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Abstract

This paper presents a semi-structured interview
system composed of multiple LLM compo-
nents, in which an LLM-based interviewer con-
ducts dialogue and another LLM estimates in-
terviewee persona attributes from the dialogue
history and dynamically updated slot informa-
tion. The system prioritizes questions related
to important yet unconfirmed attributes to sup-
port efficient interviews. We evaluate persona
attribute estimation performance when inter-
viewing both human participants and LLM-
based pseudo interviewees under zero-shot and
few-shot prompting conditions. Experiments
across three domains (IT engineer, store staff,
and school teacher) with a total of 39 inter-
views show that persona attribute estimation
is more challenging for human interviewees
than for the LLM pseudo interviewees under
zero-shot prompting. However, introducing
few-shot prompting consistently improves es-
timation performance for human interviewees,
primarily by increasing recall. On the other
hand, its effect on the LLM pseudo intervie-
wees is mixed across domains. A case study
confirms that persona attribute estimation im-
proves when illustrative examples are provided.

1 Introduction

With the advancement of Large Language Models
(LLMs) (Brown et al., 2020), dialogue systems
capable of natural conversation with humans are
being increasingly utilized in scenarios such as
interviews and customer service.

This paper builds on prior work (Hasegawa
et al., 2025) that conducted semi-structured inter-
views (Fielding, 2003a,b; Wengraf, 2001) with an
LLM-based user simulator as a pseudo interviewee.
We explain semi-structured interviews in Section 3.
As discussed in Section 2, that study showed that
the proposed system can effectively carry out such
interviews with the simulator.

However, the simulator answers from predefined
persona settings and replies “I don’t know” to ques-
tions outside that scope, whereas human intervie-
wees often use vague expressions, include multiple
pieces of information in a single utterance, devi-
ate from the intended topic, and rephrase or shift
perspective rather than frankly admitting a lack
of knowledge (Section 5). These more diverse dia-
logues are not identical to unconstrained real-world
interviews, but they are closer to them than sim-
ulator dialogues and therefore provide a more in-
formative test of interview systems. The objective
of this paper is to improve the ability to accurately
estimate a subject’s persona attributes based on the
conversation history when conducting interviews
with human participants.

In this paper, we use the semi-structured inter-
view approach shown in Figure 1 and conduct in-
terviews with both human interviewees and LLM-
based pseudo interviewees.

Section 3 presents the proposed interview sys-
tem, and Section 4 describes the systems used in
this paper and how the LLMs estimate persona at-
tributes and values. In the proposed system, an
LLM responsible for estimating the interviewee’s
persona attributes infers the interviewee’s attributes
at each dialogue turn based on the dialogue history
and information recorded in slots. This function-
ality enables the system to identify important in-
formation among the information obtained through
the interview, allowing prioritized presentation of
questions related to important persona attributes,
thereby achieving more efficient interviews.

In Section 7, to verify the effectiveness of this
system for human interviewees, we evaluate the
performance of the LLM responsible for estimat-
ing persona attributes. Specifically, we evaluate
the performance in interviews with both human in-
terviewees and LLM-based pseudo interviewees,
and assess the persona attribute estimation perfor-
mance achieved by introducing few-shot prompting



with examples (Figure 2, Figure 3, Figure 5 in Sec-
tion A of Appendix). Furthermore, we conduct
case analysis on instances where results improved
with the introduction of few-shot prompting. The
contributions of this paper are as follows:

1. Based on the semi-structured interview frame-
work, we repeated the experiments previously
conducted with LLM-based pseudo intervie-
wees, this time involving both human inter-
viewees and LLM-based pseudo interviewees,
and compared the system’s persona attribute
estimation performance in both types of inter-
views.

2. We introduced zero-shot and few-shot
prompts to the LLM performing persona at-
tribute estimation and demonstrated that few-
shot prompting improves persona attribute es-
timation performance in dialogues with hu-
man interviewees.

3. We performed case analysis on instances
where persona attribute estimation output
improved with the introduction of few-shot
prompting, and demonstrated cases where
few-shot prompting functions effectively.

