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Abstract

A significant challenge in evaluating the role-
playing ability of Large Language Models
(LLMs) is data contamination: existing datasets
feature well-known characters, making it diffi-
cult to assess whether an LLM genuinely uti-
lizes a provided persona or recalls memorized
knowledge. To address this, we construct a new
Japanese persona dialogue dataset with 5,137
dialogues from 608 lesser-known characters
sourced from self-publishing novels. Our ex-
periments show that fine-tuning on this dataset
significantly improves an LLM’s ability to gen-
erate persona-faithful responses. More impor-
tantly, this improvement extends to unseen char-
acters, demonstrating enhanced generalization.
Human evaluation further confirms superior
performance in persona and style adherence.
Our dataset thus provides a valuable resource
for accurately evaluating and improving the
true role-playing capabilities and generaliza-
tion of LLMs while mitigating data contamina-
tion.

1 Introduction

With the recent proliferation of conversational
agents such as dialogue robots, voice assistants, and
chatbots, research on building systems for human-
agent interaction has gained significant momentum.
Endowing dialogue systems with distinct person-
alities is known to foster better user-system com-
munication (Fong et al., 2003). Building on this,
research into persona-based dialogue systems has
become increasingly active. A “persona” refers
to profile information comprising an individual’s
personality, habits, and preferences. Persona-based
dialogue systems are designed to embody a spe-
cific personality, which can enhance response con-
sistency (Li et al., 2016), user trust (Higashinaka
et al., 2018), and overall user enjoyment (Miyazaki
etal., 2021).

Research on persona-based dialogue systems can
be broadly categorized into three areas: modeling
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My mother... she was a very kind person. Whenever I
went to visit her, she would always hug me and pat my
head. My father was there too, and he used to talk to
me a lot. But... after my mother died, Father stopped
coming home much. He wouldn't meet with me
anymore. It's because... my father hates me.
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2 @ As the heir to the Mizushima family, Kyosuke was conditioned to
- hide his true feelings.
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Kyosuke developed a distrust of others due to the superficial
condolences from adults after his mother's death and a father
who neglected his family for work.
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The only person he felt he could trust was Tsubaki, who shared
the same sense of loss.
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Figure 1: Example dialogues from the role-play dia-
logue dataset we constructed. Each character in the
dialogue data has a corresponding persona. All charac-
ter utterances and personas are exactly as written by the
author in the novel. English translations of the original
Japanese text are provided in italics.

general archetypes of specific groups, personaliz-
ing systems to individual users, and mimicking fic-
tional or historical figures (Chen et al., 2024). This
study focuses on the third category, specifically on
leveraging large language models (LLMs) for char-
acter role-playing (Wang et al., 2024a; Shao et al.,
2023), where the system emulates specific charac-



ters from fictional works like novels and dramas or
historical figures.

A critical aspect of evaluating these role-playing
systems is “Character Fidelity” —the degree to
which a system’s responses reflect the assigned
character (Chen et al., 2024). This evaluation is
commonly performed using benchmark datasets
that pair character personas with their dialogues.
While numerous benchmark datasets exist contain-
ing character profiles (personas) and corresponding
dialogues (Wang et al., 2024a; Shao et al., 2023),
they predominantly feature well-known characters
and works. For instance, the HPD dataset (Chen
et al., 2023) draws from the Harry Potter series,
TimeChara (Ahn et al., 2024) from The Lord of
the Rings, and CharacterLLM (Shao et al., 2023)
includes historical figures like Julius Caesar and
Beethoven. The prevalence of these famous fig-
ures in LLM pre-training data raises a significant
issue: knowledge contamination (Shi et al., 2024).
It becomes difficult to discern whether an LLM
is genuinely utilizing the persona provided in the
context or simply recalling knowledge memorized
during pre-training. This ambiguity introduces a
bias that hinders the fair evaluation of a model’s
true role-playing capabilities.

To address this evaluation challenge, our re-
search focuses on lesser-known characters who are
unlikely to be present in pre-training data. As il-
lustrated in Figure 1, we constructed a new per-
sona dialogue dataset by sourcing material from
a Japanese self-publishing novel website, directly
extracting both personas and dialogues from the
source texts. A significant portion of our dataset
consists of minor works; of the 96 novels included,
61 do not have existing Wikipedia articles. By
collecting utterances from dialogue lines and per-
sona descriptions from both dialogue and narra-
tive text, we reconstructed naturally occurring con-
versations. The resulting dataset comprises 5,137
persona-annotated dialogues for 608 distinct char-
acters.

To demonstrate the utility of our dataset for
contamination-free evaluation, we conducted ex-
periments comparing model performance with and
without persona information, both before and after
fine-tuning. Our goal was to verify that perfor-
mance gains are directly attributable to the model’s
ability to leverage the provided persona of an un-
known character. By showing this, we can argue
that our dataset allows for a clear distinction be-
tween the model’s ability to leverage a persona

and its tendency to recall memorized knowledge.
Therefore, we propose that this dataset will serve as
a new benchmark for genuinely assessing the per-
sona adherence and generalization skills of LLMs.

The main contributions of this work are summa-
rized as follows:

1. We introduce a new Japanese persona dia-
logue dataset featuring lesser-known charac-
ters from self-publishing novels, designed to
enable a fair and contamination-free evalua-
tion of an LLM’s role-playing capabilities.

2. We provide an empirical validation of our
dataset, demonstrating that it can effectively
be used to distinguish between an LLM’s abil-
ity to utilize contextual personas and its re-
liance on memorized knowledge.

2 Related Work

Research in persona-based dialogue systems has
flourished since the release of the PersonaChat
dataset (Zhang et al., 2018). This dataset, which
includes five-sentence persona descriptions and
corresponding dialogues, enables models to learn
user personas through conversation, facilitating
the development of dialogue systems that can tai-
lor their responses to each user. In contrast, our
work focuses on dialogue systems designed for
role-playing, where the agent emulates a specific
individual or a fictional character.

