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Abstract

Facilitating self-disclosure without causing dis-
comfort remains a difficult task—especially for
AT systems. In real-world applications such
as career counseling, wellbeing support, and
onboarding interviews, eliciting personal in-
formation like concerns, goals, and personal-
ity traits is essential. However, asking such
questions directly often leads to discomfort and
disengagement. We address this issue with
RaPSIL (Rapport-aware Preference-guided
Self-disclosure Interview Learner), a two-stage
LLM-based system that fosters natural, engag-
ing conversations to promote self-disclosure.
In the first stage, RaPSIL selectively imitates
interviewer utterances that have been evaluated
by LLMs for both strategic effectiveness and
social sensitivity. It leverages LLMs as multi-
perspective judges in this selection process. In
the second stage, it conducts self-play simula-
tions, using the Reflexion framework to analyze
failures and expand a database with both suc-
cessful and problematic utterances. This dual
learning process allows RaPSIL to go beyond
simple imitation, improving its ability to han-
dle sensitive topics naturally by learning from
both successful and failed utterances. In a com-
prehensive evaluation with real users, RaPSIL
outperformed baselines in enjoyability, warmth,
and willingness to re-engage, while also cap-
turing self-descriptions more accurately. No-
tably, its impression scores remained stable
even during prolonged interactions, demon-
strating its ability to balance rapport building
with effective information elicitation. These re-
sults demonstrate that RaPSIL enables socially
aware Al interviewers capable of eliciting sen-
sitive personal information while maintaining
user trust and comfort—an essential capability
for real-world dialogue systems.

1 Introduction

Simulating humans accurately is an important is-
sue in the NLP and Al fields, especially for appli-
cations that aim to replicate human attitudes and

. [Recently, | finally started finding joy in my work.]

User [ What do you usually do on your days off? ]1 L) :

™ (topic shift, low engagement)

Baseline

Is that sense of joy more due to your personal
growth, or changes in your work environment? b

@& (formal, structured, distant)

That sounds wonderful. Was there something
that sparked this change—like taking on new b

responsibilities?

RaPSIL
(proposed)

# (rapport-aware, empathic, natural follow-up)

Figure 1: Example dialogue system responses: RaPSIL
offers warm, rapport-aware follow-ups encouraging self-
disclosure, unlike DPO and baseline.

behavior (Shengli, 2021; Park et al., 2024). These
applications often require deep personal informa-
tion, such as individual values and life philosophies,
which play a key role in improving personalization
and supporting self-understanding (Safdari et al.,
2023; Otsuka et al., 2023). However, collecting
such information can be challenging. Traditional
questionnaires impose a cognitive burden on those
with limited self-analytical skills (Eckstein et al.,
2021), and often yield superficial responses due
to social desirability bias (van de Mortel, 2008).
While dialogue-based methods such as interviews
can elicit more authentic self-disclosures (Leong
et al., 2024), they require skilled interviewers
and significant time investment, which limits their
scalability. This has created a need for scal-
able, socially aware systems that can promote self-
disclosure in natural dialogue.

While dialogue systems can address these scal-
ability challenges, their effective implementation
presents unique obstacles. Human interviewers nat-
urally employ strategies of beginning with super-
ficial topics and gradually transitioning to deeper
subjects after establishing rapport (Leong et al.,
2024). When systems lack this capability, users ex-
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perience discomfort, resulting in decreased engage-
ment and compromised information accuracy (Bai-
haqi et al., 2024; Kobori et al., 2016). An ideal
dialogue system must maintain positive user im-
pressions while successfully eliciting deep self-
recognition information, particularly in initial inter-
actions.

Current dialogue systems use various approaches
to elicit information: some implement strategic
patterns like interspersing casual conversation be-
tween questions or gradually progressing from
superficial to deeper topics (Kobori et al., 2016;
Leong et al., 2024), while others employ imi-
tation learning from human dialogue logs (Sun
et al., 2023; Rieser and Lemon, 2011). However,
these methods often struggle to adapt to general
information-gathering scenarios. While recent ad-
vances in LLMs have enabled prompt-based dia-
logue system design (Qiao et al., 2023), creating
systems that can flexibly adapt strategies to main-
tain user engagement while eliciting deeper per-
sonal information remains an area requiring further
exploration (Baihaqi et al., 2024; Fiksdal, 1988).

To address this challenge, we propose RaPSIL,
a preference-guided interview agent that balances
positive user impressions with effective informa-
tion elicitation through two approaches: (1) selec-
tive imitation learning from human-to-human inter-
view dialogue datasets, using an LLM to identify
and learn from only highly-rated utterances (Gu
et al., 2024), and (2) simulation-enhanced learn-
ing that generates diverse LLM-to-LLM dialogues
to acquire adaptable conversation strategies de-
spite limited real data (Ulmer et al., 2024; Wang
et al., 2024). In addition, failed utterances in the
simulations are analyzed using Reflexion (Zhang
et al., 2024), and improved versions are stored in
a database of few-shot examples. These examples
are retrieved in similar contexts to guide the model,
enabling it to learn not only from good responses
but also from failures in challenging scenarios. Fig-
ure 1 illustrates an example of the dialogue strategy
adopted by RaPSIL to promote self-disclosure.

