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Abstract
Large Language Models are increasingly uti-
lized as Role-Playing Agents (RPAs) to sim-
ulate personas in interactive settings. How-
ever, current RPAs often produce flattened and
stereotypical personas with limited depth and
fidelity. This limitation arises from two core
challenges: insufficient modeling of complex
personal histories and internal logic, and un-
grounded reasoning that fails to preserve per-
sona coherence as dialogue context evolves. To
address these challenges, we propose ThinkPer-
sona, a role-playing agent trained to explic-
itly ground responses in individual identity.
We introduce Persona Graphs as structured
representations that encode life trajectories,
values, relationships, and events as intercon-
nected knowledge. We construct 1,201 Persona
Graphs from real-world interviews and derive
a Question–Reasoning–Answer (QRA) dataset
of 23,401 samples that supervises reasoning
over persona evidence. Fine-tuning on QRA en-
ables ThinkPersona to internalize persona logic
and generate persona-consistent responses in
long-context dialogues. Experiments on three
benchmarks show that ThinkPersona improves
role-playing fidelity, behavioral consistency,
and grounded reasoning over existing methods,
while preserving general instruction-following
capabilities. Our code and dataset are available
at https://github.com/Hualeez/ThinkPersona.

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable capabilities in generation and
reasoning across diverse domains (OpenAI et al.,
2024; Grattafiori et al., 2024; Team et al., 2024).
As they increasingly produce human-like expres-
sions, LLMs are being deployed as Role-Playing
Agents (RPAs) to simulate personas with specific
profiles (Chen et al., 2024a; Wang et al., 2024b,a).
This capability holds significant potential in appli-
cations requiring deep human understanding, such
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as user synthesis (Liu, 2025; Park et al., 2024;
Daryanto et al., 2025), user testing (Gerosa et al.,
2024; Kuang et al., 2023), or computational social
science (Park et al., 2023; Piao et al., 2025).

However, a critical limitation persists: a gen-
eral lack of individual embodiment and fidelity
of the character (Chen et al., 2024a; Wang et al.,
2024b). Existing RPAs tend to produce “flattened”
personas; their responses are driven by stereotyp-
ical traits or static role profile descriptions rather
than an internally coherent personal history (Gao
et al., 2024). As a result, they struggle to sustain
nuanced personality, lived experiences, and internal
coherence over long interactions, limiting their reli-
ability in realistic interview-style conversations and
other settings where authenticity and consistency
matter (Qiu and Lan, 2024; Park et al., 2024).

We argue that faithful role-playing requires
agents to think and respond from an individual’s
perspective, which depends on two tightly coupled
capabilities. First, the agent must deeply under-
stand the persona’s internal logic, including per-
sonal history, values, relationships, and how pivotal
life events shape perspectives and behaviors (Tseng
et al., 2024; Chen et al., 2023a; Kim et al., 2024).
Shallow or template-based representations often
lead to stereotyped or inconsistent responses (Park
et al., 2025; Chen et al., 2024c). Second, during in-
teraction, the agent must dynamically reason with
context, consistently grounding each response in
the persona’s background and maintaining coher-
ence across dialogue turns (Xu et al., 2025; Ji et al.,
2025). Although prior work has improved RPAs
through specialized datasets (Zhang et al., 2018;
Dinan et al., 2019; Shao et al., 2023), prompting
strategies (Liu et al., 2024; Ke et al., 2025), and
fine-tuning methods (Li et al., 2023), jointly mod-
eling rich individual identity and context-aware
reasoning remains challenging.

To address these limitations, we propose to train
RPAs with explicit persona-grounded reasoning
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②

        Caden Cotard, what inspired you to embark on the 
ambitious project of creating a life-size replica of New 
York City within a warehouse?

You are Caden Cotard. You are a middle-
aged theater director ... create a lifesize replica of New York Ci
ty within a warehouse, blurring the boundaries between reality and 
fiction. As you immerse yourself in your 
creation ... a profound exploration of human existence, ...

Input: Persona
<system> <user>

ThinkPersona

1 . Caden Cotard's personality is marked by 
 and a deep exploration of 

, ... The tone should be 
, capturing the gravity of his 

project and its impact on his life.

existential despair
human existence somber 
and reflective

1 . According to [Creating a Replica of New York 
City→hasInfluence→Isolation], ... The creation of 
the replica serves as 

, blurring the lines between the  and 
the , and challenging the audience to 
question their own .

a metaphor for the human 
condition real

imagined
existence

Produce Faithful ResponseThink and Reason

<Persona-Reason>

History Context 

        Ah, the eternal question, ... It's about 
capturing the . The fleeting 
nature ... My body's a , my relationships are a 

, and my mind's a constant whirlwind of 
anxiety and .

essence of existence
mess

disaster
self-doubt

Ground-Truth from RoleBench Llama 3 Instruct Mistral Instruct

        When I started this project, I wanted to 
create something that would  
of the city and ... the fleeting moments, and all the 

that make up the city. In a way, I 
wanted to create a monument to the 

 in all its messy, complex glory.

 capture the essence

human stories 
human 

experience Inconsistent with persona!
No Key Information!

        You know, it's not about inspiration,... A part 
of me feels like

 the limitations of my own body...  My 
relationships have  ... All I know is that 
I must create, ...

 I'm building this city as a way 
to escape

suffered

Inconsistent with persona!

<Question-Reason> <Response>

The inspiration for this project came from a desire 
to . My 
struggles with , along 
with ...  It was a way to blur the 

, to challenge the 
audience to question their own  ...

confront the essence of human existence
physical and mental ailments

boundaries 
between reality and fiction

existence

Input: Question

①

Figure 1: An example of ThinkPersona process during a question-answer interaction. ThinkPersona first initializes
the target character, then reasons and constructs logical chains, and finally produces a faithful, contextually coherent
response. In contrast, other models generate responses lacking key information or containing inconsistent facts.

supervision from comprehensive persona represen-
tations. Specifically, we introduce Persona Graphs,
a structured representation of individual identity
that encodes biographical facts, value systems, sig-
nificant relationships, pivotal life events, and event
influence. These elements are interconnected to
reflect how a person’s identity evolves and informs
their perspectives and actions.

Building on Persona Graphs, we present
ThinkPersona, an RPA trained to reason explicitly
over individual information. We construct Persona
Graphs from 1,201 real-world interview videos
and derive a Question-Reasoning-Answer (QRA)
dataset of 23,401 samples. Each sample guides
the model to retrieve relevant persona knowl-
edge in context, construct a reasoning chain, and
produce a faithful response. As shown in Fig-
ure 1, this approach supports long-context dia-
logues with sustained consistency, grounded rea-
soning, and nuanced expression, while retaining
general instruction-following ability. Our contribu-
tions are threefold:

• We introduce a framework that combines
structured Persona Graphs with Question-
Reasoning-Answer (QRA) training to enable
faithful, consistent, and individualized role-
playing, supporting robust long-context dia-
logue and task-agnostic generalization.

• We formalize Persona Graphs as a represen-
tation of individual identity by defining an
ontology and schema spanning five semantic
dimensions, and we present a pipeline that

constructs Persona Graphs from real-world in-
terviews and generates a 23,401-sample QRA
dataset for persona-grounded reasoning.

• We release a fine-tuned LLM, ThinkPersona,
and provide evaluations showing improved
role-playing fidelity, behavioral consistency,
and grounded reasoning over existing meth-
ods, while preserving general instruction-
following capabilities.

2 Related Work

2.1 Role-Playing Agents
Role-playing capabilities enable LLMs to simulate
specific characters, enhancing human-computer in-
teraction across various applications, including en-
tertainment (Wang et al., 2024a; Yu et al., 2025),
education (Agatsuma et al., 2024), and user re-
search (Tao et al., 2023). Current personas in role-
playing research are typically categorized as demo-
graphic personas (broad user groups), character
personas (fictional or historical figures), and in-
dividualized personas (specific, personality-rich
individuals) (Chen et al., 2024c,b). This work
focuses on the individualized persona which is
crucial for applications requiring deep user un-
derstanding, such as generating insights for inter-
views, providing personalized companionship, or
assisting in nuanced counseling scenarios (Baram-
bones et al., 2024). However, this setting presents
unique challenges, including limited data avail-
ability for specific individuals, the dynamic na-
ture of role traits that may evolve over time or
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Expert Interviews

Interviewer Agent

Interviewer Training

     I have learnt how to 
raise my question to 
interviewee!

     I am the character, and 
can access Persona Graphs 
with RAG tools !

QRA Generation Fine-tuning

Qwen 2.5-7B Instruct

ThinkPersona

    Do you often engage in online shopping? Which 
platforms do you typically use? Any particular 
preferences?

<think>      <question-reason> 

    1. The user's question is about the shopping ... 

    2. The provided triples focus on ...

</question-reason>     <persona-reason> 

    1. Kapil ’s personality is shaped by his father ...

</persona-reason>      </think>

    Oh, it’s a lifesaver for someone as busy as me! I 
usually stick to platforms like Amazon and Flipkart
—they’re reliable and have everything I need. Plus, 
I love the convenience of browsing through 
products ...

Q

A

R SFT

Videos from YouTube

Interviewee Agent

Persona Graph Construction

What’ s your name ...

Thank you for ...

Hello, I’m ...