2 Related Work

In the field of dialogue systems, extensive research
has been conducted on interview-oriented dialogue
systems. Interview dialogue encompasses diverse
elements such as question generation, dialogue
management, and dialogue strategies, and has been
the subject of wide-ranging research (Zeng et al.,
2023; DeVault et al., 2014; Johnston et al., 2013;
Kobori et al., 2016; B et al., 2020; Nagasawa et al.,
2024; Ge et al., 2023; Inoue et al., 2020). Among
these studies, research on dialogue systems for job
interviews is notable (Su et al., 2019, 2018). In-
oue et al. (2020) developed a system in which an
android robot serves as the interviewer. This sys-
tem analyzes keywords and satisfaction levels con-
tained in user utterances and generates follow-up
questions based on four predefined topics. Schatz-
mann and Young (2009) proposed a statistical mod-
eling approach that simulates user responses for
the purpose of optimizing dialogue strategies.

In recent years, rapid advances in LLMs have
led to improvements in dialogue system perfor-
mance (Geiecke and Jaravel, 2024). In particular,
combining LLMs with slot-filling architectures has

been shown to achieve both advanced language
understanding capabilities and flexible dialogue
control (Hudeček and Dusek, 2023; Jacqmin et al.,
2022; Siddique et al., 2021; Coope et al., 2020).
Furthermore, by leveraging the high contextual
understanding capabilities of LLMs such as GPT,
question generation based on dialogue flow and
previous utterance content, as well as flexible in-
terview dialogue according to the situation, have
become possible (Sun et al., 2024; Feng et al., 2023;
Heck et al., 2023). Additionally, Wagner and Ultes
(2024) demonstrated that combining LLMs with
rule-based or slot-based dialogue management en-
ables finer control of dialogue flow. Research on
dynamic slot generation has also been conducted
in fields other than interview systems. For exam-
ple, Komada et al. (2024) proposed a method for
maintaining narrative consistency by automatically
generating slots from dialogue history in tabletop
role-playing games (TRPGs). In the medical field,
Hashimoto et al. (2025) developed a dialogue sys-
tem to support career interviews by nursing man-
agers and reported improvements in both interview
efficiency and quality. Zenimoto et al. (2025) pro-
posed a dialogue system that collects health ques-
tionnaire information from elderly people through
casual conversation, implementing topic-guided di-
alogue that acquires target information by guiding
LLMs using Chain-of-Thought prompting.

Additionally, Hasegawa et al. (2025) proposed
a dialogue control framework using LLMs that
can efficiently ask questions by accumulating infor-
mation obtained during dialogue as slots in semi-
structured interviews with multiple interviewees.
Based on these prior studies, this research focuses
on semi-structured interviews that dynamically gen-
erate and update slot sets based on interviewee ut-
terance content. While research on semi-structured
interviews has been conducted previously (Parfen-
ova, 2024; Hu et al., 2024), most rely on static or
manually designed control strategies, and the flexi-
ble generation and control of questions according
to subject utterances has not been sufficiently exam-
ined. Furthermore, the utilization of information
obtained from past interviews in new interviews
has not been adequately studied. This study eval-
uates the proposed framework not only through
simulations with LLM-based pseudo interviewees
but also through semi-structured interviews with
human participants. It further investigates the im-
pact of introducing few-shot prompting on persona
attribute estimation based on dialogue history and



Figure 1: Diagram of Structured and Semi-Structured Interviews

slot information.

3 Semi-Structured Interviewer by LLMs

In this study, we implement a semi-structured in-
terview system using LLMs based on the dialogue
control framework (Hasegawa et al., 2025). Semi-
structured interviews are an interview format in
which the interviewer can flexibly ask additional
questions according to the interviewee’s response
content. Since questions can be adapted to the
interviewee and situation, this approach has the
advantage of eliciting more diverse responses com-
pared to structured interviews based solely on pre-
determined questions. The upper half of Figure 3
shows the overall processing flow of the interview
system used in this study. The system consists of
multiple LLMs that generate questions, create new
slots, and record and update slot values from the
interviewee’s utterances.

Figure 3 illustrates the processing flow of the
proposed semi-structured interview system, includ-
ing LLM modules for question generation and slot
creation and update, and shows where each step
takes place within the interactive system. In step
1, the system generates a new slot, “Current jobs”,
and a new question is generated (step 2). Next, the
interviewee answers the question (step 3), and the
system fills the newly created slot with the answer
(step 4). Finally, the system determines whether the
saved response qualifies as a persona attribute. If it
does, the response is saved with the corresponding
slot values filled in (step 5). In other words, step

Figure 2: Diagram of Semi-Structured Interviews with
Zero-Shot Prompts

3 is the interviewee’s answering of the question,
whereas step 5 is the system’s inference, based
on that answer, of whether the interviewee pos-
sesses the corresponding persona attributes. The
system then determines whether to proceed to the
next question; if it determines that the interview
has been sufficiently conducted, the interview ends
(step 6).



