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Abstract

Large language models (LLMs) enable simu-
lating individual responses from persona infor-
mation, supporting applications such as opin-
ion elicitation and virtual character creation.
However, existing approaches typically assume
rich persona profiles, which are often unavail-
able in practice. In this work, motivated by
recent findings that LLMs can identify query-
relevant persona dimensions (e.g., whether a
user is price-sensitive), we study query-focused
individual simulation under cold-start settings,
where relevant persona information is identi-
fied and requested on demand for each query.
To solve this task while minimizing the num-
ber of persona requests, we explore a progres-
sive method that iteratively predicts the most
critical relevant persona dimension and uses
self-reported confidence as a stopping signal
to determine when sufficient information has
been collected. Experiments on two dialogue
datasets' show that this query-driven paradigm
achieves simulation performance comparable
to approaches that rely on rich persona infor-
mation extracted from dialogue history, using
only a few persona dimensions (up to five per
query), and this number is further reduced by
our progressive method while maintaining or
improving simulation quality.

1 Introduction

Large language models (LLMs) have enabled us to
simulate human behavior (Park et al., 2023, 2024,
Zhang et al., 2025) based on textual descriptions of
individuals. Such human behavior simulation capa-
bilities enable useful applications such as opinion
elicitation (Chuang et al., 2024), behavioral opti-
mization through hypothetical interactions, and re-
alistic virtual character creation (Wang et al., 2024).
By conditioning response generation on persona
information, LLM-based simulators can move be-
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How would Alex respond
to my party invitation?

Is he shy?

[Query] Yes, he is
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User Tom

LLM-supported - Male, 20 years old ...

He is shy
Persona Completion "

Basic Persona
of Alex

€

He would accept that. LLM simulating Alex

Figure 1: Query-focused individual simulation in cold-
start settings: starting from a basic persona, the LLM
infers relevant persona dimensions, requests their values,
and complements the persona to generate a response.

yond generic responses and better capture individ-
ual differences in beliefs, values, and preferences.

Previous studies have primarily relied on rich
persona information obtained from encyclopedic
biographies (Shao et al., 2023) or interviews and
questionnaires (Park et al., 2024; Ran et al., 2024),
enabling faithful simulation of public figures. How-
ever, in real-world scenarios, the target individuals
are often ordinary users whose persona is only par-
tially observable. Preparing extensive persona pro-
files in advance is costly or even infeasible, making
such methods difficult to apply in practice. Mean-
while, recent work (Su et al., 2026) reported that
LLMs can identify, for a given query, missing but
relevant persona dimensions (e.g., whether a user
is price-sensitive), pointing to the feasibility of
simulation in cold-start settings that request query-
relevant persona values on demand. However, key
questions remain: how to acquire the values of
such persona dimensions, how to recognize the suf-
ficiency of acquired persona values, and how to
effectively request persona values.

In this study, we thus study query-focused indi-
vidual simulation in cold-start settings (Figure 1),
where only basic persona information is available
in advance, and additional information is acquired
on demand for each query. We assume that the user
requesting the simulation can provide persona infor-
mation about the target individual when prompted.
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Since this setup involves requesting persona in-
formation from the user, we aim to minimize the
number of persona requests. In addition to a basic
approach that requests values for a fixed number
of relevant persona dimensions in one step, we ex-
plore another approach that progressively identifies
and acquires the most critical missing dimension at
each step. A key issue in this approach is determin-
ing when sufficient persona information has been
collected. To address this, we use the model’s self-
reported confidence as a dynamic stopping signal.
By monitoring confidence across iterations, the ap-
proach adaptively decides when to stop acquisition,
avoiding unnecessary requests while maintaining
simulation quality.

We evaluate our methods on the queries in the
PICQ-drama dataset (Su et al., 2026) and those
we newly extracted from Nagoya University Con-
versation Corpus (NUCC) (Fujimura et al., 2012)
across multiple simulator LLM (OpenAl, 2024;
QwenTeam, 2025) and baselines, including context-
only simulation, query-agnostic persona collection,
and one-shot persona collection.? Experimental
results show that our progressive persona comple-
tion achieves comparable simulation quality while
substantially minimizing persona acquisition cost.
Overall, these results suggest that effective simula-
tion can be achieved with minimal, query-relevant
persona information rather than exhaustive profiles.

Our contributions are as follows:

* We formulate query-focused individual sim-
ulation in a cold-start setting, where persona
information is acquired on demand (§ 3).

* We propose a progressive persona acquisition
framework with confidence-based stopping to
reduce acquisition cost (§ 4).

* We confirmed that a few query-focused per-
sona values can match or outperform large
sets of query-agnostic persona values (§ 5).

2 Related Work

This section reviews prior studies on conversa-
tional user simulation, which focus on generating
persona-conditioned responses in a dialogue. In
what follows, we first review persona-conditioned
response generation, and then discuss methods for
preparing persona information for simulation.

?To promote reproducibility, we use an LLM-based agent

with dialogue history as a proxy for a user who provides
persona information about the simulation target.

Persona-conditioned Response Generation
Early work demonstrates the feasibility of response
generation conditioned on persona descrip-
tions (Sato et al., 2017; Zhang et al., 2018), while
later studies (Gao et al., 2023) enrich personas
using commonsense knowledge. Subsequent work
leverages role-playing, memory, and interaction
histories to steer agent behavior (Park et al., 2023;
Shao et al., 2023). Recent work further explores
task-specific modeling, such as structured belief
dependencies for opinion alignment (Chuang
et al., 2024) and cognitive prototypes for student
simulation (Wu et al., 2025). Most approaches,
however, rely on predefined, query-agnostic
persona information, limiting their applicability to
the simulation of ordinary individuals.

