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Abstract. Large Language Models (LLMs) are increasingly deployed
in interactive public information systems, yet often fail to adapt their
outputs to diverse user expectations. This paper presents a persona-
aware alignment pipeline that fine-tunes LLMs using synthetic dialogue
data to improve the stylistic alignment and communicative relevance of
generated responses. The approach is applied in the context of RepoChat,
a dialogue system developed with Nagra, the Swiss agency for the disposal
of radioactive waste. RepoChat provides public access to complex technical
and regulatory information and must respond appropriately to diverse
audiences, including citizens, journalists, politicians, and subject matter
experts.

We introduce a modular training process combining retrieval-augmented
answer generation with persona-specific rewriting, supervised fine-tuning,
and preference-based optimization. In total, the pipeline produced ap-
proximately 6000 persona-specific prompt-response pairs for supervised
fine-tuning and 2500 contrastive triplets for Direct Preference Optimiza-
tion, ensuring sufficient coverage across four personas.

To evaluate the system, we employ both automated assessments using
LLM-as-a-Judge methods (with GPT-40 scoring prompts explicitly de-
fined for factuality and stylistic alignment) and qualitative user feedback
through interviews. Findings show that the fine-tuned model demon-
strates moderate and inconsistent improvements in tone, clarity, and
user-perceived alignment—particularly for non-expert audiences. How-
ever, limitations remain in handling emotional nuance and maintaining
consistency across multi-turn dialogue.

This work contributes a reproducible alignment pipeline for persona-
sensitive LLM deployment and highlights the value of synthetic training
data in human-centred, high-stakes communication domains.

Keywords: Large Language Models - Persona-Aware Al - Synthetic
Training Data - Human-Centred Al - Dialogue Systems.

1 Introduction

LLMs have become a central component in public-facing dialogue systems. Their
ability to deliver fluent, informative, and context-aware responses makes them
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valuable for interactive platforms where users seek knowledge from large document
corpora. However, current systems often struggle to adapt their linguistic output
to the needs of diverse audiences. Especially in high-stakes public communication,
tailoring the tone, complexity, and rhetorical framing of LLM outputs to different
user personas is essential for accessibility, trust, and engagement.

This study addresses this challenge in the context of RepoChat, a document-
based conversational assistant developed in collaboration with Nagra, the Swiss
National Cooperative for the Disposal of Radioactive Waste. The system provides
access to technical and regulatory information surrounding deep geological repos-
itories. Its users include laypersons, journalists, politicians, and subject matter
experts—each expecting stylistically distinct, yet factually accurate responses.

Existing LLMs are typically fine-tuned for general purpose outputs but
fall short in persona-sensitive adaptation. Despite advancements in retrieval-
augmented generation and model alignment, there remains a methodological
gap in systematically aligning LLM outputs to stylistic preferences without
hard-coded persona labels.

Research Question: How can persona-sensitive synthetic training data be
used to align the stylistic behaviour of LLMs for audience-specific yet accurate
response generation in public dialogue systems?

In this work, we generated a synthetic dataset of around 6000 supervised
prompt-response pairs and 2500 DPO training triplets to enable systematic per-
sona alignment. The evaluation combined quantitative LLM-as-a-Judge scoring,
with explicit prompting templates to ensure reproducibility, and qualitative user
interviews capturing persona-specific feedback

This paper presents a modular training and evaluation pipeline that uses
synthetic prompt-response pairs, stylistic rewriting, and preference-based fine-
tuning to enable persona-aware alignment of LLMs.

The remainder of this paper is structured as follows: Section [2] reviews related
work on LLM alignment and persona modelling. Section [3] outlines the research
design. Section [4] describes the synthetic data generation pipeline. Section
details the fine-tuning and alignment process. Section [] presents the evaluation
setup and results. Section [7] discusses implications and limitations, and Section [§]
concludes the paper.