We evaluated our approach through experiments
with 30 participants, tasking the system to elicit in-
formation across five personal categories (interests,
dislikes, work, personality traits, and life goals).
Among these, the “dislikes,” “personality traits,”
and “life goals™ categories are often sensitive in
nature and typically require some level of rapport
before users feel comfortable disclosing them. Sim-
ply asking direct questions about these topics may

lead to reduced engagement, even if information is
successfully obtained. This makes the task partic-
ularly challenging, as systems must manage both
strategic questioning and user comfort. The study
compared four models: a baseline prompt-based
model, a simple imitation learning model, a DPO-
optimized model (Rafailov et al., 2023), and RaP-
SIL. Evaluation included (1) subjective engage-
ment assessment, (2) objective information extrac-
tion accuracy using self-description reproducibility,
and (3) turn-by-turn strategic quality assessment.
The results strongly supported our hypotheses.
RaPSIL successfully elicited personal information
while maintaining engagement and establishing
rapport. It showed statistically significant im-
provements in subjective metrics (particularly re-
engagement willingness and warmth) and achieved
the highest recall and F1 scores in RAGchecker (Ru
et al., 2024) evaluations. Unlike other methods that
declined in quality over time, our approach main-
tained high dialogue quality throughout extended
interactions, demonstrating its potential for real-
world long-term user engagement applications.
The contributions of this study are as follows:

1. We propose RaPSIL, a dialogue system that
integrates selective imitation learning and
simulation-based refinement to elicit personal
information without sacrificing engagement.

2. We design an evaluation framework that
jointly measures rapport building and infor-
mation elicitation in qualitative interviews.

3. We demonstrate that our two-stage approach
achieves superior engagement and extraction
accuracy compared to existing methods.

2 Related Work

This section explores interview dialogue systems
and learning methods for socially adaptive conver-
sational agents.

2.1 Dialogue Systems for Interview Tasks

Traditional interview systems have mimicked semi-
structured techniques used in medical counseling
and job interviews, relying on pre-designed ques-
tion flows (Leong et al., 2024; Kobori et al., 2016).
A previous study demonstrated that dialogue sys-
tems can reduce social pressure compared to human
interviewers, thus facilitating self-disclosure (Lu-
cas et al., 2014). While the emergence of large
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Figure 2: Overview of RaPSIL. In Step 1, an initial model is trained on human interview dialogue data. In Step
2, dialogues generated through simulation are evaluated by an LLLM acting as a judge. High-rated utterances are
utilized as training data, while low-rated utterances are stored in an improved utterance database and referenced as

few-shot examples within the prompt.

language models (LLMs) has enabled more natural
conversations, prompt-based implementations have
exhibited limitations in capturing complex person-
ality traits and dynamically adapting to individual
users (Wang et al., 2023).

Task-oriented dialogue systems prioritize infor-
mation extraction, while more conversational ap-
proaches that incorporate rapport-building strate-
gies have been shown to enhance user engage-
ment (Baihagqi et al., 2024). However, free-form
dialogue approaches enhance naturalness but in-
troduce uncertainty in reliability of the acquired
information (Fiksdal, 1988). For example, a study
on diet tracking interviews showed that mechani-
cal questioning discourages long-term user reten-
tion (Tang et al., 2015). Prior research comparing
chat-based and question-based dialogue strategies
also found the latter more effective in structured
interviews (Kobori et al., 2016). Additionally, re-
search on relational agents has emphasized the im-
portance of designing systems for long-term rela-
tionship building rather than short-term task com-
pletion (Bickmore and Picard, 2005).

In terms of evaluation methodology, traditional
approaches have relied either on slot-filling suc-
cess rates (Qin et al., 2023) or subjective assess-
ments (Gu et al., 2024), but comprehensive tech-
niques that jointly evaluate consistency with self-
descriptions and the maintenance of user engage-
ment remain scarce. Recently, RAG-based evalua-
tion methods have shown promise for quantitatively
assessing the accuracy of information extraction in
qualitative interviews (Ru et al., 2024).

2.2 Learning Approaches for Dialogue Models

While various approaches have been proposed
for training dialogue models, each faces distinct
limitations. Imitation learning remains a foun-
dational method, but it suffers from the inclu-
sion of both effective and ineffective strategies in
training data, which can degrade dialogue qual-
ity (Sun et al., 2023; Rieser and Lemon, 2011).
Self-reinforcement learning frameworks, such as
SOTOPIA-7 (Wang et al., 2024), aim to balance
task completion with social appropriateness, but
the uneven difficulty across personal information
categories in interviews makes optimization with a
single reward function particularly challenging.

Preference optimization methods like Direct
Preference Optimization (DPO) (Rafailov et al.,
2023) and failure-based learning mechanisms such
as Reflexion (Zhang et al., 2024) have been intro-
duced to address reward design and adaptability
issues, though their effectiveness in qualitative in-
terview settings remains underexplored. Similarly,
the LLLM-as-a-judge approach has demonstrated
correlation with human evaluation in dialogue con-
texts (Gu et al., 2024), but its application to infor-
mation elicitation tasks is still under investigation.