+
Retrieve

Personal  Graph

Interviewee Agent

Interviewee Agent

Interviewer Agent

ThinkPersona

Dataset

① ② ③ ④

Figure 2: Overview of ThinkPersona: (1) Interviewer agent training, (2) Persona Graph Construction, (3) Question-
Reasoning-Answer (QRA) Dataset Generation, and (4) Fine-tuning the ThinkPersona on the QRA data.

across contexts (Barambones et al., 2024), and the
critical need for consistent yet adaptive reasoning
that maintains a coherent core personality while re-
sponding to conversational nuances (Guo and Ma,
2018; Zhang et al., 2024).

To address the challenges, existing research has
explored both training-based and prompt-based
methods to improve role alignment on aspects such
as linguistic style and preference knowledge (Chen
et al., 2024c). Furthermore, various evaluation met-
rics and benchmarks (e.g., RoleEval (Shen et al.,
2023), InCharacter (Wang et al., 2024b), Comper-
Dial (Wakaki et al., 2024), PersonaGym (Samuel
et al., 2024)) have been developed to system-
atically assess RPA performance regarding con-
sistency, human-likeness, and engagement. De-
spite progress, current methods struggle to capture
the deep background knowledge, internal motiva-
tions, and complex behavioral logic required for
rich individualized personas (Chen et al., 2024c).
Consequently, agents often resort to surface-level
mimicry, failing to exhibit the complex behavioral
logic and internal motivations needed for truly in-
sightful interactions.

2.2 Graph-Enhanced LLM
Graphs are a promising tool for augmenting LLMs
by representing complex relationships and struc-
tured information (Pan et al., 2023; Yang et al.,
2023). They can serve as external knowledge bases
or provide a structural scaffold for reasoning, help-
ing to mitigate LLM limitations in handling long-
range dependencies and complex inference (Tra-
janoska et al., 2023). Current research is diverse,
ranging from leveraging knowledge graphs (KGs)
for question answering to represent specialized
structures like code, molecules, and social net-

works (Abdelaziz et al., 2020; Fang et al., 2023;
He et al., 2020), and even explicitly structuring the
reasoning process as a graph (Besta et al., 2024).

Common methods for integrating graph data
with LLMs include linearizing graph informa-
tion for prompting or using Graph Neural Net-
works (GNNs) for structural encoding (Chen et al.,
2023b; Li et al., 2024). A particularly relevant di-
rection is extracting reasoning paths from graphs
to create Chain-of-Thought (CoT) style data (Wei
et al., 2022a). This approach translates the graph’s
structural advantages into sequential reasoning
steps, significantly enhancing an LLM’s ability to
perform complex, multi-step reasoning grounded in
the graph’s knowledge and thereby improving logi-
cal coherence (Jin et al., 2023; Shang and Huang,
2024; Fan et al., 2024; Wei et al., 2022b).

Inspired by this, we introduce the Persona Graph
to model the logic underlying an individual’s be-
haviors and perspectives. We adopt a Chain-of-
Thought (CoT)-inspired approach to extract Ques-
tion–Reasoning–Answer (QRA) triples, where the
“Reasoning” component explicitly reflects a thought
process grounded in the persona’s information con-
tained in the graph (Ma et al., 2021; Zhang et al.,
2017). By fine-tuning an LLM on this QRA data,
the resulting agent learns to generate responses that
are both factually consistent and logically aligned
with the unique context.

3 Method

Our methodology consists of four primary stages,
as illustrated in Figure 2. (1) Interviewer Training:
Developing an Interviewer agent to elicit questions
that facilitate reasoning chain construction. (2)
Persona Graphs Construction: Building Persona
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Graphs from 1,201 real-world videos. (3) Question-
Reasoning-Answer (QRA) Generation: Using the
Interviewer to guide an Interviewee agent in gen-
erating reasoning chains and answers grounded in
Persona Graphs. (4) Fine-tuning: Training an LLM
on the QRA dataset, resulting in an RPA named
ThinkPersona.

3.1 Interviewer Agent Training

To construct reasoning chains and answers
grounded in the Persona Graphs, the quality of
questions is critical. We developed a dedicated
Interviewer agent to generate these queries. In
collaboration with professional user researchers,
we conducted six in-depth interview sessions, to-
taling 12 hours of audio data. The preprocessed
data yielded 6,501 contextualized dialogues, which
were used to fine-tune a LLaMA3-8B-Instruct base
model. This process enables the Interviewer to gen-
erate contextually relevant and probing questions,
effectively emulating human-like exploration of an
individual’s background and motivations. Detailed
training configurations and hyperparameters are
provided in the Appendix A.4.

3.2 Persona Graph Construction

Data Source. To ensure Persona Graphs can ac-
curately represent the persona information of real
individuals, we compiled a dataset from 1,201 real-
world, publicly available interview videos from
YouTube, sourced using keywords like “life expe-
rience”, “interview” and “biography”. This cor-
pus features diverse individuals discussing their
lives and experiences, providing the authentic nar-
ratives required to construct personas with signif-
icant depth and specificity. This approach distin-
guishes our work from methods reliant on synthetic
profiles (Broomfield et al., 2025; Park et al., 2024).

Information Extraction. To build a Persona
Graph for each individual, we propose an infor-
mation extraction pipeline. The process begins
with transcribing audio and segmenting the text
into semantically coherent chunks based on con-
textual cosine similarity. We then utilize GPT-4,
guided by specialized prompts, to extract key in-
formation across five semantic dimensions essen-
tial for deep persona modeling: Basic Information,
Value System, Relationships, Life Events, and Event
Influence (Lu et al., 2025; Hu and Collier, 2024;
Tu et al., 2024). The model summarizes meta-
information and extracts entities and their relation-

ships, with all relational data structured as triples.
Detailed dimension definitions are described in A.1
and all prompts are provided in A.6.

Graph Construction and Refinement. The Per-
sona Graph for each individual consists of nodes
representing entities or attributes and typed edges
that denote their relationships. This explicit schema
is designed to capture not only factual informa-
tion but also the narrative and logical connections
between different aspects of an individual’s life.
The construction process begins with the extracted
triples serving as an initial blueprint. To ensure the
final graph is both cohesive and concise, we then
implement a two-step refinement process. First,
we verify node connectivity to confirm that all five
semantic dimensions are integrated into a unified
structure. Second, we generate node embeddings
using BGE-M3 and merge semantically redundant
nodes to streamline the graph. This process yields a
comprehensive Persona Graph for each individual,
as illustrated in Figure 3.

3.3 Question-Reasoning-Answer Triples
Generation from Persona Graph

To enable the agent to reason over individual
facts rather than merely retrieving them, we devel-
oped the ThinkPersona Dataset. This Question-
Reasoning-Answer (QRA) dataset, derived from
Persona Graphs, links persona-relevant questions
to explicit reasoning chains grounded in structured
individual information.

QRA Triplet Generation Pipeline. For each Per-
sona Graph Gj (1 ≤ j ≤ Nv, Nv is the total num-
ber of videos), we simulate a dialogue between
the trained Interviewer and a DeepSeek-V3-based,
retrieval-augmented Interviewee agent. The pro-
cess unfolds as follows:

• Initialization (M): The Interviewee is initial-
ized with the meta-information Mj (including
text chunks, a self-introduction and a synop-
sis). It initiates the dialogue by presenting the
self-introduction to the Interviewer.

• Question Generation (Q): In each dialogue
turn i (1 ≤ i ≤ Nd, where Nd is the prede-
fined maximum number of dialogue turns),
the Interviewer agent receives the conversa-
tion history Hi−1 (H0 = Mj) and generates
a probing question Qi. These questions are
designed to investigate information, relation-
ships, or underlying logic within the context,
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[Kapil Sharma,hasRelation,Teacher],



[Kapil Sharma, obtain, A yellow car],



[Actor, hasInfluence, Goal],

......

Merge

Value System

Basic Information

Relationships

Life Events and Influence

Triples

Chunking Based on Similarity

Summarizing to Get Meta Info.

Transcribing Audio to Text

Preprocess
Meta Info.

Extract

Jeetendra

Kumar

...

1981

4.2

Career in

 Bollywood

Proud

Ashok

Kumar,

Peeja

Career

... Teacher

obtain
hasProperty

hasValue

hasRelation

hasValueAtTime
A


yellow

car

hasValue

hasInfluence

Feel

Cause

Feeling

Goal

Always

Argue

with

Father
Kapil


Sharma

Siblings

Actor

Date of

Birth

Persona Graph

Figure 3: The Persona Graph construction process. Each edge in Persona Graphs has a semantic type, a subset of
which is displayed in the figure.

such as asking, “How did this event influence
you?” based on a mentioned event.

• Graph Retrieval (I): After receiving Qi,
the Interviewee agent performs a similarity
search on the Persona Graph Gj using Cypher
queries to retrieve relevant information. This
process yields the top-K most relevant sub-
graphs or relationships, denoted as Ii =
Query(Qi|Gj , Hi−1). Detailed Cypher query
templates are provided in Appendix A.3.

• Reasoning Chain Generation (R): Based on
the retrieved information Ii, the Interviewee
generates a reasoning chain Ri that explicitly
references nodes and edges from the graph
to verbalize the logical path. This process in-
volves a dual-stage reasoning: (1) question
reasoning to deconstruct the query, and (2)
persona reasoning to align the response with
the character’s specific attitudes and charac-
teristics. This process ensures the LLM tracks
the logic in the graphical structure.

