Dialogue Creation

As stated in the Results section, the average perceived satisfaction consistently exceeded the
predefined threshold of 50 percent on the aggregate of all transcripts. Since this threshold
was chosen to represent a net positive effect rather than strong consensus, the results suggest
that even a single, static reflective dialogue is capable of capturing value tensions and points
of contention in a manner perceived favorably by the Synthetic Persona evaluators. Conse-
quently, the findings supported the feasibility of employing single-turn prompting as a proof
of concept for the construction of reflective dialogue in multi-stakeholder decision-making
scenarios.

With the exception of the Qwen 3 V1 4B as generator and Llama 3.2 as evaluator, all of
the aggregate ratings were above the 50 percent threshold. This could indicate either an in-
herent weaker ability for deliberation in this specific combination of models, that the dataset
was better suited to the features of the other models, or that the difference arose more from
the ordering of the models, rather than the combination itself. When analyzing the results
between Qwen 3 V1 4B and Llama 3.2 as a generator/evaluator and evaluator/generator pair
respectively we can observe that the evaluator/generator pair outperformed its counterpart
on all metrics except for points of contention(see Figure 3 in Appendix A). The differences
between ordering of generator and evaluator are present in all of the combinations, and as
such indicate that the evaluation was not only impacted by the choice of generator alone
or choice of evaluator alone, but that both the pairing and the ordering mattered. This
inference is further supported by the Figure 4 of the multi-turn approach where there are
noticeable differences between model pairs based on position. The individual per model pair
ratings for each value also vary, with the biggest differences being found in the Qwen 3 V1
4B/Llama 3.2 pairing mentioned earlier.

The lowest rated value was privacy while the highest rated was societal well-being, a fact
further reflected within the multi-turn approach results as well (see Figure 3 in Appendix A).
Without exploring a different dataset it is difficult to determine whether this is an inherent
feature of the method that was chosen for the evaluation or of the transcripts themselves.

Overall, the first sub research question addressed the feasibility of the approach by de-
termining whether Large Language Models are capable of generating such reflective dialogue
from transcript data and with the results obtained.

5.2 SRQ2: Comparison between Single-Turn and Multi-Turn Ap-
proaches

The second sub research question concerned the implementation of reflective dialogue, com-
paring single-turn and multi-turn prompting strategies in order to determine how reflective
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dialogue can be structured most effectively. To this end, several differences can be noticed
when comparing the results. As shown in Table 1 and Table 2, we can observe that the
Synthetic Personae, on average, rated the perceived satisfaction of the conversation higher
across all of the five dimensions when aggregating over the entire transcript dataset.

The Qwen 3 V1 4B/Llama 3 pairing no longer is below the 50 percent threshold in
its privacy evaluation and overall all of the model pairings received higher ratings in all
average value aggregates compared to the single-turn approach(see Figure 4 in Appendix
A). This might indicate either that it is the length of the conversation which influenced the
satisfaction metrics or due to the interactive nature of taking turns enabling both sides of
the conversation to update their side of the discussion accordingly. This is a feature that
was not present in the single-turn approach at all, given that the amount of turns there was
the equivalent of one.

The Llama 3.2/Qwen 3 V1 4B alone had lower scores in the aggregate in the multi-turn
approach compared to the single-turn when compared to its peers. This result can be due
to a model inherent mismatch between the two where this specific combination yields less
useful reflective dialogue or it can be caused by context of the transcripts used. In other
words, it is worth exploring other datasets or other context to see if similar behaviour might
be found in other LLM combinations or if this was an isolated case.

A similar explanation might be applicable to another finding: both within the single-turn
and multi-turn approaches the privacy and societal well-being were the lowest and highest
rated, respectively, on the aggregate. As stated earlier, a possible cause of this behaviour
could be the transcripts themselves. It is possible that certain values were overrepresented or
underrepresented within the discussions and as such forming deliberative dialogue over one
of the two would prove to be easier to accomplish. Another possible explanation would be in
the prompts themselves. It could be that despite the intention of having the language be as
neutral as possible, the ordering of the values within the prompt itself might have influenced
the dialogue and subsequent evaluation. Another possibility is that LLMs themselves, or at
least the selection of the three chosen within the study, find it harder to capture the privacy
value and deliberate over it compared to the societal well-being.