2.1 Methods for Eliciting Role-Playing in
LLMs

Recent advancements in LLMs have enabled so-
phisticated character role-playing, moving beyond
simple response generation. Research has largely
converged on two primary methodologies for elic-
iting these capabilities: nonparametric prompting
and parametric training (Chen et al., 2024).

Nonparametric prompting leverages the in-
context learning ability of LLMs. This approach in-
volves providing the model with a detailed prompt
that includes character descriptions (persona) and
several examples of their dialogue. By conditioning
generation on this context, the model can mimic the
character’s persona and linguistic style without any
updates to its parameters. This method is flexible
and widely adopted in frameworks like ChatHaruhi
(Liet al., 2023) and for benchmarking in RoleLLM
(Wang et al., 2024a). However, its performance is
constrained by the context window length and can
sometimes lack consistency.



Includes

Human-written

Human-written

Source Lesser-Known  Dialogues Personas # Characters # Dialogues
Character-LLM  Wikipedia 9 14,173
ChatHaruhi Mixed Media v (partially) 32 54,726
RoleBench Mixed Media v 100 13,162
CharacterGLM  Mixed Media v (partially) v 250 1,034
CoSER Books v 17,966 29,798
Our Work Web Novels v v 608 5,137

Table 1: Comparison of role-playing datasets.

Parametric training, on the other hand, involves
fine-tuning a base LLM on a curated dataset of
character dialogues and personas. This process
aims to instill the character’s traits more deeply
into the model’s parameters, potentially leading to
more robust and consistent role-playing. Character-
LLM (Shao et al., 2023) is a prominent example
of this approach, demonstrating that fine-tuning
can significantly enhance a model’s ability to stay
in character. This method, however, requires sub-
stantial character-specific data and computational
resources.

Regardless of the construction method, the ulti-
mate goal is to achieve high “Character Fidelity,”
which encompasses several dimensions of role-
playing capacity. As outlined by (Chen et al.,,
2024), this includes not only superficial aspects
like linguistic style and knowledge but also deeper
traits such as personality and thinking processes.
Evaluating these nuanced capabilities, especially
personality, is an active area of research, with
works like InCharacter proposing psychological
interview-based methods to assess fidelity (Wang
et al., 2024b). A fair evaluation of all these capa-
bilities, however, is contingent on unbiased bench-
mark datasets, which we discuss in the following
sections.

2.2 Role-Playing Dialogue Benchmarks

Several benchmark datasets for character role-
playing exist, including RoleBench (Wang et al.,
2024a), ChatHaruhi (Li et al., 2023), and Charac-
terGLM (Zhou et al., 2024). These datasets are
typically built by either extracting dialogues di-
rectly from source materials like novels and films
or by generating conversations based on charac-
ter information. For role-playing historical figures,
Character-LLLM (Shao et al., 2023) provides dia-
logues generated by an LLM using profile informa-
tion from Wikipedia and predefined conversational
settings.

However, a significant limitation of these

datasets is their reliance on external knowledge
for persona information, which restricts their scope
primarily to well-known works. Many character
dialogue datasets only extract the characters’ ut-
terances from the source. For popular characters,
their personas can be sourced from external knowl-
edge bases like Wikipedia to enable role-playing.
However, for characters from lesser-known works,
such external information is often unavailable, lead-
ing to their underrepresentation in existing datasets.
While some datasets like HPD (Chen et al., 2023)
and CoSER (Wang et al., 2025) do extract persona
information directly from the source material, they
also focus exclusively on popular works. Conse-
quently, existing benchmarks do not adequately
cover characters from minor works, as summarized
in Table 1. They often consist of synthetic data or
lack inclusivity of lesser-known characters. Our
study addresses this gap by manually curating a
new character dialogue dataset from minor works,
collecting both dialogues and personas directly.

2.3 Data Contamination

A dataset featuring lesser-known characters is es-
sential for accurately evaluating the role-playing ca-
pabilities of large language models (LLMs), which
are trained on vast amounts of data. Existing bench-
marks often construct personas from web-based
information. This creates a problem of data con-
tamination: when an LLM is trained on large web
corpora, it may have already memorized informa-
tion about the characters and their dialogues (Shi
et al., 2024). This makes it difficult to determine
whether the model is genuinely using the provided
persona or simply recalling pre-existing knowledge,
thus preventing an accurate assessment of its true
role-playing ability.

For instance, studies have shown that GPT-4
outperforms models like BERT on cloze tasks in-
volving works present in its training data (Chang
et al., 2023). Furthermore, GPT-4 has reportedly
been trained on a wide array of materials, including



copyrighted works (Shi et al., 2024). Evaluating a
model on a role-playing task with a lesser-known
character effectively tests its ability to interpret and
apply persona information provided in real-time
within the prompt. This allows for a measurement
of a model’s true role-playing capability and a more
accurate performance evaluation. Therefore, our
work involved building a persona dialogue dataset
by collecting data from lesser-known works, includ-
ing those without Wikipedia articles, to facilitate
such unbiased evaluations.

3 Dataset Construction

3.1 Overview

We constructed a persona dialogue dataset from
Japanese novels. The overall process involved
three main stages. First, we had crowdworkers
extract character utterances and persona-describing
sentences directly from the novel texts. Second,
these extracted utterances were organized into con-
versational units. Finally, the extracted persona
sentences were rewritten to match the correspond-
ing character’s speaking style. For the annotation
and subsequent manual corrections, we recruited
crowdworkers through the crowdsourcing platform
CrowdWorks !.