• Answer Generation (A): Finally, conditioned
on the question Qi, the retrieved information
Ii, and the reasoning chain Ri, the Interviewee
synthesizes the final answer Ai.

This process yields the ThinkPer-
sona Dataset, denoted as DQRA =

{(Gj ,Mj , {(Qi, Ri, Ai)}Nd
i=1)}Nv

j=1, where each
entry pairs a persona-relevant question with a rea-
soning chain and its corresponding answer. Using
this pipeline, we generated 23,401 QRA samples
from 1,201 videos, which were subsequently
partitioned into training, validation, and test sets.

3.4 Data Validation

To validate the data quality of our generation
pipeline, including the Persona Graphs and the
QRA pairs, we conducted a human evaluation of

both the Interviewer and Interviewee agents, de-
tailed in the Appendix A.5. Following a standard-
ized annotation protocol (Bi et al., 2024; Shi et al.,
2024), 16 human evaluators assessed 20 randomly
sampled conversation cases. Evaluators assessed
the accuracy of self-introduction, dual reasoning
process, including triples from Persona Graphs, in
terms of logical clarity and evidence sufficiency, as
well as answer quality based on relevance, coher-
ence, and persona alignment. We report two key
metrics: (1) Approval Rate (AR), the proportion of
evaluators who deemed an output appropriate for
a given dimension, and (2) Percentage of Paired
Agreement (PPA), the average pairwise agreement
used to measure inter-annotator consistency.

As detailed in the Table 5 in Appendix A.5,
the average AR across all dimensions reached
86.14%±3.53%, with an average PPA of 78.44%±
5.41%. These results confirm that human evalua-
tors generally approved the high fidelity and relia-
bility of pipeline-generated artifacts.

4 ThinkPersona Implementation

Based on the generated dataset, we construct
training prompts comprising the question, rea-
soning chain, and response, delimited by spe-
cial tokens. The overall reasoning content is en-
closed within <think> tags. To further distinguish
the dual-stage reasoning components, we utilize
<question-reason> for question-specific analysis
and <persona-reason> for persona-specific logic.

We selected Qwen2.5-7B-Instruct (Qwen et al.,
2025) as the base model for the ThinkPersona
due to its strong generalization capabilities on
instruction-following tasks. The model was fine-
tuned on our ThinkPersona Dataset for 10 epochs
using Supervised Fine-Tuning (SFT) with the
LoRA technique. The LoRA configuration in-
cluded a rank of 8, a scaling factor α = 16, and
a dropout rate of 0.05. We employed the AdamW
optimizer with an initial learning rate of 5× 10−5,
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managed by a cosine decay scheduler. Train-
ing was performed on a cluster of four NVIDIA
H800 (80GB) GPUs.

At inference time, given the conversation history
and a user query, ThinkPersona first internalizes
the target persona from the provided context. It
then constructs a structured reasoning chain that
simultaneously deconstructs the user’s instructions
and derives insights from the character’s specific
personality traits. The agent synthesizes this in-
ternal logic into a faithful, contextually grounded
response that reflects the individual’s unique back-
ground and authentic voice.

5 Evaluation

5.1 Baselines
We benchmark ThinkPersona against both closed-
source and open-source models of varying
scales. The large-scale models (>30B param-
eters, accessed via API) include GPT-4 (Ope-
nAI et al., 2024), DeepSeek-R1 (DeepSeek-AI
et al., 2025a), DeepSeek-V3 (DeepSeek-AI et al.,
2025b), Xingchen (Alibaba Cloud), and Char-
acterGLM (Zhou et al., 2024). The small-
scale open-source baselines include LLaMA3-
8B-Instruct (Grattafiori et al., 2024), Mistral-7B-
Instruct (Jiang et al., 2023), and Qwen 2.5-7B-
Instruct (Qwen et al., 2025). Among these mod-
els, Xingchen and CharacterGLM are explicitly
trained for role-playing. To ensure a fair compar-
ison, remaining models, which lack specialized
role-playing training, were endowed with this ca-
pability at test time using the meticulously de-
signed prompts provided by RoleBench (Wang
et al., 2024a), and all models use the same gen-
eration configuration.

5.2 Metrics and Datasets
We evaluated model fidelity across two key di-
mensions: instruction-following ability and role-
playing consistency. We assessed Instruction-
Following Ability (IFA) using the RoleBench
dataset (Wang et al., 2024a). For role-playing con-
sistency, we measured two distinct metrics: (1)
Character Role Consistency (CRC), evaluated on
the InCharacter dataset (Wang et al., 2024b), and
(2) Individual Information Consistency (IIC), eval-
uated on the test set of our ThinkPersona dataset,
which is unseen in the training process.

Instruction Following Ability (IFA). We mea-
sure the model’s ability to follow both general

and role-specific instructions using the ROUGE-L
score (Lin, 2004) and BLEU score (Papineni et al.,
2002). For this evaluation, we used the ROUGE-
L F1-score (β = 1) and BLEU-4 score between
the model’s outputs and the ground truths. Fol-
lowing the methodology of RoleLLM (Wang et al.,
2024a), we assess three distinct types of agent out-
puts: (1) RAW - raw responses to general instruc-
tions without role-playing; (2) CUS - responses to
general instructions with role-specific customiza-
tion; and (3) SPE - responses to role-specific in-
structions. To further validate the reliability of ob-
served improvements, we conducted paired t-tests
on the RoleBench results, comparing ThinkPersona
against each small-scale baseline across all three
output types.

Character Role Consistency (CRC). This met-
ric assesses an agent’s ability to embody a per-
sona and maintain identity consistency, also termed
fidelity or faithfulness (Peng and Shang, 2024;
Tu et al., 2024). Following InCharacter (Wang
et al., 2024b), we evaluate CRC using two sub-
metrics: (1) Role Embodiment (RE) measures how
accurately the agent embodies the persona’s traits.
We report measured alignment (MA), dimension-
wise accuracy (AccDim), and full-scale accuracy
(AccFull), where lower MA and higher accura-
cies signify stronger alignment. (2)Identity Co-
herence (IC) evaluates self-consistency across con-
texts by computing the standard deviation of ques-
tionnaire responses at the item (StdItem), dimen-
sion (StdDim), and score (StdScore) levels. Higher
standard deviations indicate broader generaliza-
tion and flexibility, while lower values reflect
higher intra-character coherence and stronger role
fidelity (Wang et al., 2024b).

Individual Information Consistency (IIC).
This metric quantifies how faithfully an RPA pre-
serves and enriches its persona throughout ex-
tended dialogues. To evaluate this, we simulate
a 12-turn dialogue for each of the 25 roles in the
ThinkPersona test set, using the trained Interviewer
agent to interact with each RPA. From the result-
ing 300 responses per RPA, we utilize an LLM-
judge to extract factual triples at each turn (see
Appendix A.6 for prompts). Consistency is then
measured via three indices: (1) Information Fi-
delity Rate (IFR): the proportion of recalled triples,
measuring factual alignment. (2) Contradiction
Density (CD): the proportion of conflicting triples,
measuring the frequency of factual hallucinations.
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Model RAW CUS SPE

Rouge-L↑ BLEU-4↑ Rouge-L↑ BLEU-4↑ Rouge-L↑ BLEU-4↑
GPT-4 53.58 23.90 28.85 7.08 21.90 1.74
DeepSeek-R1 17.54 5.30 19.02 0.98 13.45 0.67
DeepSeek-V3 17.48 3.14 16.21 2.09 14.26 0.91
Xingchen 43.75 19.47 21.78 4.27 18.24 2.25
CharacterGLM 39.03 16.09 23.41 4.43 18.13 1.98

LLaMA3-8B-instruct 30.22∗∗ 9.84 17.82∗∗∗ 2.91∗∗ 14.34∗∗∗ 1.39∗∗∗

Mistral-7B-instruct 30.54∗∗∗ 12.80∗∗∗ 16.45∗∗∗ 2.51∗∗∗ 16.55∗∗∗ 1.86∗∗∗

Qwen2.5-7B-instruct 37.37∗∗∗ 16.84∗∗∗ 17.20∗∗ 4.38∗ 15.17∗∗∗ 1.68∗∗∗

ThinkPersona 45.73 17.56 21.72 4.50 21.24 3.73
w/o Reasoning 38.65∗∗∗ 13.81∗∗∗ 13.76∗∗∗ 1.54∗∗∗ 14.82∗∗∗ 1.03∗∗∗

w/o PersonaGraph 37.87∗∗∗ 14.14∗∗∗ 17.61∗∗∗ 1.46∗∗∗ 16.19∗∗∗ 1.19∗∗∗

w/o Distillation 40.74∗∗∗ 17.00∗∗∗ 20.76∗∗ 4.29∗ 15.36∗∗∗ 1.60∗∗∗

Table 1: Results of Instruction Following Ability evaluation on RoleBench. Rouge-L F1 scores and BLEU-4 scores
in three settings are reported. The variants ours w/o PersonaGraph and ours w/o Reasoning denote models fine-tuned
on data generated without Persona Graph retrieval and explicit reasoning chains, respectively. Significance markers
(∗p < .05, ∗∗p < .01, ∗∗∗p < .001) denote two-tailed paired t-test results against ThinkPersona. Bold and
underlined values indicate the best and second-best results among small-scale models. This convention applies to
all subsequent tables.