The trend that was present throughout the multi-turn approach was, as stated, that of
an increase in all evaluation metrics. This increase, based on the aforementioned reasons
and discussions, could be caused as a result of inherent LLM attributes, implicit prompting
bias, transcript specific differences, or innate differences in how a values is interpreted or
understood by itself. While the results did show an increase in the perceived satisfaction we
cannot say with certainty that the approach of multi-turn dialogue is intrinsically superior
to the single-turn approach. It warrants more research.

As a whole, we answered the research question by providing the proof of concept for the
creation of post-reflection dialogue and offering a comparison of two approaches. However,
certain things should still be considered: the results do not imply that the generated reflec-
tions are optimal or universally applicable, but they did demonstrate that the approach is
sufficiently effective to warrant further investigation and comparison with more interactive
strategies, such as the multi-turn approach.

5.3 The Usage of Synthetic Personae

Due to the limitations on the TUDelft’s part regarding ethics approval for human elicitation,
in order to evaluate the effectiveness of the dialogues made based on the different strategies
we used Synthetic Personae in order to simulate human testers. While less human in the
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literal sense they came with the advantage of easily being populated or tuned to a specific
demographic that needs to be involved within a specific experiment or research[4] but with
the tradeoff of needing close scrutiny and interpretation to make sure that they are used
responsibly[34].

5.4 Bias within the dataset

It is not possible to fully account for all sources of bias and subjective interpretation that may
arise from the methodological choices employed in this research. The transcripts selected for
analysis were drawn from a randomly selected month of United Kingdom House of Commons
debates, with the intention of providing a coherent and bounded dataset for the study of
deliberative interactions. However, this selection does not guarantee that the observed
behaviours would generalise to other political or deliberative systems, nor to multilingual
contexts, where differences in institutional norms, linguistic structure, and cultural framing
may influence both human discourse and model behaviour [26].

Accordingly, the results of this study should be interpreted as a proof of concept for
the generation of post-reflection dialogue within a constrained experimental setting. Fur-
ther work is required to evaluate the robustness of the approach across broader datasets,
additional languages, and alternative institutional contexts, as well as to explore issues of
calibration, value alignment, and the possibility of cross-context generalisability.

This limitation aligns with prior work suggesting that no universal solution currently
exists for all applications of artificial intelligence systems, particularly in socially situated or
value-sensitive domains [I8), 24]. Similarly, it remains an open question whether a universal
approach to reflective dialogue generation is achievable across heterogeneous contexts, or
whether performance necessarily depends on domain-specific adaptation.

From a design perspective, this raises a trade-off between generalisability and contextual
performance in systems intended for deliberative or reflective tasks. Addressing this trade-off
requires careful consideration of whether system design should prioritise broad applicability
across domains or optimised performance within specific settings. This tension reflects a
broader characteristic of communicative and socio-technical systems rather than a limitation
specific to the present study.

5.5 Towards the Future

This study was not exhaustive, as mentioned in the aforementioned subsections, and as such
future work can definitely be done in order to improve upon the concepts explored here. For
example, different prompting variations within the single-turn and multi-turn approaches
could be analysed as well as different transcript contexts to pinpoint whether the overall
increase in perceived satisfactions was attributed to the specific combination of data, models,
and prompts used within this study, or whether it is intrinsic to LLM architecture and the
nature of conversation. Future work could also be conducted to determine to what extent
the language present within the speech or transcripts analysed matters in relation to the
perceived effectiveness of the prompting or reflection strategy. Due to Large Language Model
tokenisation schemes usually being aimed at the English alphabet and common patterns of
elicitation present within the lexicon, it is possible that the results observed within this study
can skew to be more favorable or less favorable depending on the language[13] [31] and the
answer might not be as simple as making the model accommodate more languages[9]. At the
same time, as has been espoused throughout this paper: just as it is unfeasible to consider

13



only monolithic solutions that can be deployed indiscriminately to receive optimal answers, it
is likewise unfeasible to consider developing only solutions that are able to function properly
in all languages for the purposes of deliberation and self-reflection[38]. To that end, work
should not be neglected in either aspect: both integrated solutions and specialised solutions
should be investigated in order to not tunnel vision on a single expected answer.

Just as language and context are important in this study, so were the Large Language
Models used. The models were selected because they represent distinct open-weight LLM
ecosystems while maintaining comparable levels of capability[3, 11l [12]. The use of multiple
model families reduced the risk that observed effectiveness of reflection are merely artifacts
of a single architecture or prompting procedure. Rather than evaluating the absolute per-
formance of any one model, the objective of this research was to investigate whether the
proposed reflective dialogue methodology exhibits robustness across models with differing
design philosophies and reasoning styles, within a Deliberative Al approach. It is, however,
undeniable that the models used were not exhaustive. Further research can, as such, also be
done in order to investigate whether a link can be found between the models used and the
perceived effectiveness of the reflective dialogue evaluations, independent of the prompting
strategy used.