Figure 3: Diagram of Semi-Structured Interviews with Few-Shot Prompts

4 Persona Attributes and Values
Estimation through Semi-Structured
Interviews

A persona represents the character or role of an in-
terviewee, referring to personal information and
background information. Information collected
through interviews is maintained as slots within
the system. Each slot consists of a slot name and
value pair. The slot name represents an abstract
topic or attribute category (e.g., current career, hob-
bies, etc.), and the value stores the interviewee’s
utterance content. At each turn of the interview, the
system generates new slots and updates the values
of existing slots based on the dialogue history.

New slot generation is performed through two
types of methods. One is a method where the LLM
generates slots for asking in-depth questions to the
interviewee. The other is a method for generat-
ing new slots from a diverse candidate set of slot

names. As one component of this system, we in-
troduce an LLM that estimates the interviewee’s
persona attributes based on dialogue history and
slots. This LLM estimates the interviewee’s per-
sona attributes at each turn from the dialogue his-
tory and currently held slots. The estimation result,
the estimated persona attributes, is labeled with
whether the question regarding that attribute has
not yet been asked or has already been asked. This
enables prioritized generation of questions related
to unasked estimated persona attributes, avoiding
duplicate questions while improving information
collection efficiency.

5 Human versus LLMs as Interviewees

There are differences in interview dialogues de-
pending on whether the interviewee is human or an
LLM (Figure 5 in Section A of Appendix).

Human interviewees typically provide diverse
responses: vague or ambiguous expressions, an-



swers that do not fully align with the question, mul-
tiple pieces of information in a single utterance,
topic deviation, or a shift in perspective rather than
answering “I don’t know.” In contrast, the LLM-
based pseudo interviewee used in this study, as
well as that of Hasegawa et al. (2025), generates
responses based on predefined persona settings, or
replies “I don’t know” when the question is outside
that scope. We give human participants the same
instruction as the LLM interviewee: when a ques-
tion is not covered by the assigned persona, they
are told not to invent an answer. However, unlike
the LLM, humans do not restrict themselves to the
fixed response “I don’t know,” and this remaining
diversity is a challenge addressed in this paper. As
shown in Table 2 in Section A of Appendix, when
the interviewee is an LLM-based pseudo intervie-
wee, a specific response other than “I don’t know”
about “leadership style” led the system to output
that attribute. When the interviewee is human, the
system did not treat the corresponding answer as
important, and the attribute was not output.

6 Few-Shot Prompt for LLM-based
Interviewer

In the proposed interview system, we apply few-
shot prompting to the LLM responsible for esti-
mating the interviewee’s persona attributes (Fig-
ure 3). Under the zero-shot condition, the persona
attribute estimation LLM’s prompt is given no ex-
amples at all, and persona attributes are estimated
based solely on the interviewee’s utterance con-
tent. In this case, since the LLM is not provided
with explicit decision criteria through examples, it
relies primarily on knowledge from its own pre-
training and the interviewee’s response content to
estimate persona attributes. As a result, estimation
may become unstable, particularly for diverse and
ambiguous utterances from human subjects.

In contrast, under the few-shot condition, a small
number of examples for persona attribute estima-
tion are provided as prompts to the persona attribute
estimation LLM. This gives the estimation LLM
explicit decision criteria for inferring persona at-
tributes. As a result, the system can more appropri-
ately estimate persona attributes from the subject’s
utterance content, and improvements in estimation
accuracy are expected. This comparison is impor-
tant for clarifying the impact of few-shot prompt-
ing on persona attribute estimation performance for
both LLM-based pseudo interviewees and human

interviewees. Specifically, we examine how few-
shot prompting affects estimation for LLM-based
pseudo interviewees, and how effectively it handles
the diverse utterances of human interviewees.

7 Evaluation

7.1 The Procedure

In this study, we used the proposed interview sys-
tem as the interviewer and set either an LLM-based
pseudo interviewee or a human subject as the in-
terviewee. For all LLMs in the system, we used
GPT-4o1 (gpt-4o-2024-11-20). Both LLM and hu-
man interviewees were provided with pre-created
persona settings in advance to ensure reproducibil-
ity. The persona settings assigned individual values
to each of 10 common persona attributes (Table 3
in Section A of Appendix). Personas were classi-
fied into three domains: “IT engineer,” “store staff,”
and “school teacher.” We prepared 10 types of per-
sonas for each domain, and the LLM-based pseudo
interviewee was designed to respond to questions
related to content described in the persona settings
based on the described content, while responding
with “I don’t know” when asked about topics not
described in the persona settings.