Persona Construction The typical sources of
persona information for simulation are encyclo-
pedic web data (Shao et al., 2023) or one-shot
interviews and questionnaires (Park et al., 2024;
Ng et al., 2024). Recent efforts such as Persona
Hub (Ge et al., 2025) and population-aligned gen-
eration (Hu et al., 2025) further improved coverage
and demographic realism by synthesizing persona
information. These synthesized personas cannot be
used for simulating responses of specific real indi-
viduals. Moreover, these methods determine per-
sona elements before any concrete query is given
and are query-agnostic. Li et al. (2025) noted that
unverified static personas often contain hallucina-
tions or biases, suggesting the need for verification-
aware and relevance-driven acquisition.

Query-Focused Relevant Persona Prediction
Su et al. (2026) built a PICQ-drama dataset that
contains persona-influenced choice questions and
formulated query-level prediction of relevant per-
sona dimensions, showing that LLMs can identify
necessary but missing persona dimensions for a
given query. However, it is still unclear how we ob-
tain and utilize the values of predicted relevant per-
sona dimensions for downstream simulation tasks.

Building upon (Su et al., 2026), this study ex-
plores a pipeline task comprising dimension predic-
tion, persona acquisition, and simulation. Unlike
the above static construction, we model persona
construction as a coupled and adaptive process
driven by the evolving simulation state. The pro-
gressive method supplements one dimension at a
time until it acquires only the minimum sufficient
persona, bridging the prior prediction-only method
and practical individual simulation.
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3 Query-focused Individual Simulation

In this study, we investigate query-focused individ-
ual simulation, where the goal is to simulate how a
specific individual would respond to a given query
without assuming rich persona information in ad-
vance. As stated in § 2, existing persona-based
simulation approaches typically rely on a fixed set
of persona values collected beforehand. However,
different queries often depend on different persona
dimensions, suggesting that accurately simulating
diverse queries may require extensive persona in-
formation. In practice, assuming access to such a
comprehensive persona is often unrealistic, espe-
cially at the individual level. This mismatch can
lead to either unnecessary information acquisition
or insufficient persona coverage when using static
persona collections. To address this issue, we pro-
pose a formulation in which persona information
is acquired on demand, conditioned on the query.

3.1 Problem Formulation

We consider two persons involved in the simula-
tion: a user A and a target individual B, where A
asks an LLM to simulate B’s response to a query
(User Tom for A and Alex for B in Figure 1). We
assume that A is familiar with B and can provide
B’s persona information if requested, since B’s
persona is typically unavailable in public resources.
This setting arises in scenarios such as decision
support, opinion elicitation, and character-driven
content creation.

A central difficulty is that the persona dimen-
sions required for faithful simulation vary across
queries (Hu and Collier, 2024). Here, a persona di-
mension refers to an individual attribute expressed
as a verifiable question (e.g., whether he is shy) (Su
et al., 2026). In a query-focused individual simu-
lation, the goal is not to assume a complete set of
persona attributes in advance, but to identify and ac-
quire only those dimensions that are necessary for
answering a given query. Accordingly, we model
each persona dimension as an atomic attribute d,
whose value may be known or unknown. Unknown
values correspond to missing persona information.
Instead of specifying a complete persona upfront,
relevant persona dimensions can be elicited from A
on demand. Since acquiring persona information
may incur effort for A to recall and provide per-
sonas during interaction, it is desirable to minimize
the number of requested dimensions and focus only
on those that are necessary for the given query.

Ideally, persona information about B would be
provided directly by the real user A. However, to
promote the reproducibility of our experiments, we
adopt an LLM-based agent as a controlled proxy
for user A in our experiments. This choice is sup-
ported by prior findings (Yuan et al., 2024), which
show that LLMs can extract persona attributes of
fictional or narrative characters from textual con-
text. While our setting differs in granularity and the
use of contextual evidence, these results provide
methodological grounding for employing LLMs
to infer persona information from dialogue history.
The proxy agent is given the dialogue history be-
tween A and B, which serves as contextual evi-
dence of their past interactions.

Dataset For the main evaluation, we use the
PICQ-drama dataset (Su et al., 2026) derived from
TVShowGuess scripts (Sang et al., 2022), which
contains manually annotated, context-aware choice
QA pairs with relevant but missing persona dimen-
sions. In each instance, the character pair serves
as the proxy user A and the simulation target B.
As the source for the LLM proxy to acquire per-
sona values, all dialogue segments in which both
characters appear are extracted, temporally ordered,
and concatenated with scene timestamps to form a
dialogue history. For each query, only the dialogue
history preceding the query are used to acquire per-
sona values, reflecting the information available to
A at that time.

Settings Formally, the missing persona predictor
and simulator take as input a query g requiring B’s
response and a dialogue context c consisting of up
to 20 turns of interaction between A and B. For
simulation, the missing persona predictor may re-
quest additional persona information from A (an
LLM-based proxy conditioned on dialogue history
H in this study). The simulator then outputs a sim-
ulated response generated from the acquired per-
sona information, dialogue context, and query. We
make two practical assumptions: (1) Persona val-
ues about B is provided via an LLM-based proxy
for A. (2) Following prior work (Su et al., 2026),
we initialize missing persona dimension prediction
with a basic persona (gender, age, and basic rela-
tionship between participants) to avoid inefficient
warm-up on trivial attributes.

