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Abstract

We introduce InterviewArena, an interview-
style multi-agent framework for evaluating
large language models (LLMs) under incom-
plete information. By treating missing informa-
tion as a single factor, we disentangle missing-
information identification from dialogue-based
reasoning. Experimental results show that
while LLMs can capture relative differences be-
tween participants, predicting specific missing
information remains unstable, highlighting the
need to evaluate these capabilities separately.

1 Introduction

As large language models (LLMs) acquire stronger
reasoning capabilities, they are increasingly ap-
plied to tasks that require complex social reason-
ing, such as multi-agent collaboration or role infer-
ence through dialogue in settings like the Werewolf
game. These tasks demand reasoning abilities sim-
ilar to those used by humans in interactive environ-
ments. In particular, recent studies have proposed
evaluation frameworks that simulate human behav-
ioral norms, social interactions, and cognitive pro-
cesses using LLMs (Hou et al., 2025; Sakai et al.,
2025; Jiang et al., 2024; Zhao et al., 2025). In addi-
tion, game-style environments centered on dialogue
and deduction, such as the Werewolf game, have
been utilized to measure the reasoning capabilities
of LLMs (Lai et al., 2023; Chalamalasetti et al.,
2023; Costarelli et al., 2024; Song et al., 2025).

In particular, the Werewolf game is a hidden-
role, incomplete-information game in which play-
ers must identify the werewolf disguised among
villagers through dialogue and reasoning. In LLM
evaluation, this setting has been adopted as a multi-
agent benchmark where multiple LLMs interact
through dialogue. By observing these interactions,
the reasoning abilities and strategic behaviors of
different models can be compared (Sato et al., 2024;
Mukobi et al., 2023; Bailis et al., 2024). These

Figure 1: Our evaluation framework, InterviewArena,
treats missing information as a single factor and identi-
fies the least informative agent through iterative ques-
tioning based on responses and dialogue history.

frameworks use game-based interactions to evalu-
ate multiple aspects of LLM behavior, including
reasoning, cooperation, and communication.

In real-world scenarios, we often judge which
participants possess more reliable information and
infer missing information accordingly. For exam-
ple, in police interviews, investigators must deter-
mine who has the most reliable knowledge while
sequentially identifying individuals who may be
providing misleading or false statements. Simi-
larly, in human resource decision-making, organi-
zations seek not only capable candidates but also
individuals who fit organizational culture, requiring
multi-faceted questioning to assess credibility and
trustworthiness. These examples highlight that rea-
soning under incomplete information is frequently
required in real-world decision-making, making it
a suitable paradigm for evaluating more human-
like reasoning capabilities in LLMs (Li et al., 2024;
Xu et al., 2025; Liu et al., 2024). In such situations,
it is necessary to infer who is the most knowledge-
able and trustworthy participant based on dialogue
histories. To deploy LLMs in more realistic envi-
ronments, it is therefore important to evaluate their
ability to discriminate among participants through
simulation-based settings in the wild.



Figure 2: Overview of InterviewArena. In STEP 1, we yield synthetic company profile items, and interviewee agents
are constructed by randomly omitting a subset of these items. To control for factors other than missing information,
all agents are instantiated using the same LLM. Next, the target LLM is assigned as the interviewer, and STEP 2
and STEP 3 are iteratively performed to identify agents with missing information, thereby simulating an interactive
interview process. This setup is designed to reflect a real-world scenario, specifically the Japanese new graduate
hiring process, in which companies conduct multi-round interviews to assess candidates. The framework is inspired
by the practical objective of recruiting applicants who demonstrate a strong interest in and understanding of the
company, focusing on identifying less informative participants. When the LLM decides to terminate the interaction,
the process proceeds to STEP 4, where identifying the most suspicious agent(s) based on the accumulated dialogue.