For dialogue control implementation, we used
LangGraph2.

First, using zero-shot prompting for the prompt
of the LLM responsible for estimating persona at-
tributes, we conducted interviews sequentially with
both human and LLM interviewees. We conducted
interviews with three LLM-based pseudo intervie-
wees for comparison purposes and 13 human in-
terviewees in each of the three domains. These 39
human participants were all different individuals;
each was assigned a distinct persona profile and
took part in only one domain, for a total of 9 LLM
interviews and 39 human interviews.

Next, using few-shot prompting for the prompt
of the LLM responsible for estimating persona at-
tributes, we conducted interviews again sequen-
tially with the same interviewees. In this case as
well, we conducted 39 interviews similarly. We in-
structed participants to provide the same responses
under the few-shot condition as they did under the
zero-shot condition. Because this paper focuses
on persona attribute estimation from the dialogue
history, rather than on changes in the interviewees

1https://openai.com/index/hello-gpt-4o/
2https://github.com/langchain-ai/langgraph

https://openai.com/index/hello-gpt-4o/
https://github.com/langchain-ai/langgraph


Table 1: Examples of Improvements in Persona Attribute Estimation Before and After Few-shot Introduc-
tion(Example 1: “School Teacher” domain)

Utterance Estimated Persona Attribute
System What subjects were you particularly good at, when you were in school?
Interviewee I was particularly good at math when I was in school. Favorite subjects in school
System Could you tell me which subjects you were particularly good at in school?
Interviewee I was particularly good at computer science courses when I was in school. Favorite subjects in school

(a) Excerpted Few-shot Prompt Examples Used in the Experiment(“IT engineer” domain)

Zero-shot Few-shot
Observed Dialogue

What was your strongest subject in school? What was your strongest subject in school?
I was good at Japanese language and literature classes when I
was in school.

I was good at Japanese language and literature classes when I
was in school.

Persona Attribute Estimation Results
Human-annotated Persona At-
tribute (Ground Truth)

LLM Persona Attribute Esti-
mation

Human-annotated Persona At-
tribute (Ground Truth)

LLM Persona Attribute Esti-
mation

Future vision
Family
Promotion or job change
Hobbies
Past Career
Favorite subjects in school

Future vision
Family
Hobbies
Career/Workplace

Future vision
Values on Education
Promotion or job change
Hobbies
Past Career
Favorite subjects in school

Future vision
Values on Education
Promotion or job change
Hobbies
Past Career
Favorite subjects in school

(b) Model Estimations and Human-annotated Ground Truth (red colored persona attribute indicates the difference in persona
attribute estimation between zero-shot and few-shot)

Figure 4: Evaluation Results of Estimating Persona Attributes (macro average of thirteen interviewees in each
domain
)

themselves, we consider the impact of interview
order on the evaluation to be small.

To avoid the examples included in few-shot
prompting being identical to the interviews being
evaluated, the examples were created from domains
different from the evaluation target domain. Specif-
ically, for experiments in the “IT engineer” and
“store staff” domains, we used few-shot examples
from the “school teacher” domain, and for experi-

ments in the “school teacher” domain, we used few-
shot examples from the “IT engineer” domain. This
enabled evaluation of few-shot performance under
settings where the evaluation target and few-shot
domains were not identical. This design also indi-
cates that the framework can be extended to a new
domain simply by adding examples, which we con-
sider far more scalable than traditional rule-based
or domain-specific dialogue systems. The few-shot



examples were created based on preliminary ex-
periments (3 people per domain) conducted before
the main experiment. From dialogue logs obtained
in the preliminary experiments, we distinguished
items appropriate as persona attributes from items
that should not be treated as attributes, and pro-
vided examples as positive and negative cases for
persona attribute estimation. The negative exam-
ples are intended to illustrate typical responses that
should not be treated as persona attributes, and
they are designed to cover representative patterns
of ambiguous, indirect, and non-attribute-based re-
sponses that frequently occur in actual interviews
(e.g., generalizations, scene descriptions, impres-
sions only, and abstract evaluations). Although
the selection of these examples is not fully system-
atized, they reflect typical patterns of frequently
occurring ambiguous responses.