2 Related Work

Recent advances in large language models have enabled their application across
a wide range of dialogue-based use cases, including personalized information
retrieval, citizen interaction platforms, and decision support systems [2]. However,
aligning these models with the needs, expectations, and communication styles
of different user groups remains a central research challenge [I0]. This section
reviews existing research in four core areas relevant to this work: persona modeling
in dialogue systems, synthetic data generation as a strategy for customizing LLM
behaviour, supervised fine-tuning and preference-based optimization approaches
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such as Direct Preference Optimization, and human-centred as well as socio-
technical perspectives on language model alignment.

2.1 Persona Modeling in Dialogue Systems and LLMs

User modeling and persona adaptation have become key research areas in the de-
velopment of dialogue systems [3]. Prior work shows that tailoring outputs to user
characteristics increases trust, engagement, and communicative effectiveness [3].
Personas are typically defined by traits such as expertise, goals, and preferred
communication styles, and are either inferred dynamically or specified through
rule-based or template-driven methods [I5]. Cheng et al. [3] introduced a model
for persona-based response generation using predefined personality profiles to
steer output in multi-turn conversations. Similarly, Schuller et al. [I5] emphasized
that grounding dialogues in user profiles leads to more coherent and relevant
interactions, particularly in personalized assistants.

Building on these earlier works, recent studies have explored more flexible
approaches to persona conditioning. For example, [16] examined the use of implicit
persona signals in LLM dialogue generation, while [IT] demonstrated that persona
prompts can be combined with fine-tuning to improve coherence and consistency
across multi-turn dialogues. Other work has proposed evaluation frameworks for
systematically assessing persona realism and alignment in generated responses
(e.g., persona consistency benchmarks; [19]).

However, most persona conditioning approaches rely on hard-coded attributes
or metadata, which limits their flexibility in dynamic, open-domain scenarios [§].
LLM-based systems, in contrast, offer the potential to model personas implicitly
via prompt engineering and data-driven fine-tuning [I]. Yet, there is limited
empirical evidence on how to train such models to distinguish between fine-
grained persona expectations without explicit labels.

In particular, while existing methods have shown the benefits of template-
driven or prompt-based persona steering, little work has addressed how synthetic
data and alignment techniques (such as SFT and DPO) can achieve more system-
atic, reproducible persona adaptation [4]. This gap motivates the contribution of
the present study.

2.2 Synthetic Data Generation for Alignment and Fine-Tuning

Synthetic training data has become a central strategy for aligning LLMs to
specific behaviours or domains [9]. Ouyang et al. [I2] note the high cost and
complexity of collecting human preference data, but show the value of applying
RLHF with larger quantities of preference data. In response, several studies have
proposed using LLMs themselves to generate alignment data, such as preference
comparisons or stylized responses, thereby reducing the reliance on manual
labeling [4].

This work follows that trend by automatically generating both chosen (persona-
aligned) and rejected (misaligned) examples for Direct Preference Optimization
(DPO) [13]. The combination of guided prompt generation, retrieval-augmented
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grounding, and stylistic rewriting provides a lightweight alternative to RLHF for
behaviour alignment [13].

2.3 Supervised Fine-Tuning vs. Preference-Based Optimization

Supervised Fine-Tuning (SFT) is the most common method for adapting LLMs to
downstream tasks [1]. It requires a large number of high-quality input—output pairs
and allows for controlled learning of task-specific behaviour [2]. However, SF'T does
not always reflect nuanced user preferences or subtle aspects of communication,
such as tone or rhetorical structure [2].

To address this, Direct Preference Optimization has recently emerged as
a promising method that trains models on contrastive examples rather than
idealized targets [I4]. DPO eliminates the need for separate reward models and
optimizes directly on pairwise preferences, which can be particularly effective
for stylistic alignment tasks [I4]. In this study, both approaches were used
sequentially—SFT to establish stylistic baselines, and DPO to refine outputs
based on persona-specific preferences.

2.4 Human-Centred and Socio-Technical AT Approaches

The growing deployment of LLMs in public information systems raises ethical
and communicative challenges [I7]. Human-centred design emphasizes the need
for inclusive, transparent, and context-sensitive AI systems [2]. In high-stakes
environments such as public policy or scientific communication, dialogue systems
must not only be factually correct but also linguistically appropriate, emotionally
aware, and sensitive to audience expectations, and adapted to the users’ varying
levels of domain knowledge, including the ability to simplify complex content
where necessary [17].