In this study, we propose InterviewArena, an
evaluation framework inspired by real-world inter-
view scenarios, as shown in Figure 1. In our frame-
work, the target LLM is assigned the role of the in-
terviewer and is required to estimate the level of in-
terest in the company of candidate LLMs, enabling
a quantitative evaluation of reasoning under incom-
plete information. Specifically, we construct syn-
thetic company profiles with multiple attributes and
interpret the degree of missing knowledge about the
company of each candidate. The interviewer LLM
interacts with candidate LLMs through dialogue
and infers their information completeness, and the
accuracy of these inferences is used to evaluate
the model’s reasoning ability. Experimental results
show that, for many models, the accuracy of iden-
tifying poorly informed participants and ranking
candidates improves as interview rounds progress.
However, in the task of predicting specific missing
information that requires alignment with ground-
truth company attributes, substantial performance
differences are observed across models. These find-
ings suggest that the ability to identify missing
information and the ability to perform holistic rea-
soning based on dialogue are distinct skills.

2 InterviewArena

Figure 2 illustrates the overall evaluation frame-
work of InterviewArena. The framework consists

of four main steps: Setting Agents as Interviewees,
Interview Question Generation, Interviewee Re-
sponse Generation, and Evaluation of Estimation
Skills. This framework enables systematic obser-
vation and evaluation of how LLMs discriminate
informative participants based on their responses.

STEP 1: Setting Agents as Interviewees We
construct synthetic company profiles as structured
data. In this paper, company information comprises
the following 11 categories: year of establishment,
capital, number of employees, location, business
description, corporate vision, company news, fu-
ture outlook, partnerships, company strengths, and
desired candidate profile. We prepare three agents
and instantiate them as interviewees to simulate a
multi-agent dialogue environment. Each agent is
assigned a different level of missing information
(low, medium, or high), with three, one, or zero
company information items randomly omitted,
respectively. We employ GPT-4o-mini (OpenAI
et al., 2024a) to generate both the company
information and the interviewee agents in this step.

STEP 2: Interview Question Generation
Next, we simulate a mock interview. The LLM
under evaluation is assigned the role of the
interviewer, while the candidate agents act as
interviewees. The interviewer LLM has access
to the complete company profile constructed in



STEP 1. During the interview, the interviewer
sequentially asks questions corresponding to each
company information item in order to determine
which applicant possesses complete knowledge
of the company. The interview continues until all
information items have been queried, unless the
LLM decides to terminate the interview earlier.

STEP 3: Interviewee Response Generation
Each interviewee generates a response to the
question posed in STEP 2 based on the company
information available to them and the dialogue his-
tory. Interviewee agents with missing information
are encouraged to generate responses by plausibly
inferring the missing items while maintaining
consistency with the known information. During
the interview, each interviewee has access to the
full dialogue history up to the previous round
but does not have access to the hidden company
information assigned to other agents. At each
round, we collect responses from all interviewees,
and the dialogue history is accumulated in inter-
view logs comprising the interviewer’s query and
the corresponding responses from all applicants.
The interview proceeds by repeating STEP 2 and
STEP 3 until the termination condition is met.

STEP 4: Evaluation of Estimation Skills Fi-
nally, the target LLM produces predictions based
on the full dialogue history accumulated during the
interview. Specifically, the model estimates which
interviewee agent possesses the most complete
company information. Optionally, the model may
also provide a rationale for its prediction and
identify which company information items were
missing for each interviewee.

3 Experiments

We evaluate LLMs from three perspectives: Par-
ticipant Ranking Capability (RQ1), Identification
of Low-Informative Participants (RQ2), and Pre-
diction of Missing Information for Each Inter-
viewee (RQ3), providing a comprehensive multi-
dimensional evaluation. RQ1 assesses the basic
ability to estimate the granularity of missing in-
formation by ranking participants considering in-
formation completeness. RQ2 evaluates whether
the model can identify the least informative partici-
pant, thereby filtering out the worst-case candidate
in an interview scenario similar to a werewolf game.
RQ3 examines which company information items
are missing for each interviewee agent to enable

