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Abstract

We report and evaluate the results of the
ATWolfDial 2026 Domestic Contest, the lat-
est edition of our annual competition series
that we have organized for over a decade
since 2014 and plan to continue in the fu-
ture, where LLM-driven agents automati-
cally play the social deduction game "Were-
wolf” (Mafia) to assess their performance
in complex multi-agent environments and
long logical contexts. The competition fea-
tured 19 participating teams across three
distinct tracks: a 5-player track, a 9-player
track, and a novel anytime-speak track.
We present comprehensive contest results
based on game win rates, human subjective
assessments, LLM-as-a-judge evaluations,
and detailed log analyses. While the re-
sults demonstrate that LLMs possess profi-
cient conversational fluency and basic rea-
soning abilities, they also reveal severe chal-
lenges in complex multi-agent setups, in-
cluding context degradation over extended
dialogues, unresponsiveness to direct men-
tions, discrepancies between stated intent
and in-game actions, and conformity bias
(herd behavior). Notably, the results indi-
cate that superior evaluation scores were
achieved by adopting dual-tier architectures
that decouple action logic from speech gen-
eration or by employing script-based few-
shot prompting. Through these empirical
findings, this study underscores the criti-
cal challenges of maintaining role consis-
tency, managing long-term context, and
avoiding conformity in dynamic, imperfect-
information scenarios, demonstrating the
ongoing value of continuing this annual com-
petition series to advance LLM and multi-
agent research.

1 Introduction

Recent achievements of the GPT-based large
language models (LLMs), e.g. ChatGPT (Ope-

*Correspondence to kano@kanolab.net

nAl, 2023), are gathering greater attentions.
However, it is not fully investigated whether
such LLMs can sufficiently handle longer con-
texts with logics and complex multi-agent situ-
ations.

“Are You a Werewolf?” | or “Mafia” (here-
after “werewolf game” ), is a communica-
tion game conducted solely through discussion.
Players must exert their cognitive faculties fully
in order to win. In the imperfect information
games (Bowling et al., 2015), players must hide
information, in contrast to perfect information
games such as chess or Go (Silver et al., 2016).
Each player acquires secret information from
other players’ conversations and behavior and
acts by hiding information to accomplish their
objectives. Players are required persuasion for
earning confidence, and speculation for detect-
ing fabrications.

We have employed this werewolf game as
a novel way of evaluations for dialog systems.
While studies of dialog systems are very hot top-
ics recently, they are still insufficient to make
natural conversations with consistent long con-
text, and with complex multi-agent situations.
Because the Werewolf game forces players to
deceive, persuade, and detect lies, neither in-
consistent nor vague response are evaluated as
“unnatural” , losing in the game. Our were-
wolf game competition and evaluation could
be new interesting evaluation criteria for dia-
log systems and LLMs, but also for imperfect
information game theories. In addition, the
Werewolf game allows any conversation, so the
game includes both task-oriented and non-task-
oriented conversations.

We have been held an annual series of
competitions to automatically play the Were-
wolf game since 2014 (Toriumi et al., 2017),
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by the AIWolf project '. These competi-
tions were linked with conferences such as the
competitions in IEEE Conference On Games
(CoG), ANAC (Automated Negotiating Agents
Competition) (Aydogan et al., 2020)(Yildirim?
et al., 2023) in International Joint Confer-
ence on Artificial Intelligence (IJCAI), Com-
puter Entertainment Developers Conference
(CEDEC), etc., in addition to our AIWolfDial
2019 workshop at INLG 2019 (Kano et al.,
2019), AIWolfDial 2023 at INLG 2023 (Kano
et al., 2023), AIWolfDial 2024 at INLG 2024
(Kano et al., 2024), and AIWolfDial 2025 at
INLG 2025 (Kano et al., 2025). In the Al-
WolfDial contests, the player agents should
communicate in the natural languages (English
or Japanese), while it is now straightforward
to switch to any other languages when using
LLMs.

In this paper, we focus on our AIWolfDial
2026 Japanese domestic competition, the most
recent competition held in 2026 2, which is sim-
ilar to the ATWolfDial contests but introducing
different issues such as an anytime-speak track
where agents can submit their talks in any tim-
ing. Our contest includes three tracks: the
5-players track, the 9-players track, and the
anytime-speak track, which details will be de-
scribed later. 19 teams participated in our com-
petition, where 18 teams for the five-players
track, 15 teams for the 9-players track, and
10 teams for the anytime-speak track. We
specified the Japanese language for the agent
communications.

In the following sections, we explain the
game regulations in Section 2, rough system
designs for each participated agent in Section
3, results of evaluations in Section 4.1 followed
by discussions in Section 5, finally conclude
this paper in Section 6.

2 Werewolf Game and Shared Task
Settings

We explain the rules of the werewolf game in
this section. While there are many variation
of the werewolf game exists, we only explain
our contest setting here.

http://aiwolf.org/

20ur AIWolfDial official website: https://
aiwolfdial.github.io/aiwolf-nlp/en; Our game
logs sote with online viewer: https://aiwolfdial.
github.io/aiwolf-nlp-viewer

2.1 Player Roles

Before starting a game, each player is assigned
a hidden role from the game master (a server
system in case of our competition). The most
common roles are “villager” and “werewolf” .
Each role (and a player of that role) belongs ei-
ther to a villager team or a werewolf team. The
goal of a player is for any of team members to
survive, not necessarily the player him/herself.

There are other roles than the villager and
the werewolf as well (Table 1). A game in our
contest has five players: a seer, a werewolf, a
possessed, and two villagers (five-players track
and anytime-speak track), and nine players: a
seer, two werewolves, a possessed, a medium,
a bodyguard, and three villagers.

2.2 Day, Turn and Winner

A game consist of “days” , and a “day” consists
of “daytime” and “night” phases. During the
daytime phase, each player talks freely. At the
end of the daytime, a player will be executed by
votes of all of the remained players. In the night
phase, special role players use their abilities:
a werewolf can attack and kill a player, and a
seer can divine a player.

In our contest, Day 0 does not start games
but conversations e.g. greetings. A daytime
consists of several turns; a turn is a synchro-
nized talks of agent, i.e. the agents cannot refer
to other agents’ talks of the same turn.

Werewolves can make whispers, i.e. commu-
nicate secretly each others among the were-
wolves in the night phase —

The victory condition of the villager team
is to execute all werewolves, and the victory
condition of the werewolf team is to make the
number of villager team less than the number
of werewolf team.

2.3 Talk Content

A player agent communicates with our game
server to perform a game. Other than vote,
divine, and attack actions, an agent communi-
cates in natural language only.

We intend to design our competition to be
played by physical avatars in real time in future,
rather than to communications in the written
language. Therefore, a talk text should be able
to pronounce verbally, while symbols, emojis,
and any other non-pronounceable letters are
not allowed.
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Role Team Species Special Abilities

Villager Villager Human Nothing

Seer Villager Human Divine one survivor to know their species (human or werewolf).
Medium Villager Human  Divine one eliminated player to know their species (human or werewolf).
Bodyguard  Villager Human Protect one player from a werewolf attack during the night.
Possessed Werewolf  Human A human but plays to make the werewolf team win.

Werewolf Werewolf  Werewolf Select one surviving human and eliminate him/her from the game.

Table 1: Roles in our werewolf game

In this text-base multiple player game, it is
not clear that an agent speaks to which spe-
cific agent, or speaks to everyone, while human
players can use their faces and bodies to point
another player. In order to specify which agent
to speak to, an agent may insert a mention sym-
bol (e.g. “@agent_name” ) at the beginning
of its talk.

2.4 Talk Length

We set a timeout of one minute per any single
action, including a talk, a vote, etc. excluding
the anytime-speak track. If an action exceeds
this timeout, the corresponding action is re-
garded as no response. This is because we
expected that many participants would use
external web APIs such as ChatGPT, which
could cause longer response time. We hope to
shorten this talk timeout again in future. For
the same reason, the maximum string length
for each talk is limited to 125 letters excluding
whitespaces; if the talk text contains any men-
tion (“@player_name”) to other agents, which
is explained in the next section, then the max-
imum length is doubled to 250 letters.

Player agents are asked to return their talks
agent by agent in a serial manner in the 5-
players and 9-players track, which order is
randomly changed every turn as specified by
our game server. As this is different from the
humans’ verbal turn taking in that humans
can speak (mostly) anytime, we introduced the
anytime-speak track, where agents can submit
their talk anytime; they should consider the
potential delay in creating talks.

We set a maximum limit of four talks per
day per agent.

In case of the anytime-speak track, the day-
time phase ends in 10 minutes.

2.5 Game Server

We provided a game server system, where
player agents listen and wait for a connection
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Figure 1: Game viewer screen with a prefixed set
of player avatar images drawn by Mr. Masakazu
Ishiguro.

from the central remote game server, which is
operated by the competition organizers. The
formal run of the mutual matches can be exe-
cuted automatically by this remote connection
system, where a player agent can be run any-
where without any machine resource restriction,
including web API calls and powerful servers.

2.6 Initialization Profile

When starting a game, our game server ran-
domly selects a player avatar for each player
from our hand-drawn prefixed set of avatar im-
ages (Fig. 1), created by a professional manga
artist, Mr. Masakazu Ishiguro. Then our game
server automatically generates player’s name
and profile texts using LLM (GPT-40) by a
prompt of “Please generate a profile for this
character. However, please do not include any-
thing related to the Werewolf game. For the
name, please only include the first name.” with
maximum 300 letters of generated profile.
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3 Participant Systems

We describe each participant system in the
following sections. These participant system
descriptions are based on the system descrip-
tions and presentation slides submitted by the
participants. We, the organizers, provided a
template agent code in Java and Python, in
addition to the game server codes.

19 teams participated in our competition.
Most of the agents used LLMs in their system,
while its usage is different between the agents.

AGKAI The “AGKAI” agent built by Taku
Umeda, Takao Endo, and Shotaro Ishigami
(Mitsubishi Electric Corporation) utilized dis-
tinct models depending on the division: GPT-
5-mini for the 5-players village, Claude Son-
net 4.5 for the 9-players village, and GPT-5.4
for the anytime speech track. Role behaviors
were optimized by dynamically swapping sys-
tem prompts based on the game’s current phase
(early, middle, or late). Additionally, the AI
self-evaluated its play logs to analyze reasons
for losses or logical inconsistencies (e.g., a mad-
man failing after withholding divination re-
sults), establishing a continuous improvement
loop for prompts and code via GitHub Copilot
and similar tools.

BMD The “BMD” agent built by Koji
Yoshida, Tomohiro Hashimoto, Xuewen Zhou,
Zhexuan Tao, and Xiangyi Lyu (The Univer-
sity of Tokyo) employed GPT-5.4 for inference,
enhancing speech quality via Chain of Thought
(CoT) and structured outputs. Safety was
maintained by forcing the LLM to separate
thoughts from actions into distinct tags, omit-
ting the thought segment from future input
logs. Beyond static abilities, a skill injection
system dynamically applied psychological tac-
tics suited to specific contexts, like “being sus-
pected” or “heated debates.” It also featured
character control for age-appropriate tones and
unique catchphrases, alongside a mention tool
to direct rebuttals at specific players.