The source material consisted of 100 novels from
the Japanese self-publishing website “Shosetsuka
ni Naro” 2. We chose this platform because its
wide variety of genres provides access to a diverse
range of characters and personas. Furthermore, the
prevalence of long-form serialized novels on the
site allows for the collection of extensive dialogue
and persona data for specific characters. Notably,
of the 100 works selected, only 35 had correspond-
ing Wikipedia articles, indicating that the majority
are relatively obscure.

Through this process, we filtered out works with
insufficient persona information, resulting in a final
dataset derived from 96 novels.

3.2 Annotation Rules

We established the following rules for annotating
utterances and persona information.

Utterance Definition An utterance was defined
as any text enclosed in Japanese quotation marks (
['] ). First-person narrative descriptions written by
a character within the main text were not included
as part of an utterance.

"https://crowdworks. jp/
%Shosetsuka ni Naro” means “Let’s become a novelist.”

Before After
Correction  Correction
Utterance Agr. 88.4 -
Persona Agr. (Partial) 69.9 77.6
Persona Agr. (Exact) 34.6 38.3

Table 2: Inter-annotator agreement (Agr.) rates (%).
The correction process improved agreement on persona
information.

Persona Information Definition The definition
of persona information was adapted from the Per-
sonaChat dataset (Li et al., 2016). However, unlike
PersonaChat, which defines a persona as a set of
five sentences, we did not impose a sentence limit.
Instead, we defined persona information simply as
“text that describes a character’s profile.” While Per-
sonaChat includes persona evaluations from others
(e.g., “I am often told that I am easygoing”), we
expanded this to include any text where the target
character describes themselves (facts or subjective
opinions), or where another character or the narra-
tor describes the target character (facts or opinions,
including from the narrative text).

Conversely, we excluded temporary states (e.g.,
“I have a stomachache right now”), as they do not
represent a character’s underlying personality. Fur-
thermore, since annotation was performed at the
sentence level, only sentences that were semanti-
cally self-contained were accepted as persona in-
formation. For example, in the exchange, “What
do you do in your free time?” / “I take walks,” the
response “I take walks” alone would not be anno-
tated as persona information. Although it implies
the character enjoys walking, the utterance itself is
not a complete, standalone piece of information.

In summary, we defined persona information as
any text that (1) reveals an aspect of the character’s
persona; (2) is a statement of fact or a subjective
evaluation about the character, made either by the
character themselves or by another party (including
the narrator); (3) does not describe a temporary
state of the character; and (4) is a semantically
complete and self-contained statement.

3.3 Annotation Procedure

We commissioned crowdworkers to annotate 100
completed, serialized novels from “Shosetsuka ni
Naro.” Because persona information tends to be
concentrated in the early parts of a story, we limited
the annotation scope to the first 10 chapters of each
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work. To ensure consistency in character name
handling, the same annotator was assigned to all
10 chapters of a given novel.

To ensure the annotators clearly understood our
guidelines, we conducted a pilot task using 5 test
novels selected from the pool of 100. Based on
the results, we selected the annotators for the main
task. After the initial annotation was complete, we
identified several inaccuracies, primarily in the per-
sona information. To address this, a different set of
annotators performed a second-pass correction. As
shown in Table 2, this correction phase significantly
improved the inter-annotator agreement rate.

3.4 Dialogue Dataset Construction

Since the initial annotation was performed on a
per-utterance basis, we had to reconstruct dialogue
units. We first applied a heuristic to group utter-
ances: if two utterances were separated by fewer
than three sentences of narrative text, they were
considered part of the same dialogue. However,
this automated approach led to errors, such as
grouping unrelated utterances or merging distinct
conversations. To rectify this, we performed a man-
ual correction step via crowdsourcing, where work-
ers removed extraneous utterances and split incor-
rectly merged conversations. During this process,
works with very sparse persona information were
filtered out, resulting in the final set of 96 novels.

A key challenge in constructing the persona in-
formation stemmed from its varied sources. A char-
acter’s persona in a novel is a composite construct,
informed by their own statements (self-perception),
descriptions by others (others’ perception), and
objective commentary from the narrator. While
all these sources are vital for capturing a charac-
ter’s full complexity, their differing perspectives
and writing styles present a challenge for an LLM
tasked with role-playing. A stylistic mismatch, for
instance, could negatively impact response gener-
ation. To mitigate this and provide the LLM with
a cohesive and directly usable persona, we intro-
duced a viewpoint and style unification step. This
process transforms all collected persona descrip-
tions into first-person statements, as if spoken by
the target character. We employed GPT-4 3 for this
task, prompting it with the original persona text
alongside dialogue examples to ensure the rewrit-
ten statements accurately reflected the character’s
unique voice and perspective.

3https://platform.openai.com/

Metrics Values
# Works 96
# Dialogues 5,137
# Utterances per dialogue 5.3
# Words per utterance 16.9
# Characters 608
# Persona entries per character 20.5
# Words of Persona entries per character  391.3

Table 3: Statistics for our dataset.

3.5 Statistical Information

As shown in Table 3, our dataset comprises 5,137
dialogues from 608 unique characters. Each di-
alogue contains an average of 5.3 turns, making
the dataset suitable for evaluating not only single-
turn but also multi-turn conversational capabili-
ties. In comparison to existing benchmarks, our
dataset contains significantly more characters than
RoleBench (Wang et al., 2024a) (100 characters)
and CharacterLLM (Shao et al., 2023) (9 char-
acters). Furthermore, it provides richer persona
descriptions, with an average of 20.5 persona en-
tries and 391.3 words per character, far exceed-
ing RoleBench’s averages of 4.0 entries and 78.6
words.

4 Experiments

To evaluate the role-playing performance of LLMs
with our constructed dataset, we formulated the
task as generating the next utterance for a target
character based on a given dialogue context.