RQ1: Pair RQ1: Exact RQ2 RQ3

Llama-3.1-8B-Instruct 0.70 0.40 0.55 0.32
Llama-3-ELYZA-JP-8B 0.60 0.31 0.53 0.08
Llama-3.1-Swallow-8B 0.68 0.38 0.63 0.32
Qwen3-8b 0.57 0.25 0.32 0.34
Qwen2.5-7B-Instruct 0.69 0.31 0.55 0.42
GPT-4o mini 0.72 0.43 0.71 0.68
GPT-4 0.65 0.34 0.67 0.81
GPT-5.2 0.92 0.55 0.80 0.87
Gemini-2.0-flash-lite 0.85 0.57 0.80 0.72
Gemini-2.0-flash 0.90 0.61 0.74 0.69
Gemini-2.5-flash-lite 0.83 0.52 0.77 0.80
Gemini-2.5-flash 0.89 0.62 0.68 0.57

Table 1: Average scores in the final round for each RQ.
The highest score in each evaluation is shown in bold.

Figure 3: Performance over dialogue rounds for RQ1.

interpretability of the model’s reasoning behavior.
In this study, we conduct 100 simulations, each
with distinct company settings. We use total of
12 LLMs: Llama-3.1-8B-Instruct (Weerawardhena
et al., 2025), Llama-3-ELYZA-JP-8B (Hirakawa
et al., 2024), Llama-3.1-Swallow-8B (Fujii et al.,
2024), Qwen3-8b (Yang et al., 2025), Qwen2.5-7B-
Instruct (Qwen et al., 2025), GPT-4o mini (Ope-
nAI et al., 2024a), GPT-4 (OpenAI et al., 2024b),
GPT-5.2 (Singh et al., 2025), Gemini-2.0-flash-
lite, Gemini-2.0-flash (Google DeepMind, 2024),
Gemini-2.5-flash-lite, and Gemini-2.5-flash (Co-
manici et al., 2025). Detailed experimental settings
are provided in Appendix A.

3.1 RQ1: Participant Ranking Capability

Setup. We calculate pairwise ranking accuracy
and exact match accuracy. Pairwise ranking accu-
racy is defined as the proportion of pairs for which
the predicted ranking agrees with the ground-truth
ranking, i.e., the pairwise agreement rate. Exact
match accuracy counts cases where the predicted
ranking perfectly matches the ground-truth ranking
as 1, and all others as 0. We instruct the LLMs to
output the ranking in descending order.



Figure 4: Performance over dialogue rounds for RQ2.

Results. As shown in Table 1, the pairwise accu-
racy results reveal two distinct groups of models:
those achieving scores above 0.8 and those below
0.7. In terms of exact-match accuracy, the mod-
els are split into two groups, with scores above or
below 0.5. The round-by-round results shown in
Figure 3 further indicate that some models improve
their identification accuracy as the interview rounds
progress, whereas others show little change across
rounds. However, even the best models achieve an
exact-match accuracy of 0.6, indicating that cor-
rectly identifying the ranking remains challenging.

3.2 RQ2: Low-Informative Participants
Setup. We investigate whether the LLM can iden-
tify the participant with the least amount of infor-
mation. The output is the name of the predicted
candidate, which is evaluated as 1 if the correct
candidate is identified and 0 otherwise. The model
is instructed to output only the candidate’s name.

Results. Table 1 shows that, except for Qwen3-
8B, more than half of the cases can be correctly
predicted by the models. However, compared with
the pairwise ranking results in RQ1, most models
achieve lower scores on this task. This suggests
that identifying the least informative participant
remains challenging and has a significant impact on
overall performance. As shown in Figure 4, models
with higher overall performance are able to identify
the correct participant with an accuracy above 0.5
even from the first round. Moreover, in these high-
performing models, prediction accuracy generally
increases as the interview rounds progress.