Simulation-based learning and data augmenta-
tion are also gaining traction. Dialogic (Li et al.,
2022) leveraged LLMs to simulate dialogue scenar-
ios in a controlled fashion, producing interactions
with fluency and diversity comparable to human-
collected data.

While these works highlight important develop-
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Turn Speaker Utterance

Strategy

Oh, that’s quite long! Have you always been fond of Takarazuka?
For about the past ten years, I've gone once a year, or sometimes not at all. Tusedtobea —

Empathy / Probing

hardcore fan, attending up to six times a week in the past.

yourself?

Six times a week is impressive! By the way, have you ever considered performing on stage

Complimenting / Topic Transi-
tion

I once dreamed of being an actor and even attended a training school, but I realized thatT —

prefer being a fan to performing. I even skipped rehearsals to follow my favorite actors.

Table 1: Sample dialogue annotated with interviewer strategies.

Item Value

# Interviewers 3
# Interviewees 52
# Dialogues 52
# Utterances 4,111

# Interviewer utterances 2,219

# Interviewee utterances 1,892
# Avg. characters per utterance  28.13
# Avg. utterances per dialogue  79.06

Table 2: Statistics of the collected dialogue dataset.

ments, few studies have simultaneously addressed
both adaptive acquisition of personal information
and sustained engagement of users in qualitative
interviews. Our research fills this gap by propos-
ing a two-stage training approach that combines
selective imitation learning guided by LL.M-as-a-
judge with simulation-enhanced strategy acquisi-
tion. This method aims to learn dynamic dialogue
strategies that balance reliable information extrac-
tion with engagement over extended interactions.

3 Proposed Method

We propose RaPSIL, an LL.M-based dialogue sys-
tem for continuous interviews, using a two-stage
learning approach (Fig. 2).

1. Imitation Learning of Human Dialogue
Strategies: Acquire dialogue strategies (ex-
pressed as textual descriptions of the intent
behind each utterance) employed by human
interviewers during natural small talk using
actual interview dialogue data.

2. Simulation-Based Strategy Improvement:
Based on the initial model obtained via imi-
tation learning, perform dialogue simulations
between an interviewer LLM and a respon-
dent LLM, and construct a self-improvement
loop by employing an LLM as a judge (Gu
et al., 2024) to dynamically refine the strategy.

Before detailing our learning approach, we first de-
scribe the construction of the interview dataset used

for behavior cloning, followed by implementation
details of each learning step.

3.1 Interview Dataset Construction

To build our dialogue dataset, we conducted chat-
based interviews with three interviewers and 52
respondents. Each dialogue consists of 25 full
turns, resulting in over 4,000 utterances in total—a
relatively long format for chat-based interviews.
The goal was to elicit a wide range of personal in-
formation—from superficial details to deeper self-
disclosures—by focusing on five predefined per-
sonal characteristic categories: (1) Likes/Interests,
(2) Dislikes/Weaknesses/Concerns, (3) Social Sta-
tus/Work and Pride, (4) Personality, and (5) Life
Goals/Future Plans. These categories are com-
monly used in persona-based dialogue datasets and
digital twin research, and include deeply personal
topics that may cause discomfort if addressed with-
out sufficient rapport. Detailed examples of each
category are provided in Appendix A.

During data collection, interviewers were in-
structed to engage in natural, spontaneous chit-
chat as would be expected in first-time encoun-
ters. Rather than using direct questions, they were
guided to organically integrate queries related to
the five categories into the conversation. After each
dialogue, interviewers documented the information
they gathered for each category and annotated the
intent behind each of their utterances (e.g., probing
for further details, expressing empathy, or facilitat-
ing topic transitions). Notably, the next-utterance
intent was recorded by the interviewer themselves,
providing a rare form of fine-grained supervision.
This explicit annotation of conversational intent is
critical for our learning process, as it offers con-
crete linguistic cues that help the model learn strate-
gic dialogue behavior.

In total, we collected 52 dialogues (4,111 utter-
ances). Sample dialogues are provided in Table 1
and the statistics of the collected data are listed in
Table 2. All dialogues were conducted in Japanese
with Japanese participants.
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3.2 Selective Behavior Cloning

In the first stage, we acquire human-like dialogue
strategies through selective behavior cloning us-
ing our constructed dialogue dataset. Rather than
learning from all dialogue data indiscriminately,
we evaluate the quality of collected dialogue data
and selectively learn from high-quality dialogue
examples to achieve a balance between efficient
information collection and natural dialogue.

Specifically, each dialogue is evaluated using
GPT-40' (OpenAl, 2024) as a judge, based on
three key criteria: naturalness, appropriateness to
the interlocutor, and strategicity. Each aspect is
rated on a 10-point scale (detailed evaluation cri-
teria are provided in Appendix B), and only high-
quality dialogue examples exceeding a threshold
score (24 points out of 30, corresponding to approx-
imately the top 20%) are selected as training data,
following the threshold-setting approach proposed
in SOTOPIA-7 (Wang et al., 2024). This enables
learning focused on dialogue patterns that main-
tain human-like dialogue strategies while achieving
more efficient information collection.

During training, the model takes the dialogue his-
tory of the 20 most recent utterances as input and
simultaneously outputs both the content of the next
utterance to be generated and its conversational
intent. When the dialogue history exceeds 20 utter-
ances, older utterances are discarded in chronologi-
cal order. The specific format of the input prompts
and examples are provided in Appendix C.