Camellia Dragons The “Camellia Dragons”
agent built by Momoka Kato, Reon Ohashi,
Joji Suzuki, and Ryusei Nishio (Aichi Prefec-
tural University) integrated a summarization
feature with speech generation driven by per-
sonality and strategy. Daily, it extracted five
key events to form a summary. This minimized

input tokens by condensing previous days’ sum-
maries, daily conversations, and survival sta-
tuses. For speech generation, it leveraged these
summaries, strategies, and personality traits
alongside a novel psychological metric called
“degree of being cornered.” This setup allowed
the agent to produce varied dialogue contain-
ing distinct sentence endings, signature phrases,
and unique catchphrases.

CanisLupus The “CanisLupus” agent built
by Yu Sugawara (GREE Holdings, Inc.) fea-
tured asynchronously running “introspection”
and “speech” modules to handle the real-time
demands of the “anytime speech track” To
balance deep reasoning with fast responses, it
used an architecture interleaving a step-by-step
introspection process—from board analysis to
strategy setting—using play memos. It bal-
anced inference precision and character por-
trayal via a RAG approach, dynamically in-
serting situation-appropriate excerpts from a
10,000+ character “Ultimate Strategy Guide.”
Furthermore, the LLM emulated specific exist-
ing characters to enhance speech individuality.

doradora_ lab The “doradora_lab” agent
built by Taiga Sumi, Hinano Koga, and
Haruto Serizawa (Osawa Laboratory, College
of Humanities and Sciences, Nihon University)
merged multiple GPT-5.3 models, performing
role estimation via a “typical other model”
grounded in the BDI (Belief, Desire, Inten-
tion) framework. It defined behavioral ten-
dencies and goals for typical player groups,
operating under the assumption that all par-
ticipants act rationally. It dynamically formed
beliefs, assessed external suspicion toward it-
self, and parallel-processed role estimations for
all players. Intents and actions were simulta-
neously output from a single prompt integrat-
ing these belief statements and role parame-
ters. Prompt designs reflecting veteran player
knowledge were also used to ensure coherent
reasoning and avoid repetitive speech.

gotsumori-NLP The  “gotsumori-NLP”
agent built by Tatsuya Mikami (Kogakuin
University) utilized ChatGPT-5.4-mini as its
inference engine. It inherited the strategic logic
of “gotsumori,” a rule-based agent successful
in the 5th International ATWolf Competition’s
protocol division, delegating only dialogue gen-
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eration to the LLM. To prevent typical LLM
parroting during prompt-based conversation
generation, it explicitly forbade repeating the
previous speaker’s text and restricted outputs
to two sentences to prevent excessive length.
Additionally, a rule-based post-processing step
fixed self-voting bugs by redirecting the vote
to another player if the agent targeted itself.

kanalab The “kanalab” agent built by Toshi-
nobu Kanao, featured a dual-layer architecture
separating action decisions from speech gen-
eration, leveraging Qwen2.5-14B-Instruct-4bit
locally for its strong Japanese language capa-
bilities. To avoid rule violations and LLM
hallucinations, all critical actions determining
match outcomes—such as attacks, divinations,
and voting—were handled via strict rules. Fur-
thermore, they fine-tuned the general-purpose
LLM for werewolf games (using LoRA) with
pairs of board states and correct actions, result-
ing in zero constraint breaches and discussions
backed by concrete reasoning.

Luna The “Luna” agent built by Haruna
Miyamoto (The University of Electro-
Communications) used GPT-40 mini for cost
efficiency and was specially adapted for the
5-players village track. For character creation,
it parsed a server-provided personality profile
using BDI theory, ensuring a consistent tone
by associating it with known characters. To
retain dialogue context, the system linked the
five most recent statements to a condensed
history, updating each agent’s role claims and
predictions. Alongside prompt management,
rule-based post-processing was implemented
to enforce a 50-character limit and prevent

the inclusion of specific unwanted strings (like
“Over”).

maverick The “maverick” agent built by
Ryuya Akase employed Claude Sonnet 4.6 for
main tournament gameplay and Claude Opus
4.7 for evaluating speech. Its core “role com-
bination prediction module” identified ideal
targets for attacks, divinations, and voting by
eliminating inconsistencies with its own role
or previously exiled players, based on all po-
tential 5-players role combinations. These pre-
dictive rationales were routed to the LLM via
an orchestrator to produce logical speech. It
also featured guardrails to hide werewolf iden-

tities and a multi-turn self-correction module
evaluating redundancy and logic, though some
cost-effectiveness issues were noted.

mrdev The “mrdev” agent built by Hidetake
Muramatsu (Independent) relied on Gemini
3 Flash, utilizing a two-layer structure (strat-
egy and speech) to ensure consistent thought
processes. The strategy layer applied a struc-
tured Chain of Thought to mitigate risk insen-
sitivity and self-serving bias, executing step-
by-step policy selection, multifaceted analy-
sis, and fact observation. Devoid of character
traits, this layer focused strictly on logical de-
ductions. The resulting speech plan moved to
the speech layer, where persona prompts ap-
plied tone adjustments. Additionally, between
turns, it passed a summarized “point-in-time
judgment memo” rather than the full conver-
sation history.

ninetailed The “ninetailed” agent built by
Masatoshi Hidaka, Sheldon Feiyu Zhang,
Yusuke Mori, Naoki Matsukawa, Shun
Yoshikawa, Yusuke Mukuta, and Tatsuya
Harada (The University of Tokyo) relied on
GPT-5.4-nano via Azure OpenAl for infer-
ence, making decisions strictly through the
LLM without using rule-based contradiction
detection. Utilizing single-turn calls and role-
specific prompt designs, the team explored ba-
sic strategies with ChatGPT and iteratively
refined prompts using self-play logs and the
Codex coding agent. To address instances
where the LLM refused to respond, they im-
plemented specific workarounds, such as sub-
stituting the word “attack” with “bite” in the
input prompts.

noisy__watcher The “noisy_ watcher” agent
built by Ryosuke Sueyoshi (Nippon Engineer-
ing College) and Chaeyoung Sung (Rikkyo Uni-
versity) used a hybrid setup pairing a left-brain
board analysis engine for mathematical situa-
tion tracking with a right-brain LLM for nat-
ural conversation. The left brain accurately
calculated remaining turns and scored player
suspiciousness, while the right brain handled
persuasion and role-play based on these met-
rics. It featured a mode-switching capability
that relied on system-led target fixing when
evidence was solid, but deferred to LLM rea-
soning when information was sparse. A robust
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speech filter prevented rule breaks and logical
contradictions.

Oxymoron The Oxymoron agent built by
Kota Munaoka (Shizuoka University) relied
on an external module to dynamically adjust
timing, speech styles, and decisions across all
tracks. To prevent unnatural phrasing, this
module transformed the LLM’s raw output
into casual, profile-matched Japanese using few-
shot prompting, and filtered out excessively
formal words via rules. It also manipulated
context to separate a player’s public identity
from their true role, allowing madmen and
werewolves to speak as villagers publicly while
using true logic for whispers and actions. In
the anytime track, it calculated an “urgency
level” using weighted cues like silence duration
and mentions, speaking only when a specific
threshold was reached.

redhood The “redhood” agent built by
Kento Fukuda (Faculty of Liberal Arts, The
Open University of Japan) originally utilized
Llama-3.1-8b-instruct via Cloudflare Workers
but switched to Gemini 3.1 Flash Lite due
to limitations with context tracking and lie
consistency. Stability was improved by em-
bedding role-specific strategies into the initial-
ization prompt, and by appending automated
summaries of divination results and coming-
out claims to action prompts. Post-processing
steps included output normalization and pre-
venting targeting of same-faction members. Its
most notable feature was an autonomous im-
provement loop that created match reports,
invoked Claude Code non-interactively, and di-
rectly updated the prompt configuration files.

SunameLLi The “SunameLLi” agent built
by Tomoko Natsubori, Hiroki Nakanishi, Koya
Kamada, and Ryo Kamiyama (TOPPAN Hold-
ings Inc.) featured a system that balanced ac-
curate reasoning (“winning lines”) with strong
character portrayal. It utilized a memory note
system to optimize long-term retention, com-
piling daily summaries to condense past logs
into strategy memos that served as judgment
criteria for the next day. Based on the pro-
file, they defined cognitive biases, behavior,
and personality as character strategies. For
speech strategies, it decided whom to suspect
based on judgment axes that aligned with the

memory notes, thereby maintaining persuasive,
consistent behavior over multiple days.

Ty-TakutiX The “Ty-TakutiX” agent built
by Daiki Takiuchi, Takuma Okada, and
Takeshi Ito (The University of Electro-
Communications) employed a mix of GPT-
4-Turbo and GPT-4.1. GPT-4.1 was set to
low diversity for tagging speech and extracting
information from chat histories, while GPT-4-
Turbo used high diversity for generating speech.
Technically, they implemented an expert tac-
tic where a villager claims to be the seer to
thwart a day-two power play in a 5-players
game. Additionally, they executed machine
learning-based role estimation via XGBoost
using the extracted speech tags, boosting accu-
racy through combinatorial optimization based
on game constraints.

yatolab The “yatolab” agent built by Shoma
Yato, Ikumu Komatsu, Haruka Itakura, Kodai
Ishizaka, Renta Kazuyama, Roki Sakamoto,
Naoya Sachi, Yushin Otsuka, Harumi Ishii,
Daisuke Katagami, and Yousun Kang (Tokyo
Polytechnic University) accommodated both
9-players and 5-players villages, featuring a
dialogue structure that separated models for
the self and others while reducing load via fun-
damental prompt control. They mandated a
fixed format to prevent voting mistakes and a
unique first-person pronoun for speaker iden-
tification, while simplifying day 0 greetings to
prevent baseless mutual suspicion. In the any-
time track, a bidirectional model updated and
estimated intentions for both self and others.
For the 9-players village, a Memory function
independently managed self and other memo-
ries, preventing whisper leaks and improving
consistency.

yharada The “yharada” agent built by Yuya
Harada (Shizuoka University) achieved “qual-
ity transfer” by leveraging Claude for gen-
erating match scripts and GPT for execut-
ing actual gameplay, maximizing both models’
strengths. To counter the parroting and rigid
speech caused by overly restrictive traditional
prompts, they implemented “10-shot learning”
using 10 authentic match scripts showing nat-
ural topic shifts and discussion flows. This
allowed the LLM to independently absorb di-
verse perspectives and conversation dynamics
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as tacit knowledge, facilitating highly flexi-
ble situational judgments and character-driven
speech free from strict prompt constraints.

yshimoda The “yshimoda” agent built by
Yuki Shimoda (Shizuoka University) employed
a technique that extracted game states using
rules and detected contradictions in divination
claims by cross-verifying maps. They meticu-
lously scrutinized dialogue by mapping the re-
lational structure and converting each player’s
speech into a 5-level stance ranging from strong
doubt to strong defense. This approach enabled
strategic decision-making by tracking shifts in
the agent’s thought process, such as identify-
ing players with inconsistent statements and
analyzing connections between potential were-
wolves.

4 Evaluations and Results

As the number of agents does not match with
the number of players, we tried to make equal
agent combinations of game matches with re-
spect to the number of games per agent, num-
ber of roles per agent as far as possible; it was
virtually impossible to run all possible combi-
nations due to the time restriction though.