3.3 RQ3: Prediction of Missing Information
Setup. We investigate whether the interviewer
LLM can ask appropriate questions to identify the
missing information of each agent. Specifically,
we measure the accumulated accuracy of questions

Figure 5: Performance over dialogue rounds for RQ3.

that correctly correspond to the missing informa-
tion. The LLM is provided with the correct com-
pany information and the interview history, and is
instructed to infer missing information only when
responses are incorrect, ambiguous, or insufficient.
The output reports the predicted missing informa-
tion along with its rationale in a single line.

Results. As shown in Table 1, the models can be
broadly divided into two groups: those achieving
scores above 0.7 and those below 0.5. Notably,
Gemini-2.5-flash, which performed well in RQ1,
achieves only 0.57 in this setting, indicating that
it does not effectively generate questions targeting
missing information. In contrast, GPT-4 produces
the most queries related to missing information;
however, its performance in RQ1 and RQ2 is not
as strong. These results suggest a discrepancy be-
tween the ability to generate informative queries
and overall reasoning performance. Furthermore,
as shown in Figure 5, models generally increase the
number of questions targeting missing information
as the number of rounds progresses. These findings
indicate that the ability to identify missing infor-
mation and to perform holistic reasoning based on
dialogue are distinct skills.

4 Conclusion

In this study, we introduce InterviewArena, which
is an interview-style Werewolf-like game designed
to reflect realistic settings. By focusing on a sin-
gle factor, the degree of missing information, we
disentangle the ability to infer missing informa-
tion from the ability to perform dialogue-based
reasoning. Results show that LLMs can capture
relative differences between candidates by leverag-
ing consistency and ambiguity in their responses.
However, estimating missing corporate informa-
tion by comparing predictions with ground truth



remains unstable. These findings highlight the im-
portance of evaluating reasoning under incomplete
information for a more realistic assessment.

Limitations

LLMs. While evaluating a broader range of
LLMs would be desirable, we limit our experi-
ments due to the scope of a short paper and focus
on verifying that the proposed framework functions
as intended. As shown in Section 3, we observe
consistent differences in behavior across models,
indicating that the framework captures the intended
evaluation aspects. Based on these results, we con-
sider the current set of LLMs sufficient for validat-
ing the effectiveness of the framework. Neverthe-
less, extending the evaluation to a wider variety of
models remains an important direction.

Agents. We use a single LLM to construct in-
terviewee agents in our experiments. Neverthe-
less, as shown in Section 3, even with a single
LLM, the framework captures meaningful behav-
ioral differences, indicating that it functions as
intended. Moreover, using the same LLM for
both interviewer and interviewee does not hinder
the evaluation, suggesting that the experimental
setup successfully separates condition design from
model evaluation. We also expect that using more
advanced LLMs for agent construction would in-
crease the difficulty of the task. However, given
the scope of a short paper and the sufficient empiri-
cal results obtained, we do not explore additional
LLMs for agent construction in this paper.

Generalization. In STEP 1, we use an LLM to
generate synthetic company profiles. This step
serves only to create initial seed data, and subse-
quent processes systematically introduce missing
information. Therefore, this step is not tied to a spe-
cific model, and alternative models could be used
without affecting the core evaluation. Moreover,
the framework is not restricted to company-related
scenarios. By modifying the profile generation pro-
cess, it can be readily applied to other domains. In
this work, we focus on a typical and practically rel-
evant interview scenario, which we selected heuris-
tically to ensure a clear and controlled evaluation
setting. While evaluating the framework under a
wider range of scenarios would provide a more
comprehensive assessment of its generalizability,
we leave such extensions for future work in order
to maintain a focused scope.

Experimental setting. Our experiments focus on
verifying that the proposed framework functions
as intended and can effectively measure the target
capabilities of LLMs. Accordingly, we conducted
experiments with three interviewee agents. While
increasing the number of agents could introduce
more complex interaction dynamics, it would also
substantially increase the length of the dialogue his-
tory, potentially exceeding the input context limits
of current models. Moreover, as shown in Section 3,
even with three agents, the framework yields mean-
ingful and consistent findings. Therefore, we do
not explore larger-scale settings in this work.