Socio-technical frameworks suggest that LLM alignment cannot be addressed
through model optimization alone but must consider user goals, institutional
norms, and communicative settings [2]. This study contributes to that discourse
by integrating qualitative feedback from real users and by contextualizing persona
alignment in the domain of radioactive waste communication, where credibility
and trust are paramount.

3 Research Design and Methodology

This study follows an iterative, artifact-centred design process inspired by the
Design Science Research (DSR) methodology [5]. The goal was to develop and
evaluate a training pipeline that enables LLMs to generate persona-aligned
responses through stylistic fine-tuning on synthetic dialogue data. The design pro-
cess was driven by a real-world application context, incorporated both theoretical
and empirical inputs, and applied multi-level evaluation criteria.
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3.1 Iterative Artifact Development Process

The artifact—a modular training pipeline for persona-aware alignment—was
developed using the five-phase DSR cycle [6]: (1) problem awareness, (2) solution
suggestion, (3) artifact development, (4) evaluation, and (5) reflection. This
iterative process allowed for progressive refinement based on both domain needs
and observed user behaviour.

During the problem awareness phase, theoretical and empirical challenges in
generating persona-appropriate LLM outputs were identified through a literature
review and exploratory user interviews. Based on these insights, the suggestion
phase defined key requirements and sketched a conceptual design for the pipeline.
This included a persona-specific data generation workflow and a two-stage training
approach.

In the development phase, the proposed design was implemented using Jupyter
notebooks and open-source tools. The pipeline was executed locally using the
Mistral-7B language model—an open-source LLM released under the Apache
2.0 license—and fine-tuned via the Unsloth library, which supports efficient
LoRA-based supervised and preference-aligned training.

The evaluation phase combined two complementary approaches: (a) automated
scoring through LLM-as-a-Judge methods, using explicit prompting templates
to assess factuality and stylistic fit, and (b) qualitative interviews with domain
users to capture persona-specific perspectives.

Finally, the reflection phase synthesised these results, identifying both
strengths and limitations of the pipeline. While this project was limited to a
single macro-cycle, micro-iterations occurred within phases: for example, the
persona-specific question generation strategy was refined across multiple runs,
and the evaluation approach was expanded from automated scoring to include
qualitative feedback. In line with Hevner’s principles [5], the reflection stage
outlined clear opportunities for refinement—such as expanding dataset diversity,
strengthening evaluation design, and running additional training cycles—that
could guide subsequent macro-cycles in future research.

3.2 Application Context: RepoChat and Nagra

The research was conducted in the context of RepoChat, a document-grounded
chatbot system developed in collaboration with Nagra, the Swiss National Coop-
erative for the Disposal of Radioactive Waste. RepoChat is designed to provide
trustworthy, accessible answers to questions about deep geological repositories—a
domain that requires both factual accuracy and communication sensitivity.

The system must serve diverse user groups, including laypersons concerned
about environmental risks, journalists seeking precise information, politicians
engaged in regulatory debates, and technical experts evaluating site suitability.
This diversity places high demands on linguistic style, tone, and explanatory
depth—motivating the need for persona-aware training data and alignment
techniques.
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3.3 Justification and Design of User Personas

To operationalise persona alignment, four representative user personas were

defined:

— Citizen: concerned, non-expert, seeks clarity and reassurance

Journalist: fact-focused, requires structured and source-based answers

Politician: argumentative, expects persuasive and concise reasoning

— Subject Matter Expert (SME): technically proficient, values precision
and completeness

These personas were derived from a requirement analysis that combined
insights from literature on persona-sensitive communication with findings from
think-aloud interviews involving representative users from the domains of journal-
ism, politics, and citizen. The interviews were conducted as part of the awareness
phase and encouraged participants to interact with a non-aligned version of the
chatbot, verbalising their observations and concerns regarding its responses. They
revealed recurrent issues such as inappropriate tone, inconsistent terminology,
and factual distortion through oversimplification.

Based on the interview insights, we described each persona along three
dimensions: (1) knowledge level, (2) communicative expectations, and (3) stylistic
preferences. These informed the design of prompts, rewriting instructions, and
evaluation criteria used throughout the training pipeline.