We calculated win rates in different as-
pects such as macro-averaged, micro-averaged,
weighted-average considering the number of
players for each role, and role-wise, though the
total number of the games are not so large
which could make these statistics unreliable to
some extent.

4.1 Subjective Evaluations

We performed subjective evaluations by the
following criteria, by ranking agents for each
criterion:

A Are the utterances natural?

B Is the conversation context-aware and nat-
ural?

C Are the utterances consistent and free of
contradictions?

D Do game actions (voting, attacks, divina-
tion, etc.) align with the dialogue content?

E Are the utterances expressive, consistent
with the given profiles, and do they convey
unique character traits per agent?

F Is there evidence of team play? (Applica-
ble to the 9-players village only)

These criteria have been used for years in
our AIWolfDial competition series. When these
criteria were defined, the performance of the
deep-learning based dialog systems, such as
LSTM-based ones, was insufficient; rule-based
systems even sometimes perform better. The
criterion A (sentence expression naturalness)
was introduced because of such poor perfor-
mances at that time, which is now very flu-
ent in most cases. While the criterion A is
expression-based evaluation, we need contex-
tual evaluation with other agents (criterion B:
context) and the agent itself (criterion C: coher-
ence). Because some agents behave different in
their game actions from there talk contents, e.g.
vote to agents which they apparently recognize
as a teammate, we also need to evaluate the
game action consistency with talks (criterion
D: game). It is important not just for the were-
wolf game but for a dialog system in general,
to make a consistent unique character traits in
their talks (criterion E: character/divergence).
Finally, as there are two or more werewolves
who know their roles each other and commu-
nicate secretly in our recent 9- and 13-players
tracks, we evaluate the team play including the
villager team (F: teamplay),

4.1.1 Human Annotators

Our three annotators are required to perform
subjective evaluations of rankings based on 18
game logs (11 game logs for the anytime-speak
track as it costs time to consider the times-
tamps) for each track for each game, then we
averaged over those annotator ranking scores.

4.1.2 LLM-as-a-Judge

In addition, we performed an automatic evalu-
ation of these subjective evaluation by llm-as-
a-judge way. Evaluations are conducted sepa-
rately for each game and evaluation criterion,
resulting in 5 to 6 LLM requests per game. In
each request, the input is provided to the LLM
within a single request.

The evaluation prompt consists of the de-
veloper prompt part (Table A.1.1) and the
user prompt part (Table A.1.2). The developer
prompt part includes instructions common to
all evaluation criteria, e.g. the role of evalu-
ating as a Werewolf game evaluator, common
evaluation rules, descriptions of each field in
the input log. The user prompt part includes
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information that varies by evaluation criterion
and game, e.g. supplementary instructions per
criterion, character settings for each player, the
specific criterion being evaluated, the target
game log.

The input log is input for an entire single
game at once (with only the result row ex-
cluded). The original CSV-formatted log is
structured, converted into a JSON string, and
passed into the User prompt. Additionally, to
reduce judge bias, only the result row directly
indicating the final game outcome is excluded.
The contents of the json style log file are in-
serted into {{ log }} in the user prompt.

This llm-as-a-judge was performed on the
same 10 games as the human annotators, and
all games as well>. We used gemini-2.5-pro,
claude-sonnet-4.5, gpt-5.4, gemma-4-31b-vllm,
and qwen3-6-27b-vllm for the LLM-as-a-judges.

4.1.3 Correlation between Humans and
LLMs

After averaging the llm-as-a-judge scores over
these LLMs, we calculated Pearson correlations
between humans, llms_all (all game logs), and
llms_same (the same game logs with humans).
The Pearson correlation coefficients were quite
high between llms_all and llms__same regard-
less of the tracks, almost always > 0.9; In the
9-players track, the coefficients were always
high and > 0.9 in any combination of the three;
the coefficients for rankings of averages over
the subjective evaluation metrics were mostly
> 0.8 between humans and LLMs, while spe-
cific metrics in the 5-players track showed lower
coefficients (See Appendix for detailed tables).

Totally speaking, the humans and LLMs
correlates very well that we could adopt the
LLM-as-a-judge as an alternative to the human
judges in future.

4.1.4 Subjective Evaluation Results

In the LLM subjective evaluation across all
tracks and the human subjective evaluation for
the 9-players track, the yharada team took
first place by a clear margin. They scored
particularly high in B (context), C (coherence),
and E (diversity).

In the human subjective evaluation for the 5-
players track, the Oxymoron team took first

Shttps://aiwolfdial.github.io/
aiwolf-nlp-viewer/archive

place, receiving high ratings particularly in A
(expression), C (coherence), and E (diversity).
In the human subjective evaluation for the
anytime-speak track, the AGKAI team took
first place, scoring particularly high in A (ex-
pression), C (coherence), and E (diversity).

4.2 Win Rates

We calculated the win rates for each track (see
Appendix for the detailed tables).

Regarding win rates, the bmd team took
first place in both the 5-players and 9-players
tracks, demonstrating a high win rate when
playing as Villagers.

In the anytime-speak track, the Camelli-
aDragons team took first place, maintaining
an equally top-ranked win rate across all roles.

Unfortunately, there was not enough time
to run all possible game configurations for the
number of teams regarding the combinations
of roles and teams. Therefore, we have to pay
attention about the reliability of the scores
when interpreting these win rate scores.

5 Discussion

Overall, by leveraging the improved perfor-
mance of LLMs, the agents were able to en-
gage in conversations that functioned well as
a Werewolf game. The utterances themselves
were natural, and there were many situations
where logical reasoning with justifications and
conversational exchanges were successfully es-
tablished. On the other hand, various short-
comings were also observed by reviewing the
actual game logs, as detailed below.

First, there are many instances where recip-
rocal conversation (back-and-forth dialogue)
fails. In many cases, agents did not respond to
utterances explicitly directed at them by name.
There were also cases where they failed to grasp
the immediate or prior context, neglecting to
reflect crucial information from others’ utter-
ances, such as role coming-outs. This directly
affects the evaluation of B (context).

Inappropriate utterances were observed, such
as changing opinions immediately after stating
them or repeating the exact same content. This
impacts the evaluation of C (coherence).

There was also a lack of basic game state
awareness related to D (game action), such
as commenting that it is “quiet” before the
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first speaking turn of the day had even arrived,
or talking to players who had already been
eliminated.

Contrastingly, in single-agent applications
of recent LLMs, having them generate logs of
multi-players Werewolf matches easily produces
highly natural, human-like, and entertaining
conversations. Despite this, the degradation
in basic conversational performance seen in
many teams was particularly prominent in the
9-players track and has remained an unresolved
challenge since the advent of ChatGPT. The
difficulty of multi-agent dialogue and the long
contexts that constantly risk exceeding input
length limits may be the causes.

The yharada team, which ranked first in
all LLM evaluations and the 9-players track
subjective evaluation, scored particularly high
in B (context), C (coherence), and E (diver-
sity). They solved this problem using a “script
few-shot” method. Although there remains a
question of whether this approach can adapt to
dynamic argument developments, it suggests a
promising direction for future advancement.

The AGKAI team, which ranked first in the
human evaluation for the anytime-speak track,
incorporated a mechanism where the Al eval-
uated its own self-play logs to continuously
improve its prompts and code, which may have
yielded a similar effect.

The Oxymoron team, which ranked first in
the human evaluation for the 5-players track,
utilized a two-tier structure: one module for
generating utterance content and another mod-
ule for applying profiles, writing styles, and role
elements. This approach could also produce
similarly effective results.

Regarding win rates, teams with high win
rates did not necessarily score high in D (con-
sistency between game actions and utterances).
Possible reasons include the fact that many
teams had a disconnect between their utter-
ances and game actions, or random conditions
due to the small number of games played (e.g.,
coincidentally getting good teammates or fac-
ing strong opponent teams). Further integra-
tion of game actions and utterance content is
anticipated as a future development.

Logical statements and justifications were
also frequently unnatural or inappropriate. In
particular, we observed many instances of herd
behavior, where agents simply agreed with the

opinions of other players. This may also be be-
cause past utterance logs accumulated beyond
the maximum length, causing the influence
of the fixed prompt (which dictates the basic
direction) to fade, leading the agents to be
swayed by the utterance logs instead.

In the newly introduced anytime-speak track,
likely because it was a first attempt, the real-
time tuning of each team seemed insufficient.
There were many situations where participa-
tion in the conversation was extremely slow or
agents were unable to reply at all. While achiev-
ing human-level real-time performance is the
ultimate goal, considering the response speeds
of recent LLMs—especially the delays during
the “Thinking” phase—considerable counter-
measures will still be required moving forward.

6 Conclusion and Future Work

By conducting a text-based auto-play contest of
the “Werewolf game”, a conversational game of
lying and detecting lies, we highlighted the cur-
rent achievements and shortcomings of LLMs.

Reflecting the improved performance of
LLMs, natural language expression and a cer-
tain level of dialogue were achieved success-
fully. On the other hand, challenges remained
in “lying”; the simultaneous maintenance of
multiple character role settings, and in han-
dling long-context utterance histories that ex-
ceed LLM input lengths in multi-agent envi-
ronments. There were instances where agents
generated utterances that completely ignored
their settings, others’ utterances, their own
past utterances, and sometimes even the game
settings themselves. In addition, a conformity
phenomenon was frequently observed, where
other agents would successively agree with and
affirm a specific utterance. Better evaluation
scores for teams with a two-tier, divided role
LLMs could generally become a future trend
in the multi-agent utilization of LLMs.

All of the challenges brought to light in this
contest could easily become immediate issues
in general when deploying LLMs in real-world
multi-agent environments, such as large corpo-
rate organizations. The contest’s aim of high-
lighting the current achievements and problems
of LLMs was successfully met, and future de-
velopment is highly anticipated. We plan to
continue holding this contest in the future.
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Limitations

The games were performed in the Japanese
language only; we need to investigate other
languages as well.

We need to increase the number of games to
be statistically more stable.

There could be some bias when the LLM ver-
sions used in the LLM-as-a-judge evaluations
and the agents are same.

More evaluation metrics would be required
to capture achievements in higher levels of se-
mantics and discourses.

Because the conversation could be degraded
even if the agent itself performs well, when the
other agents perform worse; games between
selected agents, or games with humans, can be
future options.
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A Appendix

A.1 LLM-Judge-Prompt

We describe the prompt (translated from origi-
nal Japanese into English) used for LLM-Judge,
explaining in two prompt parts, the developer
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prompt part and the user prompt part*. The
developer prompt part is intended to evalu-
ate assumed underlying fixed system prompts,
while the user prompt part is intended to eval-
uate the user input related texts.

A.1.1 Developer Prompt Part

This prompt part (translated from original
Japanese into English) provides an explanation
of the format of the logs supplied when perform-
ing the Judge task. In Section ??, we describe
the meaning of each JSONL key provided. Ad-
ditionally, the prompt includes control instruc-
tions such as “perform the evaluation from an
objective standpoint” and “evaluate according
to the given criteria.” Since this prompt, which
explains the log format, is particularly impor-
tant, the role parameter of the OpenAI API is
set to developer.

Table 2: Prompt template for the developer prompt
part

You are an expert capable of accurately
evaluating a Werewolf game according
to the given evaluation criteria.