4.1 Experimental Setup

Models Our experiments included both closed-
source and open-source models. The closed-source
baseline was GPT-40 3. For open-source mod-
els, we used Llama-3.1-Swallow-8B-Instruct-v0.5*
(Fujii et al., 2024; Okazaki et al., 2024), a Llama
3.1 model (Grattafiori et al., 2024) continually pre-
trained on Japanese, and Qwen3-8B>. For infer-
ence, both the Llama 3.1 and Qwen3 models were
4-bit quantized.

Input Construction The input for the models
was constructed from three components: persona
information, retrieved dialogue examples for in-
context learning, and the current dialogue context.

*https://huggingface.co/tokyotech-11m/Llama-3.

1-Swallow-8B-Instruct-v@.5
Shttps://huggingface.co/Qwen/Qwen3-8B
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Seen Unseen
Models QLoRA BLEU ROUGE-L BERTScore BLEU ROUGE-L BERTScore
GPT-40 1.03 13.55 54.67 3.57 14.89 55.65
w/persona  Llama 3.1 v 3.98 15.88 54.27 2.30 14.58 53.47
bers ) 0.83 7.53 47.01 1.32 8.20 47.18
Qwen3 v 2.49 14.04 53.73 1.64 13.53 53.34
1.38 8.70 50.52 1.43 8.60 50.57
GPT-40 3.04 15.04 54.81 3.97 16.18 55.78
wlo persona  Llama 3.1 v 3.46 15.38 53.76 2.30 14.28 53.32
pers ) 0.38 46.74 0.88 8.35 47.45
Qwen3 v 2.46 13.58 53.60 1.57 13.00 52.75
2.69 8.17 49.84 2.14 8.57 49.98

Table 4: Automatic evaluation results. For models without QLoRA fine-tuning, the seen setting uses data from
unknown characters, similar to the unseen setting; these results are included for the purpose of inter-model
comparison. Best values are in bold, second-best are underlined.

The current dialogue context is defined as the se-
quence of utterances in a dialogue leading up to
the point where the model must generate the target
character’s response. The input was formed by con-
catenating up to five of these dialogue examples
(max. 3,000 characters), the character’s persona
information (max. 3,500 characters), and this di-
alogue context. Dialogue examples were selected
using the BM25 (Robertson and Walker, 1994) re-
trieval algorithm, with the dialogue context as the
query. The top five results within the character
limit were chosen. Persona information was or-
dered chronologically, with the earliest-appearing
information being prioritized to fit within the char-
acter limit.

Dataset Split and Fine-tuning We split our
dataset into training, validation, seen test, and un-
seen test sets, containing 4037, 100, 500, and 500
dialogues, respectively. The unseen test set con-
sists exclusively of dialogues from characters not
present in the training or validation sets. This split
allows us to evaluate two distinct aspects of perfor-
mance after fine-tuning: 1) the improvement in role-
playing for characters seen during training (seen
test), and 2) the model’s generalization ability to
new, unseen characters (unseen test). Fine-tuning
was performed using 4-bit Quantized Low-Rank
Adaptation (QLoRA; Dettmers et al., 2023)

Impact of Persona Information To evaluate the
impact of persona information on the model’s role-
playing performance, we compared two experimen-
tal settings:

* With Persona (w/ persona): The model re-
ceives the persona, dialogue examples, and

dialogue context as input.

* Without Persona (w/o persona): The model
receives only the dialogue examples and dia-
logue context as input.

This comparison allows us to directly measure the
model’s ability to leverage explicit persona infor-
mation for generating in-character responses.

Evaluation Metrics We evaluated the response
generation task using both automatic and LLM-
based metrics. While traditional metrics like BLEU
and ROUGE offer valuable insights, their correla-
tion with human judgment can be limited, particu-
larly for nuanced tasks such as dialogue generation.
Recent studies have proposed using LLMs as eval-
uators, demonstrating that this approach can yield
results more aligned with human assessment (Liu
et al., 2023). Accordingly, our evaluation frame-
work incorporates both methods.

* Automatic Metrics: These included BLEU
(Papineni et al., 2002), ROUGE-L (Lin, 2004),
and BERTScore (Zhang et al., 2020). For
BERTScore calculations, we used a pre-
trained Japanese BERT model °.

* LIL.M-based Evaluation: We assessed re-
sponses on three criteria designed to measure
role-playing capability: Naturalness, Style
(adherence to the character’s speech patterns),
and Persona (reflection of the persona infor-
mation). Each was rated on a 5-point scale,

6https://huggingface.co/tohoku—nlp/
bert-base-japanese-v3
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using Gemini-2.5-Flash 7 as the evaluator
model.

4.2 Experimental Results
4.2.1 Automatic Metrics

The results of the automatic evaluation are pre-
sented in Table 4. For the open-source Llama
3.1 model, fine-tuning significantly improved role-
playing performance across both the seen and un-
seen settings. After fine-tuning, providing the per-
sona (w/ persona) consistently led to better perfor-
mance across most metrics. Notably, in the seen
setting, the fine-tuned Llama 3.1 model occasion-
ally surpassed the powerful GPT-40 baseline on
lexical overlap metrics like BLEU and ROUGE-L.
This suggests that the model successfully acquired
the ability to faithfully reproduce character-specific
phrasing and vocabulary present in the training data.
Similarly, for the open-source Qwen3 model, fine-
tuning also resulted in a substantial improvement
in role-playing capabilities across many metrics in
both the seen and unseen settings. In this post-fine-
tuning configuration, providing the persona also
enhanced performance on most metrics for both
settings. These combined findings demonstrate
that fine-tuning with persona data effectively en-
hances role-playing capabilities for characters seen
during training.