We adopt Llama-3.1-Swallow-8B-Instruct-v0.12
as our base model, which has demonstrated high
performance in Japanese dialogue tasks (Fujii et al.,
2024). We perform supervised fine-tuning (SFT)
with a batch size of 2, gradient accumulation steps
of 8, and a learning rate of 2e-6 (linear schedul-
ing). The selected high-quality dataset is split into
training and validation sets with a ratio of 8:2, and
early stopping is implemented based on the valida-
tion loss. These values were chosen based on GPU
memory constraints and preliminary tuning on the
validation set, aiming for stable convergence. Un-
like prior behavior cloning methods that use only
dialogue-response pairs, our model is trained to
generate both the response and its associated strate-
gic intent, leveraging high-quality intent annota-
tions for more strategy-aware generation.

"https://platform.openai.com/docs/models/
gpt-4o0

2https://huggingface.co/tokyotech—llm/Llama—3.
1-Swallow-8B-Instruct-ve.1

For the subsequent simulation step, we train a
respondent LLM using the same selective dataset,
with the five categories of personal information
included in the prompt. This phase establishes
both interviewer and respondent models that reflect
efficient and natural dialogue patterns.

3.3 Simulation-Based Strategy Improvement

In the second stage, we further refine the initial
model obtained through selective imitation learn-
ing by implementing strategy improvement through
dialogue simulation. Specifically, dialogue simula-
tions are conducted between an interviewer LLM
and a respondent LLM, generating 30 dialogues,
consisting of 40-50 utterances each. The respon-
dent LLM, which uses a model pre-fine-tuned via
SFT, is provided with randomly generated personal
characteristic information for the five categories.
These persona descriptions are generated using the
base Llama model to ensure diverse simulation sce-
narios. Similar to the first stage, each simulated
dialogue is evaluated by GPT-40 using the same
evaluation criteria, but with a focus on improving
adaptability to more diverse dialogue situations.
Simulation allows us to generate diverse dialogue
scenarios beyond the limited coverage of human-
collected data, which is especially important for
learning adaptive strategies across sensitive topics.

Based on evaluation results, the following two
improvement processes are carried out in parallel:

1. Reconstruction of Training Data and Re-
fine-tuning: We reused the previously de-
fined threshold (24/30) to select high-quality
simulated dialogues. These high-scoring dia-
logues are selected as new training data and
split into training and validation sets at an 8:2
ratio. To ensure the model remains aligned
with human-like dialogue, the validation data
includes, in addition to the collected dialogue
data, an equal portion of dialogues from an
existing human-to-human dataset. During re-
fine-tuning, the previous model is used as the
initial value, with model selection based on
the validation loss and early stopping.

2. Construction and Utilization of Few-shot
Example Database: For dialogues with low
evaluation scores, we apply a Reflexion ap-
proach, where GPT-40 analyzes issues and
simultaneously generates improvement exam-
ples along with the LL.M-as-a-judge scores.
Each example, consisting of an utterance and
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Figure 3: Comparison of impression evaluations for each method. Q1: Responses are Meaningful, Q2: Fun, Q3:
Naturalness, Q4: Warmth, Q5: Want to Talk Again, Q6: Liveliness, and Q7: Simplicity. Error bars indicate the
standard error, and asterisks denote significant differences after FDR correction (p < 0.05).

its corresponding intent, is embedded using
Sentence-BERT?. During both training and
inference, the dialogue history is similarly em-
bedded, and the top two most similar exam-
ples based on cosine similarity are retrieved
from the database and included in the prompt
as few-shot examples.

Through this self-reinforcement loop, the model
is able to learn from both successful and failure
cases, acquiring a dynamic and optimal dialogue
strategy that moves beyond the fixed behavior
cloning model. RaPSIL enables continuous rap-
port building and effective information extraction
by combining behavior cloning with simulation-
based refinement.

4 Evaluations and Results

In this section, we evaluate the effectiveness of
RaPSIL across three dimensions: user impressions,
information extraction accuracy, and dialogue qual-
ity over time.

4.1 Experimental Setup

This experiment aimed to evaluate whether RaP-
SIL can elicit deeper personal information without
reducing user engagement, compared to other meth-
ods. To validate the effectiveness of our approach,
we conducted evaluation experiments with 30 par-
ticipants who engaged in actual conversations with
our dialogue systems. We evaluated four types of
models. First, the baseline model only provides
interview instructions as prompts to Llama-3.1-
Swallow-8B-Instruct-v0.1. Second, the Behavior

3https://huggingface.co/sonoisa/
sentence-bert-base-ja-mean-tokens-v2

Cloning (BC) model was fine-tuned using the en-
tire collected human dialogue dataset, with training
parameters identical to those described in Section
3.2. Third, a DPO model was implemented, which
was trained using GPT-40 Reflexion-improved ut-
terances as preferred examples and original Llama
outputs as rejected examples. Finally, RaPSIL, our
proposed method underwent five iterations of the
learning process described in Section 3.