To evaluate how accurately the proposed inter-
view system could estimate interviewee persona
attributes, we used recall, precision, and F-score as
evaluation metrics. In this study, human evaluators
reviewed the entire dialogue history and defined in-
ferable persona attributes of the interviewee as the
ground truth. One annotator was assigned to each
domain to create the ground-truth data. Although
this process involves subjective judgment, the inter-
view questions are designed to elicit clear answers;
therefore, we consider it straightforward to decide
whether persona attributes can be inferred from
the responses, and we regard the remaining ambi-
guity in ground-truth creation as extremely small.
The objective of this evaluation is to measure how
closely the LLM can approach such human annota-
tion. The persona attributes output by the system
after the interview conclusion were treated as esti-
mation results. Recall was calculated with the num-
ber of persona attributes defined as ground truth
as the denominator and the number of persona at-
tributes matching the system’s estimation results as
the numerator. A predicted persona attribute is not
judged by exact string matching. Because human
answers are diverse, we treat a prediction as correct
when the interview history allows the judgment that
the interviewee possesses the corresponding per-
sona attribute. Therefore, recall represents a value
indicating to what extent the system could identify
persona attributes that were inferable through the
interview. On the other hand, precision was calcu-
lated with the total number of persona attributes
estimated by the system as the denominator and the
number of persona attributes matching the ground

truth as the numerator. Therefore, precision is an
indicator showing what proportion of the persona
attributes estimated by the system were appropri-
ate. F-score was calculated as the harmonic mean
of Precision and Recall. Using these evaluation
metrics, we evaluated which persona attributes the
system could estimate and how accurately and com-
prehensively during the interview process.

Finally, based on a total of 39 interviews con-
ducted by 39 interviewees (13 per domain), each
with a distinct persona profile, 3 across three do-
mains, we constructed a distribution of statistics
under the null hypothesis to examine whether there
is a difference in the F-scores between zero-shot
and few-shot conditions. Specifically, we grouped
the 78 F-scores obtained under both conditions
into a single set, randomly reassigned them into
two groups, and calculated the mean difference be-
tween the two groups. By repeating this process
1,000 times, we estimated the distribution of the
mean difference that would be obtained if the null
hypothesis were true. We calculated the p-value by
evaluating how extreme the observed mean differ-
ence between zero-shot and few-shot was within
this estimated distribution. If the resulting p-value
fell below the significance level of 0.05, we con-
clude that it was unlikely the observed difference
arose by chance.

7.2 Evaluation Results

Figure 4 presents the evaluation results in terms
of macro average of F-score for the “IT engineer,”
“store staff,” and “school teacher” domains. Fig-
ure 4 gives the evaluation results for 13 human
interviewees in each domain, while for compari-
son purposes, it also gives the evaluation results
for three LLM-based pseudo interviewees in each
domain.

First, from the comparison of human intervie-
wees and LLM-based pseudo interviewees under
the zero-shot condition, a tendency was observed
for persona attribute estimation to become more
difficult in dialogues with human subjects. For
example, in the “IT engineer” domain, the macro
average F-score under the zero-shot condition was
0.93 for the LLM pseudo interviewee but decreased
to 0.88 for human interviewees. Similarly, in the
“store staff” domain, the LLM pseudo intervie-
wee achieved 0.92 while the human interviewee

3Details on the 39 interviewees are presented in section B
of Appendix.



achieved 0.83. These results suggest that estimat-
ing persona attributes becomes more difficult in
interviews with human subjects.

Next, for human interviewees, the few-shot con-
dition surpassed the zero-shot condition in all do-
mains. In fact, the p-value was under 0.01, indi-
cating that there is a significant difference in F-
scores between zero-shot and few-shot. The macro
average F-score consistently improved across all
domains for human interviewees, suggesting that
introducing few-shot prompting contributes to im-
proved persona attribute estimation performance
for human utterances. On the other hand, for LLM-
based pseudo interviewees, while improvement in
macro average F-score was observed with the few-
shot condition in the store staff domain, slight de-
creases in macro average F-score were confirmed
in the “IT engineer” and “school teacher” domains.