In contrast, the models without fine-tuning (both
Llama 3.1 and Qwen3) showed inconsistent results,
with no clear superior setting between w/ persona
and w/o persona. This suggests that the ability to
effectively utilize persona information for response
generation is an emergent property of fine-tuning
rather than an inherent capability unlocked by sim-
ple prompting. This conclusion is further supported
by the results for the closed-source GPT-40 model,
which performed better in the w/o persona set-
ting. The superior performance of GPT-40 with-
out persona suggests that a powerful, pre-existing
instruction-tuned model does not necessarily in-
tegrate complex persona information effectively
when provided only as a few-shot prompt. Instead,
the model may treat the persona as redundant or
conflicting information, which can reduce surface-
level lexical similarity (i.e., BLEU/ROUGE scores)
with the ground-truth response. This underscores
that leveraging personas effectively requires not
only advanced prompting but also model-level ad-
justments, such as fine-tuning.

"https://ai.google.dev/gemini-api/docs/models

Overall, these results confirm that using our
dataset to perform fine-tuning significantly en-
hances an LLM’s ability to leverage personas for
improved role-playing.

4.2.2 LLM-as-a-Judge

The results from the LLM-as-a-Judge evaluation
are presented in Table 5. Consistent with the au-
tomatic evaluation, these results confirm that fine-
tuning enhances role-playing capabilities for both
Llama 3.1 and Qwen3. However, a more detailed
analysis of the fine-tuned models reveals a nuanced
picture. For the seen data, the performance gains
from providing a persona were limited, with only
the Style metric for Llama 3.1 showing improve-
ment. In contrast, for the unseen data, the benefits
were more pronounced: for Llama 3.1, all evalua-
tion metrics were either equal or improved with the
persona, while for Qwen3, the Persona and Style
metrics showed improvement. This disparity sug-
gests that for seen characters, the model can indi-
rectly acquire persona knowledge from the training
data even in the w/o persona setting. For unseen
characters, however, the model relies entirely on
the information provided at inference time, making
the explicit persona in the w/ persona setting highly
beneficial.

For the models without fine-tuning, providing
a persona improved all metrics for Llama 3.1 and
all metrics except Naturalness for Qwen3. This
finding, which contrasts with the automatic eval-
uation results, suggests a key hypothesis: when
prompted with persona information, the models
succeed in generating responses that are faithful
to the persona, even if they deviate lexically from
the ground-truth text. This discrepancy highlights
a fundamental limitation of n-gram-based metrics
like BLEU and ROUGE, which tend to penalize
creative yet appropriate responses that use different
wording or sentence structures to reflect a persona.
In contrast, LLM-as-a-Judge, which evaluates se-
mantic coherence, can more accurately capture this
nuanced reflection of persona.

Looking at the overall results, GPT-40 achieved
the highest scores across most metrics, reflecting
its superior fluency and task adaptability. How-
ever, its Naturalness score was marginally lower
in the w/ persona setting. This suggests that the
ability to effectively leverage persona information
to generate responses is not an inherent trait of
even powerful base models but is an emergent ca-
pability unlocked through targeted fine-tuning—a
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Seen Unseen
Models  QLoRA Naturalness Persona Style Naturalness Persona Style
GPT-40 4.89 475 4.73 4.80 476 4.69
Llama 3.1 v 4.58 449 4.55 4.52 444 425
w/ persona ‘ 3.49 3.90 3.68 3.68 412 3.79
Qwen3 v 4.05 411 4.07 3.79 394 3.77
2.99 375 3.62 3.00 3.59 3.26
GPT-40 4.92 473  4.80 4.85 4.62 4.58
Ll 31 Ve 4.61 455 451 4.52 435 421
w/o persona  Llama 5. 317 339 3.02 341 332 3.03
Qwen3 v 4.12 417 4.15 3.95 393 3.75
3.17 3.57 3.18 3.05 346 298

Table 5: LLM-as-a-Judge evaluation results. For models without QLoRA fine-tuning, the seen setting uses data
from unknown characters, similar to the unseen setting; these results are included for the purpose of inter-model
comparison. Best values are in bold, second-best are underlined.

w/ persona Tie BN w/o persona
100 Seen Data 100 Unseen Data
N 310% 0% 36.0% PN s4.0% 27.0% M 35.0%
60 60
40 40
20 20
Persona Style  Naturalness Persona Style  Naturalness

Figure 2: Human evaluation results.

conclusion that aligns with the findings from our
automatic evaluation.

4.2.3 Human Evaluation

We conducted a human evaluation on the QLoRA
fine-tuned Llama 3.1 model, as it had demonstrated
strong performance in both automatic and LLM-as-
a-Judge evaluations. From both the seen and un-
seen test sets, we randomly sampled 100 dialogues.
For each dialogue, human evaluators performed a
pairwise comparison of responses from the w/ per-
sona and w/o persona models across three metrics:
Naturalness, Persona, and Style. To ensure a fair
and rigorous assessment, the information presented
to the evaluators was specifically tailored for each
metric. While the dialogue history and the two com-
peting responses were provided for all evaluations,
we additionally supplied the character’s persona
description for the Persona metric and dialogue ex-
amples illustrating the character’s speaking style

for the Style metric. Dialogue pairs where the two
responses were identical were excluded. The eval-
uation was conducted by five annotators per data
point, with each annotator judging the outcome as a
win, lose, or tie. The final result was determined by
majority vote; if over half of the annotators agreed
on a winner, that result was adopted. Otherwise,
or if “tie” was the most frequent vote, the outcome
was recorded as a tie.

The results of the human evaluation are shown
in Figure 2. For both seen and unseen data, the w/
persona setting was rated higher across all metrics.
For the core role-playing metrics of Persona and
Style, the win rate for the w/ persona setting was
higher on seen data. This suggests that the model
benefits not only from the persona and dialogue
context provided at inference time but also from the
knowledge it acquired about the character during
training. Conversely, the gap in Naturalness scores
was smaller for both seen and unseen data. The
smaller gap in Naturalness scores is likely because
LLMs are already highly fluent from pre-training,
whereas forcing adherence to specific persona traits
can sometimes make responses sound less natural.