The DPO model utilized a beta value of 0.1
and was trained with a learning rate of 5e-7 us-
ing a cosine scheduler. These hyperparameters
were selected through minimal empirical tuning
and were found to yield stable performance across
five simulation-based iterations. Similar to RaPSIL,
the DPO approach first trained on human dialogue
data before proceeding through five iterations of
simulation-based improvement, with each iteration
using the previous model as initialization. For the
experiment, each participant engaged in a dialogue
consisting of 50 utterances (25 turns) with each of
the four models. Participants were asked to pro-
vide self-description texts at least one day before
the dialogue, covering five personal characteristic
categories (likes, dislikes, work, personality, and
goals). These self-descriptions served as ground
truth for evaluating information extraction capabil-
ities. Sample dialogues generated by each model
are provided in Appendix D.

4.2 Subjective Evaluation

In the subjective impression evaluation, partici-
pants were asked to rate each dialogue system
on a 5-point Likert scale across seven dimen-
sions—responses are meaningful, fun, natural-
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ness, warmth, willingness to talk again, liveliness,
and conciseness—based on dimensions adapted
from prior dialogue evaluation study (Kobori et al.,
2016). Consistent with the statistical analysis ap-
proach in previous studies, non-parametric meth-
ods were employed. First, we conducted a Fried-
man test to examine significant differences among
the four models (with a significance level of p <
0.05), followed by post-hoc comparisons using the
Wilcoxon signed-rank test with FDR correction us-
ing the Benjamini-Hochberg procedure (Benjamini
and Hochberg, 1995).

As shown in Figure 3, RaPSIL achieved the high-
est scores in six out of the seven dimensions, with
only “simplicity” showing no significant difference
across models. The BC model received the highest
score for conciseness (4.27), likely reflecting its
imitation of concise human speaking styles. How-
ever, this led to monotonous agreement or short
replies, which negatively affected other dimensions
such as “liveliness” (1.73) and “want to talk again”
(1.90). The DPO model followed the baseline in
overall performance. Although it slightly reflected
user input and utilized more formal language due to
GPT-4o-refined chosen examples, its dialogue be-
havior often resembled the baseline, with repeated
questions and limited personalization. This may ex-
plain why it received similar scores to the baseline
across most dimensions.

RaPSIL demonstrated statistically significant su-
periority over other models in multiple dimensions.
It outperformed all others in “fun” (3.87) and “want
to talk again” (3.50), and showed significant im-
provements over the BC model in “responses are
meaningful” (4.00), “naturalness” (3.70), “warmth”
(3.57), and “liveliness” (3.53). These results in-
dicate that RaPSIL effectively addresses the chal-
lenge of maintaining user engagement while elicit-
ing personal information. In particular, significant
improvements in warmth, fun, and willingness to
talk again highlight the system’s potential for sus-
tained long-term interaction in practical use cases.

4.3 Information Extraction

To objectively evaluate the information extrac-
tion capabilities of each model, we employed
RAGChecker (Ru et al., 2024), using GPT-4o-
mini* as the underlying LLM. This tool measures
precision, recall, and F1 score by comparing in-
formation extracted from dialogues against partic-

4https://platform.openai.com/docs/models/
gpt-4o0-mini

Model Recall Precision F1

Baseline 26.524+17.00 16.8547.84 18.954937
BC 16.67+1721 1993+1461 162311572
DPO 24.89416.26 15.34 1862 17.98 41051
RaPSIL 29.25 13.40 21.49.657 23.29 357

Table 3: Comparison of recall, precision, and F1 scores
on the information extraction task (mean =+ std).

ipants’ self-description texts as reference. We ex-
tracted claims from each dialogue and checked
them against the participants’ self-descriptions
across the five personal characteristic categories.
Table 3 presents the evaluation results.

RaPSIL achieved the highest Recall (29.25%),
Precision (21.49%), and F1 score (23.29%) among
all models, indicating superior information extrac-
tion capability. Interestingly, while the baseline
model showed the second-highest Recall value
(26.52%), its relatively lower Precision (16.85%)
suggests that it gathers a wide range of information
but with less accuracy. The BC model, in contrast,
demonstrated higher Precision (19.93%) but the
lowest Recall (16.67%), indicating it extracts more
accurate but less comprehensive information. The
DPO model showed performance comparable to
the baseline across all metrics, suggesting moderate
information breadth and precision.

These objective evaluation results align with
and complement the subjective impression find-
ings. The RaPSIL method not only creates more
engaging and natural conversations (as shown in
subjective evaluations) but also extracts more com-
prehensive and accurate information. This demon-
strates that our approach effectively balances the
dual objectives of maintaining user engagement
and gathering valuable personal information, ad-
dressing the key challenge in interview-based in-
formation collection systems.

4.4 Dialogue Quality Over Time

To understand how dialogue quality evolves over
the course of an interaction, we conducted a tem-
poral evaluation in which participants rated each
system utterance on a 10-point scale across three
dimensions: appropriateness to the interlocutor,
naturalness, and strategic value. These evaluation
criteria were aligned with those used in the LLM-
as-a-judge process during training in RaPSIL.