The evaluation focuses on two aspects: simula-
tion quality and persona acquisition cost. The ob-
jective is to achieve high simulation quality while
minimizing the number of persona requests. We op-
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Context
Tom: Long day, huh?
Alex: Yeah, it's been pretty busy.

Initially incomplete,

Progressive Persona Completion

Current Persona of Alex

Tom: | thought it might be nice to relax .
a bit after al?this g progressively supplemented Sleie Simulator
Heis ... Alﬁx: oh, acliparty?
. o That sounds nice.
Tom: Would you join us for the party? —> i
i — — Whether he ... ? e Whenis it?
Query
Persona Dimension ~ Request Q PRI @
Predijctor Persona User Tom
Step 1

\

’

I
 Self-Report .
Confidence 1> 90? : :
: OR Turn > 57 Yes - Simulation
I
I

\

(LLM-based Proxy)

No - Continue

Step 3

v

Figure 2: Overview of the progressive persona completion for query-focused individual simulation. The predictor
identifies the most influential missing persona dimension conditioned on the dialogue context, query, Pinown, and
Phoanned- The proxy user (LLM-based role-playing agent) answers the requested dimension, and the persona of
the target is updated progressively. A self-reported confidence monitor sufficiency and triggers early stopping;
simulation starts once confidence exceeds the threshold or the maximum turn limit is reached.

erationalize these aspects using concrete evaluation
metrics, described in detail in § 5.

3.2 Research Questions

The above formulation of query-focused persona
acquisition raises two research questions.

How to recognize the persona sufficiency?
Although Su et al. (2026) identified a fixed
number of relevant persona dimensions, such
a query-agnostic upper bound may lead to
either unnecessary information acquisition
or insufficient persona coverage for each
query. We need a method that recognizes the
sufficiency of persona for faithful simulation.

How to effectively request persona values? We
aim to reduce the number of persona requests
for efficient simulation. Two challenges arise:
the interdependencies among persona dimen-
sions and the difficulty of acquiring certain
values. We should avoid requesting values for
overlapping dimensions while considering
their varying acquisition difficulty.

These questions motivate the need for an adap-
tive, interactive, and progressive persona acquisi-
tion strategy. We will explore a practical solution
in § 4.1 to answer these questions and compare
the solution with (Su et al., 2026)’s approach that
identifies the fixed number pf missing persona di-
mensions for a given query.

4 Progressive Persona Completion

To tackle the challenges mentioned in the previ-
ous section, we frame persona acquisition as a
closed-loop, progressive process that tightly inter-
leaves persona prediction, acquisition, and stop-
ping. Rather than predicting multiple persona di-
mensions at once, we propose a method that iter-
atively identifies and acquires the most relevant
missing persona dimension, conditioned on the cur-
rent known persona, as shown in Figure 2.

At each iteration, the approach maintains the
dialogue context ¢, the query ¢, and the currently
known persona set Pinown, and the unavailable per-
sona dimensions Ppanned. Each iteration consists
of three components: (1) persona dimension pre-
diction, (2) persona acquisition from user A (or its
LLM-based proxy), and (3) stopping mechanism.

This progressive design allows each acquisi-
tion decision to condition on Pynown and Ppanneds
thereby reducing dependency errors across persona
dimensions and avoiding stalling the acquisition
process. The stopping mechanism provides a sig-
nal to determine whether sufficient persona infor-
mation has been acquired, avoiding unexpected
acquisition costs.

4.1 Persona Dimension Prediction

Our method centers on predicting only the most
relevant missing persona dimension at each itera-
tion. By progressively predicting and requesting
persona dimensions, each prediction is conditioned

33781



on verified persona information and on unavailable
persona dimensions, mitigating the dependency
and cascading error issues described in § 3.2 while
avoiding repeated prediction. Persona dimension
prediction then proceeds progressively.

Following Su et al. (2026), we adopt a two-level
representation of persona dimension to balance
structural consistency and informational flexibil-
ity, where each persona dimension has a high-level
category (e.g., personality traits, preferences, be-
liefs) and a natural-language description. We also
employ the multi-task prompting strategy proposed
in prior work to jointly encourage relevance and
interpretability in persona dimension prediction.

To improve persona acquisition rates, we aug-
ment each predicted persona dimension with two
auxiliary probes that describe observable behav-
ioral manifestations of the same underlying per-
sona dimension. These probes are generated by
conditioning on both the predicted dimension and
the currently known persona. For example, a di-
mension like whether the target is shy can include
probes such as whether they avoid initiating conver-
sations. These probes serve as concrete, behavior-
oriented cues that are easier for the proxy agent to
assess based on dialogue evidence. The prompt for
generating probes is shown in Table 7 and using
probes is shown in Table 9 in Appendix A.2.