1. Conduct the evaluation from an
objective standpoint.

2.  Use technical terms and proper
nouns appropriately.

3. Do not include line breaks.

# Structure of the Log Data

The provided log data is in JSONL
format with the following keys:

## Common Fields (shared across all
actions)

- ‘day‘: Day number (integer)

- ‘action: Action type (talk/whisper/sta-
tus/vote/divine/execute/guard /result)

- ‘line__number‘: Line number in the log
(integer, indicates chronological order of
actions)

## Action-Specific Fields

#4## Conversation Actions (talk/whis-
per)

“Manual for running the prompts is pub-
licly available in https://github.com/aiwolfdial/
aiwolf-nlp-1lm-judge
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- ‘talk  number‘: Utterance number

- ‘talk__count‘: Utterance count

- ‘speaker‘: Speaker name (converted to
player name; originally speaker index)
- ‘text‘: Utterance content

### Status Action (status)

- ‘player_index‘: Player index

- ‘role‘: Role

- ‘alive_ status‘: Alive/dead status
- ‘team_ name‘: Team name

- ‘player_name‘: Player name

#4## Vote Action (vote)

- ‘voter‘: Voter name (converted from
voter__index)

- ‘target‘: Vote target name (converted
from target_ index)

##+# Divination Action (divine)
- ‘diviner: Seer name (converted from
diviner__index)

‘target’:  Divination target name
(converted from target index)
- ‘divine_result‘: Divination result

### Execution Action (execute)

- ‘executed_ player*: Executed
player name (converted from exe-
cuted__player__index)

- ‘executed_ player role‘: Role of the
executed player

### Guard Action (guard)

- ‘guard_player: Guard’ s name
(converted from guard_ player index)
- ‘target_ player‘: Guard’ s target name
(converted from target_ player_index)
- ‘target_ player_ role‘: Role of the
guarded player

### Result Action (result)
‘villager survivors': Number

surviving villagers

- ‘werewolf survivors‘:

surviving werewolves

- ‘winning_team‘: Winning team

of

Number of

Note: Player indices (numbers) have
already been converted to player names




(e.g., speaker_index — speaker).

Please provide an objective and appro-
priate evaluation based on the given
evaluation criteria.

A.1.2 User Prompt Part

This prompt part provides three main elements:
“instructions for controlling output,” “character
settings for each player,” “evaluation criteria,”
and “logs to be evaluated,” with the OpenAl
API role parameter set to user.

The “instructions for controlling output” in-
clude directives for LLM-Judge, such as per-
forming relative evaluations by ranking each
player and ensuring that no duplicate ranks
occur.

For the “character settings,” the names and
profiles of each character used in a particular
game are supplied, separated by line breaks, via
{{ character_info }} to indicate which settings
were applied.

The “evaluation criteria” are provided via {{
criteria__description }} using the same text as
the criteria described in Section 4.1.

Finally, the “logs to be evaluated” are sup-
plied in JSONL format, with one JSON object
per utterance or action. As explained in the
prompt in the previous section, each JSON ob-
ject, such as {“day”:1, “action”:“talk”, ...}, is
provided line by line via {{ log }}.

Table 3: Prompt template for explaining in log
format

Please evaluate each player according to
the following criteria.

The evaluation should be conducted in
the form of a ranking, where the player
who best satisfies the given criterion is
ranked 1st.

However, ties in ranking are not allowed.
Follow the specified output format and
provide the evaluation.

#4 Character Settings
{{ character__info }}

#+# Evaluation Criteria
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{{ criteria_ description }}

#+# Log for Evaluation

{{ log }}

A.2 Evaluation Results

We show the correlations between Human and
LLM evaluations, the win rates, the subjective
evaluation scores by humans and LLMs, for
each tracks, in the following tables.



Table 4: Correlation between Human Evaluation and LLM-as-a-Judge (5-players Track)

Human and llm__same
Human and llm__all
llm__same and llm__all

A

0.85

0.84

0.98

B
0.60
0.57
0.95

C
0.75
0.70
0.90

D

E

0.67 0.75
0.65 0.72
0.84 0.97

Average
0.83
0.81
0.96

Rank
0.80
0.79
0.92

Table 5: Correlation between Human Evaluation and LLM-as-a-Judge (9-players Track)

Human and llm__same

Human and llm__all

Ilm__same and llm__all

A B C E
092 093 094 0.88 0.94
0.89 094 096 0.92 0.94
0.98 098 0.98 0.98 0.99

F Average Rank
0.79 0.95 0.92
0.91 0.96 0.94
0.94 0.99 0.97

Table 6: Correlation between Human Evaluation and LLM-as-a-Judge (Anytime-speak Track)

Human and llm__same
Human and Illm__all
Ilm__same and llm__all

A

0.81

0.70

0.96

B
0.90
0.91
0.90

C
0.91
0.80
0.93

D E
0.65 0.73
0.69 0.78
0.91 0.92

Average
0.86
0.85
0.96

Rank
0.83
0.83
0.93

Table 7: Summary of 5-players Track - Game Counts by Role with Rank

Team POSSESSED SEER VILLAGER WEREWOLF TOTAL Rank
bmd 15 15 25 19 74 1
sunamelli 17 18 25 14 74 2
redhood 16 15 24 19 74 3
ninetailed 15 15 31 14 75 4
yharada 15 15 31 14 75 5
Oxymoron 16 15 30 15 76 6
doradora__lab 15 13 30 17 75 7
CanisLupus 14 15 32 14 75 8
mrdev 14 15 32 14 75 9
yatolab 15 15 31 14 75 10
CamelliaDragons 15 15 31 15 76 11
gotsumorinlp 14 15 33 13 75 12
Luna 15 15 31 14 75 13
AGKAI 15 16 30 15 76 14
kanalab 16 15 30 14 75 15
Ty-TakutiX 12 13 32 18 75 16
noisy__watcher 16 15 31 13 75 17
maverick 15 15 31 14 75 18

Table 8: Summary of 5-players Track - Win Rates by Role (Percentages)

Team POSSESSED SEER VILLAGER WEREWOLF Macro Micro Weighted Micro
bmd 46.67 80 72 63.16 66.22  65.46 68.01
sunamelli 64.71 66.67 64 64.29 64.87  64.92 64.39
redhood 50 80 58.33 57.89 60.81  61.56 59.42
ninetailed 53.33 53.33 58.06 57.14 56 55.46 56.95
yharada 20 66.67 61.29 57.14 53.33  51.28 56.89
Oxymoron 25 40 63.33 60 50 47.08 56.82
doradora__lab 46.67 61.54 46.67 58.82 52 53.42 51.34
CanisLupus 42.86 33.33 59.38 42.86 48 44.61 51
mrdev 57.14 53.33 50 50 52 52.62 50.95
yatolab 26.67 60 54.84 35.71 46.67  44.30 47.53
CamelliaDragons 46.67 40 51.61 40 46.05  44.57 46.94
gotsumorinlp 78.57 33.33 48.48 30.77 48 47.79 45.01
Luna 46.67 40 35.48 64.29 44 46.61 44.77
AGKAI 46.67 50 43.33 40 44.74 45 43.33
kanalab 37.50 46.67 43.33 42.86 42.67  42.59 42.98
Ty-TakutiX 58.33 46.15 37.50 44.44 44 46.60 42.07
noisy__watcher 68.75 46.67 48.39 15.38 46.67  44.80 41.08
maverick 53.33 33.33 45.16 28.57 41.33  40.10 40.30
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Table 9: Subjective Evaluation of 5-players Track - Human

Team A B C D E Average Rank
Oxymoron 1.73 1.60 1.47 2.07 1.67 1.71 1
sunamelli 2.07 213 2 2.67 2.40 2.25 2
bmd 2 1.87 247 213 3.13 2.32 3
yharada 242 233 225 283 208 2.38 4
doradora__lab 2.13 2.67 247 233 267 2.45 5
mrdev 339 250 250 1.89 233 2.52 6
CamelliaDragons 3.20 2.60 2.93 233 2.73 2.76 7
noisy__watcher 2.80 2.80 2.87 3.40 3.67 3.11 8
redhood 333 333 328 294 289 3.16 9
maverick 2.89 3.44 3 3.44  3.17 3.19 10
Luna 2.67 3.17 3.72 333 3.11 3.20 11
CanisLupus 3.40 3.47 3.53 3.33 2.67 3.28 12
ninetailed 3.80 3.67 2.73 3.07 3.53 3.36 13
yatolab 3.33 3.50 3.42 4 3.83 3.62 14
Ty-TakutiX 3.78 383 383 372 294 3.62 15
gotsumorinlp 3.25  3.58 4 3.92 4 3.75 16
AGKAI 3.75 392 4.08 358 3.75 3.82 17
kanalab 4.25 3.75 3.67 3.50 4.08 3.85 18

Table 10: Subjective Evaluation Results by LLM-as-a-judge (Same) of 5-players Track - gemma-4-31b-vllm

Team A B C D E Average Rank
AGKAI 3.67 2 2.67 3 2.67 2.80 12
CamelliaDragons 2.80 3.20 1.80 1 2.60 2.28 6
CanisLupus 2.40 4 1.80 2 2.20 2.48 8
Luna 1.83 2.83 2.50 2 4 2.63 9
Oxymoron 1 2.20 1 2 2.40 1.72 3
Ty-TakutiX 4.60 4.80 4.80 4.80 4.60 4.72 18
bmd 2.60 2.40 2 1.60 3 2.32 7
doradora__lab 2 1.75 2 2 2 1.95 5
gotsumorinlp 4 3.67 3.67 3 4 3.67 16
kanalab 5 5 4.75 3.25 5 4.60 17
maverick 3.17 3,50 233 1.83 3.50 2.87 13
mrdev 1.67 1.83 1.67 2 1.33 1.70 2
ninetailed 340 320 1.60 1.80 3.20 2.64 10
noisy__watcher 3.40 420 3.60 2.60 4.40 3.64 15
redhood 3.83 2 2.67 3.67 1.83 2.80 11
sunamelli 1 1.80 1.60 1.60 2.20 1.64 1
yatolab 2.67 3.67 2.33 5 4 3.53 14
yharada 1.50 2.50 1.75 1.50 2 1.85 4

Table 11: Subjective Evaluation Results by LLM-as-a-judge (Same) of 5-players Track - gemini-2.5-pro

Team A B C D E Average Rank
AGKAI 3 1.75 250 3.50 1.75 2.50 8
CamelliaDragons 3.20 3.40 220 1.60 3.20 2.72 10
CanisLupus 2.80 3.60 3 1 1.40 2.36 7
Luna 3 3.50 3.17 3.17 3.33 3.23 13
Oxymoron 1.40 2 1.40 3.20 2.20 2.04 5
Ty-TakutiX 4.33 4.67 4.67 4 4.50 4.43 17
bmd 1.60 1.60 2.20 1.60 2.40 1.88 4
doradora__lab 2 1.40 1.80 2.60 3.20 2.20 6
gotsumorinlp 4.25 4 3.75 250 4.25 3.75 16
kanalab 5 5 4.75  3.50 5 4.65 18
maverick 3 3.67 3.50 2 3.17 3.07 12
mrdev 2 1.33 217 1.33 1.67 1.70 2
ninetailed 3.40 240 280 2 3.20 2.76 11
noisy__watcher 4.20 4 3.40 3.20 3.80 3.72 15
redhood 2.83 233 3.17 250 2.17 2.60 9
sunamelli 1.80 1.80 1.80 1 2.60 1.80 3
yatolab 3.75 3.25 4 3 3.50 3.50 14
yharada 2 2.25 1.75 1 1.25 1.65 1
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Table 12: Subjective Evaluation Results by LLM-as-a-judge (Same) of 5-players Track - gpt-5.4