As shown in Figure 4, RaPSIL consistently main-
tained higher scores throughout dialogue, with a
more gradual decline in quality compared to other
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Figure 4: Turn-by-turn evaluation of dialogue quality
across three dimensions: (a) appropriateness to the in-
terlocutor, (b) naturalness, and (c) strategic value.

models. The BC model exhibited the most pro-
nounced degradation over time, while the baseline
and DPO models showed moderate and similar de-
creases. Strategic value remained at a comparable
level across all models except BC, which lagged
behind in later turns. These results highlight a crit-
ical advantage of RaPSIL: the ability to sustain
dialogue quality over extended interactions—a par-
ticularly important feature for interview scenarios
that require maintaining engagement while elicit-
ing comprehensive information.

5 Discussion

To further analyze the types of information elicited
by each system, we categorized the claims ex-
tracted by RAGChecker using GPT-40-mini into
five semantic categories. The aggregated results are
shown in Table 4. Notably, RaPSIL produced the
highest number of claims in the “Other” category,
which includes casual or off-topic statements that
are not directly related to the main interview objec-
tive. This indicates that RaPSIL frequently initiates

Model Interests Dislikes Work Traits Goals Other
Baseline 12.80 3.10 350 4.73 320 1.83
BC 9.43 233 133 120 0.60 1.20
DPO 11.77 270 290 533 5.60 1.30
RaPSIL 9.70 1.57 430 3.17 4.07 313

Table 4: Average number of claims per user across
categories. RaPSIL elicited more claims in the Other
category, which includes casual or off-topic utterances.

small talk or tangential conversations—an inter-
action pattern known to promote rapport and en-
gagement in dialogue systems (Kobori et al., 2016).
Representative examples of extracted claims for
each category are shown in Appendix E

A potential concern with such off-topic ex-
changes is the risk of reduced strategic quality.
However, Figure 4c shows that RaPSIL maintained
high strategy scores throughout the dialogue, com-
parable to or better than other methods. This sug-
gests that RaPSIL engages in off-topic conversa-
tion not arbitrarily, but as a deliberate strategy to
enhance engagement while preserving information
elicitation goals. In short, RaPSIL demonstrates the
ability to integrate small talk in a context-aware and
goal-sensitive manner, contributing to both user en-
gagement and effective information gathering.

6 Conclusion

This study demonstrated a method for building di-
alogue systems that can naturally elicit deep per-
sonal information—such as concerns, personality,
and life goals—without reducing user engagement.
By combining imitation learning with simulation-
enhanced refinement, our approach enables the
model to acquire conversational techniques like
casual chatting and empathetic phrasing, which
contribute to both user comfort and strategic infor-
mation gathering.

Experimental results confirmed that our sys-
tem successfully extracted accurate, self-consistent
information aligned with users’ self-descriptions
while maintaining high engagement scores. These
findings highlight the potential of our approach for
improving the personalization accuracy of dialogue
systems by fostering user self-disclosure through
enjoyable and natural conversations. In particular,
it shows strong potential as a foundational technol-
ogy for practical systems such as interview agents
and personalized assistants that require sustained
user engagement to build a deeper understanding
of individuals.
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7 Limitations

While RaPSIL demonstrated promising perfor-
mance in eliciting personal information without
compromising user engagement, several directions
remain for future improvement and extension.

First, our current evaluation focuses on repro-
ducing information aligned with five predefined
categories from user self-description texts. While
this approach enables quantitative comparison, it
does not fully capture the potential of interview sys-
tems to uncover deeper or previously unarticulated
insights. Moreover, as our study integrates multiple
components—selective imitation, reflexion-based
few-shot prompting, and intent annotations—we
did not conduct component-wise ablation analysis.
This is partly due to the scale of human evaluation
and the difficulty of isolating individual effects in
a statistically robust manner. Future work should
develop new evaluation metrics that assess not only
fidelity to self-reported content but also the depth,
novelty, and specific contribution of each compo-
nent in promoting effective dialogue.

Second, our system was implemented and tested
in Japanese, due to practical considerations such
as participant recruitment and ensuring natural
communication. However, the framework itself
is language-agnostic and can be adapted to English
or other languages. Future studies should exam-
ine how cultural and linguistic differences affect
rapport-building strategies and disclosure patterns.

Third, while our method already utilizes a rel-
atively lightweight model (8B) suitable for many
real-time applications, response latency remains a
critical factor in user experience. Optimizing for
faster response generation—through model distil-
lation, caching strategies, or reinforcement learn-
ing approaches like GRPO (DeepSeek-Al et al.,
2025)—will further improve the practicality of de-
ployment in live systems.

Finally, our dialogue setting is currently limited
to single-turn, text-based interactions. A natural ex-
tension would be to incorporate multimodal signals
such as gaze and facial expressions, which play a
key role in trust and engagement. Furthermore, ex-
panding to multi-agent scenarios—where multiple
interviewer agents coordinate—may unlock more
dynamic and context-sensitive dialogue strategies.

Taken together, these directions aim to build on
the strengths of RaPSIL and move toward more
adaptive, efficient, and socially intelligent dialogue
agents for personalized interaction.

8 Ethical Considerations

All dialogue data used in this study were collected
with written informed consent, after clearly ex-
plaining the research purpose, data to be collected,
and scope of use. Participation was entirely vol-
untary, and participants were informed that they
could withdraw at any time.

All collected data were fully anonymized and
contained no personally identifiable information
(PII). The self-description texts and dialogue logs
were used strictly for research purposes, with no
third-party distribution or commercial use involved.