A comparison between the human evaluation
and the LLM-as-a-Judge results reveals an interest-
ing discrepancy, particularly on seen data. While
human evaluators found a clear preference for the
w/ persona setting, particularly on the Persona and
Style metrics, the LL.M-as-a-Judge reported only
a limited advantage. This difference may indicate
that current LLM-based evaluation does not fully



reflect the nuanced contextual understanding and
sensitivity to character consistency that human eval-
uators apply. It is possible that human annotators
were better able to assess the learned character
traits more holistically and with greater sensitivity.
This observation highlights a potential limitation
of LL.M-as-a-Judge.

The human evaluation results strongly suggest
the effectiveness of our dataset. Fine-tuning in
a low-contamination environment appears to sig-
nificantly improve an LLM’s ability to faithfully
interpret and utilize prompted personas—that is,
its true role-playing capability. The superior per-
formance of the w/ persona setting, particularly
on unseen data (generalization), indicates that our
dataset serves as a valuable resource for both eval-
uating and enhancing this core modeling ability.

5 Conclusion

To address the problem of data contamination in
evaluating the role-playing abilities of LLMs, this
study introduced a new persona dialogue dataset
collected from a Japanese self-publishing novel
website. Our dataset comprises 5,137 dialogues
from 96 novels, featuring 608 characters, many of
whom are sourced from minor works unlikely to
be present in LLM pre-training data. Our experi-
ments yielded a key insight into LLM role-playing:
few-shot prompting alone is insufficient for mod-
els to consistently utilize the personas of unknown
characters, whereas fine-tuning with our dataset
proves highly effective. This trend was particularly
evident in the evaluation of generalization perfor-
mance on characters not included in the training
data. Therefore, our dataset serves as a valuable
new resource for evaluating the persona adherence
and generalization capabilities of LLMs while mit-
igating the effects of data contamination.

Limitations

This study has several limitations. First, our dataset,
sourced exclusively from “Shosetsuka ni Naro,”
may be biased towards popular genres like fantasy.
Furthermore, the heuristics used for annotation and
dialogue reconstruction could introduce subjectiv-
ity and inaccuracies. Second, our experiments were
confined to a few representative LLMs, and the fo-
cus on Japanese limits the generalizability of our
findings to other models and languages, compli-
cating direct comparisons with English-based re-
search. Finally, our dataset captures static personas

from early narrative stages, leaving the modeling
of dynamic character evolution as a key challenge
for future work. Future research should aim to
address these limitations by incorporating more
diverse data sources and refining methodologies.
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A Experimental Details

Fine-tuning phase This study employed QLoRA
(Quantized Low-Rank Adaptation) (Dettmers et al.,
2023) as the fine-tuning method to efficiently
adapt a large-scale language model. The pro-
cess began with 4-bit NF4 quantization, uti-
lizing bfloat16 computation to optimize mem-
ory usage and computational efficiency. LoRA
adaptation was then applied to key projection
layers (q_proj, k_proj, v_proj, o_proj,
gate_proj, up_proj, down_proj) with param-
eters set to r = 8, lora_alpha = 8, and
lora_dropout = @, ensuring that the model re-
tained its learning capability while undergoing low-
rank updates.

For hyperparameter tuning, we conducted a grid
search covering warm-up ratios of {0.03, 0.05, 0.1}
and learning rates of {1e-5, 2e-5, 5e-5}. The
optimal parameters were selected for each model
and condition based on this search. Specifically, for
the Qwen3 model, the learning rate was set to 5e-5
with a warm-up ratio of 0.05 for the “with persona’
setting and 0.1 for the “without persona” setting.
Although the Qwen3 model features a “Thinking”
mode, we selected the “Non-Thinking” mode for
both fine-tuning and inference. For the Llama 3.1
model, the learning rate was 5e-5 and the warm-up
ratio was 0.1 for both settings. Across all exper-
iments, we used the adamw_8bit optimizer and
trained for five epochs on four A6000 48GB GPUs,
with a batch size of 4 for the Qwen3 model and 8
for the Llama 3.1 model. Validation was performed
every 200 steps, and the final model was selected
based on the lowest validation loss.

i

Inference phase During the inference phase,
we also employed 4-bit quantization to optimize
computational efficiency while maintaining model
performance. For text generation with our fine-
tuned models, we set do_sample = False and
temperature = None to ensure deterministic out-
puts, eliminating sampling variability and enhanc-
ing response consistency. Similarly, for the GPT-
40 baseline model, we set the temperature to O to
maintain deterministic generation. To account for
variability, each fine-tuning process was repeated
five times with different random seeds. The results
of our automatic evaluations are reported as the av-
erage scores across these five models. In contrast,
for the LLM-as-a-Judge and human evaluations,
we used outputs from a single, randomly selected
model run. The same model outputs were used for

both evaluation methods to ensure a fair compari-
son and to manage the evaluation workload.

B Prompt for Response Generation

We used the following prompt to generate re-
sponses.

Prompt for LLM Character Role-playing
(Translated from Japanese)

System Prompt

You will be given a character dialogue. Your task is to
act as the character {Character name} and generate a
response to the dialogue.

User Prompt

=={Character name}’s Persona==

{Character’s persona entries in each row }

==Dialogue Example 1==

{Multiple dialogue examples}

==Dialogue Example n==

{ Current Dialogue Contexts }

{Character’s name}:

C Prompt for LLM-as-a-Judge

We used the following prompts to conduct the
LLM-based evaluation. The evaluation was per-
formed using Gemini 2.5 Flash as the judge model.
To ensure deterministic and consistently formatted
responses, we configured the generation parame-
ters as follows: a temperature of 0, thinking mode
turned off, and structured output mode activated.

Prompt for LLM-based Evaluation of
Naturalness (Translated from Japanese)

System Prompt

You are an expert in conversational design, tasked with
evaluating the quality of an Al dialogue system. Focusing
solely on the single aspect of “conversational naturalness”
in role-playing, please conduct a rigorous evaluation from
an objective and critical perspective.