Team A B C D E Average Rank
AGKAI 3 1.50 3 3.50 1.50 2.50 8
CamelliaDragons 2.20 3.40 260 1.20 2.80 2.44 7
CanisLupus 3.80 4.40 3.60 1.80 3.20 3.36 11
Luna 2.50 3.17 3 3.83 4 3.30 10
Oxymoron 1.20 2.60 2 2.60 1.80 2.04 5
Ty-TakutiX 4.67 4.33 4.67 3.67 433 4.33 18
bmd 1.80 1.40 2.40 3 2.40 2.20 6
doradora__lab 1.80 1.60 1.80 1.60 2.40 1.84 3
gotsumorinlp 3.25  4.25 3.25 4.25 3.75 3.75 14
kanalab 5 4.75 475 275 4 4.25 16
maverick 3.50 3.67 3.83 233 3.0 3.37 12
mrdev 2.83 1.17 233 233 1.50 2.03 4
ninetailed 3.60 2.60 240 2.60 4.20 3.08 9
noisy__watcher 3.60 4.20 3.80 3.20 4.20 3.80 15
redhood 4.17 3 3.17 3.83 2.67 3.37 13
sunamelli 1.40 2 1.80 1.80 1.60 1.72 2
yatolab 4 4.25 3.75 4.75 4.50 4.25 16
yharada 1.50 2 1.50 1.50 1.50 1.60 1

Table 13: Subjective Evaluation Results by LLM-as-a-judge (Same) of 5-players Track - claude-sonnet-4-5

Team A B C D E Average Rank
AGKAI 4 2.50 3.75 425 2.25 3.35 13
CamelliaDragons 2.80 3 2 2.20 2.80 2.56 8
CanisLupus 2.60 3 2.20 1.80 2 2.32 7
Luna 3 3 2.33 4 3.33 3.13 12
Oxymoron 1.20 1.80 1 3 1.80 1.76 2
Ty-TakutiX 4.17 4.50 4.17 267 4 3.90 17
bmd 1.40 1.80 2.40 1.40 2 1.80 3
doradora__lab 1 1.80 2 2.60 2.60 2 5
gotsumorinlp 3.50 4 3 2.50 4 3.40 14
kanalab 4.75 5 5 3 5 4.55 18
maverick 3 3.67 283 1.67 4 3.03 10
mrdev 2.83 217 1.67 283 1.17 2.13 6
ninetailed 3.40 3.60 2.60 220 3.80 3.12 11
noisy__watcher 4.40 4 3 3.20 4 3.72 16
redhood 3,50 2,50 2.83 333 217 2.87 9
sunamelli 1.80 2 1.60 1.40 2.40 1.84 4
yatolab 2.75 3.50 3.25 4 4.25 3.55 15
yharada 1.50 2 1 1 1.50 1.40 1

Table 14: Subjective Evaluation Results by LLM-as-a-judge (Same) of 5-players Track - qwen3-6-27b-vllm

Team A B C D E Average Rank
AGKAI 3.50 1 2 3.25  2.50 2.45 5
CamelliaDragons 3.20 3.80 2.80 3.20 2.80 3.16 11
CanisLupus 2.40 3.60 2.40 3.60 2 2.80 8
Luna 3.67 333 3.17 283 417 3.43 14
Oxymoron 1.40 220 220 2.80 1.40 2.00 3
Ty-TakutiX 4.33 4.83 4.67 3.67 3.33 4.17 17
bmd 2.40 240 2.80 240 3 2.60 7
doradora_ lab 240 2.60 2.60 1.80 2.80 2.44 4
gotsumorinlp 3.25 3.25 3.25 3 3.75 3.30 12
kanalab 4.75 3.75 4.25 3.75 4 4.10 16
maverick 2.83  3.50 3 3.50 3.67 3.30 12
mrdev 1.83 1.67 233 133 1.83 1.80 2
ninetailed 3.40 2.60 240 1.80 4 2.84 9
noisy__watcher 3.60 3.20 4 3.20  3.20 3.44 15
redhood 3 3 3.33 383 233 3.10 10
sunamelli 1.60 1.40 1.80 1 2.80 1.72 1
yatolab 4.50 4.75 4 4.50 4 4.35 18
yharada 2.25 3 2.75 225 250 2.55 6
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Table 15: Subjective Evaluation Results by LLM-as-a-judge (Same) of 5-players Track - Average over
LLMs

Team A B C D E Average Rank
AGKAI 3.43 1.75 278 350 2.13 2.72 9
CamelliaDragons 2.84 3.36 2.28 1.84 2.84 2.63 7
CanisLupus 280 3.72 260 2.04 216 2.66 8
Luna 2.80 3.17 283 3.17 3.77 3.15 13
Oxymoron 1.24 216 1.52 272 1.92 1.91 4
Ty-TakutiX 442 4.63 4.59 3.76 4.15 4.31 17
bmd 1.96 1.92 2.36 2 2.56 2.16 6
doradora__lab 1.84 1.83 2.04 212 260 2.09 5
gotsumorinlp 3.65 383 338 3.05 395 3.57 14
kanalab 490 4.70 4.70 3.25 4.60 4.43 18
maverick 3.10 3.60 3.10 2.27 3.57 3.13 12
mrdev 223 1.63 2.03 197 1.50 1.87 3
ninetailed 3.44 288 236 2.08 3.68 2.89 10
noisy_ watcher 3.84 392 356 3.08 3.92 3.66 15
redhood 3.47 257 3.03 343 2.23 2.95 11
sunamelli 1.52 1.80 1.72 136 2.32 1.74 1
yatolab 3.53 3.88 347 425 4.05 3.84 16
yharada 175 235 175 145 1.75 1.81 2

Table 16: Subjective Evaluation Results by LLM-as-a-judge (All) of 5-players Track - claude-sonnet-4-5

Team A B C D E Average Rank
AGKAI 3.99 257 321 358 222 3.11 12
CamelliaDragons 2.45 3.24 253 238 2.1 2.62 9
CanisLupus 2.19 3.16 223 219 2.08 2.37 7
Luna 237 335 256 3.23 4.11 3.12 13
Oxymoron 1.37 2.83 1.76 258 2.05 2.12 6
Ty-TakutiX 4 4.45 420 3.39 3.89 3.99 17
bmd 1.72 1.88 1.69 1.46 2.18 1.78 2
doradora__lab 1.39 175 207 199 255 1.95 3
gotsumorinlp 3.93 4.12 381 256 4.29 3.74 16
kanalab 4.56 4.31 4.32 3.12 4.31 4.12 18
maverick 2.81 384 339 219 3.61 3.17 14
mrdev 239 1.71 159 236 2.12 2.03 4
ninetailed 340 3.07 199 3.15 3.51 3.02 10
noisy__watcher 3.85 3.64 288 3.60 3.87 3.57 15
redhood 3.72 216 188 3.19 192 2.57 8
sunamelli 2.01 228 1.78 2.04 228 2.08 5
yatolab 3.07 328 180 3.03 3.96 3.03 11
yharada 1.27 196 1.40 135 1.69 1.53 1

Table 17: Subjective Evaluation Results by LLM-as-a-judge (All) of 5-players Track - gpt-5.4

Team A B C D E Average Rank
AGKAI 3.41 2.04 3.04 336 2.36 2.84 9
CamelliaDragons 2.67 3.38 299 1.95 2.54 2.71 7
CanisLupus 3.08 3.81 341 261 248 3.08 11
Luna 2.87 3.3 3.11 3.23 4.19 3.38 13
Oxymoron 1.72 288 228 3.12 232 2.46 6
Ty-TakutiX 4.69 4.32 4.64 377 4.32 4.35 18
bmd 1.68 1.88 214 185 1.88 1.88 2
doradora__lab 1.73  1.67 228 228 241 2.07 3
gotsumorinlp 3.48 3.77 3.73 3.48 4.32 3.76 16
kanalab 4.69 4.27 447 3.65 4.04 4.22 17
maverick 3.44 3.87 395 2.05 3.60 3.38 12
mrdev 3.08 1.77 232 227 199 2.29 5
ninetailed 3.28 255 251 333 3.68 3.07 10
noisy_ watcher 349 3.77 343 393 3.84 3.69 15
redhood 3.70 236 266 3.14 2.18 2.81 8
sunamelli 177 239 218 215 2.18 2.13 4
yatolab 3.61 383 293 349 3.96 3.57 14
yharada 1.52 1.88 1.72 1.61 1.72 1.69 1
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Table 18: Subjective Evaluation Results by LLM-as-a-judge (All) of 5-players Track - gemma-4-31b-vllm

Team A B C D E Average Rank
AGKAI 3.86 2.53 247 3.17 249 2.90 11
CamelliaDragons 2.78 3.42 234 2 2.43 2.59 9
CanisLupus 2.56 3.32 229 167 219 2.41 8
Luna 2.57 339 2.08 3 4.13 3.03 13
Oxymoron 1.59 2.80 1.64 249 2.28 2.16 6
Ty-TakutiX 441 4.39 441 3.28 4.13 4.13 17
bmd 2 1.92 158 1.38 2.34 1.84 3
doradora_ lab 147 196 1.89 1.63 2.67 1.92 4
gotsumorinlp 3.67 391 3.31 264 443 3.59 16
kanalab 4.79 459 435 3.65 4.65 4.41 18
maverick 3.12 383 333 192 347 3.13 14
mrdev 1.96 1.61 1.60 193 1.80 1.78 2
ninetailed 340 2.77 180 256 3.37 2.78 10
noisy__watcher 3.63 3.65 297 347 3.83 3.51 15
redhood 331 205 182 273 182 2.35 7
sunamelli 1.99 234 155 154 251 1.99 5
yatolab 3.17 337 207 287 343 2.98 12
yharada 1.52 212 1.20 1.20 1.99 1.61 1

Table 19: Subjective Evaluation Results by LLM-as-a-judge (All) of 5-players Track - gemini-2.5-pro

Team A B C D E Average Rank
AGKAI 3.82 267 329 3.36 246 3.12 12
CamelliaDragons 2.83 3.30 284 232 2.54 2.77 9
CanisLupus 2.33 320 264 173 197 2.38 7
Luna 2.81 328 324 3.07 387 3.25 14
Oxymoron 1.63 246 2.13 250 2.03 2.15 6
Ty-TakutiX 4.19 4.36 443 337 4.05 4.08 17
bmd 172 199 185 1.57 2.16 1.86 3
doradora_ lab 1.51 1.88 2.13 1.81 2.59 1.98 4
gotsumorinlp 4.36  3.99 3.77 2.67 4.25 3.81 16
kanalab 4.69 4.53 441 3.69 4.55 4.38 18
maverick 2.87 3.76 341 204 3.35 3.09 11
mrdev 2.05 1.52 147 180 1.77 1.72 2
ninetailed 337 284 260 3.08 344 3.07 10
noisy__watcher 3.41 359 3.07 3.57 3.57 3.44 15
redhood 2.66 2.05 242 296 184 2.39 8
sunamelli 2.19 249 201 1.78 2.26 2.15 5
yatolab 3.47 331 255 283 3.84 3.20 13
yharada 141 197 151 129 1.69 1.58 1