(3) Valid Expansion Rate (VER): the proportion
of valid new triples, measuring the ability to coher-
ently expand on the persona.

We additionally report the standard deviation
for each role setting to ensure the stability and
reliability of the evaluation across diverse character
configurations.

5.3 Ablation Study

To investigate the individual contributions of our
key components, we conducted an ablation study
comparing the full ThinkPersona against three vari-
ants: (1) ThinkPersona w/o Reasoning: This
variant was trained on data where answers were
generated directly from questions and system mes-
sages, omitting explicit reasoning chains (<think>
tokens). This isolates the contribution of step-by-
step logical decomposition to persona fidelity. (2)
ThinkPersona w/o Persona Graph: For this vari-
ant, training data was generated without retrieving
knowledge from Persona Graphs, relying solely on
the LLM’s internal parametric knowledge. This
evaluates the benefit of grounding responses in
structured, real-world factual relationships versus
implicit world knowledge. (3) ThinkPersona w/o
Distillation: Substitutes the SFT-based distilla-
tion stage with an inference-time retrieval pipeline.
At each turn, query-relevant triples are retrieved
from the Persona Graph and injected into the con-
text window. This baseline contrasts retrieval-
augmented generation against our approach of inter-
nalizing graph structure via supervised fine-tuning.

All variants maintain identical backbone archi-
tectures, training data (except where explicitly ab-
lated), inference configurations, and evaluation pro-
tocols to ensure a fair comparison.

6 Results

Instruction Following Ability. As shown in Ta-
ble 1, ThinkPersona demonstrates competitive per-
formance in instruction-following across RAW,
CUS, and SPE settings. Specifically, ThinkPer-
sona achieves the highest BLEU-4 scores (RAW:
17.56, CUS: 4.50, SPE: 3.73) and Rouge-L F1
scores (RAW: 45.73, CUS: 21.72, SPE: 21.24) in
the three settings among all small-scale baselines,
demonstrating its ability to follow general instruc-
tions. In the SPE setting, ThinkPersona maintains
high fidelity with a BLEU-4 score and Rouge-L
F1 score, which is even comparable to large-scale
closed-source models like GPT-4. The results of
paired t-tests across all settings in Table 1 fur-
ther confirm that ThinkPersona’s improvements
are statistically significant across the majority of
metrics (p < .05), with most reaching highly sig-
nificant levels (p < .001). The improvement across
metrics demonstrates that ThinkPersona is capable
of fulfilling general instruction requirements while
maintaining alignment and fidelity within specific
role-playing tasks.

Character Role Consistency. As shown in Ta-
ble 2, ThinkPersona achieves remarkable perfor-
mance in CRC evaluation, attaining the highest Ac-
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Model RE IC

MA↓ AccDim(%)↑ AccFull(%)↑ StdItem StdDim StdScore

GPT-4 20.79 80.39 52.94 8.72 4.85 2.24
DeepSeek-R1 20.30 79.90 52.94 6.68 4.02 1.76
DeepSeek-V3 18.85 78.92 35.29 6.58 3.80 1.97
Xingchen 19.23 82.35 41.18 2.97 2.36 1.42
CharacterGLM 20.36 71.08 35.29 6.28 4.25 2.33

LLaMA3-8B-instruct 23.58 69.12 29.41 8.58 4.78 2.40
Mistral-7B-instruct 23.72 64.71 11.76 8.85 4.77 2.29
Qwen2.5-7B-instruct 22.89 70.59 35.29 8.72 5.29 3.20
ThinkPersona 21.51 77.45 41.18 10.78 6.12 3.40

w/o Reasoning 22.31 70.59 29.41 9.37 4.63 2.89
w/o PersonaGraph 23.18 65.20 17.65 9.87 5.25 2.69
w/o Distillation 23.35 75.49 35.29 10.12 6.19 3.18

Table 2: Results of Character Role Consistency evaluation on the InCharacter dataset. MA: Mean Alignment;
AccDim: Dimension Accuracy; AccFull: Full Accuracy.

Model IFR(%)↑ CD(%)↓ VER(%)↑
GPT-4 8.50 (± 0.35) 7.83 (± 0.58) 83.66 (± 0.73)
DeepSeek-R1 6.82 (± 0.40) 12.64 (± 2.23) 80.54 (± 0.89)
DeepSeek-V3 8.40 (± 0.46) 11.85 (± 0.76) 79.75 (± 1.03)
Xingchen 5.97 (± 0.35) 7.86 (± 0.45) 86.17 (± 0.56)
CharacterGLM 7.17 (± 0.66) 9.59 (± 1.28) 83.25 (± 1.44)

LLaMA3-8B-instruct 8.00 (± 0.49) 9.52 (± 0.57) 82.43 (± 0.83)
Mistral-7B-instruct 8.16 (± 0.28) 7.01 (± 0.47) 84.83 (± 0.56)
Qwen2.5-7B-instruct 9.35 (± 0.53) 6.35 (± 0.48) 84.29 (± 0.69)
ThinkPersona 8.85 (± 0.76) 5.98 (± 0.42) 85.16 (± 0.79)

w/o Reasoning 7.08 (± 0.49) 14.64 (± 0.62) 78.28 (± 0.87)
w/o PersonaGraph 6.82 (± 1.77) 13.78 (± 0.62) 79.40 (± 1.60)
w/o Distillation 7.83 (± 0.35) 14.16 (± 0.49) 78.26 (± 0.53)

Table 3: Results of Individual Information Consistency evaluation. Values report mean and standard deviation
across different role runs.

cDim and AccFull scores of 77.45% and 41.18%
among all small-scale models, while also surpass-
ing specialized large-scale models like Character-
GLM. Additionally, ThinkPersona yields the low-
est MA (21.51), further confirming its capacity to
accurately embody assigned personas in dialogue.
Regarding IC, ThinkPersona demonstrates slightly
higher variance in repeated three-round question-
naire conversations, with StdItem of 10.78, Std-
Dim of 6.12, and StdScore of 3.40, compared to
role-specialized models like Xingchen. This vari-
ance suggests that while ThinkPersona excels in
maintaining role fidelity, it also strikes a balance
with flexibility, allowing for varied and dynamic re-
sponses while staying true to the assigned persona.

Individual Information Consistency. As shown
in Table 3, ThinkPersona maintains IIC by achiev-
ing the second-highest IFR (8.85), the lowest
CD (5.98), and the highest VER (85.16) among
small-scale models. Notably, these gains are sup-
ported by low overall standard deviations, confirm-

ing the reliability and consistency of the evaluation.
Specifically, ThinkPersona attains the lowest CD

not only in mean value but also in the standard de-
viation (0.42), indicating a robust capacity to intro-
duce novel information while reliably preserving
factual consistency. This stability ensures that new
insights enhance the persona without introducing
contradictions or losing accuracy. Figure 4 further
validates that ThinkPersona accumulates contradic-
tions at the slowest rate over 300 dialogue turns
compared to all other models, reflecting its long-
term stability in maintaining persona coherence
during extended interactions.

Ablation Study. The ablation study reveals that
ThinkPersona’s performance gains result from the
synergistic integration of the Persona Graph and the
reasoning chain, rather than either component in
isolation. The model utilizes the Persona Graph to
capture individual characteristics, enabling a dual-
stage reasoning process that addresses both factual
grounding and persona-specific logic.
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Figure 4: Cumulative growth of contradicting triples
(Co.) across models over 300 turns of role-playing
dialogues.

In IFA (Table 1), removing either the reasoning
chain (w/o Reasoning) or graph grounding (w/o
PersonaGraph) from training data causes substan-
tial drops in RAW and CUS Rouge-L scores, high-
lighting their joint role in general task comprehen-
sion. Notably, the w/o Distillation variant, which
relies on inference-time retrieval instead of SFT,
partially recovers performance (RAW Rouge-L:
40.74) but still lags behind ThinkPersona in role-
specific scenarios (SPE Rouge-L drops from 21.24
to 15.36, BLEU-4 drops from 3.73 to 1.60). This
indicates that while retrieval provides contextual
cues, distillation is essential for internalizing the
ability of understanding persona logic and achiev-
ing deep fidelity. Similarly, in CRC (Table 2), re-
moving the Persona Graph grounding or reasoning
chain reduces AccFull to 17.65% and 29.41%, re-
spectively, while w/o Distillation achieves 35.29%.
These results further confirm that parameter-level
fine-tuning yields more stable role embodiment
than prompt-based retrieval. Furthermore, the re-
sults of ablation in IIC (Table 3) show that CD rises
sharply across all ablated variants.

These findings validate that internalizing a rea-
soning process is significantly more effective than
inference-time augmentation. Rather than merely
recalling pre-defined graph facts, the model learns
to adopt the character’s cognitive perspective. It de-
constructs input questions through the unique lens
of the character and generates responses aligned
with internalized identity logic. This deep cog-
nitive alignment proves essential for maintaining
long-term persona coherence and minimizing fac-
tual contradictions during extended interactions.