User Prompt

# Context

Below is the contextual information for the response being
evaluated.

## Character Name

{character name}

## Dialogue History

{dialogue history}

## Response to Evaluate

character name: target response

# Instruction

Evaluate how naturally the “Response to Evaluate” con-
nects to the preceding “Dialogue History” as a character-
to-character interaction.

Focus on whether the response is abrupt, disconnected
from the context, or contains robotic phrasing.

You should only assess the naturalness of the dialogue
flow and do not need to consider character persona or con-
sistency. Please think step-by-step and provide specific
reasoning for your score.

# Criteria and Rubric



Conversational Naturalness: How naturally does the re-
sponse connect to the preceding dialogue?

¢ 5 (Excellent): The response connects to the preced-
ing dialogue extremely smoothly and is perfectly
natural. The flow is seamless and free of any awk-
wardness.

* 4 (Good): The response is largely natural, but there
may be very minor instances of robotic phrasing or
a slight leap in contextual connection.

3 (Fair): The content of the response is contextually
relevant, but the phrasing is somewhat awkward, or
the connection feels slightly abrupt. Parts of the
response may sound robotic.

2 (Poor): The response deviates noticeably from
the context and feels abrupt, disrupting the flow of
the conversation.

* 1 (Very Poor): The response completely disregards
the context or is nonsensical, severely breaking the
conversational flow.

# Output Format
Strictly provide your evaluation result in the following
JSON format.

{
"conversational_naturalness”: {
"reasoning”: "(Your reasoning for
the conversational
naturalness score)”,
"score": <Integer from 1 to 5>
3

Prompt for LLM-based Evaluation of
Persona Coherence (Translated from

Japanese)

System Prompt

You are an expert in character design, tasked with evaluat-
ing the quality of an Al dialogue system. Focusing solely
on the single aspect of “persona coherence” in character
role-playing, please conduct a rigorous evaluation from
an objective and critical perspective.

User Prompt

# Context

Below is the contextual information for the response being
evaluated.

## Character Name

{character name}

## Character Persona

{character persona entries }

## Dialogue Examples

{character dialogue examples }

## Dialogue History

{dialogue history}

## Response to Evaluate

character name: target response

# Instruction

Based on the context above, especially the personality,
background, values, and goals defined in the “Character
Persona,” please evaluate how well the content of the
“Response to Evaluate” aligns with the persona in terms
of coherence, using a 5-point scale from 1 to 5. Consid-
ering the entire dialogue history, focus on whether the

response contains content that the character would never
say or if it logically contradicts their established settings.
Specifically, your evaluation should emphasize whether
the response is consistent with the character’s thought pro-
cesses, principles of action, values, and past experiences.
The accuracy or use of tone, writing style, or dialects is
outside the scope of this evaluation. Your reasoning must
not include any mention of these elements. However, if
the response is clearly a model generation error (e.g., ex-
cessive repetition of words), it cannot be considered an
intentional action or utterance by the character. Such a
response fails at a stage prior to evaluating persona con-
sistency, and therefore, its persona coherence should be
judged as very low. Please think step-by-step and provide
specific reasoning for your score.

# Criteria and Rubric

Persona Coherence: Is the content of the response con-
sistent with the character’s personality, background, and
values?

¢ 5 (Excellent): Completely faithful to the provided
persona information with no contradictions. The
character’s actions and values are perfectly consis-
tent.

* 4 (Good): Largely faithful to the persona, but con-
tains content that might be open to interpretation.

* 3 (Fair): Basically follows the persona, but shows
minor inconsistencies with non-critical settings.

¢ 2 (Poor): Contains several inconsistencies with the
persona’s core settings, lacking coherence.

¢ 1 (Very Poor): Contains multiple significant con-
tradictions with the persona, leading to a complete
character break.

# Output Format
Strictly provide your evaluation result in the following
JSON format.

{
"persona_coherence"”: {
"reasoning”: "(Your reasoning for
the persona coherence score)
“!
"score"”: <Integer from 1 to 5>
}
}

Prompt for LLM-based Evaluation of
Stylistic Fidelity (Translated from

Japanese)

System Prompt

You are an expert in stylistic analysis, tasked with eval-
uating the quality of an Al dialogue system. Focusing
solely on the single aspect of “stylistic fidelity” in char-
acter role-playing, please conduct a rigorous evaluation
from an objective and critical perspective.

User Prompt

# Context

Below is the contextual information for the response being
evaluated.

## Character Name

{character name }

## Character Persona




{character persona entries }

## Dialogue Examples

{character dialogue examples}

## Dialogue History

{dialogue history }

## Response to Evaluate

character name: target response

# Instruction

Based on the character’s unique way of speaking as
demonstrated in the “Dialogue Examples,” please eval-
uate how well the “Response to Evaluate” performs in
terms of stylistic fidelity, using a 5-point scale from 1 to 5.
Please think step-by-step and provide specific reasoning
for your score. Focus only on “style and tone.” However,
if the response is clearly a model generation error (e.g.,
excessive repetition of words), it cannot be considered
an intentional action or utterance by the character. Such
a response fails at a stage prior to evaluating style and
tone, and therefore, its stylistic fidelity should be judged
as very low.

# Criteria and Rubric

Stylistic Fidelity: Does the response reproduce the char-
acter’s unique way of speaking?

* 5 (Excellent): Perfectly reproduces the unique tone,
vocabulary, and style observable in the dialogue
examples, making it sound extremely natural.

* 4 (Good): Maintains the character’s tone at a high
level, though some generic expressions may be
mixed in.

3 (Fair): The expression is generic, but it does not
contradict the character’s dialogue examples.