Table 20: Subjective Evaluation Results by LLM-as-a-judge (All) of 5-players Track - qwen3-6-27b-vllm

Team A B C D E Average Rank
AGKAI 2.80 220 236 296 2.39 2.56 8
CamelliaDragons 3.14 3.50 3.05 245 291 3.01 10
CanisLupus 3.27 345 296 2.84 273 3.05 11
Luna 3.09 3,59 312 3.03 4 3.37 13
Oxymoron 2.12 279 241 2.80 250 2.52 7
Ty-TakutiX 4.01 420 4.08 3.51 3.69 3.90 17
bmd 220 2.14 241 227 220 2.24 3
doradora__lab 2.20 217 227 2,57  2.60 2.36 5
gotsumorinlp 3.09 3.05 340 295 3.77 3.25 12
kanalab 4.55 3.87 4.04 3.28 393 3.93 18
maverick 345 384 376 299 349 3.51 15
mrdev 2.63 1.80 211 219 2.09 2.16 2
ninetailed 2.79 269 239 283 324 2.79 9
noisy__watcher 3.48 3.87 3.60 3.19 3.96 3.62 16
redhood 2.50 254 258 286 2.03 2.50 6
sunamelli 2.26 247 236 236 231 2.35 4
yatolab 3,51 336 344 3.20 3.55 3.41 14
yharada 1.87 217 2.04 223 236 2.13 1
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Table 21: Subjective Evaluation Results by LLM-as-a-judge (All) of 5-players Track - Average over LLMs

Team A B C D E Average Rank
AGKAI 3.59 240 2.87 3.28 238 2.91 10
CamelliaDragons 2.77 3.37 275 222 259 2.74 9
CanisLupus 2.69 339 271 221 229 2.66 8
Luna 2.74 343 282 3.11 4.06 3.23 12
Oxymoron 1.69 275 2.04 270 2.23 2.28 6
Ty-TakutiX 4.26 4.34 4.35 346 4.02 4.09 17
bmd 1.86 1.96 193 171 215 1.92 2
doradora__lab 1.66 1.89 2.13 2.06 2.56 2.06 4
gotsumorinlp 3.71 3.77 3.61 286 4.21 3.63 16
kanalab 4.66 4.31 4.32 348 4.30 4.21 18
maverick 3.14 383 357 224 3.,50 3.25 14
mrdev 242 1.68 1.82 211 1.95 2.00 3
ninetailed 3.25 278 226 299 3.45 2.95 11
noisy__watcher 3,57 370 3.19 355 3.81 3.57 15
redhood 3.18 224 227 298 1.96 2.52 7
sunamelli 2.04 239 198 1.98 231 2.14 5
yatolab 3.37 343 256 3.08 3.75 3.24 13
yharada 1.52  2.02 1.57 154 1.89 1.71 1

Table 22: Win Rates of 9-players Track (B: BODYGUARD, M: MEDIUM, P: POSSESSED, S: SEER, V:
VILLAGER, W: WEREWOLF)

Team B M P S \% W TOTAL Macro Micro Weighted Micro
bmd 50 100 50 50 83.33 75 19 73.68  68.05 75
yshimoda 100 50 100 100  66.67 66.67 17 76.47  80.56 73.08
Oxymoron 66.67 50 50 50 83.33 75 19 68.42  62.50 72.43
mrdev 50 50 100 100  66.67 50 18 66.67  69.45 65.39
yharada 50 100 50 0 60 80 18 61.11  56.67 61.54
sunamelli 50 50 50 50 33.33 100 18 55.55  55.55 53.84
doradora__lab 0 0 100 0 71.43 50 17 52.94 36.91 52.20
yatolab 100 50 50 42.86 66.67 17 47.06  51.59 50.55
AGKAI 50 50 100  33.33 60 19 47.37  48.89 44.61
CamelliaDragons 0 0 66.67 60 33.33 17 41.18 35 44.36
redhood 50 100 50 0 33.33 50 18 44.44  47.22 42.31
ninetailed 50 0 50 100  33.33 25 17 35.29  43.05 36.54
noisy__watcher 50 100 50 50 16.67 20 19 36.84  47.78 31.54
kanalab 66.67 0 50 50 33.33 0 19 31.58  33.33 28.20
CanisLupus 0 0 0 0 33.33 0 18 11.11 5.55 15.38

Table 23: Subjective Evaluation Results of 9-players Track - Human

Team A B C D E F Average Rank
yharada 237 270 243 267 1.87 297 2.50 1
sunamelli 322 341 3.07 3.15 356 3.33 3.29 2
mrdev 3.55 297 3.67 324 4.12 3.00 3.42 3
Oxymoron 3,52 3.79 352 4.06 3.36 4.06 3.72 4
yshimoda 3.64 4.67 4.12 452 3.55 4.67 4.19 5
doradora__lab 4.83 4 5.07 4.60 5.13 4.30 4.66 6
bmd 4.85 4.70 5.15 458 4.64 4.33 4.71 7
AGKAI 5.13 4.62 531 451 6.46 4.67 5.12 8
noisy__watcher 4.55 5.00 5.42 5.55 5.00 5.42 5.16 9
CanisLupus 5.63 5.56 537 544 430 544 5.29 10
ninetailed 6 6.10 5.13 5.50 6 5.93 5.78 11
redhood 579 6.15 5.82 6.00 554 6.28 5.93 12
yatolab 6.08 5.78 561 6.39 6.69 5.56 6.02 13
CamelliaDragons 6.78 6.52 6.30 5.96 5.74 6.15 6.24 14
kanalab 8.44 842 819 8.06 7.83 8.19 8.19 15
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Table 24: Subjective Evaluation Results by LLM-as-a-judge (Same) of 9-players Track - gemini-2.5-pro

Team A B C D E F Average Rank
AGKAI 3.54 323 585 346 454 3.31 3.99 8
CamelliaDragons 5.89 5 5.11 4 5.22 5.44 5.11 10
CanisLupus 4.22 456 3.56 4.78 222 4.78 4.02 9
Oxymoron 391 336 3.09 4.82 236 4.82 3.73 5
bmd 3.82 3 445 3.45 3.64 3.82 3.70 4
doradora__lab 4.70 2.70 4.80 3.40 3.10 4.70 3.90 6
kanalab 8.33 7.92 842 7 8.58 7.42 7.94 15
mrdev 3.18 1.82 282 291 327 245 2.74 3
ninetailed 520 3.80 6.10 5.90 6.70 6.30 5.67 13
noisy__watcher 4.55 573 4.91 4.64 6 5.45 5.21 11
redhood 5.38 5.62 5 6.15 4.23 6.54 5.49 12
sunamelli 1.44 2.89 2.78 2 3.67 3 2.63 2
yatolab 492 6.33 6.33 658 517 4.83 5.69 14
yharada 290 220 250 3.60 1.70 2.50 2.57 1
yshimoda 4 291 336 491 3.18 5.09 3.91 7

Table 25: Subjective Evaluation Results by LLM-as-a-judge (Same) of 9-players Track - gemma-4-31b-vllm

Team A B C D E F Average Rank
AGKAI 3.85 4.08 3.77 3.23 6 3.46 4.06 7
CamelliaDragons 4.33 7.33 3.78 3.44 4.89 5.67 4.91 11
CanisLupus 2.78 6.22 4.11 4.67 3.22 4.89 4.31 9
Oxymoron 1.91 536 255 345 436 5.73 3.89 6
bmd 436 3.36 227 245 5.09 4.18 3.62 5
doradora__lab 2.60 3 3.50 3.10 5 4 3.53 4
kanalab 8.67 842 742 742 817 5.67 7.63 15
mrdev 2.64 245 2.36 3 3.55 4 3 3
ninetailed 6.30 5.50 240 540 5.70 5.40 5.12 13
noisy__watcher 518 491 3.82 573 555 345 4.77 10
redhood 5.15 6.46 4 5.38 5.15 6.38 5.42 14
sunamelli 344 333 133 156 344 4 2.85 2
yatolab 517 492 283 550 733 4.83 5.10 12
yharada 220 380 190 140 220 4.40 2.65 1
yshimoda 245 545 345 336 382 5091 4.08 8

Table 26: Subjective Evaluation Results

by LLM-as-a-judge

(Same) of 9-players Track - claude-sonnet-4.5

Team A B C D E F Average Rank
AGKAI 292 485 354 323 6.38 3.38 4.05 8
CamelliaDragons 4.11 7.22 5.22 233 3.78 5.89 4.76 11
CanisLupus 2.89 544 389 456 2.89 544 4.19 9
Oxymoron 1.45 5 291 3.64 418 5.18 3.73 5
bmd 3.09 4 3.73 245 491 445 3.77 6
doradora__lab 1.70 3.30 4.70 3.20 5.60 4.30 3.80 7
kanalab 850 7.92 7.50 6.08 8 6.50 7.42 15
mrdev 336 291 218 4.64 3.64 3.27 3.33 3
ninetailed 4 6.70 2.40 4.90 6 4.90 4.82 12
noisy__watcher 4.36 4.55 3.82 6.45 5.55 3.45 4.70 10
redhood 4.85 5.46 4.62 6 5.15 6.31 5.40 14
sunamelli 2.80 222 267 256 311 278 2.70 2
yatolab 4.08 4.83 442 6.42 6.50 4.58 5.14 13
yharada 2 2.90 2 1.40 1.60 3.70 2.27 1
yshimoda 1.09 5 2.73 4.09 3.18 4.64 3.45 4
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Table 27: Subjective Evaluation Results by LLM-as-a-judge (Same) of 9-players Track - gpt-5.4

Team A B C D E F Average Rank
AGKAI 3.54 431 4.69 269 6.23 3.31 4.13 4
CamelliaDragons 6.22 6.89 6.44 256 5.44 5 5.43 10
CanisLupus 6.56 6.22 5.56 5 4.11 5.44 5.48 12
Oxymoron 3.09 5 4 4.82 4.27 591 4.52 7
bmd 4.64 291 427 436 445 4.27 4.15 5
doradora__lab 4.20 3 4.90 5 4.20 3.90 4.20 6
kanalab 8.42 842 842 7.67 842 5.75 7.85 15
mrdev 5.36 245 3.82 273 3.45 3.27 3.52 3
ninetailed 6.10 5.10 4.70 5.20 6.50 5.20 5.47 11
noisy__watcher 6.09 555 536 591 527 4.36 5.42 9
redhood 6.62 6.69 5.77 6.15 5.08 6.54 6.14 14
sunamelli 2.44 3 2.89 2.67 256 4.44 3 2
yatolab 533 5.50 4.17 6.75 717 5.75 5.78 13
yharada 1.80 2.60 2.70 2.30 1.80 3.80 2.50 1
yshimoda 4 6.55 5.64 4.73 4.45 7 5.39 8