3.4 Design Objectives and Evaluation Criteria

The core design objective was to create a reproducible training process that en-
ables LLMs to stylistically adapt to different user personas without compromising
factual accuracy. To achieve this, the system was designed with the following
objectives:

Design Objectives

— Synthetic training data generation that reflects persona-specific commu-
nication needs.

— Persona-adapted fine-tuning through Supervised Fine-Tuning and Direct
Preference Optimization.

— Retrieval-augmented grounding to ensure factual accuracy based on
source documentation.

— Automated and qualitative evaluation mechanisms to assess stylistic
alignment and user satisfaction.

Evaluation Criteria To measure the effectiveness of the artifact, three key evalu-
ation dimensions were defined:

— Factual Accuracy: Consistency with retrieved documents and domain
knowledge.
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— Stylistic Alignment: Clarity, tone, and rhetorical appropriateness with
respect to the intended persona.

— User Satisfaction: Perceived helpfulness and persona-fit, derived from
qualitative feedback.

4 Synthetic Data Generation Pipeline

To enable stylistic adaptation in LLM outputs, a modular pipeline for synthetic
dialogue data generation was developed. The pipeline was designed to produce
high-quality, persona-specific training data that preserves factual accuracy while
tailoring tone and complexity to different user groups. It consists of four main
components: (1) persona-based prompt design, (2) guided response generation
with retrieval grounding, (3) quality assurance and stylistic refinement, and (4)
data structuring and storage for supervised fine-tuning and Direct Preference
Optimization.

Figure [I] illustrates the overall structure of the synthetic data generation
pipeline. It visualizes this four-step process, showing how prompts are created,
grounded in retrieved knowledge, refined for stylistic alignment, and finally stored
in structured formats for use in model training. Each stage corresponds directly to
one element in the diagram, ensuring consistency between the textual description
and the visual representation.

Persona-Conditioned Retrieval-Augmented Persona-Specific
Question Generation Answer Generation Stylistic Rewriting

Fig. 1. Overview of the synthetic data generation pipeline. The process includes four
stages: persona-specific data preparation, persona-specific question generation, retrieval-
augmented response creation and persona-specific rewriting.

Data Structuring
(for SFT / SPO)

4.1 Persona-Conditioned Question Generation

The process begins with a small set of real, thematically relevant user questions
derived from domain documentation and previous user interactions. For each
of these original prompts, additional persona-specific questions were generated
using GPT-40. The objective was not merely to rephrase existing questions, but
to produce thematically related and stylistically varied prompts that reflect the
communication style, interests, and knowledge level of each predefined persona
(citizen, journalist, politician, SME).

Based on our interview findings, the generation process for each persona
was guided by a short instruction describing their expectations. For example,
questions tailored to the citizen persona focused on clarity and accessibility,
while those for the politician emphasized argumentative framing and regulatory
relevance.
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4.2 Retrieval-Augmented Answer Generation

Each generated question was answered using a retrieval-augmented generation
(RAG) setup based on vector search and source documents from the Nagra
domain [7]. Relevant document chunks were retrieved using a vector index, and
GPT-40 was used via API to generate factually grounded responses based on the
retrieved context. This step ensured domain coherence and factual accuracy.

At this stage, all responses were formulated in a neutral tone, independent
of persona-specific stylistic characteristics. The generated outputs served as a
factual base for further stylistic adaptation.

4.3 Persona-Specific Stylistic Rewriting

To adapt the answers to different communication styles without changing their
content, a second rewriting step was applied. Using GPT-4o0, the previously
generated answers were rewritten according to persona-specific style guidelines.
Each persona followed a dedicated instruction prompt specifying tone, structure,
and linguistic conventions:

— Citizen: Clear, concise, easy to understand, emotionally attuned. Avoid
jargon and technical complexity. Keep the message short and reassuring.

— Journalist: Structured, precise, objective. Use neutral and professional tone.
Ensure traceability and factual integrity.

— Politician: Strategically phrased, rhetorically effective, aimed at audience
impact. Moderate complexity, persuasive but grounded in facts.