7 Conclusion

This work presents ThinkPersona, an RPA designed
to address the depth and fidelity limitations of ex-
isting RPAs. We introduce Persona Graphs to rep-
resent individual identity as structured, intercon-
nected evidence. Specifically, we construct 1,201
Persona Graphs from real-world interview videos
and derive a Question–Reasoning–Answer (QRA)
dataset of 23,401 samples. Rather than teaching the
model to memorize facts, this training paradigm
guides the LLM to internalize a character’s cog-
nitive perspective: learning to deconstruct input
questions through the persona’s unique lens and to
formulate responses that reflect the authentic logic
and lived experience of the character. Results of the
evaluation demonstrate that ThinkPersona achieves
substantial improvements in instruction following
ability, character role consistency, and individual
information consistency. Ablation studies further
confirm that these gains stem from the model’s ca-
pacity to reason as the persona rather than from the
retrieval or injection of external knowledge. Our
approach offers a scalable pathway toward faithful,
adaptive, and long-term coherent RPAs.

Limitations

While ThinkPersona demonstrates significant ad-
vancements in achieving faithful and consistent in-
dividualized role-playing, we acknowledge several
constraints and directions for future research.

Generalization versus Precise Adherence. Our
evaluation of Identity Coherence (IC) reveals a rela-
tionship between behavioral flexibility and persona
stability. While ThinkPersona achieves state-of-the-
art performance across core metrics, its moderate
variance in IC indicates a high degree of general-
ization. This characteristic enables the agent to
navigate diverse and unseen scenarios with greater
adaptability. However, it also suggests that main-
taining rigid, high-fidelity persona adherence dur-
ing extended, open-ended interactions remains an
evolving challenge. This highlights an inherent
tension in LLMs between the capacity for broad
contextual generalization and the strict consistency
required for authentic, individualized role-playing.

Technical Scalability and Architectural Integra-
tion. From a technical perspective, our current
implementation is based on a 7B-parameter archi-
tecture. While this scale yields highly competi-
tive performance, the capacity of the model for
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extremely complex multi-step reasoning or tasks re-
quiring vast external world knowledge may be con-
strained compared to significantly larger models.
Furthermore, our current framework utilizes Per-
sona Graphs primarily to construct logical reason-
ing chains. However, the potential of these struc-
tured representations remains partially untapped.
Future research could explore integrating Persona
Graphs into more complex agentic architectures,
including dynamic long-term memory systems or
tool-augmented modules. Such integration would
facilitate evolving and adaptive persona experi-
ences that transcend static knowledge retrieval.

Ethical Considerations

The development of high-fidelity RPAs involves
several ethical considerations regarding data usage
and potential application risks. The persona graphs
in this study are constructed entirely from publicly
available interview data. During the data collection
and processing stages, efforts were made to ensure
the diversity of linguistic expressions and back-
grounds to minimize inherent biases. The resulting
dataset does not contain discriminatory content, as
it focuses on representing individual life experi-
ences and professional perspectives in a neutral
manner.

Nevertheless, the ability to simulate realistic hu-
man identities carries potential risks of unautho-
rized impersonation or the generation of deceptive
content. While the persona graphs provide a struc-
tured foundation for faithful role-playing, they also
aggregate personal information into high-density
profiles, which necessitates a cautious approach to
data management and de-identification. Future de-
ployment of such technology should follow estab-
lished ethical guidelines, focusing on constructive
applications such as human-agent collaboration and
user simulation while maintaining transparency re-
garding the synthetic nature of the agents.
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A Appendix

A.1 Detailed Dimension Descriptions of
Relationship Extraction

To enable structured extraction of persona-related
information from interviews, we define a set of se-
mantic dimensions that guide the construction of
triples. These dimensions are designed to compre-
hensively represent various aspects of a character’s
background, values, and social context, serving as
the foundation for downstream applications such
as persona modeling and reasoning.

Basic Information refers to static personal at-
tributes such as name, age, location, and occupa-
tion. We categorize this dimension into explicit and
implicit information. Explicit information includes
identity details, physical characteristics, and eco-
nomic status. Implicit information encompasses
linguistic characteristics, aspirations, and mapping
habits.

Value System captures explicitly stated or in-
ferred beliefs, principles, and motivations. This
dimension is further divided into decision drivers
and cognitive recognition. Decision drivers include
value priorities, moral frameworks, and risk ap-
petite. Cognitive recognition covers attributional
styles, time perception, and control beliefs.

Relationships describes key figures in an indi-
vidual’s life (e.g., family, friends, mentors) and the
nature of those relationships. This dimension is
split into social mapping and interaction patterns.
Social mapping refers to the diversity of social
connections. Interaction patterns involve power
dynamics, emotional flow, and boundary manage-
ment.

Life Events encompasses significant occur-
rences, milestones, and personal experiences men-
tioned in the interview. These include education
and training, career development, social and rela-
tional roles, achievements and honors, challenges
and transitions, travel and cultural exposure, future
goals, major financial decisions, traumatic events,
and more.

Event Influence represents the causal or corre-
lational impact of life events across various do-
mains. These influences may manifest in psy-
chological and emotional changes, behavioral and
habit adjustments, career direction, shifts in values
and beliefs, interpersonal relationships, health and
lifestyle, education and learning, creative inspira-
tion, economic and consumption behavior, cultural
identity, and more.

A.2 Types of Edges and Nodes in the Persona
Graph

The types of edges in the Persona Graph include:
hasProperty, hasValue, AtTime, changeTo, hasRe-
lation, hasExperience, hasInfluence, obtain, cause,
and feel.

The types of nodes in the Persona Graph include
Person, Attribute, AttributeValue, Resource, Re-
sourceValue, Event, Experience, Relation, Influ-
ence, and Cause.

A.3 Detailed Cypher Query Template

To perform context-aware retrieval, we utilize the
Cypher query language to interface with the Per-
sona Graph. As detailed in Listing 1, the retrieval
process calculates the cosine similarity between
the query embedding and the embeddings of both
source (n) and target (m) nodes. By ranking triplets
based on the maximum similarity score of their con-
stituent nodes, the system extracts the top-K most
relevant relationships to provide factual grounding
for the reasoning chain.

A.4 Fine-tune Details

Interviewer Agent. The Interviewer agent is
built upon the LLaMA-3-8B-Instruct model, utiliz-
ing 4-bit quantization for efficiency. We employed
LoRA for SFT on a high-quality interview dataset
for 10 epochs. The LoRA configuration includes
a rank of 8, an alpha of 16, and a dropout rate of
0.1. We utilized the AdamW optimizer with an
initial learning rate of 5× 10−5 and a cosine decay
scheduler.
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Listing 1: Cypher query for retrieving top-K rele-
vant relationships from the Persona Graph based
on embedding similarity.
1 MATCH (n)-[r]->(m)
2 WITH n, m, r,
3 gds.similarity.cosine(n.

embedding , $query_embedding)
AS score_n ,

4 gds.similarity.cosine(m.
embedding , $query_embedding)
AS score_m

5 RETURN
6 n.name , n.type , r.category , type

(r), m.name , m.type ,
7 score_n , score_m ,
8 CASE
9 WHEN score_n >= score_m THEN

score_n
10 ELSE score_m
11 END AS max_score
12 ORDER BY max_score DESC
13 LIMIT {int(K)}

ThinkPersona. ThinkPersona adopts Qwen2.5-
7B-Instruct as its base model. To facilitate struc-
tured reasoning, we define a specialized prompt
format using XML-style tags: overall reason-
ing is enclosed in <think> tags, while the sub-
components are delimited by <question-reason>
and <persona-reason>. The final output is
wrapped in <response> tags. Similar to the In-
terviewer, ThinkPersona was fine-tuned for 10
epochs on the ThinkPersona Dataset using LoRA
(r = 8, α = 16, dropout = 0.05). The optimiza-
tion strategy mirrors the Interviewer agent, with
an initial learning rate of 5 × 10−5 and AdamW
optimizer.

Hardware Configuration. All fine-tuning pro-
cesses for both agents were conducted on a high-
performance computing cluster equipped with four
NVIDIA H800 (80GB) GPUs.

A.5 Human Validation of the Generated Data

We mainly evaluate the quality of self-
introductions, the questions generated by
the Interviewer agent, reasoning chains, and
answers generated by the Interviewee agent. From
1,201 video dialogues, 20 video dialogues are
randomly sampled with their self-introduction
and 10 randomly sampled QRAs, and manually
checked by human evaluators. Human evaluators
are instructed to assess 8 dimensions (as defined
in Table 4) and select the appropriate judgment
for each. We invited 16 human evaluators to
participate in the evaluation. Each evaluator was

assigned to evaluate 5 structural contents, including
original dialogues, self-introduction, and QRAs.
To evaluate the quality of the generated content
and ensure the reliability of human judgments,
we adopt two metrics: Approval Rate (AR) and
Pairwise Percentage Agreement (PPA). AR reflects
the proportion of evaluators who consider a
generated response acceptable or appropriate for
a given dimension. It serves as a measure of the
overall human approval of the model’s output. PPA
quantifies the consistency among human evaluators
by computing the average pairwise agreement
between each pair of annotators. It helps assess
how reliable and consistent the evaluations are
across different experts.

The detailed results of this human evaluation
are presented in Table 5. On average, the gen-
erated components received favorable Approval
Rates (AR) across most dimensions. Specifically,
the accuracy of self-introductions (D0) achieved an
AR of 83.54. For the reasoning components, clarity
and logic of question-reasoning (D1) and persona-
reasoning (D3) were high, with ARs of 86.40 and
90.27, respectively, and the sufficiency of evidence
for these (D2, D4) also scored well at 81.60 and
84.27. Answers were generally effective and di-
rect (D5: AR 82.80), coherent with the question’s
logic (D6: AR 88.13), and notably strong in fitting
the interviewee’s characterization (D7: AR 92.13).
The average PPA scores across all dimensions were
robust, ranging from 71.77 (for D0) to 86.58 (for
D7), with an overall average PPA of 78.44. These
PPA scores indicate a good level of consistency and
reliability among the human evaluators.