4.2 Persona Acquisition

Once a persona dimension is predicted, its value is
acquired by querying the LLM proxy A. Using the
dataset described in § 3, we employ GPT-5-mini
as the proxy agent for persona acquisition. The
proxy is instructed to consider the target dimension
along with its auxiliary probes, and then infer the
corresponding value based on the interaction his-
tory between A and B as shown in the prompt in
Appendix A.2. After acquiring the value v(*) for
the predicted dimension p®), the known persona

is updated as Plgflj)_vil)l = Slz)wn U (p®, v®). If the
value cannot be reliably inferred, the dimension
is marked as unavailable, and the set of banned

dimensions is updated as Pé;inle)d = Pégmed Up®,

4.3 Confidence-Based Dynamic Stopping

One key issue in progressive persona completion
is determining when enough persona information
has been collected. To address this, we introduce a
dynamic stopping mechanism based on the model’s
self-reported confidence, with a fixed acquisition
budget to prevent an infinite loop. (e.g., when de-

cisive persona dimensions are unavailable) Prior
work (Tian et al., 2023) has shown that directly
eliciting confidence from language models can effi-
ciently estimate uncertainty, and chain-of-thought
prompting can reduce overconfidence by encourag-
ing more reflective reasoning (Xiong et al., 2024).
Motivated by these findings, we design a self-report
confidence prompt that asks our predictors to assess
whether the currently available persona informa-
tion is sufficient for a reliable response and whether
additional persona information is likely to substan-
tially change the response. The prompt is shown in
Appendix A.2.

We treat the reported confidence not as a cali-
brated probability, but as a relative sufficiency sig-
nal indicating whether more persona information
would likely improve simulation quality. By mon-
itoring confidence across iterations, the method
adaptively decides when to stop persona acquisi-
tion, reducing unnecessary requests and minimiz-
ing the cognitive burden on the user.

S Experiments

We evaluate our method on the query-focused indi-
vidual simulation task from § 3 in dialogue-based
settings. For each test instance, the simulator is
given a dialogue context C, a query ¢, and per-
sona information about the target individual B, to
generate a response simulating one by B. Persona
information about B initially contains only age,
gender, and basic relationship with A, and will
be incrementally supplemented during simulation.
Evaluation focuses on the quality of simulated re-
sponses and the efficiency of persona acquisition.

Models We use two strong open- and closed-
source LLMs, GPT-4.1 and Qwen3—32B,3 to im-
plement missing persona predictors and simula-
tors. Specifically, for the Qwen3-32B model, we
enable its thinking mode only when reporting self-
confidence to mitigate overconfidence. The proxy
user agent for persona acquisition is implemented
using GPT-5-mini. We employ a widely adopted
role-playing prompting (RPP) (Kong et al., 2024)
as the simulation strategy. RPP includes a self-
confirmation step, where the model acknowledges
and internalizes the given persona before generat-
ing a response. The RPP style prompt for response
simulation is provided in Appendix A.2. The in-
puts are anonymized to prevent answer leakage to
the evaluated models, following Sang et al. (2022).

*https://huggingface.co/Qwen/Qwen3-32B
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Simulators (Cehoice)

Persona Efficiency

Persona information used for simulation

GPT-4.1 Qwen3-32B #words #requests Acq. Rate
None (dialogue context only) 0.595 0.558 n/a n/a n/a
Query-agnostic Persona 0.642 0.575 533 n/a n/a
Query-focused Persona (gold) 0.640 0.600 26 3.46 64.8%
Query-focused Persona (one-shot, GPT-4.1) 0.618 0.585 34 3.85 61.3%
Query-focused Persona (one-shot, Qwen3-32B) 0.635 0.595 33 4.99 62.5%
Query-focused Persona (progressive, GPT-4.1) 0.619 0.580 27 2.98 65.7%
Query-focused Persona (progressive, Qwen3-32B) 0.640 0.597 25 2.35 65.5%
RAG 0.617 0.562 n/a n/a n/a

Table 1: Results on PICQ-drama for simulating choice-making responses based on different persona information.

Personas for simulation We evaluate the LLM
simulators with the following persona information.

No Persona: Responses generated using only the
dialogue context and query.

Query-agnostic Persona: Persona collected with-
out query relevance, with a 1000-word limit.
The prompt is shown in Appendix A.2.

Query-focused Persona (gold): Up to five per-
sona dimensions annotated by humans are ac-
quired.

Query-focused Persona (one-shot): Up to five
persona dimensions predicted and acquired
at once.

Query-focused Persona (progressive): Persona
dimensions are progressively predicted and
acquired one by one, up-to five (§ 4.1). The
process terminates early if self-reported
confidence exceeds 90 (0-100 scale) as
defined in the prompt in Appendix A.2.

RAG (Retrieval-Augmented Generation):

This baseline retrieves the top-3 dialogue
segments using Sentence-BERT (Reimers
and Gurevych, 2019) embedding similarity
with the query, and conditions the simulator
on the retrieved segments, dialogue context,
and query. Note that RAG is not universally
applicable in our task since dialogue history
may not always be available.

5.1 Maetrics

We evaluate our methods in terms of simulation
quality and persona efficiency. We report simu-
lation quality via choice consistency and persona
efficiency via average persona word count, number
of persona requests, and persona acquisition rate.

Choice Consistency (Cgjoice) measures the align-
ment between the generated and gold responses
in terms of the expressed choice. While natural
language inference (NLI) models are commonly
used for sentence-level consistency, we found them
insufficient for capturing fine-grained choice align-
ment. Therefore, we use GPT-4.1 to score consis-
tency between the gold and generated responses,
using the manually summarized choice situation
provided with the PICQ-drama dataset (Su et al.,
2026) as context. The consistency score is on a
2-point Likert scale: O (inconsistent) and 1 (consis-
tent). The prompted GPT-4.1 is reported to achieve
a Cohen’s x of 0.738 with two human annotators
(the first author and a graduate student), whose
inter-annotator agreement is x = 0.869. The evalu-
ation prompt is provided in Appendix A.2.