Table 1 shows a case comparing persona attribute
estimation results between zero-shot and few-shot
conditions in the “school teacher” domain. In this
case, under the few-shot condition, dialogue ex-
amples belonging to the “IT engineer” domain are
presented as prompts in advance. In these few-shot
examples, the correspondence relationship between
the interviewer’s questions and persona attributes
extracted from the corresponding utterance content
is explicitly shown. In the conversation under the
zero-shot condition, although the interviewee re-
sponds as “I was good at Japanese language and
literature classes when I was in school.”, the LLM
could not identify the persona attribute correspond-
ing to “Favorite subjects in school” (in red colored
character) from this utterance. On the other hand,
under the few-shot condition, a similar utterance
about favorite school subjects was obtained, and
in this case, it can be seen that the LLM correctly
estimated the corresponding persona attribute “Fa-
vorite subjects in school” (in red colored character).

This result suggests that the few-shot condition
enabled appropriate attribute estimation by provid-
ing the LLM in advance with decision criteria for
mapping utterances to corresponding persona at-
tributes.

Table 4 and Table 5 in Section A of Appendix
show that, in the “store staff” and “IT engineer” do-
mains, few-shot prompts enable the LLM to more
consistently associate the utterances with the ap-
propriate persona attribute which is not reliably
identified under the zero-shot condition. In Table 4
and Table 5, again, red colored persona attributes
“Workplace relationships” in Table 4 and “Basic

Personal Information” in Table 5 respectively are
among those correctly estimated only with the few-
shot condition but not with the zero-shot condition.

8 Conclusion

In this study, we implemented an LLM interviewer
based on semi-structured interviews and evalu-
ated persona attribute estimation from dialogue
history and slot information, for both LLM-based
pseudo interviewees and human interviewees, with
and without few-shot prompting. Estimation was
more difficult with human interviewees. Few-shot
prompting improved performance for humans in
all domains, mainly in recall, but had mixed effects
for LLM-based pseudo interviewees. Case analysis
confirmed that examples can improve estimation.

As future work, as discussed in section D of Ap-
pendix, in order to make the semi-structured inter-
view a more practical one, we will introduce more
structured persona design. By this, it becomes eas-
ier for the interviewer LLM to efficiently organize
the questions in the dialogue, where, out of those
10 initially set persona attributes, it is expected that
the number of unexplored ones will decrease to
almost zero.

Limitations

In this paper, interviews were conducted with 13
interviewees for each of the three domains (39 in-
terviewees in total). Moving forward, it will be nec-
essary to increase the number of interviewees and
conduct experiments on a larger scale. A potential
risk of this work is the impact on system stability
resulting from the domain change. While we are
currently conducting experiments using three do-
mains, we should conduct further experiments with
additional domains to account for a wider range of
interviewees.
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A Additional Figures and Tables

Figure 5 contrasts typical response characteristics
of human interviewees and an LLM-based pseudo
interviewee in the semi-structured interview setting.
Table 2 provides example dialogue excerpts com-
paring responses from a human interviewee and an
LLM-based pseudo interviewee. As a complement
for Figure 4 presenting F-score only but not recall
nor precision, Figure 6 presents the evaluation re-
sults in terms of macro average of recall / precision
/ F-score over 13 human interviewees in each of
“IT engineer,” “store staff,” and “school teacher” do-
mains. As shown in the figure, in all the domains,
few-shot achieved improvement over zero-shot in
F-scores, where their improvements in recall are
more dominant than those in precision in each of
the three domains. Table 3 summarizes an example
predefined persona used in the experiments, listing
persona attributes and their values for an IT engi-
neer (“Shota Suzuki”). Table 4 and Table 5 present
additional case studies from the store staff and IT
engineer domains, showing how few-shot exam-
ples help map utterances to the persona attributes
“Workplace relationships” and “Basic Personal In-
formation,” respectively.

B Details on Participants

39 human participants took part in the experiments
described in this paper (13 participants in each of
the three domains). Each participant was assigned
a distinct persona profile and did not participate

in more than one domain. All participants were
students and received no financial compensation.
Prior to the experiments, we explained the purpose
and importance of this study, and all participants
agreed to take part in the evaluation on a voluntary
basis. The following instructions were given to
the participants before the interviews. Participants
were asked (i) to respond to the system’s questions
as interviewees, (ii) to answer by role-playing the
pre-defined persona assigned to them, and (iii) not
to disclose any personal information beyond what
was specified in the persona description.