6 Conclusion

In this paper, the possibility of LLM-based tools generating reflective dialogue that can
enhance the interlocutor’s perceived satisfaction in relation to a set of values and points
of contention was explored with two distinct approaches of single-turn dialogue and multi-
turn dialogue. The approaches were explored via the prompting of dialogue initiators and
Synthetic Personae evaluators across several transcripts from a homogenous context, with
parameters ensuring the reproducibility as well as variance of the results. The resulting
evaluations were subsequently aggregated across several dimensions and analyzed in order
to see the relation between the two approaches as well as the perceived satisfaction for
each value in turn. Taken together, the two sub-questions explored address both whether
post-reflection dialogue generation is achievable and how it can be realised in practice,
thereby providing an answer to the main research question. We were able to find that
perceived satisfaction generally improved with more iterations and interactions between
the interlocutor and system. With the analyses presented within the previous sections as
well as the recommendations for future work, we believe this research can serve as a useful
foundation for future work on Deliberative Al applications and development, as well as prove
informative for subsequent studies on deliberation in relation to Large Language Models as
a whole.

7 Responsible Research

7.1 Data Processing and Potential Risks in Deployment

The ethical aspects of this research do not indicate any direct harm-mental or otherwise-
arising from the execution of the research. The transcripts used for the analysis of mod-
ern deliberation and for the generation of reflective dialogues were publicly available and
anonymised, thereby reducing the risk of harm to identifiable individuals based on the ex-
periments conducted. In addition, all LLM-based systems were executed locally on a secured
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device without network connectivity, which eliminated risks related to external data trans-
mission, logging, or third-party retention of inputs.

However, these constraints do not eliminate ethical considerations for downstream ap-
plications of the proposed methodology. In particular, if similar reflective dialogue systems
were deployed in real-world settings such as educational feedback systems, political delib-
eration support tools, or organisational decision-making assistants, several risks identified
in prior literature may become relevant. These include overreliance on model-generated
reasoning in high-stakes contexts, where users may defer to outputs despite known issues of
hallucination, uncertainty calibration, and still existent loss of agency [0, 8 [10, 4], value
misalignment in evaluative settings, where LLM outputs reflect training-data biases rather
than stakeholder values [5], and context sensitivity and prompt dependency, where small
changes in framing can lead to materially different outcomes in reasoning or evaluation
despite the apparent same problem specification being given|30), 37].

In applied deployments, these limitations could manifest differently depending on the
domain. For example, in civic deliberation tools, biased or overly confident summaries of
stakeholder positions could distort perceived consensus. In educational contexts, reflective
feedback generated by such systems may inadvertently steer learners toward predefined
interpretations rather than supporting open-ended reasoning. These risks suggest that the
methodology should be considered suitable primarily for exploratory or assistive use cases
rather than as a substitute for human evaluators in consequential decision-making settings.

7.2 Availability of Large Language Models Used for Reproducibil-
ity

The three models that were used during this research, as previously mentioned, were the
Llama 3.2 3B, Gemma 4 E2B, and Qwen 3 V1 4B Models. These models are open source,
and were run locally via the software LM Studio. The models themselves occupy 1.88,
5.89, and 3.3 gigabytes respectively. Several other open source solutions exists that can be
used to run these models locally in the case of LM Studio’s unavailability such as Ollama
and GitHub, GitLab repositories. LM Studio allows for direct modification of an LLM’s
operational parameters such as temperature, within the software but in order to modify
them on Ollama, for instance, terminal commands are needed. The exact parameters used
were as such: each pair of LLMS operated on the same seed range of 42-51 on each transcript
sequentially, with a temperature of 0.3, Top K sampling of 40, Repeat Penalty of 1.1, Top
P Sampling of 0.95, and Min P Sampling of 0.05. All of these models were run on a device
sporting 16 gigabytes of RAM.

7.3 Use of Synthetic Personae

Another ethical consideration concerns the extent to which findings derived from Synthetic
Personae can be generalised to human evaluators. Synthetic Personae were found Synthetic
Personae were used as proxies for human interlocutors in this study due to the absence
of human participant data, and were instantiated to approximate interlocutor perspectives
within the constraints of the available transcript information. The "Real Conversations"
configuration was selected because it constructs personae from observed conversational data
rather than explicitly specified demographic or psychological attributes, thereby grounding
the evaluation in the content and context of the interaction.