Average Persona Word Count (# words) indicates
the average number of words of persona informa-
tion used per simulation instance, reflecting the
writing effort required from the user.

Average Persona requests (# requests) indicates
the average number of missing relevant persona
dimensions queried to the proxy, reflecting the cog-
nitive effort required during persona acquisition.

Persona Acquisition Rate (Acq. Rate) is defined
as the proportion of predicted persona dimensions
successfully obtained.

Together, these metrics capture the trade-off be-
tween simulation fidelity and the cost of persona
acquisition, enabling a comprehensive evaluation
of efficient individual simulation.

5.2 Main Results

Table 1 presents the main results of query-focused
individual simulation on the PICQ-drama datasets
across different persona acquisition strategies and
simulator models. Incorporating persona informa-
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Persona information used for simulation Cehoice
No Persona 0.580
Query-focused Persona (one-shot, Qwen3-32B) 0.645

Query-focused Persona (progressive, Qwen3-32B) 0.650

Table 2: Human evaluation results (on PICQ-drama)
of simulating choice-making responses conditioning on
three picked settings using GPT-4.1.

tion based on LLM-identified relevant dimensions
consistently improves performance over using dia-
logue context alone. RAG improves over context-
only baselines and is comparable to GPT-4.1-based
predictor and simulator settings, but under other
configurations, it remains inferior to methods that
explicitly acquire persona information.

Our progressive persona completion achieves
comparable choice consistency to one-shot acqui-
sition while requiring fewer persona words and re-
quests. For example, with GPT-4.1 as the simulator,
our approach reaches 0.640 accuracy using only
25 words and 2.35 requests on average. Across
both GPT-4.1 and Qwen3-32B predictors, progres-
sive completion reduces redundant acquisition by
conditioning on previously verified persona infor-
mation, highlighting its efficiency over one-shot
strategies. This trend is further supported by hu-
man evaluation results (Table 2). Human-annotated
persona dimensions yield the highest performance,
but our progressive approach approaches this upper
bound with comparable persona cost, demonstrat-
ing the feasibility of automated persona comple-
tion. In contrast, query-agnostic acquisition incurs
over 500 words on average while yielding only
marginal improvements, underscoring the impor-
tance of query-focused persona collection.

Table 3 shows a representative example. Af-
ter acquiring a critical persona dimension (e.g., he
believes it’s important to maintain professional dig-
nity in public appearances), the generated response
becomes more consistent with the gold answer. Re-
fer to Table 3 for another example of simulation.

Overall, query-focused persona acquisition sub-
stantially reduces unnecessary persona collection,
and progressive completion further improves effi-
ciency while maintaining or even enhancing sim-
ulation quality. Subsequent analyses further pro-
vide the supplemental evaluation on real conversa-
tion in Japanese (§ 5.3) and examines the role of
confidence-based stopping and acquisition dynam-
ics (§ 4.3).

Context

Frasier: ...I just don’t think I can go through with it, I'm
afraid that I'm compromising my integrity as a psychiatrist.
Niles: Why do you feel like that?

Frasier: ...I need your guidance.

Frasier: Niles, will you just tell me, would you do it?

Gold Response
Niles: Oh, certainly not, I'm a respected psychiatrist.

Context-only
Niles: Of course I would do it. Look, Frasier, if you’re going
to be a psychiatrist, you need to understand people...

Query-focused Persona (progressive, Qwen3-32B)
Niles: No, Frasier, I wouldn’t do it. Not if it makes you
question your integrity...

Persona (acquired): he believes it’s important to maintain
professional dignity in public appearances

Table 3: Example of simulating choice-making re-
sponses in the PICQ-drama dataset comparing responses
using Qwen3-32B as a simulator.

5.3 Evaluation on Real Conversation in
Japanese

To evaluate the generalizability of our methods
to real-world interactions, we conduct additional
simulation experiments using the Nagoya Uni-
versity Conversation Corpus (NUCC) (Fujimura
et al., 2012), which contains spontaneous conversa-
tions between native Japanese speakers of diverse
ages and relationships, in contrast to the scripted
PICQ-drama dataset. Following Su et al. (2026),
we use GPT-4.1 to automatically extract persona-
influenced choice questions (PICQs) and corre-
sponding responses. We retain instances with more
than 200 preceding utterances to ensure sufficient
context for persona acquisition, resulting in approx-
imately 400 candidates. After manual verification
by the first and second authors, 145 high-quality
instances are used for evaluation.

We use the same baselines and implementation
settings for evaluation as on PICQ-drama, except
that human-annotated persona dimensions are un-
available. To better preserve language-specific and
cultural characteristics, we adopt Japanese prompts
for persona dimension prediction and value acqui-
sition, which yield improved performance over En-
glish prompts. To account for cross-lingual differ-
ences in length measurement, we report average
character count (# chars) instead of average word
count. Since no human-annotated choice situation
summaries are available, we use summaries gen-
erated by GPT-5.1 when evaluating choice consis-
tency as described in § 5.1.
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Simulators (Ccpnoice)

Persona Efficiency

Persona information used for simulation

GPT-4.1 Qwen3-32B  #chars #requests Acq. Rate
None (dialogue context only) 0.600 0.503 n/a n/a n/a
Query-agnostic Persona 0.644 0.533 1581 n/a n/a
Query-focused Persona (one-shot, GPT-4.1) 0.628 0.531 78 4.97 68.1%
Query-focused Persona (one-shot, Qwen3-32B) 0.628 0.527 78 5.00 68.8%
Query-focused Persona (progressive, GPT-4.1) 0.621 0.558 34 1.82 75.4%
Query-focused Persona (progressive, Qwen3-32B) 0.638 0.541 55 2.49 78.7%

Table 4: Results on NUCC for simulating choice-making responses based on different persona information.