— Subject Matter Expert (SME): Technically accurate, analytical, using
correct terminology. Style should be formal, efficient, and expert-level.

The resulting prompt-response pairs formed the dataset for supervised fine-
tuning. For DPO, an additional rejected version was generated by deliberately
violating one or more stylistic expectations—e.g., using vague language, excessive
simplification, or inconsistent tone.

4.4 Data Structuring

The final stage of the pipeline organizes the generated data into structured
formats suitable for supervised fine-tuning and preference-based optimization.
Data was stored in CSV files, with each row containing the original persona-
specific question, the generated response, and relevant metadata. For DPO
training, paired responses were included, distinguishing between the “chosen”
(persona-aligned) and “rejected” (misaligned) outputs.

In total, the data generation process produced approximately 6,000
prompt-response pairs for supervised fine-tuning across four personas (citizen,
journalist, politician, and subject matter expert). Additionally, around 2,500
contrastive triplets were created for Direct Preference Optimization, each
consisting of a prompt, a chosen response, and a rejected response. This ensured
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sufficient coverage of persona-specific stylistic variation while maintaining
manageable dataset sizes for local fine-tuning experiments.

To ensure reusability and transparency, all datasets were versioned and
annotated with metadata fields describing persona, question type, and generation
method (e.g., retrieval-based, rewritten, or augmented). This structure facilitated
both model training and subsequent evaluation of persona alignment.

5 Model Training and Alignment

To align the language model’s responses with persona-specific communication
styles while preserving factual accuracy, two training approaches were applied:
Supervised Fine-Tuning and Direct Preference Optimization. Both were performed
on a local instance of the Mistral-7B model using the Unsloth framework for
parameter-efficient fine-tuning.

5.1 Supervised Fine-Tuning

The SFT phase used approximately 6,000 synthetic prompt-response pairs gen-
erated in the earlier pipeline steps. Each training sample consisted of a persona-
specific question and its corresponding stylistically adapted answer. The model
was trained to predict the aligned answer given the original prompt, without in-
jecting explicit persona instructions or system prompts. The persona-specific style
was learned implicitly through the structure and wording of both the questions
and the responses.

The model used for fine-tuning was Mistral-7B-Instruct, an open-source LLM.
Fine-tuning was performed using LoRA adapters and Unsloth’s training routines,
executed locally on a CUDA-enabled GPU, which allowed resource-efficient
training without external infrastructure.

Training setup:

— LoRA config: rank r = 8; trained q_proj and v_proj; no dropout, no bias

— Epochs: 5

— Batch size: 8

— Learning rate: 2e-5

— Device: CUDA-enabled GPU (RTX 4070, 24GB VRAM) with
device_map={"":0}

5.2 Direct Preference Optimization

The DPO phase refined stylistic alignment using approximately 2,500 contrastive
triplets, each consisting of a prompt, a chosen (persona-aligned) response, and
a rejected (misaligned) response. As in the SFT phase, persona alignment was
not enforced through explicit instructions but learned implicitly by contrasting
well-formed answers with less appropriate ones.
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Training was initialized from the previously fine-tuned model, ensuring that
DPO optimization refined outputs on top of a stylistically aware baseline.

Training setup:

— LoRA config: rank r = 8; trained q_proj and v_proj; no dropout, no bias

— Epochs: 3

Batch size: 8

Learning rate: 2e-5

— DPO-specific: 8 = 0.1 (preference margin strength); fine-tuned baseline model
frozen as reference

— Device: CUDA-enabled GPU (RTX 4070, 24GB VRAM)

5.3 Tools and Model Architecture

The overall training architecture combined open-source components and com-
mercial API access to ensure reproducibility and efficiency. This included data
generation pipelines, fine-tuning frameworks, and evaluation tools, integrated
into a modular workflow.