Even in future work involving more long-term
or personally sensitive interactions, we recognize
the importance of maintaining user privacy through
appropriate data management and transparency.
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A Personal Characteristic Categories

Personal characteristic categories were uniquely
selected by referencing existing persona dialogue
datasets and digital twin research on personal infor-
mation. Table 5 shows detailed examples for each
of the five categories used in our study.

These five categories were also used in the sim-
ulation phase to construct respondent personas.
Specifically, we instructed the base Llama model to
generate an original set of five personal character-
istics in natural Japanese, using few-shot examples
randomly sampled from the dialogue dataset col-
lected in this study. This helped guide the model
to produce diverse yet realistic personas. Outputs
were manually checked to filter out implausible or
inconsistent responses.

B Dialogue Evaluation Criteria

For dialogue quality evaluation, we used a struc-
tured scoring system with three main dimensions,
as shown in Table 6. These criteria were uti-
lized by GPT-40 in the role of a judge to evaluate
both human dialogues during the selective behavior
cloning phase and simulated dialogues during the
strategy improvement phase.

C Prompt Details

In this work, we adopt a structured prompt for-
mat for both training and inference. The prompt
directs the system—acting as an experienced inter-
viewer—to gather information on five topics: (i)
Likes/Interests, (ii) Dislikes/Weaknesses/Concerns,
(iii) Social Status/Work and Pride, (iv) Personality
Traits, and (v) Life Goals/Future Plans.
Table 7 summarizes these prompts:

1. System Message: Defines the interviewer’s
role and objectives, emphasizing that the sys-
tem must consistently remain in character.

Category Example

Interests Enjoys reading on Japanese history,

and Prefer- | traveling, and listening to music.

ences These interests have long remained
consistent and can be enjoyed alone.

Dislikes Feels that a lack of stamina prevents

and Con- | the accomplishment of desired tasks

cerns and leads to often falling short com-
pared to others. Although there is a
desire to take on more work, being
too tired to care for family renders it
meaningless.

Work, Feels a certain level of satisfaction

Status, and | with the work as a registered dietitian,

Pride and would like to engage in work that
is truly well-suited if the income were
more stable.

Personality | Tends to be anxious and sensitive; al-

Traits though there are goals, the slow pace
of achievement may be partly due to
a lack of stamina.

Life Goals | Aspires to work in English and hopes

and Future | to increase opportunities to interact

Plans with foreigners by becoming profi-
cient in the language.

Table 5: Representative examples for each personal
characteristic category.

2. Reference Examples: Provides sample inter-
viewer utterances with associated reasoning
(Intent), selected based on Sentence-BERT
embedding similarity, when available.

3. Current Dialogue Context: Presents a his-
tory of recent dialogue with speaker attribu-
tion, enabling context-aware questioning.

4. Expected Output Format: Specifies the out-
put should include the next interviewer utter-
ance along with an explanation of its rationale.
In our setup, the intent is generated after the ut-
terance as a post-hoc explanation, rather than
a prior plan; this reflects the conversational
nature of intent as an interpretive label, not a
control signal.

This concise design clarifies the interviewer’s
role, maintains natural dialogue flow, and facili-
tates systematic information collection. For RaP-
SIL, reference examples include both original and
Reflexion-improved utterances, chosen by seman-
tic similarity to ensure fair and consistent compar-
isons across modeling approaches.
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Aspect Scoring Guidelines

Naturalness Human-like flow of dialogue
- Natural topic transitions

- Emotional and colloquial expres-
sions

- Avoidance of mechanical or tem-
plated responses

Adaptation to interlocutor

- Stylistic alignment with the inter-
locutor

- Psychological and emotional con-
sideration

- Responses reflecting interlocutor’s
interests

Appropriateness

Strategicity Dialogue planning and elicitation

- Elicitation of missing information
- Using prior utterances in question
design

- Turn-aware dialogue development

Table 6: Evaluation criteria for dialogue strategies. Each
aspect is scored on a 10-point scale.

D Dialogue Examples

Table 8 presents characteristic dialogue patterns
observed for each method. Clear differences were
found in how each model developed topics and
elicited information during conversations.

The baseline model asked about the types of
leisure facilities the respondent liked but only en-
gaged in surface-level confirmations without devel-
oping the topic further. It remained at the level of
simple question-and-answer exchanges, showing
little ability to expand the dialogue.

The BC model reacted to the user’s mention of
children by providing basic responses but failed
to further deepen the conversation. Although it
demonstrated some degree of acknowledgment, it
did not successfully build on the information to
drive the dialogue forward.

The DPO model focused intensively on a specific
topic by asking detailed questions about the user’s
travel planning and then further exploring aspects
of the trip the user was looking forward to. How-
ever, its tendency to continuously fire successive
questions sometimes created a sense of pressure,
potentially overwhelming the respondent.

RaPSIL smoothly expanded the conversation
from a topic about a skiing trip, naturally shifting to
snowboarding, and then to vivid descriptions of the
children’s free and playful skiing. By flexibly build-
ing on the user’s responses, RaPSIL succeeded in
eliciting rich personal episodes and maintaining
high engagement throughout the dialogue.