Persona information used for simulation GPT-4.1 Qwen3-32B #words #requests Acq. Rate

Query-focused Persona (progressive, GPT-4.1) 0.619 0.580 27 2.98 65.7%
w/o confidence-based stopping 0.616 0.575 40 5.00 72.3%
w/ one random persona value removed 0.600 0.555 20 n/a n/a

Query-focused Persona (progressive, Qwen3-32B) 0.640 0.597 25 2.35 65.5%
w/o confidence-based stopping 0.630 0.591 46 5.00 73.0%
w/ one random persona value removed 0.617 0.585 17 n/a n/a

Table 5: Fix-turn vs. confidence-based stopping experiment and perturbation experiment for progressive persona
completion. Simulation performance, user writing cost, cognitive cost, and efficiency under progressive querying.

Table 4 presents the results on the NUCC. Over-
all, we observe trends consistent with those on the
PICQ-drama dataset (Table 1). In particular, incor-
porating persona information consistently improves
over the context-only baseline, and the progres-
sive approach achieves comparable or better per-
formance than one-shot acquisition with improved
efficiency. These results suggest that our frame-
work generalizes to real-world conversations and
is not limited to English or scripted settings. Com-
pared to the results on PICQ-drama, GPT-4.1 main-
tains similar performance, whereas Qwen3-32B
exhibits a noticeable drop, likely reflecting its rela-
tively weaker Japanese capability and the increased
difficulty and noise of real-world conversations.

5.4 Effectiveness and Robustness of
Confidence-Based Stopping

In this section, we evaluate the utility of confidence-
based stopping for progressive persona completion.
We focus on its ability to identify when sufficient
persona information has been acquired while avoid-
ing unnecessary persona requests.

Fixed-Turn vs. Confidence-Based Stopping Ta-
ble 5 compares our progressive persona completion
with a variant without confidence-based stopping,
where persona acquisition is forced to continue for
a fixed number of turns (five in our experiments).
Across both GPT-4.1 and Qwen3-32B, confidence-
based stopping achieves comparable or slightly bet-

ter choice consistency while using substantially
fewer persona requests and words.

For GPT-4.1, stopping maintains similar simula-
tion quality while reducing the average number of
persona requests from 5.00 to 2.98 and the average
persona word count from 40 to 27. A similar pat-
tern holds for Qwen3-32B, where stopping slightly
improves choice consistency and reduces the num-
ber of persona requests by more than half (2.35
vs. 5.00). These results indicate that continuing
acquisition beyond a certain point does not reliably
improve simulation quality. Instead, confidence-
based stopping effectively identifies the point of
diminishing returns, avoiding redundant or uninfor-
mative requests.

Sensitivity to Information Content To further
assess whether the stopping signal reflects mean-
ingful information rather than arbitrary confidence,
we conduct a perturbation experiment in which a
randomly selected acquired value of the predicted
persona dimensions is removed after completion.
As shown in Table 5, this leads to a consistent
drop in performance (e.g., 0.580 — 0.555 and 0.597
— 0.585 for Qwen3-32B as simulator). This degra-
dation indicates that the acquired persona informa-
tion is indeed contributing to simulation quality,
and that high-confidence states correspond to the
presence of performance-critical persona informa-
tion rather than incidental or redundant attributes.
Overall, these results suggest that confidence pro-

33785



(a) GPT as Predictor

—e— C1(52.3%)
C2 (31.7%)
—o— C3(16.0%)

~
S

Confidence
=y
S

0 1 2 3 4 5
Turn

(b) Qwen as Predictor

—e— C1(60.3%)
C2 (22.0%)
—o— C3(17.7%)

80

Confidence
3

0 1 2 3 4 5
Turn

Figure 3: Progressive persona acquisition dynamics. Representative confidence trajectories for GPT- and Qwen-
based predictors, showing early saturation, gradual improvement, and persistent uncertainty.

vides a practical signal for determining persona
sufficiency, enabling efficient and robust persona
acquisition across different models and settings.

5.5 Understanding Progressive Persona
Acquisition Dynamics

While § 5.4 shows that confidence-based stopping
is effective, it does not explain why such a sim-
ple signal suffices. To better understand this, we
analyze the dynamics of progressive persona ac-
quisition through confidence trajectories. For each
query, we record the model’s self-reported confi-
dence at each acquisition turn, forming a trajectory
vector. To ensure consistent dimensionality, tra-
jectories are truncated or padded to a fixed length
(with post-stopping values repeated after termina-
tion). We then apply k-means clustering to these
vectors to identify representative patterns.