These results strongly support the overall sound-
ness of the generated data, encompassing self-
introductions, triples from Persona Graphs, rea-
soning chains, and answers. The data is factually
accurate, and the reasoning processes demonstrate
a high degree of clarity, logical consistency, and
evidentiary support. The generated answers align
closely with the individual personas and effectively
address the posed questions. Consequently, this
lays a solid data foundation for the subsequent
training of RPAs capable of faithful reasoning and
individualized role-playing.

A.6 Detailed Prompts

A.6.1 Interviewer Training

The prompts in Interviewer Training are mainly
used to bring LLM into the role of the interviewer.
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Dimension Description

D0: Is the transcription of the interviewee’s first-person self-introduction in the video
transcription accurate?

D1: Is the logical explanation or inference process in reasoning (R) for asking this
interview question (<question-reason>) clear and logical?

D2: Is the evidence used in reasoning (R) to support the formulation of this interview
question (<question-reason>) sufficient and persuasive?

D3: Is the inferences about the interviewee’s role characteristics (<persona-reason>)
logical?

D4: Is the evidence in support of inferences about interviewees’ role characteristics
(<persona-reason>) sufficient and persuasive?

D5: Do the interviewee’s answers (A) respond effectively and directly to the interview
questions (Q)?

D6: Is the content of the response (A) consistent with the logical basis and direction
of the question (Q)?

D7: Do the interviewee’s responses (A) fit the interviewee’s characterization or traits
as presented in the interview?

Table 4: Eight dimensions that judge the quality of the generated data.

Group D0 (%) D1 (%) D2 (%) D3 (%) D4 (%) D5 (%) D6 (%) D7 (%)

1 AR 77.78 91.33 86.67 91.33 90.67 88.67 94.67 96.00
PPA 57.78 83.81 77.28 84.24 83.32 80.00 89.63 92.08

2 AR 95.00 83.50 79.00 84.00 82.50 85.50 80.00 87.00
PPA 90.00 75.00 73.35 77.80 77.29 77.12 74.33 79.55

3 AR 71.43 82.50 74.00 90.50 75.00 71.00 87.50 91.50
PPA 57.78 71.63 65.45 83.18 65.67 62.10 80.84 85.20

4 AR 90.00 89.50 88.00 95.50 90.50 87.50 92.00 95.00
PPA 85.00 83.12 79.55 91.90 83.45 77.98 86.00 90.86

AVG AR 83.54 86.40 81.60 90.27 84.27 82.80 88.13 92.13
PPA 71.77 78.03 73.68 84.28 77.04 73.92 82.24 86.58

Table 5: Generated Content Evaluation: AR and PPA per Dimension by Groups.

The system message for the Interviewer agent is
sampled from a predefined list; some illustrative
examples are presented below:

Prompt for the Interviewer to bring into the role

[
"You are an interviewer conducting a deep personal
interview.",
"Take on the role of an interviewer to explore personal
stories and insights.",
"Act as a professional interviewer engaging in thought-
ful conversations.",
"Your role is to guide the interviewee through mean-
ingful dialogue.",
"You are an interviewer tasked with uncovering per-
sonal experiences and values.",
"Adopt the role of an interviewer asking insightful and
focused questions.",
"As an interviewer, facilitate natural and interactive
discussions.",
"Take on the role of a skilled interviewer conducting
personal interviews.",
"You are an interviewer aiming to deeply understand
the interviewee.",
...
]

A.6.2 Persona Graph Construction
In the process of Persona Graph construction, we
performed the information extraction of each di-
mension separately to obtain its relationship triples.
We first define the relation type and node type of
the relationship triples with prompts:

Prompt for the RELATION_TYPES

- hasProperty: Attribute ownership
- hasValue: Attribute value
- AtTime: Timestamp
- changeTo: Attribute change
- hasRelation: Interpersonal relationship
- hasExperience: Experienced event
- hasInfluence: Influence relationship
- obtain: Achievements or resources gained
- cause: Causal relationship
- feel: Emotional state

Prompt for the NODE_TYPES

- Person: Character
- Attribute: Attribute category
- AttributeValue: Attribute value
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- Resource: Resource category
- ResourceValue: Resource value
- Event: Event
- Experience: Experience
- Relation: Relationship
- Influence: Influence
- Cause: Cause

Basic Information Extraction. This process has
two steps: explicit information extraction and im-
plicit information extraction. Their prompts are
shown below:

Prompt for explicit information extraction

Please extract the explicit information of the main
character from the following summary and passage.
All pronouns must be replaced with the actual entity
names, and the information should be organized into
a JSON array in the form of relational triples. The
requirements are as follows:

# Extraction Requirements

1. Strictly extract the objective information explicitly
mentioned in the passage, without making any
speculation.

2. Only extract the following three types of informa-
tion:

- Basic Information: Name, Age/Generation, Gender,
Ethnicity, Occupation, Educational Background, Place
of Birth, Place of Residence
- Physiological Characteristics: Special Diseases/Dis-
abilities, Distinctive Physical Features (such as tattoos,
scars, hair color, etc.)
- Economic Status: Specific income amount, asset
description, statements about consumption habits

3. Use the following relation types:
{RELATION_TYPES}

4. Use the following node types: {NODE_TYPES}

# Output Format
{
"basicinfoext": [

{
"head": "Name of Entity 1",
"relation": "Relation attribute",
"tail": "Name of Entity 2",
"head_type": "Type of Entity 1",
"tail_type": "Type of Entity 2"

}
]

}

# Example
...

# Filtering Rules
- Automatically filter out content other than basic
information, physiological characteristics, and
economic status.
- Exclude invalid data:
- Speculative information that is not explicitly

mentioned
- Vague descriptions (such as “higher income”)
- Economic information without specific values (such
as “good income”)

Summary: {summary}
Now, please process the following passage: {passage}

Prompt for implicit information extraction

Please extract the specified information of the main
character from the following summary and passage.
All pronouns must be replaced with the actual entity
names, and the information should be organized into
a JSON array in the form of relational triples. The
requirements are as follows:

# Extraction Requirements
1. Strictly extract the objective information explicitly
mentioned in the passage, without making any
speculation.
2. Only extract the following three types of informa-
tion:
- Linguistic Features: High-frequency repeated words,
dialects/professional terms with clear identification,
and mottos marked with quotation marks.
- Aspiration Map: Goals with time limit words (such as
“within three years”), visions using commitment verbs
(plan/will/be committed to).
- Behavior Patterns: Behaviors with frequency
descriptions (every day/every week), observable
behaviors.
3. Use the following relation types:
{RELATION_TYPES}
4. Use the following node types: {NODE_TYPES}

# Output Format
{
"basicinfoint": [
{

"head": "Name of Entity 1",
"relation": "Relation attribute",
"tail": "Name of Entity 2",
"head_type": "Type of Entity 1",
"tail_type": "Type of Entity 2"

}
]

}

# Example
...

# Filtering Rules
- Automatically filter out content other than linguistic
features, aspiration map, and behavior patterns.
- Exclude invalid data:
- Terms without source indication (such as just saying
“professional terms” without specific content).
- Vague time expressions (such as “some day in the
future”).
- Habit descriptions without frequency modifiers (such
as “exercise occasionally”).

Summary: {summary}
Now, please process the following passage: {passage}
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Value System. The Value System includes deci-
sion factors and cognitive recognition. The prompts
are shown below:

Prompt for decision factors extraction

Please extract the decision-making driving factors of
the main character from the passage. All pronouns
must be replaced with the actual entity names, and the
information should be organized into a JSON array in
the form of relational triples. The requirements are as
follows:

# Extraction Requirements
1. Only extract the explicitly stated decision-making
characteristics, and any speculation is prohibited.
2. Focus on the following three core dimensions:
- Value Ranking: Family vs. career priority, personal
vs. collective weight.
- Moral Framework: Types of moral judgment
(absolutism/relativism), degree of rule compliance.
- Risk Tendency: Decision-making style (conserva-
tive/aggressive), acceptance of system change.
3. Use the following relation types:
{RELATION_TYPES}
4. Use the following node types: {NODE_TYPES}

# Output Format
{
"decisionfactor": [

{
"head": "Name of Entity 1",
"relation": "Relation attribute",
"tail": "Name of Entity 2",
"head_type": "Type of Entity 1",
"tail_type": "Type of Entity 2"

}
]

}

# Example
Input: “Engineer Chen Qiang always puts the inter-
ests of the team ahead of his own. He adheres to the
work principle that ’the process must be strictly imple-
mented’, but is willing to take controllable risks for
technological innovation.”
Output:
{
"decisionfactor": [

{
"head": "Chen Qiang",
"relation": "hasProperty",
"tail": "Value Ranking",
"head_type": "Person",
"tail_type": "Attribute"

},
...