Table 28: Subjective Evaluation Results by LLM-as-a-judge (Same) of 9-players Track - qwen3-6-27b-vllm

Team A B C D E F Average Rank
AGKAI 4.62 3 331 285 5.77 331 3.81 3
CamelliaDragons 5.11 6.78 4.78 5.89 4.89 5.33 5.46 12
CanisLupus 6 4.33 4.89 5.67 444 5.56 5.15 10
Oxymoron 5.64 527 4.55 4.09 4.64 527 4.91 8
bmd 4.64 4 4 4.55 3.64 4.45 4.21 5
doradora__lab 5 4.50 4.70 4.30 3.80 3.60 4.32 6
kanalab 8.33 8.08 7.67 6.58 7 5.33 7.17 15
mrdev 2.64 327 418 273 3.73 3.55 3.35 1
ninetailed 4 5.10 3.70 4.40 5 4.50 4.45 7
noisy__watcher 5.18 5 591 5,55 6.09 5.45 5.53 13
redhood 6 6.31 5.15 5.77 554 5.08 5.64 14
sunamelli 3.33 3.78 3.67 3.11 422 3.11 3.54 2
yatolab 517 5.08 4.92 442 642 4.92 5.15 11
yharada 2.60 4.30 5.10 4.20 3.90 3.90 4.00 4
yshimoda 4.64 564 382 573 436 5.36 4.92 9

Table 29: Subjective Evaluation Results by LLM-as-a-judge (Same) of 9-players Track - Average over
LLMs

Team A B C D E F Average Rank
AGKAI 3.69 389 423 3.09 578 3.35 4.01 6
CamelliaDragons 5.13 6.64 5.07 3.64 4.84 547 5.13 12
CanisLupus 449 5.36 440 493 3.38 5.22 4.63 9
Oxymoron 3.20 4.80 342 4.16 3.96 5.38 4.15 7
bmd 4.11 3.45 3.75 345 435 4.24 3.89 4
doradora__lab 3.64 330 452 380 4.34 4.10 3.95 5
kanalab 8.45 815 7.88 6.95 8.03 6.13 7.60 15
mrdev 3.44 258 3.07 320 353 331 3.19 3
ninetailed 5.12 524 386 5.16 5.98 5.26 5.10 10
noisy__watcher 5.07 5.15 476 5.65 5.69 4.44 5.13 11
redhood 5.60 6.11 491 589 5.03 6.17 5.62 14
sunamelli 2.71 3.04 267 238 340 347 2.94 2
yatolab 493 533 453 593 6.52 4.98 5.37 13
yharada 230 3.16 284 258 224 3.66 2.80 1
yshimoda 324 511 380 4.56 3.80 5.60 4.35 8
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Table 30: Subjective Evaluation Results by LLM-as-a-judge (All) of 9-players Track - gemini-2.5-pro

Team A B C D E F Average Rank
AGKAI 3.79 353 6.21 3.53 5 3.89 4.32 8
CamelliaDragons 5.24 547 524 494 412 5.71 5.12 10
CanisLupus 4.72 4.44 4 4.61 3.67 4.67 4.35 9
Oxymoron 3 332 289 411 253 4.37 3.37 4
bmd 3.53 311 421 374 384 3.63 3.68 5
doradora__lab 3.94 335 429 347 276 441 3.71 6
kanalab 842 789 837 7.05 8.63 7.37 7.96 15
mrdev 2.83 256 272 294 350 294 2.92 2
ninetailed 6.12 4.71 6.06 5.76 7.06 6.59 6.05 14
noisy__watcher 4.32 537 532 5.74 532 547 5.25 11
redhood 5.78 6 522 589 528 6.39 5.76 12
sunamelli 2.17 2,50 3.17 261 344 3.61 2.92 3
yatolab 518 6.35 6.76 6.88 541 4.76 5.89 13
yharada 2.11 2.06 228 294 178 2389 2.34 1
yshimoda 4.24 282 3.65 4.53 341 4388 3.92 7

Table 31: Subjective Evaluation Results by LLM-as-a-judge (All) of 9-players Track - gemma-4-31b-vllm

Team A B C D E F Average Rank
AGKAI 347 432 2.89 3 6.37 3.89 3.99 8
CamelliaDragons 4.35 6.94 4.12 3.82 5 5.53 4.96 11
CanisLupus 3.72 6.56 4.56 533 294 4.61 4.62 9
Oxymoron 1.79 5 1.89 2.63 4.05 5 3.39 5
bmd 421 3.63 211 279 516 4.37 3.71 6
doradora__lab 2.35 253 271 335 494 4.18 3.34 4
kanalab 8.58 837 7.63 7 8.32 6.11 7.67 15
mrdev 2.61 250 183 294 333 3.89 2.85 3
ninetailed 6.53 6 2.82  4.47 6 4.88 5.12 12
noisy__watcher 495 495 342 5.05 5.58 4.58 4.75 10
redhood 5.28 6.50 4 5.72 5.33 5.89 5.45 14
sunamelli 328 3.06 1.17 156 3.67 4.06 2.80 2
yatolab 529 541 3.12 5.12 7.53 5 5.25 13
yharada 239 3.67 150 178 283 4.11 2.71 1
yshimoda 241 553 294 329 382 547 3.91 7

Table 32: Subjective Evaluation Results by LLM-as-a-judge (All) of 9-players Track - claude-sonnet-4-5

Team A B C D E F Average Rank
AGKAI 2.74 468 4.16 3.58 6.53 3.63 4.22 8
CamelliaDragons 3.24 6.94 459 394 3.65 594 4.72 10
CanisLupus 3.28 6.28 383 3.83 356 5.44 4.37 9
Oxymoron 1.53 458 242 384 3.63 4.42 3.40 4
bmd 2.89 3.79 3.37 295 4.68 4.74 3.74 7
doradora__lab 2.12  2.65 3.76 4 5.06 3.76 3.56 5
kanalab 858 795 7.68 579 826 6.58 7.47 15
mrdev 3.89 278 261 4.67 3.06 3.11 3.35 3
ninetailed 494 6.59 259 494 6.35 4.94 5.06 12
noisy__watcher 5.11 4.11 342 6.05 5.21 4.68 4.76 11
redhood 5.06 5.72 489 6.06 5.44 6.11 5.55 14
sunamelli 2.61 250 217 278 333 344 2.81 2
yatolab 4.06 535 494 6.71 6.71 5.12 5.48 13
yharada 1.78 3.33 156 128 222 3.72 2.31 1
yshimoda 2.18 5.35 247 4.06 3.53 4.82 3.74 6
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Table 33: Subjective Evaluation Results by LLM-as-a-judge (All) of 9-players Track - gpt-5.4

Team A B C D E F Average Rank
AGKAI 3.89 453 4.89 321 6.58 3.58 4.45 7
CamelliaDragons 5.82 6.53 5.82 2.65 4.88 5.47 5.20 9
CanisLupus 6.61 6.56 6.33 5.50 4.56 5.67 5.87 12
Oxymoron 3.16 484 374 421 384 537 4.19 6
bmd 421 3.05 453 384 411 421 3.99 4
doradora__lab 4 2.76 4.71 5.18 441 3.59 4.11 5
kanalab 8.47 837 847 732 837 6.53 7.92 15
mrdev 5.72  2.56 4 3.22 339 328 3.69 3
ninetailed 6.59 5.82 518 494 6.65 5.12 5.72 11
noisy__watcher 5.68 5.26 5 6.21 5.95 5.37 5.58 10
redhood 6.50 6.56 594 6.28 544 6.56 6.21 14
sunamelli 2.28 3.11 256 294 278 4.22 2.98 2
yatolab 5.47 5.88 5 6.82 7.47 588 6.09 13
yharada 2.11  2.67 2.67 211 2 3.56 2.52 1
yshimoda 429 6.29 512 4.18 441 594 5.04 8

Table 34: Subjective Evaluation Results by LLM-as-a-judge (All) of 9-players Track - qwen3-6-27b-vllm

Team A B C D E F Average Rank
AGKAI 458 395 3.84 3.21 6 3.89 4.25 6
CamelliaDragons 5.12 6.71 5.29 6.35 5.24 5.59 5.72 14
CanisLupus 6.22 539 5.61 556 4.56 5.89 5.54 12
Oxymoron 5 4.74 411 3.89 4.05 4.58 4.39 7
bmd 4.11 4 4.11 432 353 4.53 4.10 5
doradora__lab 4 3.47 4.18 4.06 4 3.12 3.80 4
kanalab 837 789 795 6.37 7 5.47 7.18 15
mrdev 322 317 356 294 394 3.33 3.36 1
ninetailed 5.12 582 424 471 529 4.59 4.96 9
noisy__watcher 5,53 4.74 563 574 558 4.84 5.34 10
redhood 6.17 6.22 539 583 544 517 5.70 13
sunamelli 3.06 3.61 339 356 417 3.72 3.58 2
yatolab 5.12 547 4.76 447 6.59 5.76 5.36 11
yharada 2.80 389 4.06 3.67 4.17 3.72 3.73 3
yshimoda 4.76 547 3.88 553 4.82 465 4.85 8

Table 35: Subjective Evaluation Results by LLM-as-a-judge (All) of 9-players Track - Average over LLMs

Team A B C D E F Average Rank
AGKAI 3.69 420 440 331 6.09 3.78 4.25 7
CamelliaDragons 4.75 6.52 5.01 4.34 4.58 5.65 5.14 11
CanisLupus 491 5.84 487 497 3.86 5.26 4.95 9
Oxymoron 2.89 449 3.01 374 362 475 3.75 5
bmd 3.79 352 3.66 3.53 426 4.29 3.84 6
doradora__lab 328 295 393 4.01 424 381 3.70 4
kanalab 8.48 8.09 8.02 6.71 812 641 7.64 15
mrdev 3.66 271 294 334 344 331 3.24 3
ninetailed 586 5.79 4.18 496 6.27 5.22 5.38 12
noisy__watcher 512 4.88 4.56 5.76 553 4.99 5.14 10
redhood 576 6.20 5.09 596 539 6.02 5.74 14
sunamelli 2.68 296 249 269 348 3.81 3.02 2
yatolab 5.02 5.69 492 6.00 6.74 5.31 5.61 13
yharada 226 312 241 236 260 3.60 2.72 1
yshimoda 3.58 5.09 3.61 4.32 4 5.15 4.29 8
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Table 36: Win Rates of Anytime-speak Track (P: POSSESSED, S: SEER, V: VILLAGER, W: WERE-

WOLF)
Team P%) S%) V(%) W (%) TOTAL Macro (%) Micro (%) Weighted Micro (%)
CamelliaDragons 66.67 66.67  83.33 33.33 15 66.67 62.50 66.66
AGKAI 0 100 66.67 75 15 66.67 60.42 65.91
yatolab 33.33 33.33  83.33 33.33 15 53.33 45.83 60.60
sunamelli 33.33 3333  83.33 33.33 15 53.33 45.83 60.60
CanisLupus 0 66.67  83.33 33.33 15 53.33 45.83 60.60
kanalab 66.67  66.67  66.67 33.33 15 60 58.34 57.58
Oxymoron 33.33 33.33  66.67 33.33 15 46.67 41.66 51.52
noisy__watcher 33.33 100 33.33 33.33 15 46.66 50 39.39
redhood 50 66.67 50 0 15 46.67 41.67 37.88
yharada 0 100 50 0 15 40 37.50 36.36