Figure 3 shows the resulting clusters for GPT-
and Qwen-based approaches, which exhibit similar
structures. The dominant pattern is rapid confi-
dence saturation within one or two turns, indicat-
ing that minimal additional persona information is
sufficient. A second pattern shows gradual growth
in confidence, corresponding to cases that bene-
fit from progressive acquisition. A smaller cluster
exhibits persistently low or unstable confidence,
suggesting that the required persona dimensions
are difficult to infer from available context. These
patterns explain why confidence serves as an ef-
fective stopping signal: rapid saturation indicates
sufficiency, while low or unstable confidence dis-
courages further acquisition. They also suggest
that different query types may benefit from adap-
tive stopping strategies.

6 Conclusions

We study query-focused individual simulation in
cold-start settings, where persona information

about the target individual is limited or unavail-
able. Existing user simulation approaches often
assume access to rich persona profiles, which can
be unrealistic in such scenarios. To address this,
we formulate persona acquisition as a query-driven
process that selectively elicits only the information
necessary for each query. We explore two strategies
to request missing but relevant persona dimensions:
one-shot prediction and progressive prediction with
confidence-based dynamic stopping. Experimental
results on the PICQ-drama dataset and additional
samples we extracted from NUCC show that our
approach maintains or improves simulation quality
while reducing persona acquisition cost compared
to query-agnostic and one-shot strategies. These
results highlight the value of treating persona ac-
quisition as a dynamic, query-dependent process
and provide a practical direction for efficient and
scalable individual simulation.

Future Work Future work includes extending
the framework to more complex interaction settings
(e.g., multi-turn dialogues), improving the robust-
ness of persona inference under noisy or conflicting
inputs, and exploring more principled strategies for
balancing acquisition cost and simulation quality.
Another promising direction is to validate the ap-
proach in real-world applications where persona
information must be obtained from human users in
the loop.
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Limitations

We use an LLM-based agent as a proxy user to
provide persona information and self-reported con-
fidence. Although this design supports scalable
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experimentation, it does not account for variability
in human self-reporting behavior. Human-in-the-
loop evaluation is an important next step. Besides,
confidence-based stopping relies on self-reported
confidence, which may be imperfectly calibrated
and model-dependent. While effective in our ex-
periments, more robust uncertainty estimation or
confidence calibration methods could further im-
prove reliability. Our approach relies on predefined
persona categories and linguistic patterns, which
may limit the expressiveness of persona representa-
tions and may overlook more complex or implicit
individual traits, although this design helps main-
tain structural consistency while allowing some
linguistic variability.
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A Appendix
A.1 Example

Table 6 presents an additional example from the
PICQ-drama dataset, including gold responses,
context-only generations, and responses generated
with progressively acquired persona information
by Qwen3-32B.

A.2 Prompts

In this section, we introduce the prompts used in
the experiments. The prompt for predicting the
one-shot missing relevant persona dimensions is
from (Su et al., 2026), and Table 7 shows the
prompt for predicting the progressive relevant per-
sona dimension with auxiliary probes. The Table 9
shows the prompt for acquiring personas according
to certain dimensions, Table 8 shows the prompt
for generating a self-reported confidence score for
estimating persona sufficiency, and the Table 10
shows the prompt for query-agnostically acquiring
personas. The RPP style (Kong et al., 2024) prompt
for simulating a response of a target individual is in
Table 11. Table 12 shows the prompt for automat-
ically evaluating the choice-consistency between
the generated responses and the gold responses,
which is also referred to by human evaluators.
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Context

Rachel: Mindy.

Mindy: Hey, you.

Rachel: Hey, you.... So, what’s up?

Mindy: Um.. we should really be sitting for this.

Rachel: Sure we should... So.

Mindy: ...Okay, I'm just gonna ask you this once, and I want a straight answer.
Rachel: Okay.

Mindy: Will you be my maid of honour?

Gold Response
Rachel: Of course!

Context-only
Rachel: (quietly) ...I need to think.

Query-focused Persona (progressive, Qwen3-32B)
Rachel: (pauses, considering) Of course I will.
Persona (acquired): she believes it’s important to support close friends in major life events

Table 6: An example from PICQ-drama with responses generated by Qwen3-32B conditioning on different
information.
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Given dialogue context, question utterance, known persona of {maker}, and banned persona dimensions, your task is to:

Identify the single most critical missing persona dimension of {maker} that will influence the choice of the options provided
in the question.
1. Prioritize the missing persona dimension based on factors that:
a. Act as necessary conditions, core constraints, or essential enablers (e.g., affordability for a large purchase,
prerequisite required skills).
b. Represent strong motivations or driving forces behind the choice (e.g., key personal goals, deeply held beliefs, very
strong preferences).
c. Are critical factors when its value falls within a certain range (e.g., "spice tolerance” when choosing a Sichuan (spicy)
vs. Japanese restaurant).
2. You should first choose a category and choose one specific linguistic pattern associated with the category to describe the
missing persona dimension. The identified persona dimension must strictly follow the selected linguistic pattern.
a. personality:
(1) whether s/he is ADJ (ADJ is an adjective describing a personality trait); for example,
- whether s/he is introverted
- whether s/he is adventurous
b. beliefs (personal values, moral principles, and views on social norms):
(1) whether s/he believes it’s ADJ to VP (ADJ is an adjective to comment a behavior, VP is a verb phrase); for example,
- whether s/he believes it’s important to save money
- whether s/he believes it’s wrong to lie to others
(2) whether s/he believes propN should VP (propN is a target, VP is a verb phrase); for example,
- whether s/he believes children should have less screen time
- whether s/he believes the government should invest more in public transport
Cc. tastes:
(1) whether s/he (dis)likes VP (VP is a verb phrase); for example,
- whether s/he likes traveling
- whether s/he dislikes waking up early
(2) whether s/he (dis)likes N (N is a noun); for example,
- whether s/he likes spicy food
- whether s/he dislikes crowded places
d. relationships:
(1) whether s/he is N of propN (N is a noun representing a human relationship, propN is a name of a person); for example,
- whether s/he is a close friend of Alex
- whether s/he is the sibling of Sarah
(2) whether s/he is ADJ + P + propN (ADJ represents an adjective or a past participle used adjectivally, describes the
subject’s view, attitude, feeling, or judgment regarding the person propN, P is prepositional); for example,
- whether s/he is annoyed with Maria
whether s/he is loyal to their team
e. attributes:
(1) whether his/her ATTR is X (ATTR is a noun describing an attribute of a person (e.g., gender, occupation, age, height,
weight, income), X is a value or range); for example,
- whether his/her physical stamina is suitable for a long hike
- whether his/her disposable income is suitable for luxury purchases
f. goals (short-term or long-term goals):
(1) whether s/he aims to VP (VP is a verb phrase describing the goal); for example,
- whether s/he aims to get a promotion
- whether s/he aims to learn a new language
g. experience (write ’experience’ only if a specific past event directly influences the choice):
(1) whether s/he has V (V is a past participle phrase); for example,
- whether s/he has been to that restaurant before
- whether s/he has had a bad experience with online shopping
3. For this persona dimension, propose up to two auxiliary probes that:
- are observable behaviors that indirectly reflect the same underlying trait
- are likely to be observed given the dialogue context and known persona
- do NOT introduce any additional persona dimensions
Persona dimensions in [Banned persona dimension] must NOT be selected again.
You should think step by step as follows:
1. Summarize the choice situation
2. Review known persona and banned dimensions
3. Identify the most critical missing persona dimension and propose auxiliary probes
Output format (dictionary):
{"situation_summary”: "..."

" " " " " noon

, "dimension_category”: , "dimension_content”: , "auxiliary_probes”: ["...", "..."1}

Table 7: Prompt for identifying the most critical missing persona dimension.
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Given dialogue context, question utterance, and known persona of {maker}, your task is to:
Assess whether the current known persona is sufficient to predict {maker}’s choice with high
certainty.
You should:
1. Examine how the known persona supports or contradicts specific options of the choice
2. Determine whether acquiring additional persona dimensions would likely change the outcome
3. Assign a confidence score (0-100) reflecting persona sufficiency:
(90-100): Sufficient; additional persona is unlikely to change the choice
(70-89): Mostly sufficient, with minor uncertainty
(50-69): Weakly sufficient; additional persona may change the outcome
(<50): Insufficient; further persona information is needed
You should think step by step.
Output only the confidence score (0-100) without any explanation.
Example: 45

Table 8: Prompt for generating self-reported confidence.

You are {seeker} recalling your past conversations with {character}.
You are given:

- Conversation history between you and {character}, supporting you recall your interactions.

- One target persona dimension (e.g., "whether he is shy"”) representing a question about
{character}.

- Two auxiliary probes that describe observable behaviors that may indirectly inform this persona
dimension (e.g., "whether he tends to give short or minimal responses”).

Your task is to recall, based on the conversation history and your memory of {character}, whether
you can form a clear impression about the target persona dimension of {character}.
About auxiliary probes:

- Use the auxiliary probes only as guidance to help you reflect on relevant evidence from the
conversations.

- Do NOT treat auxiliary probes as separate persona dimensions.

- Do NOT introduce any persona traits beyond the target dimension.

For the target persona dimension:

- If your memory or the conversation history provides sufficient evidence to form a clear
impression, write the inferred value of that persona dimension in a declarative form (e.g., "he is
shy”).

- If you cannot confidently infer the persona based on that, output [Unknown].

You should think step by step as follows:

1. Keep the persona dimension and corresponding auxiliary probes in mind as guiding requests.

2. Selectively recall the parts of your memory or the conversation history that are relevant to
that dimension.

3. Infer the value of that persona dimension.

Please strictly follow the exact output format below:
<inferred persona value or [Unknown]>

Table 9: Prompt for acquiring persona value for a target dimension.

You are {seeker} recalling your past conversations with {character}.
You are given:

- Conversation history between you and {character}, supporting you recall your interactions.
Your task is to recall, based on the conversation history and your memory of {character}, and write
down a summary of {character}’s persona
The summary must be within {word limit} words

Table 10: Prompt for query-agnostically acquiring persona information.

Stage 1: Role-Setting Prompt
From now on, you are called {maker}.
Here is your persona description: {known_persona}.

Stage 2: Response Generation Prompt

Now you will be given a dialogue context in which you have participated.

You should generate a response (i.e., make a choice) to the last utterance (question).
Dialogue context:

{context}

Output: <your response>

Table 11: RPP style (Kong et al., 2024) two-stage prompting for query-focused response simulation.
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Given a summary of a choice-making situation (describing what the person needs to choose and why),
and two specific choices:
Your task is to score the consistency between the two choices on a scale from @ to 1:
0: The two choices are inconsistent.
1: The two choices are fully consistent.
Note: Focus only on the meaning and content of the two choices.
Do not consider differences in wording, phrasing, or style unless they affect the actual meaning.

Table 12: Prompt for evaluating choice consistency.
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