Components:

— Base model: Mistral-7B-Instruct, an open-source instruction-tuned LLM

Training framework: Unsloth with LoRA adapters for parameter-efficient

fine-tuning

Hardware environment: CUDA-enabled GPU (RTX 4070, 24 GB VRAM)

— Data management: Structured CSV/JSON datasets with ~6,000 SF'T
pairs and ~2,500 DPO triplets

— Evaluation tools: GPT-40 used as LLM-as-a-Judge with explicit scoring
prompts for factuality and stylistic alignment; complemented by qualitative
user interviews

This combination of open-source tooling, lightweight parameter-efficient meth-
ods, and transparent dataset structuring ensured that the alignment process can
be reproduced in other high-stakes application domains.

6 Evaluation

To evaluate the effect of fine-tuning on the stylistic quality and factual accuracy of
model responses, an automated scoring procedure using GPT-40 was conducted.
The evaluation compared the base model to two fine-tuned variants—one trained
with SFT and the other with DPO. Each test was run twice to minimize random
variation and ensure more robust results.
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6.1 Quantitative Evaluation Using GPT-40 Scoring

For each model variant (SF'T and DPO), two independent evaluation runs were
carried out. Each output was rated on a 1-5 Likert scale, with 1 indicating very
poor alignment and 5 indicating strong alignment. This ensured comparability
across personas and runs. In each case, GPT-40 was shown a prompt and two
responses: one from the base model and one from the fine-tuned variant. The
model was instructed to evaluate the answers along four dimensions:

1. Factual accuracy - Assessed whether the trained model preserved the
factual content of the base model’s response. This ensured that stylistic
adaptation did not degrade correctness.

2. Stylistic quality of the base model response - Evaluated how well the
original output matched the communicative style and language expectations
of the respective persona. Served as a baseline for comparison.

3. Stylistic quality of the trained model response - Measured the degree to
which the fine-tuned output improved linguistic alignment with the persona,
focusing on tone, clarity, formality, and rhetorical appropriateness.

4. Relative stylistic preference between the two outputs - Captured
which response, base (scale 1) or trained (scale 5), was stylistically preferred.

Prompt template (simplified for readability)

You are evaluating the output of a dialogue system. Assess the
following response along two dimensions:

1. factual accuracy (1 = factually incorrect, 5 = fully correct) 2.
stylistic alignment with the given persona (1 = not fitting, 5 =
perfectly fitting).

Question: [insert question] Persona: [insert personal Answer: [insert
model output]

Return your evaluation in the format: [Score factual accuracy]

- [Short justification in German] [Score stylistic alignment] -
[Short justification in German]

Table [I] summarizes the averaged results across both evaluation runs for each
training method.

Table 1. Average GPT-40 evaluation scores for factual and stylistic performance

Factual Base Style Trained Style Base-Trained
Model
Score Score Score Preference
SFT 1 4.10 2.75 2.70 2.80
SFT 2 3.85 2.75 2.75 2.90
DPO 1 4.20 2.90 2.95 2.90

DPO 2 4.00 2.80 2.80 3.00
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Scores in the table were produced by GPT-40 using the standardized prompt
shown above, applied consistently across all personas.

Overall, the DPO-trained model achieved the highest factual accuracy (4.20),
while both fine-tuned models showed modest but consistent stylistic improvements
over the base model.

We acknowledge that relying on GPT-40 as the sole evaluator introduces
potential bias, since an external LLM is used as the evaluator. While this approach
provides scalability and consistency, future work should triangulate these results
with human raters to strengthen validity.

6.2 Qualitative Evaluation through User Interviews

To complement the automated scoring, three qualitative interviews were con-
ducted with participants representing the defined personas: citizen, journalist,
and politician. Each participant was asked to review both baseline and fine-tuned
responses and to provide feedback regarding clarity, tone, and relevance from
their respective perspectives.

The key observations were as follows:

— Citizen: Participants noticed some improvements in clarity and language
simplification. However, the tone often remained neutral or overly formal
rather than empathetic and reassuring, as expected for a general public audi-
ence. One participant commented on the following response to the question
“Ist das Grundwasser durch das Tiefenlager gefahrdet?”:
“Der geologische Tiefenlager ist aufgrund der geringen Gefdhrdungspoten-
zialitat fir die Sicherheit des Grundwassers von geringer Bedeutung. Die
FEinbauten im Tiefenlager, die den Durchfluss des Grundwassers beein-
flussen, sind auf die Sicherheit des Tiefenlagers fokussiert und haben keine
signifikanten Auswirkungen auf das Grundwasser oberhalb der Lagerstitte.
[-..] Die Sicherheit des Grundwassers ist daher nicht durch das Tiefenlager
gefahrdet.”