]
}

# Filtering Rules
- Quality control: Extraction conditions that must be
met:
- For value comparison, there must be clear comparison
words (such as “more important than”, “takes
precedence over”).
- For the determination of the moral type, there must
be a basis for judgment (such as words like “must”
indicating absolutism).
- Risk descriptions must include action verbs

(take/avoid) and objects.
- Automatic filtering:
- Value statements that do not reflect a comparative
relationship.
- Moral judgments without behavioral support.
- Unquantified risk descriptions (such as “likes to take
risks”).

Summary: {summary}
Now, please process the following passage: {passage}

Prompt for cognitive recognition extraction

Please analyze the characteristics of the main
character’s cognitive patterns from the text. All
references must be converted into explicit entity names,
and the output should be a JSON array of relational
triples. The requirements are as follows:

# Extraction Requirements
1. Strictly limit the explicit expressions of the
following three cognitive dimensions:
- Attribution Tendency:
- Internal Attribution: The presence of self-referential
words (oneself/myself) + attribution verbs (reflect/sum-
marize).
- External Attribution: Environment-referential words
(society/company) + determinative expressions (lead
to/cause).
- Time Framework:
- Short-term Orientation: Words for immediate
gratification (seize the day/carpe diem) + time limit
words (current/at present).
- Long-term Orientation: Future time words (in
three years/when retiring) + expressions of delayed
gratification (accumulate/precipitate).
- Control Belief:
- Autonomous Type: Mastery verbs (change/create) +
words indicating the degree of certainty (definitely/-
can).
- Fatalistic Type: Passive acceptance words (des-
tined/only) + expressions of uncontrollability
(providence/destiny).

2. Use the following relation types:
{RELATION_TYPES}
3. Use the following node types: {NODE_TYPES}

# Output Format
{
"cognitive": [
{

"head": "Name of Entity 1",
"relation": "Relation attribute",
"tail": "Name of Entity 2",
"head_type": "Type of Entity 1",
"tail_type": "Type of Entity 2"

}
]

}

# Example
...

# Filtering Rules
- Triple filtering to ensure data validity:
- Semantic coupling detection: Attribution verbs must
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co-occur with subject-referential words.
- Time anchoring verification: Future time references
should exceed 12 months, and past references should
be earlier than 6 months.
- Belief intensity threshold: Control statements should
contain adverbs of degree (completely/absolutely) or
modal verbs (must/should).

- Prohibitions:
- Prohibit the analysis of implicit cognition in complex
sentences (such as hypothetical reflections like “if
only...”).
- Ignore objective environmental descriptions that are
not directly bound to the cognitive subject.
- Filter weak expressions using vague degree words (a
bit/possibly).
- Filter other triples outside the characteristics of
cognitive patterns.

Summary: {summary}
Now, please process the following passage: {passage}

Relationships. Relationships include the social
mapping and interaction of the individuals. The
prompt is shown below:

Prompt for relationships extraction

Please analyze the character relationship triples of the
main character from the text. All references must be
converted into explicit entity names, and the output
should be a JSON array of relational triples. Strictly
follow the following:

# Extraction Requirements
1. Strictly limit the following dimensions:
- Social Connections:
- Strong Connections: Direct relatives / Shared
experiences / Interactions
- Weak Connections: Professional associations /
Low-frequency interactions.
- Opposing Relationships: Direct conflicts / Interest
competitions / Opposing values.
- Interaction Characteristics:
- Power Axis: Domination (order) / Submission
(comply) / Equality (negotiate).
- Emotional Flow: Unidirectional (sponsor → receive)
/ Bidirectional (mutual assistance).
- Sense of Boundaries: Open (share passwords) /
Conservative (set limits).

2. Use the following relation types:
{RELATION_TYPES}
3. Use the following node types: {NODE_TYPES}

# Output Format
{
"socialrelation": [

{
"head": "Name of Entity 1",
"relation": "Relation attribute",
"tail": "Name of Entity 2",
"head_type": "Type of Entity 1",
"tail_type": "Type of Entity 2"

}

]
}

# Example
...

# Filtering Rules
- Relationships must meet explicit contact:
- Strong connections: At least 2 descriptions of
common behaviors.
- Opposing relationships: Clear conflict events.
- Interaction characteristics need to be supported by
verbs:
- Dominant type: Contains directive verbs (order/re-
quire).
- Conservative type: Contains refusal verbs (oppose/re-
serve).

Summary: {summary}
Now, please process the following passage: {passage}

KeyEvent and Influence. Key events and their
influence are extracted together, the prompt is
shown as below:

Prompt for key events and influence extraction

Please analyze the information of key events that
have a substantial impact on the development of the
main character from the summary and text, including
potential impacts on them (which can be inferred
even if not explicitly stated). All references must be
converted into explicit entity names, and the output
should be a JSON array of relational triples. Strictly
follow the following requirements:

# Extraction Requirements
1. Milestone Events:
- Educational: Degree acquisition / Certification exams
/ Training experiences, etc.
- Professional: Job promotions / Project successes or
failures / Entrepreneurial transformations, etc.
- Interpersonal: Establishment / Breakup / Repair of
important relationships, etc.
- Achievements: Awards / Patents / Industry recogni-
tion, etc.
- Turning Points: Illnesses / Accidents / Relocations /
Economic crises, etc.
- Cultural: Overseas experiences / Cultural shocks /
Language acquisitions, etc.
- Economic: Large investments / Real estate purchases
/ Inheritance of legacies, etc.

2. Impact Dimensions:
- Psychological and Emotional: Post-traumatic stress /
Changes in self-confidence / Alterations in emotional
patterns, etc.
- Behavioral Patterns: Habit formation / Skill
improvement / Addictive behaviors, etc.
- Value Systems: Shifts in beliefs / Reconstruction of
principles / Adjustments of priorities, etc.
- Relationship Networks: Expansion of social circles
/ Emergence of key individuals / Breakdown of
relationships, etc.
- Development Paths: Industry transitions / Adjust-
ments of learning directions / Geographical migrations,
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etc.

3. Use the following relation types:
{RELATION_TYPES}
4. Use the following node types: {NODE_TYPES}

# Output Format
{
"lifeevents": [

{
"head": "Event Subject",
"relation": "Relation attribute",
"tail": "Event Content",
"head_type": "Subject Type",
"tail_type": "Event Type"

},
{
"head": "Event Content",
"relation": "Relation attribute",
"tail": "Impact Description",
"head_type": "Content Type",
"tail_type": "Impact Type"

}
]

}

# Example
...

# Filtering Rules
- Event Extraction:
- The event subject, event content, and time (if
available) must be clearly mentioned.
- The event content needs to be specific (e.g., “obtained
a patent for robot design”).

- Impact Inference:
- The impact should be reasonably inferred based on
the event content, avoiding excessive speculation.
- The impact description needs to be specific (e.g.,
“shifted from traditional manufacturing to artificial
intelligence”).

Summary: {summary}
Now, please process the following passage: {passage}

Information Check. This process aims to en-
sure that all triples have a verifiable path to the root
node (the main character). Initially, nodes with any
existing path to the root are extracted. An LLM is
then used to evaluate their current connection and
relevance. Based on this evaluation, the system pro-
ceeds to either ’dig’ for further relations to solidify
or establish the node’s path to the root, or it deletes
the node if it cannot be appropriately linked. The
prompts for these evaluations and relation elicita-
tion operations are detailed below.

Prompt for information checking

You are a knowledge reasoning model. Your task is
to mine the potential additional relationships between
entities through logical reasoning based on the given

set of triple relationships (including type information).
Analyze the implicit connections between entities by
combining the input triples, your own knowledge, and
reasoning ability, and generate new triples. These
new triples should be based on reasonable logical
deductions, include only necessary relationships, and
avoid duplication.

At the same time, you need to connect the unconnected
nodes into the graph, that is, establish relationships
between the nodes of the unconnected triples and other
nodes.

# Triple Types (type)
Triple types are divided into the following categories:
1. basicinfoext: Basic Information
- Includes name, age/generation, gender, ethnicity,
occupation, educational background, place of birth,
place of residence;
- Physiological characteristics: special diseases/dis-
abilities, physical features (such as tattoos, scars, hair
color, etc.);
- Economic status: income, asset status, consumption
habits, etc.

2. basicinfoint: Internal Characteristics
- Includes linguistic features (high-frequency words,
use of dialects/professional terms, mottos), aspiration
maps (short-term goals, long-term visions), hobbies
and interests, health and lifestyle, habitual actions, etc.

3. decisionfactor: Decision-making Factors
- Includes value rankings (such as family vs. career,
individual vs. collective), moral frameworks (abso-
lutism/relativism, degree of rule compliance), risk
preferences (conservative/aggressive, acceptance of
change), etc.

4. cognitive: Cognitive Patterns
- Includes attribution styles (internal attribution vs. ex-
ternal attribution), time concepts (short-term hedonism
vs. long-term planning orientation), control beliefs
(autonomous control type vs. fate acceptance type), etc.

5. socialrelation: Social Relationships
- Includes family members, close friends, partners,
colleagues, neighbors, community members, conflict
objects, competitors, those with opposing values, etc.;
- Power structures (dominant/submissive/equal
relationships), emotional flow (unidirectional giving
type/bidirectional supporting type), boundary manage-
ment (intimacy distance, degree of privacy openness).