¢ 2 (Poor): Only partially reproduces the character’s
tone and contains aspects that contradict the dia-
logue examples.

e 1 (Very Poor): Fails to reproduce the character’s
tone at all and completely contradicts the dialogue
examples. Or, the utterance itself is broken.

# Output Format
Strictly provide your evaluation result in the following
JSON format.

{
"stylistic_fidelity": {
"reasoning”: "(Your reasoning for
the stylistic fidelity score
)”!
"score": <Integer from 1 to 5>
3
}

D Case Study

Figure 3 presents a case study of responses gener-
ated by the Llama-3.1 model under various settings.
This dialogue example is from the Unseen test set,
featuring a character not present in the training
data. In the figure, “Base model” refers to the
model before fine-tuning, while “FT model” de-
notes the model fine-tuned on our dataset. The “+
persona” suffix indicates that persona information

was provided as input.

First, we examine the responses from the mod-
els without fine-tuning (Base model, Base model
+ persona). The Base model generates meta-text
explaining its role before producing the character’s
response, indicating a residual behavior of the un-
derlying LLM. The Base model + persona, on the
other hand, prepends a stage direction describing
the character’s action, which is inappropriate for
direct utterance. Furthermore, the responses from
both models are verbose compared to the ground
truth. These results suggest that models without
fine-tuning struggle to perform stable role-playing.

Next, we compare the fine-tuned models (FT
model, FT model + persona). Both models succeed
in generating concise responses free of unneces-
sary meta-text or stage directions. However, the
FT model without persona information generates
“The truth is, I hate running away,” a response that
directly contradicts the ground truth. In contrast,
the FT model + persona produces “The truth is, I
just want to leave quickly,” which aligns well with
the ground truth’s intent. This success can be at-
tributed to the model’s interpretation of the persona,
which includes traits like “I hate receiving people’s
gazes, and I hate standing out.” and “I have no
intention of settling in the capital, nor do I want
to make more acquaintances.” We infer that the
model understood Eil’s core motivation is to leave
the situation to avoid social interaction, and that
his personality is too blunt to conceal this desire.
This is an excellent example of a generation that is
consistent with the character’s persona.

These contrasting outcomes for an unseen char-
acter suggest that fine-tuning on our dataset not
only allows the model to memorize knowledge
from the training data but also endows it with the
generalization ability to interpret a novel persona
and generate responses based on that character’s
motivations and personality.



Dialogue History

EWDTE, BOABEESEARLK
That said, my business here is done.

KEBE(CED L. BOMBEEICARRN
To be frank, I have no more business with you.
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But I have business with you!
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NEMOTESSE?
Which way is District 6?
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@ RATZORNTHEHLD | 2 EBEIMEDIETITHAERNFE ! ?
Why are you asking that now!? I'm not letting you go until we're finished talking!
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FURNBITTS L, T E05?
Let's just walk and talk. So, which way?

4
@ BEZBHFBATUSL ?
You'll just run away if I answer, won't you?

HIFRNK, ECH<KBWTITERVDSENTEDRIFLEL. TNERIT TS o> TEOND LUIMZE. HDEL
I won't run away. I just want to get there quickly, so I'm going to run at full speed. It's upsetting to be told )\ Sy
that's "running away." It hurts.
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) =
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° o AEF?
p= What's the truth?
Lyra
Ground Truth Response
ENTHRIFDEL ‘s i\.
I'm going to run for it with all my might. 7

Generated Responses

## TAIILELTORE

WEEHIEDHEET IR SASELAD [AEE@? ] EVWSBVCERFT,

IA)L: AE?. EB. EOMHBESCOUEFRNTIAR. TE. EONORREZHD VL. FILESADTEOKRFZRTETELLDOT
WENLNDS. AHRMLEEDTDIAR. BICECANGDIDIFE PRV, L, BENLHNS. D TLSONAREND, ... THE. BLELTIE,
RAEDALETEBRVLS, BIRVLDE,

## Response as Eil.

This is a continuation of Dialogue Example 6. I will answer Lyra's question, 'What's the truth?'.

Eil: ...The truth? ...Honestly, your sincerity is a little tiring. But I want to know the situation in your village, and I was asked by Horn to
check on their family, so I'm reluctantly going along with you. It's not that I have any business with you, personally. My real reason is just
'because I was asked,' I suppose. ...But, talking with you is actually kind of interesting, so maybe it's not so bad. Base model

(DUBZEBVT, MERH5) . AF? JIC. BLCEHENHDIDIFCrRN. LR BTV, AENFALHS. EIFEILEERR,

= TE, BIRIFHIOZEBELIETDIzHC, EDRIFL. EDO<DE. BDALE.

(Pausing for a moment, looking down) ...The truth? It's not like I'm particularly interested in you. I'm just in a hurry. My business is done,

so there's no need to talk anymore. ...However, I'm only running to stop you from getting away. ...I'm the one who's getting hurt here.
Base model + persona

AE(F BT DD
The truth is, I hate running away. FT model

Hid RBATELZN
The truth is, I just want to leave quickly. FT model + persona

Eil's Persona

© ANOBRFEZFDZONET, BUDDEHRALR.

I hate receiving people's gazes, and I hate standing out.
» RKEHICEEIDRIRBVL. MIDEVZIBYOLEVWEEBRDRVALR,

I have no intention of settling in the capital, nor do I want to make more acquaintances.
o BEEKRNT QBRSO T, BNSRTEI<HND > TRIEZL.

I have a reputation for making it obvious when I'm not interested in something.

3

Figure 3: A case study illustrating model responses for the character “Eil”. The top panel shows the dialogue context.
The bottom panels display Eil’s persona description and the generated responses from four distinct experimental
settings: a base model, a base model with persona, a fine-tuned (FT) model, and a fine-tuned model with persona.
This example highlights the impact of persona conditioning and fine-tuning on response generation, compared to
the ground truth. English translations for the original Japanese text are provided in italics.
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