C Few-shots versus CoT Prompts

What we have given to LLMs as few-shots are far
beyond conventional few-shots but they are nearly
equivalent to CoT studied in Zenimoto et al. (2025)
both in their quantity and quality. Our few-shots
consist of cross domain dialogue history of three
interview sessions as well as all the pairs of slot
names and slot values automatically extracted by
a zero-shot LLM from the given dialogue history.
Here, each interview session corresponds to an in-
terview with an interviewee. All the pairs of slot
names and slot values extracted from the given di-
alogue history, on the other hand, are divided into
positive ones corresponding to persona attributes
of each interviewee and the remaining negative
ones not corresponding to persona attributes. (For
example, few-shots collected from the school teach-
ers domain consist of 31 persona attributes and 43
of those other than persona attributes, while those
collected from the store staff domain consist of
31 persona attributes and 44 of those other than
persona attributes.) Those plenty of few-shots are
valuable information source that represent criteria
when judging whether a pair of a slot name and
a slot value is appropriate as a persona attribute,
which can be regarded as a CoT.

D Persona Attributes Employed in
Experiments

The 10 persona attributes are manually set in ad-
vance before we start interview experiments. The
subset of those 10 persona attributes manually set
in advance and appearing in the actual dialogue are
only a part of the whole ground truth persona at-
tributes. The whole ground truth persona attributes
include the subset of those 10 and also the ad-
ditional ones that are manually selected through
careful examination of the actual dialogue history.
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Figure 5: Diagram of Semi-Structured Interviews with Human and LLM Interviewees by Zero-shot Prompts

Speaker Utterance Estimated Persona Attribute
System: As a manager of the development team, what leadership style do you value

most?
Interviewee: I value a style that is attentive to others and takes genuine delight in the growth

of team members as if it were my own.
[[Correct]]: Leadership Style

(c) Dialogue between the System and the LLM Interviewee

Speaker Utterance Estimated Persona Attribute
System: What do you particularly focus on or keep in mind when leading your team as

a leader?
Interviewee: I will maintain a level head and organize the situation so the entire team can

move forward with confidence.
[[Incorrect]]: “None”

(d) Dialogue between the System and the Human Interviewee

Table 2: The differences of responses between Human-interviewee and LLM-interviewee

(shown in Table 1, Table 4, and Table 5).

As clearly shown in those tables, regarding the
comparison between zero-shot and few-shot, we
are successful in achieving higher recall and hence
higher F-score in the task of persona estimation
through semi-structured interview. However, in or-
der to make the semi-structured interview a more
practical one, we will introduce more structured
persona design. By this, it becomes easier for the
interviewer LLM to efficiently organize the ques-
tions in the dialogue, where, out of those 10 initially
set persona attributes, it is expected that the number
of unexplored ones will decrease to almost zero.

E Topic Selection Strategy in Dialogues

In the dialogue session of the proposed method, the
following topic selection strategy is employed.

(1) First, it is randomly selected whether the
follow-up question strategy is to be selected
or not.

(2a) when the follow-up question strategy is se-
lected, a new slot that follows the current
thread of the ongoing dialogue is generated
by the slot generator LLM, and then a new
question for filling the newly generated slot is
composed by the question composer LLM.

(2b) even when the follow-up question strategy is



ID Persona Attributes (given
in advance)

Values of “Shota Suzuki” (given in advance)

1 Basic Personal Informa-
tion (Name, Age, Home-
town, Gender)

Shota Suzuki, 25 years old, Tokyo, Male

2 Personality Strong in logical thinking and highly intellectually curious. Once focused, tends to become deeply
absorbed in tasks and persistently works through problems until they are solved.

3 Past Career After graduating from a university with a major in information science, joined a current major tech
venture as a new graduate and is now in the third year. In the university laboratory, engaged in
research on image recognition technology and presented findings at academic conferences.

4 Current Career Working as a backend engineer at a company that operates one of Japan’s largest social networking
services. Mainly responsible for new API development and maintenance/operation of microservices.

5 Vision for the current ca-
reer

Wants to be involved in designing the overall architecture of large-scale services. Aims to become
a tech lead who can participate from the stage of technology selection.

6 Concerns and Dissatisfac-
tion

Because the organization is large and vertically divided, it’s difficult to see how one’s own work
contributes to the overall product. Feels stressed by the large number of coordination tasks such as
meetings and documentation, beyond writing code.

7 Thoughts on Promotion or
Career Change

Has a professional orientation toward pursuing technical expertise rather than management. In the
future, is also considering working at an early-stage startup with greater autonomy.