Ethical Considerations

Potential risks. This study relies on synthetically
generated profiles, which may raise concerns about
unintended overlap with real-world entities. To mit-
igate this risk, we manually inspected all generated
profiles and did not observe any content that closely
resembles real companies. This is consistent with
our generation process, in which we explicitly in-
struct the model to produce fictional but plausible
profiles. We also examined the dialogue data and
did not observe any outputs containing harmful or
unethical content, such as violence or other policy
violations. This is likely due to the safety training
of modern LLMs, which are designed to avoid gen-
erating sensitive or harmful content. Therefore, we
ensure that our data generation and experimental
setup comply with the ACL Code of Ethics.

AI Tools. We used AI tools to assist with gram-
matical correction and translation, including Gram-
marly, DeepL, and ChatGPT. The original content
of this paper was written entirely by the authors,
and AI tools were used solely for language refine-
ment. All research ideas, experimental design, and
substantive writing were carried out by the authors.

Others. All LLMs and experimental tools used in
this study are permitted for research use. To ensure
reproducibility, we plan to release our code, scripts,
and all raw experimental results upon acceptance.
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A Detailed Experimental Setup

The input prompt for the interviewer LLM is shown
in Figure 6, and the prompt for the interviewee
LLM is shown in Figure 7. The response guidelines
for each level of interest are presented in Figure 8.
Figures 9, 10, and 11 show the prompts used for
RQ1, RQ2, and RQ3, respectively. Although all
prompts were originally written in Japanese, we

Prompt for the interviewer to ask questions

SYSTEM PROMPT:
You are a highly capable and insightful recruitment
analyst who accurately follows the given instructions
in Japanese.

USER PROMPT:
You will now ask the same common question to all
candidates.

List of Company Information You Can Ask About
....

All Questions Asked So Far (Avoid Duplication)
....

Strategic Role of Common Questions Common
questions are used for the following purposes:
Establishing a Basis for Comparison: Since all
candidates respond under the same conditions, fair
comparison is possible.
Collecting Foundational Information: Measure the
basic level of company understanding necessary to
differentiate candidates.
Efficient Information Gathering: Collect informa-
tion from all candidates with a single question, saving
time.
Deepening Shared Topics: Compare all candidates’
perspectives on specific important company-related
topics.

Strategic Situations for Using Common Questions
When there is insufficient material for comparing
candidates
When you want to assess all candidates’ understand-
ing of specific key company information
When foundational information is needed before mov-
ing to deeper individual questions
When you want to gather information efficiently

Instructions
Overall Analysis: Take a holistic view of all candi-
date conversations and identify “commonly unad-
dressed items” that most candidates have not suffi-
ciently mentioned.
Strategic Question Generation: From the identified
items, select the one that is most important for com-
paring the depth of candidates’ company research,
and generate a specific common question about it.
Ensure Comparability: Ensure that the question
allows all candidates to answer based on the same
criteria.

Output only the question. Do not include any thought
process or preamble.

Figure 6: Prompt for the interviewer to ask questions.

provide English translations for readability. Infor-
mation about the LLMs used in the experiments is
provided in Table 2. Unless otherwise specified,
all implementations are based on Hugging Face
Transformers (Wolf et al., 2020). For API-based
models, we use their corresponding official APIs.

https://arxiv.org/abs/2510.11389
https://arxiv.org/abs/2510.11389
https://arxiv.org/abs/2510.11389
https://arxiv.org/abs/2508.01059
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https://doi.org/10.18653/v1/2020.emnlp-demos.6
https://openreview.net/forum?id=svpPCGPNkx
https://openreview.net/forum?id=svpPCGPNkx
https://arxiv.org/abs/2505.09388
https://doi.org/10.18653/v1/2025.findings-acl.70
https://doi.org/10.18653/v1/2025.findings-acl.70