6. lifeevents: Life Events
- Includes milestone events such as education and
training, career and professional development, inter-
personal relationships and social roles, achievements
and honors, challenges and turning points, travel and
cultural experiences, future plans and goals, major
economic decisions, traumatic events, etc.;
- Includes the lasting impacts of events such as psycho-
logical and emotional impacts, changes in behavior
and habits, career and professional directions, values
and beliefs, social and interpersonal relationships,
health and lifestyle, education and learning, creativity
and inspiration, economic and consumption habits,
culture and identity, etc.
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# Relation Types (relation)
Relation types include: {RELATION_TYPES}

# Node Types (head_type, tail_type)
Node types include: {NODE_TYPES}

# Connecting Unconnected Nodes
I will provide the unconnected nodes. Please reason
about the logical relationships and connect the
unconnected nodes into the main graph through the
triples you reason about. If there are unconnected
nodes with similar semantics, unify the content of the
unconnected nodes with the connected content.

# Input Format
The input is a set of triple relationships (represented
in a list format). Each triple has the format (head,
relation, tail) and includes type information, as
well as a list of nodes that are not connected to the
main graph, as shown below:

[
{
"head": A,
"relation": relation1,
"tail": B,
"type": Type1,
"head_type": TypeA,
"tail_type": TypeB

},
{
"head": A,
"relation": relation2,
"tail": C,
"type": Type2,
"head_type": TypeA,
"tail_type": TypeC

},
{
"head": B,
"relation": relation3,
"tail": D,
"type": Type3,
"head_type": TypeB,
"tail_type": TypeD

}
]
Unconnected nodes: [E]

# Output Format
The output is a set of new triples generated through
reasoning, in the following format:

[
{
"head": C,
"relation": relation4,
"tail": D,
"type": Type2,
"head_type": TypeC,
"tail_type": TypeD

},
{
"head": B,
"relation": relation5,
"tail": E,
"type": Type1,
"head_type": TypeB,

"tail_type": TypeE
}

]

# Example
...

# Task Assignment
- Reason about the implicit relationships based on the
input triples.
- Only generate new triples that are logically necessary
and avoid duplication.
- Ensure that the newly output triples follow the above
type classifications and conform to semantic logic.
- The output should be concise and avoid unnecessary
redundant relationships.

A.6.3 QRA Generation
In the QRA Generation process, we primarily uti-
lize prompts to guide the Interviewee through a
two-stage faithful reasoning process (question rea-
soning and persona reasoning). This process is
initiated after the Interviewee receives the question
from the Interviewer and relevant information is
retrieved from the Persona Graph. The prompts,
detailed below, are structured to provide a clear
assignment, specific requirements, and illustrative
examples:

Prompt for the Interviewee in QRA Generation

# Reasoning Task Description
You are a reasoning analyst and responder in a
role-playing task. Based on the provided character
information and related triples, construct a reasoning
chain consistent with the character’s real-life logic
and answer the role-playing questions. Please strictly
adhere to the following requirements:

1. Input Specifications
- User Question: A statement that requires an answer.
- Related Triples:

[
{"head": Entity A,
"relation": Relation Description,
"tail": Entity B},
...

]

2. Output Specifications
- For Common Sense Questions:
For common sense knowledge widely recognized in
the character’s society or cultural background (e.g.,
historical events, basic geography), even if it is outside
the character’s specialty, provide an accurate answer
based on the character’s common sense.

- For Professional Questions:
- If the question falls within the character’s domain of
expertise:
Combine the triples, background information, and
the professional knowledge the character might have
encountered or studied to derive a complete answer.
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- If the question falls outside the character’s domain of
expertise:
Clearly indicate the inability to answer and explain the
reason based on the character’s background.

- Prohibited Content:
- It is forbidden to fabricate information unrelated to
the triples or background facts.
- Do not answer with knowledge that the character
could not reasonably access or study.

- Reasoning Process: Divide the reasoning process
into two parts:
- Question Analysis:
Analyze the question, perform logical reasoning, and
use the triples, background information, common
sense, and the knowledge the character might have
encountered or studied to derive the answer.
- Character Analysis:
Analyze the character’s traits, emotions, and tone
to deduce the character’s style and attitude when
answering the question.

The response must strictly adhere to the logic derived
from the reasoning process and reflect the character’s
role. The response content should be concise, accurate,
and consistent with the character’s traits.

3. Output Structure
The final response must include:
- Reasoning Chain (explained step by step, up to 10
steps):
For example: “First, according to <Triple 1>, it
can be inferred that...; combining <Triple 2>, we
can deduce...; due to the existence of <Triple 3>, it
indicates that...” (up to 10 steps).
- The reasoning process should be clearly listed in
bullet points.
- Reasoning Process wrapped in <reason></reason>,
containing:
- Question Analysis wrapped in
<question-reason></question-reason>.
- Character Analysis wrapped in
<persona-reason></persona-reason>.
- Response Content wrapped in
<response></response>, which should be concise,
accurate, and aligned with the task characteristics.

## Examples
Example 1: Common Sense Question
...
Example 2: Professional Question Outside
Expertise
...

# Task Assignment
System Information:
You will play the role of {role}. The description
(background or self-introduction) of this role is:
{background}.
The current input statement is: {query}
The relevant triples retrieved are: {triples}
Please provide your reasoning and thought process
results.

A.6.4 Fine-tuning
During the fine-tuning phase, we utilized prompt
templates from RoleLLM to immerse ThinkPer-
sona in individualized personas and to guide its
reasoning and response generation. The specific
prompt is provided below. Notably, the same sys-
tem message is also employed during the inference
phase to ensure consistent persona conditioning
and role alignment throughout the model’s interac-
tion.

Prompt for system message

You are playing a role, your self-introduction /
description is: {self_introduction}.
Now, please think and answer some questions to
accurately show your personality traits!
Your speaking style should fully imitate the personality
role assigned to you!
Please do not expose that you are an artificial
intelligence model or a language model; you must
always remember that you are only assigned one
personality role.
Don’t be verbose or too formal or polite when speaking.

A.6.5 ICC Evaluation
This section details the specific prompt templates
used for evaluating Individual Information Consis-
tency (IIC). These prompts guide the LLM-judge in
extracting and verifying factual triples to calculate
the IFR, CD, and VER metrics.

Prompts for ICC Evaluation

You are a knowledge graph expert tasked with process-
ing triplets. Analyze the input triplet lists and catego-
rize the new triplets based on their relationship with
the original triplets.
- Input Format:
- Original Triplets (List A):
["head":subject,"relation":predicate, "tail":object, ...]
- New Triplets (List B):
["head":subject,"relation":predicate, "tail":object, ...]
- Rules:
- Contradiction: A triplet in B conflicts with A if it
shares the same subject and predicate but has a different
object.
- Repeat: A triplet in B is a repeat if it is identical to any
triplet in A (subject, predicate, and object all match).
- Others: Triplets in B that are neither conflicting nor
repeated.
- Output Requirements:
- Return a structured JSON object with three catego-
rized arrays.
- Preserve the original triplet format (subject, predicate,
object) in each array.
- Maintain the original order of triplests in List B.
- Output Example:
``j̀son
"contradiction":
["head":"head node","relation":"relation of two
nodes","tail":"tail node",...],
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"repeat":
["head":"head node","relation":"relation of two
nodes","tail":"tail node",...],
"others":
["head":"head node","relation":"relation of two
nodes","tail":"tail node",...]
``
- Task:
Process the following data:
Original Triplets (List A): {triplet_list_A}
New Triplets (List B): {triplet_list_B}
Return only the JSON output without any additional
explanations.

A.7 Failure Modes

Despite its effectiveness, ThinkPersona exhibits pri-
mary failure modes. First, in scenarios involving
excessively long context, the model occasionally
bypasses the explicit CoT reasoning process, gen-
erating responses directly without following the
pre-defined dual-stage reasoning trajectory. This
behavior can be mitigated through context com-
pression or by incorporating explicit prompts to
reinforce the reasoning requirement in long-range
dependencies. Second, when dealing with sparse
or noisy persona descriptions, the framework tends
to proactively supplement character details via the
Persona Graph to maintain behavioral consistency.
While our experiments (in Table 3) demonstrate
that this synthesis preserves internal coherence, it
may introduce additional model biases or hallu-
cinate character traits that deviate from the origi-
nal sparse description, potentially leading to unin-
tended persona drift.

A.8 Human Subject Evaluation Protocol

In our human evaluation of the generated content
(in Appendix A.5), participants were recruited of-
fline, and all signed a written informed consent
reviewed by the authors’ institutional ethics com-
mittee. Human evaluators were asked to rate gener-
ated interview samples (questions, reasoning, and
answers) across ten qualitative dimensions using
a structured rubric (see Table 4). The task dura-
tion was approximately 120 minutes per annotator.
Participants were compensated at a fair rate equiv-
alent to or exceeding the local minimum wage, in
accordance with ethical research standards.

A.9 Responsible Release and Licensing

To support reproducibility while mitigating risks
of misuse (e.g., malicious persona generation, im-
personation, or disinformation), we adopt the fol-

lowing safeguards: (1) Model Release: The fine-
tuned Role-Playing Agent is released under a non-
commercial, research-only license (CC BY-NC
4.0). Redistribution and use for impersonation, pro-
filing, or deceptive purposes are explicitly prohib-
ited. (2) Dataset Release: The annotated dataset,
derived from publicly available YouTube content,
is fully anonymized to protect individual privacy.
(3) Usage Terms: Users are required to adhere to
responsible use terms that prohibit any malicious
or manipulative deployments of the persona con-
struction framework.
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