While factually correct, the participant described the answer as “technically

accurate but too abstract and bureaucratic in tone”, and wished for a more

direct and emotionally reassuring explanation.

— Journalist: Some answers showed clearer paragraph structure and more
precise vocabulary. Still, the participants felt that the trained responses often
lacked contextual framing and sourcing that would be typical in journalistic
communication. One participant reviewed the following response to the
question “Wie wird der Standort fir ein Tiefenlager ausgewdahlt?”:

“Der Standort fiir ein geologisches Tiefenlager wird auf Grundlage sicher-
heitstechnischer Kriterien ausgewdhlt, insbesondere hinsichtlich der geolo-
gischen Barriereeigenschaften.”
The participant noted that this statement, while accurate, lacked critical
context and evidence: “I would expect a reference to the selection process,
stakeholders involved, and perhaps a link to published reports or data. As a
journalist, I need more than a textbook summary.”
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— Politician: A few responses included more consensus-oriented phrasing
or highlighted societal relevance. Nevertheless, rhetorical structuring and
political framing were largely absent, limiting the perceived adaptation to
this persona. One participant reviewed the following answer to the question
“Gibt es eine Volksabstimmung iber das Tiefenlager?”

“Es ist vorgesehen, dass die Bevilkerung in der Diskussion iber die Rahmen-
bewilligung fiir geologische Tiefenlager einen fakultativen Referendumster-
min wdhlen kann. Das Stimmuvolk hat das letzte Wort, wenn der Entscheid
vom Parlament angenommen und ein Referendum ergriffen wird. Die
Auflage kime voraussichtlich um das Jahr 2031 stattfinden. [...] Der vor-
laufige Schutzbereich fiir das Tiefenlager wird auf einer Karte tbertragen
und schiitzt den Bereich tief im Untergrund, wo das spitere Tiefenlager
steht.”
The participant welcomed the mention of a concrete date (2031 is memo-
rable”), but criticised the overall lack of focus: “The answer goes far beyond
what was asked. It floods the reader with technical details instead of strate-
gically framing the referendum as a democratic milestone. I want to know
what this means for public trust, not for borehole permits.”

6.3 Summary of Evaluation Findings

The evaluation results suggest that the fine-tuning approach preserved factual
accuracy across all variants and led to minor improvements in stylistic adaptation.
The DPO-tuned model variants showed slightly stronger stylistic alignment
compared to the SFT-tuned models, particularly in preference scores assigned by
GPT-4o.

However, the stylistic differences were often subtle and inconsistent. In the
qualitative feedback, some persona-specific adjustments were perceived, but they
did not consistently reflect the distinct rhetorical expectations of the target
user groups. Rather than indicating a failure, these limitations point to concrete
opportunities for future work. Our findings suggest that broader training variation,
more distinctive persona prompting, and the use of base models with greater
stylistic capacity may further strengthen the effectiveness of persona-aware
alignment.

In addition, future work should adopt more structured evaluation instruments,
such as Likert-scale questionnaires or standardized surveys, to increase the
comparability and reliability of user feedback.

7 Discussion

This section reflects on the evaluation findings and discusses methodological,
technical, and socio-technical implications of persona-aware LLM alignment. Four
aspects are considered: the observed stylistic improvements, trade-offs in human-
centred system design, challenges in nuanced and context-aware generation, and
the broader applicability of the approach in other sensitive domains.



14 A. Grob et al.

7.1 Interpretation of Alignment Improvements

Particularly in the qualitative feedback, participants noted some persona-specific
refinements (e.g., clearer structure for journalists or simpler language for citizens),
but also pointed out that the adaptations did not fully match their expectations
in tone or rhetorical framing. This indicates that the current approach—while
effective at maintaining content quality—was limited in achieving clear, audience-
specific communication styles.