LLMs HuggingFace ID / API Name

Llama-3.1-8B-Instruct meta-llama/Llama-3.1-8B-Instruct
Llama-3-ELYZA-JP-8B elyza/Llama-3-ELYZA-JP-8B
Llama-3.1-Swallow-8B tokyotech-llm/Llama-3.1-Swallow-8B-Instruct-v0.5
Qwen3-8b Qwen/Qwen3-8B
Qwen2.5-7B-Instruct Qwen/Qwen2.5-7B-Instruct
GPT-4o mini gpt-4o-mini-2024-07-18
GPT-4 gpt-4-0613
GPT-5.2 gpt-5.2-2025-12-11
Gemini-2.0-flash-lite gemini-2.0-flash-lite
Gemini-2.0-flash gemini-2.0-flash
Gemini-2.5-flash-lite gemini-2.5-flash-lite
Gemini-2.5-flash gemini-2.5-flash

Table 2: Information about HuggingFace IDs and APIs.

Prompt for the interviewee to answer

SYSTEM PROMPT: You are a highly capable
and insightful recruitment analyst who accurately fol-
lows the given instructions in Japanese.

USER PROMPT:
Your Role You are a job-seeking student named ....
Please convey your admiration for this company and
your strong motivation to join it to the interviewer.

Your Profile
Name: ....
Strengths: ....
Key Experience (Gakuchika): ....

Company Information You Know
....

Basic Answering Policy
....

Conversation History
....

Current Question from the Interviewer
....

Instruction: Act as .... based on the above settings and
behave as a job-seeking student. Output your answer
in natural Japanese of approximately .... characters.
Do not include any preface or explanation.

Figure 7: Prompt for the interviewee to answer.

Response guidelines by level of interest

BASIC ANSWERING POLICY:
High Preparation Level Demonstrate a very high
level of interest and enthusiasm. When information is
unknown, supplement it with positive and reasonable
assumptions, and never state that you do not know.

Medium Preparation Level Demonstrate a high
level of interest. Clearly describe known informa-
tion with specific details, and supplement unknown
information with general industry knowledge.

Low Preparation Level While expressing interest in
the company, respond in a way that conceals gaps in
your company knowledge.

Figure 8: Response guidelines by level of interest.

Generating responses for RQ1 evaluation

USER PROMPT:
Analyze the following interview responses of candi-
dates and rank them in order of lowest to highest level
of interest in the company.

Interview Content
....

List of Candidate Names
....

Ranking Criteria
* Depth of company knowledge * Specificity of re-
sponses * Expression of motivation and enthusiasm

Instruction: Rank the candidates concisely by name
in order of lowest interest (Rank 1 = lowest level of
interest).

Figure 9: Prompt for RQ2 evaluation.

Generating responses for RQ2 evaluation

USER PROMPT:
Analyze the following interview responses of candi-
dates and identify the candidate who appears to have
the lowest level of interest in the company.

Interview Content
....

List of Candidate Names
....

Analysis Criteria
* Depth of company knowledge * Specificity of re-
sponses * Expression of motivation and enthusiasm

Instruction: Output only the name of the candidate
who is judged to have the lowest level of interest.

Figure 10: Prompt for RQ2 evaluation.

Generating responses for RQ3 evaluation

USER PROMPT:
Compare the following ground-truth company infor-
mation with each candidate’s interview record and
identify gaps in the candidates’ knowledge.

Important Note Do not conclude that a candidate
lacks knowledge merely because they did not mention
a particular point. A knowledge gap should be iden-
tified only when there was a natural opportunity to
mention that information in the flow of the interview,
yet the candidate either failed to mention it, provided
incorrect information, or answered ambiguously.

Ground-Truth Company Information (Key–Value
Pairs)
....

Interview Records of Each Candidate
....

Figure 11: Prompt for RQ3 evaluation.
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