8 Hobbies and Personal Life Hobbies include intellectually challenging board games and weekend bouldering. Often spends
days off reading trending technical books or discussing interesting technologies with friends.

9 Family Currently living alone near the company, having moved out from the family home in Tokyo. Family
includes parents and a younger sister who is a university student.

10 Memorable Episodes In his first year at the company, a feature he developed was released, and he saw users on social
media saying things like, “This feature is really useful.” It made him realize that the code he wrote
had a real impact on people’s lives, and it gave him a strong sense of purpose and fulfillment.

Table 3: List of persona attributes for interviewees and values for the first interviewee, IT engineer “Shota Suzuki”

Figure 6: Evaluation Results of Estimating Persona Attributes (macro average of Recall / Precision / F-scores over
interviewees)

NOT selected, among the pool of topics for
shifting from current topic to another one, con-
sidering the history of topics already covered
in this dialogue so far, one remaining topic
is randomly selected. A new slot correspond-
ing to the selected topic is then generated by
the slot generator LLM, and a question for
filling that slot is composed by the question
composer LLM.



Table 4: Examples of Improvements in Persona Attribute Estimation Before and After Few-shot Introduc-
tion(Example 2: “Store Staff” domain)

Utterance Estimated Persona Attribute
System Could you share any particularly memorable experiences or thoughts you have

regarding interpersonal relationships in the educational setting?
Interviewee One of my former students, now an adult, went out of their way to come and

say hello, telling me, “You were scary, but I am who I am today because you
taught me so strictly back then.

Workplace Relationships

System How do you feel about your relationships with colleagues and supervisors in
the educational setting?

Interviewee I don’t really have any particular thoughts about my relationship with my boss. None
(a) Excerpted Few-shot Prompt Examples Used in the Experiment(“school teacher” domain)

Zero-shot Few-shot
Observed Dialogue

How do you feel about relationships in the workplace? For ex-
ample, please tell us about any memorable experiences you’ve
had with colleagues or supervisors.

How do you feel about relationships in the workplace? For ex-
ample, I’d love to hear about your relationships with colleagues
and supervisors.

We have many regular customers, and I enjoy working in this
friendly, relaxed atmosphere.

We have many regular customers, and I enjoy working in this
friendly, relaxed atmosphere.

Persona Attribute Estimation Results
Human-annotated Persona At-
tribute (Ground Truth)

LLM Persona Attribute Esti-
mation

Human-annotated Persona At-
tribute (Ground Truth)

LLM Persona Attribute Esti-
mation

Current career
Workplace relationships
Personality
Past Career
Basic Personal Information

Career/Workplace
Personality
Basic Personal Information

Current career
Workplace relationships
Personality
Past Career
Basic Personal Information

Current career
Workplace relationships
Personality
Past Career
Basic Personal Information

(b) Model Estimations and Human-annotated Ground Truth(red colored persona attribute indicates the difference in persona
attribute estimation between zero-shot and few-shot)

Table 5: Examples of Improvements in Persona Attribute Estimation Before and After Few-shot Introduc-
tion(Example 3: “IT engineer” domain)

Utterance Estimated Persona Attribute
System Could you tell me what kind of neighborhood you live in?
Interviewee I live in Kanagawa Prefecture Basic Personal Information
System Could you tell me about where you’re from and the environment you grew up

in?
Interviewee I’m from Chiba Prefecture Basic Personal Information

(a) Excerpted Few-shot Prompt Examples Used in the Experiment(“school teacher” domain)

Zero-shot Few-shot
Observed Dialogue

First, I’d like to ask you a basic question: Where do you live? Could you start by briefly introducing yourself?
I’m from Saitama Prefecture My name is Takuya Nakamura, I’m a 38-year-old man. I’m

from Saitama Prefecture.
Persona Attribute Estimation Results

Human-annotated Persona At-
tribute (Ground Truth)

LLM Persona Attribute Esti-
mation

Human-annotated Persona At-
tribute (Ground Truth)

LLM Persona Attribute Esti-
mation

Personality
Side job
Basic Personal Information
Promotion or job change
Hobbies
Family

Personality
Career/Workplace
Hobbies
Family

Personality
Decision-making process
Basic Personal Information
Promotion or job change
Hobbies
Family

Personality
Decision-making process
Basic Personal Information
Promotion or job change
Hobbies
Family

(b) Model Estimations and Human-annotated Ground Truth (red colored persona attribute indicates the difference in persona
attribute estimation between zero-shot and few-shot)
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