Furthermore, the relatively limited dataset size (around 6,000 SFT pairs and
2,500 DPO triplets) restricted the depth of stylistic learning. While this was
sufficient to demonstrate feasibility, larger and more varied datasets would be
required to achieve more robust and generalisable stylistic differentiation.

7.2 Socio-Technical Design Trade-offs and Limitations

The system was developed with a strong emphasis on factuality, traceability, and
fairness, particularly due to the high-stakes nature of the application domain.
While these priorities supported trust and reliability, they may have constrained
stylistic creativity and expressiveness. The lack of significant persona-specific
divergence could be a result of cautious prompt design and the deliberate exclusion
of emotionally charged or polarising language. Moreover, using only synthetic
data—without incorporating real conversational feedback—limited the variability
and naturalness of stylistic adaptation. These trade-offs illustrate the tension
between ethical, communicative, and technical requirements in socio-technical
AT system design.

Another limitation concerns the evaluation procedure. Automated scoring
with GPT-40 enabled consistent large-scale comparisons, but it also introduces
potential bias, since one LLM was used to judge the performance of another.
Although partially mitigated by qualitative interviews, future work should trian-
gulate automated judgments with structured human evaluation methods.

7.3 Challenges in Emotional Nuance and Multi-Turn Context

The results also reveal limitations in handling emotional nuance and maintaining
consistent stylistic tone across multi-turn interactions. While single-turn responses
occasionally reflected persona traits, longer dialogues may require deeper context
tracking and emotion modelling—capabilities that go beyond current prompt-
based stylistic control. In particular, empathetic or persuasive responses require
sensitivity to both content and conversational history, which was not explicitly
encoded in the training pipeline. This presents a future challenge for extending
persona-aware alignment to more complex interaction formats.

7.4 Applicability to Other High-Stakes Communication Domains

Despite its limitations, the proposed alignment pipeline offers a reproducible
and modular approach that could be adapted to other domains with diverse
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user needs. The combination of retrieval grounding, synthetic data based on
persona, and contrastive fine-tuning allows for domain-specific tailoring without
requiring human feedback at scale. Potential application areas include healthcare
communication, public safety systems, or legal information platforms—contexts
where factual precision and audience-sensitive delivery are equally critical. How-
ever, successful transfer would depend on domain-specific persona design, careful
prompt engineering, and validation with target users.

8 Conclusion and Future Work

This paper introduced a modular and persona-aware pipeline for the synthetic
generation of dialogue data to align the outputs of LLMs with the communicative
expectations of different user groups. By combining prompt-based question
expansion, retrieval-augmented answer generation, and persona-specific stylistic
rewriting, the pipeline enabled the creation of targeted training datasets for both
SEFT and DPO. Evaluation results showed that factual consistency was preserved
across all model variants, while improvements in stylistic adaptation were present
but limited in scope.

The main contribution of this work lies in demonstrating a reproducible
and low-cost approach for persona-driven alignment without requiring human-
labelled datasets. The proposed pipeline offers practical value for domains where
audience-sensitive communication is essential, such as public policy, healthcare,
and scientific communication. By ensuring transparency in the design of both
training data and model behaviour, the approach supports responsible use of
LLMs in high-stakes, trust-dependent environments.

Nonetheless, the findings also revealed several limitations. Stylistic differences
between base and fine-tuned models were often marginal and inconsistently
realised. Emotional nuance and persona-specific tone were only partially achieved,
particularly in cases where affective expression or rhetorical framing was expected.
Moreover, the single-turn interaction format limited the ability to evaluate
sustained dialogue coherence or adaptive behaviour in multi-turn conversations.

Future research should explore methods for enhancing the emotional and
rhetorical expressiveness of LLMs, for example through sentiment condition-
ing or affective persona attributes. The development of dynamic persona mod-
elling—where system responses adapt to user behaviour over time—may also
lead to more natural and engaging interactions. In addition, hybrid evaluation
strategies that combine automated scoring with qualitative user feedback could
offer a more comprehensive assessment of alignment quality. Finally, the pipeline
should be tested with larger foundation models beyond Mistral-7B, in order to
examine whether model capacity plays a critical role in achieving more refined
and consistent persona alignment.
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