E Representative Claim Examples

Table 9 presents randomly sampled examples of
knowledge claims extracted during user interac-
tions with each system. The categorization was
automatically conducted using GPT-40-mini. Each
example reflects actual information elicited from
users, illustrating the types of knowledge captured
across different categories.

Notably, the "Other" category includes casual
or off-topic knowledge, indicative of spontaneous
conversational dynamics. Since RaPSIL generated
more claims in the "Other" category compared to
the other systems (see Table 4), this suggests that
RaPSIL naturally facilitated more casual and ex-
ploratory conversations during interactions.
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[System Message]
You are an experienced interviewer. Your role is to extract information about the following 5 topics through natural
conversation:

+ Likes/Interests

- Dislikes/Weaknesses/Concerns
+ Social Status/Work and Pride
+ Personality Traits

+ Life Goals/Future Plans

Key interviewer guidelines:

1. Always maintain the interviewer role, and never respond as an interviewee.
2. Carefully track dialogue history to avoid repetitive questions.

3. Guide topic transitions naturally through appropriate questions.

4. Ensure questions are contextually relevant to previous responses.

5. Balance active listening with information gathering.

6. Conclude with gratitude once sufficient information is collected.

[Reference Examples] (If available)

(This section may contain N few-shot examples. N can be 0 or more.)
Example N:

Utterance: [Interviewer’s question]

Intent: [Strategic reasoning]

[Current Dialogue Context]
Speaker: [Interviewer/Respondent]
Content: [utterance]

(Shows recent dialogue history)

[Expected Output Format]
Utterance: [Next appropriate interviewer response]
Intent: [Explanation of question choice and information target]

Table 7: Overview of the prompt format utilized in this work.
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Model Speaker Utterance
Baseline User I like visiting leisure facilities.

System  What kind of facilities do you enjoy, such as amusement parks or theme parks?

User Disneyland and DisneySea.

System  You enjoy both parks, not just one, that’s wonderful. If you have a favorite attraction or show,
could you tell me?

User I like all attractions.

System  Then, could you tell me more about how you usually enjoy Disney? For example, do you
prefer meeting characters, watching shows and parades, or something else?

(Characteristic: Surface-level confirmation without topic development)

BC User Yes, I'm looking forward to it. My child really wanted to go, so I'm working hard on
planning.

System  Oh, you have children.

User Yes, two children.

System  That must be tough.

(Characteristic: Simple back-and-forth, does not deepen the topic)

DPO User We reserved accommodations and transportation, and also booked some activities. I also
researched recommended local restaurants because I wanted to enjoy good local food.

System  How did you go about planning this USJ trip? Did you plan it with someone, or based on
your own research? I’d love to hear the specifics.

User I’'m going with my daughter, so I asked her what she wanted to do at USJ. I made the detailed
plans myself. I checked hotel reviews on Google Maps and chose a hotel close to USJ that
was affordable.

System  What are you most looking forward to during this trip?

(Characteristic: Aggressive deep-diving into a single topic, continuous questioning flow)

RaPSIL  User I went skiing in Niigata Prefecture. Although the weather was cloudy, the slopes were just
right for my level, and I had a great time skiing.

System Do you like skiing?

User Yes, although nowadays [ snowboard. When I was a child, I used to ski.

System  Isee! So your children also enjoy skiing with you?

User Yes, they do. When we go skiing, they just keep skiing non-stop. They love jumping over

bumps and skiing through little forest paths, enjoying it freely.

(Characteristic: Natural flow leading to rich personal episodes with high engagement)

Table 8: Comparison of characteristic dialogue patterns across models.
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Category Example Claims

Interests and Preferences (User, enjoys, hot springs and theme parks)
(User, enjoys, 3D modeling)
(User, likes, sirloin beef)
(User, enjoys, traveling abroad)
(User, likes, dynamic dance moves)

Dislikes and Concerns (User, struggles with, workload and time)
(User, feels frustrated, with strict compliance in society)
(User, experienced, significant losses)
(User, avoids, sharing existing character illustrations due to potential issues)
(User, believes, moderate rest is necessary)

Work, Status, and Pride (User, finds fulfillment, in contributing opinions to product development)
(User, researches, support needed for children with developmental disabilities in regular
classes)
(User, considers communication, important)
(User, is currently, working on the satisfactory completion of ongoing work)
(User, manages, internship operations)

Personality Traits (User, believes, relaxation comes after completing tasks)
(User, feels happy when, thanked by others)
(User, feels growth when, overcoming difficult tasks)
(User, tries to maintain, a peaceful atmosphere at work)
(User, describes self as, easy-going)

Life Goals and Future Plans  (User, wants to contribute to, decarbonized society)
(User, plans to visit, Egypt)
(User, aims to achieve, career advancement in about 10 years)
(User, wants to focus on, design after solving current issues)
(User, dreams of living, in a tropical country)

Other (User, observed, cactus growing suddenly when exposed to direct sunlight)
(User, exchanged alcohol using, a Lawson trial coupon service)
(User, was shocked by, witnessing a murder trial)
(User, felt like, being in an aquarium while scuba diving)
(User, found warm peach dessert, having prominent aroma and sweetness)

Table 9: Representative examples of extracted claims for each category. Each entry shows (subject, relation, object).
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