Table 37: Subjective Evaluation Results of Anytime-speak Track - Human

Team A B C D E Average Rank
AGKAI 1.94 217 2.00 250 244 2.21 1
yharada 2.53 227 233 233 247 2.39 2
yatolab 2.61 250 244 228 267 2.50 3
sunamelli 233 273 287 333 280 2.81 4
Oxymoron 239 283 294 339 2.67 2.84 5
redhood 3.11 3 3 3.00 3.78 3.18 6
noisy_ watcher 3.60 3.13 3.27 3.40 253 3.19 7
CanisLupus 3.80 3.3 3.27 3.27 293 3.36 8
CamelliaDragons 4.00 4.13 4.20 3.47 3.07 3.77 9
kanalab 3.89 383 383 317 4.44 3.83 10

Table 38: Subjective Evaluation Results by LLM-as-a-judge (Same) of Anytime-speak Track - gemma-4-

31b-vllm

Team A B C D E Average Rank
AGKAI 1.67 1.67 1 2.33 2 1.73 1
CamelliaDragons 2.80 3.80 3.20 2 2.20 2.80 7
CanisLupus 2.60 3.80 2.60 260 1.80 2.68 6
Oxymoron 2 2.83 2.50 4 2 2.67 5
kanalab 5 5 4.67  2.33 5 4.40 10
noisy__watcher 3 3.20 3 2.80 3.20 3.04 8
redhood 2.83 283 283 350 3.67 3.13 9
sunamelli 240 240 180 3.20 3 2.56 4
yatolab 2.67 2.67 1.33 1 3.83 2.30 3
yharada 2 1.80 1.60 1 3 1.88 2

Table 39: Subjective Evaluation Results by LLM-as-a-judge (Same) of Anytime-speak Track - claude-

sonnet-4-5

Team A B C D E Average Rank
AGKAI 2.33 2 1.50 2.83 1.67 2.07 2
CamelliaDragons 2.20 3.60 3.80 2.20 1.60 2.68 6
CanisLupus 1.80 3.80 3.20 3.40 2.60 2.96 7
Oxymoron 1.67 3 2 4 2.50 2.63 5
kanalab 5 4.83 3.83 2.17 5 4.17 10
noisy__watcher 3.80 3 3.40 3.60 3.20 3.40 9
redhood 2.83 233 283 383 4.17 3.20 8
sunamelli 2.80 220 140 2.60 2.80 2.36 4
yatolab 2.67 3 1 1.83 3.17 2.33 3
yharada 1.60 1.40 1.60 1 2.80 1.68 1
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Table 40: Subjective Evaluation Results by LLM-as-a-judge (Same) of Anytime-speak Track - qwen3-6-

27b-vllm
Team A B C D E Average Rank
AGKAI 1.67 1.83 2.50 1.67 2 1.93 1
CamelliaDragons 2.60 4 3 3 3.20 3.16 6
CanisLupus 3.40 420 280 3.40 3 3.36 8
Oxymoron 3.67 3.50 3.33 4.67 3.50 3.73 10
kanalab 4.17 3.33 3.83 3 3.50 3.57 9
noisy__watcher 3.60 2.80 280 3.60 3.40 3.24 7
redhood 333 217 333 250 267 2.80 4
sunamelli 1.40 4 3.20 2.60 2.80 2.80 4
yatolab 2 3 2.83 2.17 3 2.60 3
yharada 220 140 1.60 2.80 2.80 2.16 2

Table 41: Subjective Evaluation Results by LLM-as-
pro

a-judge (Same) of Anytime-speak Track - gemini-2.5-

Team A B C D E Average Rank
AGKAI 2.17 1.33 1.67 3 1.67 1.97 2
CamelliaDragons 1.80 4 3.80 1.80 2.60 2.80 7
CanisLupus 2.60 3.80 3.80 2.60 1 2.76 6
Oxymoron 1.33 217 217 4.50 2 2.43 3
kanalab 5 5 4.50 2.33 5 4.37 10
noisy__watcher 3 2.60 2.80 3.80 2.80 3 8
redhood 3 2.67 3 3 3.50 3.03 9
sunamelli 2.60 240 2.60 2.60 3 2.64 4
yatolab 2.67 3.17 250 1.67 3.33 2.67 5
yharada 1.80 1.80 1.40 140 2.40 1.76 1

Table 42: Subjective Evaluation Results by LLM-as-a-judge (Same) of Anytime-speak Track - gpt-5.4

Team A B C D E Average Rank
AGKAI 1.67 1.67 2 3 1.67 2.00 2
CamelliaDragons 3.40 3.80 4 2.20 2.80 3.24 6
CanisLupus 4 4.20 3.80 240 2.40 3.36 8
Oxymoron 2.50 3.67 3.50 4.33 2.67 3.33 7
kanalab 5 4.33 4 2.33  4.50 4.03 10
noisy__watcher 3.80 340 380 340 3.80 3.64 9
redhood 2.50 2.50 3.33 4.33 3.17 3.17 5
sunamelli 2.60 2.40 2 3 2.60 2.52 3
yatolab 3 2.33 233 1.50 4.50 2.73 4
yharada 1.60 1.80 1.20 2 1.60 1.64 1

Table 43: Subjective Evaluation Results by LLM-a
over LLMs

s-a-judge (Same) of Anytime-speak Track - Average

Team A B C D E Average Rank
AGKAI 1.90 170 1.73 257 1.80 1.94 2
CamelliaDragons 2.56 3.84 3.56 2.24 248 2.94 5
CanisLupus 2.88 396 3.24 2.88 216 3.02 7
Oxymoron 2.23 3.03 270 4.30 253 2.96 6
kanalab 4.83 450 4.17 243 4.60 4.11 10
noisy__watcher 3.44 3 3.16 344 3.28 3.26 9
redhood 2.90 250 3.07 343 3.43 3.07 8
sunamelli 236 2.68 220 280 284 2.58 4
yatolab 2.60 2.83 2.00 1.63 3.57 2.53 3
yharada 1.84 164 148 1.64 2.52 1.82 1
957



Table 44: Subjective Evaluation Results by LLM-as-a-judge (All) of Anytime-speak Track - gemini-2.5-pro

Team A B C D E Average Rank
AGKAI 1.87 1.80 2.07 247 247 2.13 2
CamelliaDragons 3.07 4.07 3.60 2.07 3.13 3.19 9
CanisLupus 2.40 3.07 293 247 1.47 2.47 4
Oxymoron 1.33 233 247 4.07 2.27 2.49 5
kanalab 5 4.87 4.47 3.27 5 4.52 10
noisy__watcher 3.67 320 293 293 3.13 3.17 8
redhood 2.87 3.07 340 280 3.20 3.07 7
sunamelli 2.33 213 180 273 220 2.24 3
yatolab 3.07 253 233 153 327 2.55 6
yharada 1.563 193 220 140 1.93 1.80 1

Table 45: Subjective Evaluation Results by LLM-as-a-judge (All) of Anytime-speak Track - gemma-4-31b-
vllm

Team A B C D E Average Rank
AGKAI 1.73 1.80 140 2.13 2.73 1.96 2
CamelliaDragons 3.33 3.87 3.13 233 2.53 3.04 7
CanisLupus 233 320 213 213 1.80 2.32 5
Oxymoron 1.80 2.60 1.80 3.67 2.40 2.45 6
kanalab 5 5 4.53  3.20 5 4.55 10
noisy__watcher 3.73 3.27 287 280 3.27 3.19 8
redhood 3.13 3.27 3.20 3 3.80 3.28 9
sunamelli 2.53 213 1.60 227 2.80 2.27 4
yatolab 2.60 247 127 1.27 3.53 2.23 3
yharada 1.87 240 1.27 107 213 1.75 1

Table 46: Subjective Evaluation Results by LLM-as-a-judge (All) of Anytime-speak Track - claude-sonnet-
4-5

Team A B C D E Average Rank
AGKAI 2 2 1.80 2.80 2.13 2.15 2
CamelliaDragons 3.07 3.67 3.13 2.07 2.67 2.92 7
CanisLupus 2.53 320 220 287 240 2.64 6
Oxymoron 1.60 2.80 1.60 4 2.07 2.41 4
kanalab 5 4.73 393 293 5 4.32 10
noisy__watcher 3.93 333 287 280 3.20 3.23 8
redhood 2.93 3 3.47 353 3.73 3.33 9
sunamelli 2.67 213 1.87 3 2.53 2.44 5
yatolab 2 2.60 2 147  3.67 2.35 3
yharada 1.33 213 1.67 1.40 2.07 1.72 1

Table 47: Subjective Evaluation Results by LLM-as-a-judge (All) of Anytime-speak Track - gpt-5.4

Team A B C D E Average Rank
AGKAI 1.67 1.67 1.87 2.87 2.27 2.07 2
CamelliaDragons 3.93 3.73 340 220 2.87 3.23 7
CanisLupus 3.33 3.73 3.40 2.80 2 3.05 6
Oxymoron 1.93 3.27 3 4.27 247 2.99 5
kanalab 4.93 4.67 447 320 4.60 4.37 10
noisy__watcher 413 3.87 3.73 3.13 3.53 3.68 9
redhood 2.87 3.07 380 3.53 3.60 3.37 8
sunamelli 2.27 2 213 3.13 240 2.39 3
yatolab 2.80 2.07 240 1.67 4.33 2.65 4
yharada 2.07 193 180 1.67 1.93 1.88 1
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Table 48: Subjective Evaluation Results by LLM-as-a-judge (All) of Anytime-speak Track - qwen3-6-27b-
vllm

Team A B C D E Average Rank
AGKAI 1.53 2.13 240 1.87 240 2.07 1
CamelliaDragons 3 3.47 333 267 327 3.15 7
CanisLupus 3.27  3.33 3.07 3 2.80 3.09 6
Oxymoron 3.20 3.27 3 3.80 3.40 3.33 9
kanalab 4.53 3.87 420 340 3.93 3.99 10
noisy__watcher 293 2.80 247 3 2.80 2.80 4
redhood 3.20 3.07 3.47 3.13 340 3.25 8
sunamelli 1.87 287 220 227 2.73 2.39 3
yatolab 2.93 2.87 3 2.27  3.07 2.83 5
yharada 2.27 213 207 220 2 2.13 2

Table 49: Subjective Evaluation Results by LLM-as-a-judge (All) of Anytime-speak Track - Average over
LLMs

Team A B C D E Average Rank
AGKAI 1.76 1.88 1.91 243 240 2.07 2
CamelliaDragons 3.28 3.76 3.32 227 2.89 3.10 7
CanisLupus 277 331 2775  2.65 2.09 2.71 5
Oxymoron 1.97 285 237 396 2.52 2.74 6
kanalab 4.89 4.63 4.32 320 4.71 4.35 10
noisy_ watcher 3.68 3.29 297 293 3.19 3.21 8
redhood 3 3.09 347 3.20 3.55 3.26 9
sunamelli 2.33 225 192 268 253 2.34 3
yatolab 2.68 251 220 1.64 3.57 2.52 4
yharada 1.81 211 1.80 1.55 2.01 1.86 1
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