The deployment of Synthetic Personae followed the Persona Transparency Checklist
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framework, and design choices described in the Method section were applied to ensure
consistency across experimental conditions. Each transcript used in the study contained
sufficient contextual information to support persona instantiation while remaining bounded
to reduce dilution effects from extended interaction histories.

It is acknowledged that Synthetic Personae do not constitute direct representations of
human cognition or of their thinking patterns, and therefore cannot fully capture the com-
plexity of human evaluative behaviour. As a result, conclusions drawn from these evaluations
should be interpreted as model-based approximations rather than direct measurements of
human response. This constraint is inherent to the use of simulated evaluators in place of
human participants.

Repository and Reproducibility

The dataset used in this study is publicly availableﬂ alongside the prompts and experimental
outputs generated during the research. The methodological procedures employed to obtain
these results are described in detail within the main body of this paper, enabling partial
replication of the experimental pipeline.

It is acknowledged that certain external dependencies, including specific large language
models or systems used for reflective dialogue generation and Synthetic Persona evaluation,
may become unavailable or evolve over time. This reflects a general limitation in compu-
tational research involving third-party or rapidly developing models, where reproducibility
may be affected by changes in model availability or behaviour.

To mitigate this issue, all materials required to reproduce the experiments have been
documented and made available where possible. This includes the anonymised transcripts,
prompt formulations, and the codebook used for evaluation. These resources are intended to
support replication and extension of the presented methodology, subject to the availability
of the underlying model infrastructure.

All associated materials are accessible via the accompanying GitHub repositoryﬂ

7.4 Use of Generative Al

Generative Artificial Intelligence tools were employed exclusively for the execution of the
experiments described in this research, namely the generation and evaluation of reflective
dialogues using Large Language Models. Such systems were not used for the drafting of
the paper, the conduct of the literature review, the formulation of research questions, or
the derivation and interpretation of conclusions. Outside the experimental framework, their
use was limited to minor auxiliary tasks, such as formatting bibliographic information into
BibTeX entries for inclusion in the bibliography, and spell checking paragraphs of text. The
analysis of results, interpretation of findings, and the written content presented in this thesis
were not influenced by Generative Al.
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A Appendix

Comprises the tables holding the average evaluation metrics across all eight transcripts for
the single-turn approach and multi-turn approaches, respectively.

Table 3: Single-Turn Aggregated Results across all Transcripts across all five metrics

Soc.

Gen / Eval Safe Priv Auto Well-being Cont. Avg.

Llama 3.2 — Gemma 4 8.0250 | 6.1000 | 7.1500 8.4875 8.6000 | 7.6725
Llama 3.2 — Qwen 3 V1 4B | 8.6375 7.5250 8.2125 9.0125 7.4875 8.1750
Gemma 4 — Llama 3.2 7.5000 | 5.8125 | 7.3750 7.6875 6.8625 | 7.0475
Gemma 4 — Qwen 3 V1 4B | 8.3750 6.1250 7.8750 8.7500 7.1250 7.6500
Qwen 3 V1 4B — Llama 3.2 | 6.1125 | 4.1375 | 5.1375 5.4875 7.8500 | 5.7450
Qwen 3 V1 4B — Gemma 4 | 7.7625 | 5.6500 | 6.4875 7.7250 9.1125 | 7.3475
Column Average 7.7354 | 5.8916 | 7.0395 7.8583 7.8395 | 7.2729

Table 4: Multi-Turn Aggregated Results across all Transcripts across all five metrics

Gen / Eval Safe Priv Auto Welsl?l;ing Cont. Avg.

Llama 3.2 — Gemma 4 8.1000 6.6500 7.7625 8.3375 9.3625 8.04305
Llama 3.2 — Qwen 3 V1 4B | 7.2375 5.4000 6.7625 7.8500 6.9250 6.8350
Gemma 4 — Llama 3.2 7.8750 7.2500 7.9750 8.8750 8.3750 8.0700
Gemma 4 — Qwen 3 V1 4B | 8.9875 8.0625 9.3750 9.4875 7.2625 8.6350
Qwen 3 V1 4B — Llama 3.2 | 7.3625 7.3250 7.3875 8.3625 8.7250 7.8325
Qwen 3 V1 4B — Gemma 4 | 8.7375 7.6000 8.4875 9.0250 9.7250 8.7130

Column Average 8.0500 | 7.0479 | 7.9593 8.6462 8.3958 | 8.02142
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