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Abstract

Social deduction games like Werewolf combine
language, reasoning, and strategy, providing a
testbed for studying language and social in-
telligence. However, most studies reduce the
game to LLM-based self-play, yielding tem-
plated utterances and anecdotal cases that over-
look the richness of social gameplay. Evalu-
ation further relies on coarse metrics such as
survival time or subjective scoring due to the
lack of quality reference data. To address these
gaps, we curate a high-quality, human-verified,
multilingual, and multimodal Werewolf dataset
containing over 100 hours of video, 32.4M ut-
terance tokens, and 15 rule variants. Based
on this dataset, we propose a novel strategy-
alignment evaluation that leverages the win-
ning faction’s strategies as ground truth in two
stages: 1) Speech evaluation, formulated as
multiple-choice-style tasks that assess whether
the model can adopt appropriate stances across
five dimensions of social ability. 2) Decision
evaluation, which assesses the model’s voting
choices and opponent-role inferences. This
framework enables a fine-grained evaluation of
models’ linguistic and reasoning capabilities,
while capturing their ability to generate strate-
gically coherent gameplay. Our experiments
show that state-of-the-art LLMs and VLMs ex-
hibit diverse performance, with roughly half of
the models in both modalities remaining below
0.50 accuracy, revealing clear gaps in deception
and counterfactual reasoning. We release the
dataset here �.

1 Introduction

Social deduction games provide a unique setting for
studying language and intelligence. Unlike strate-
gic dialogue games such as Diplomacy (Bakhtin
et al., 2022) which requires long-term alliance
building and coordinated planning, Werewolf (Xu
et al., 2023) places greater emphasis on the artistry
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of language and reasoning. Players must, within
limited speaking time, influence others’ judgments
and votes through persuasion, ambiguity, decep-
tion, and rhetorical nuance. These characteristics
make social deduction games like Werewolf a par-
ticularly challenging and valuable domain for arti-
ficial intelligence research. A concise game primer
has been shown in Appendix E.

Recent advances in Large Language Models
(LLMs) have motivated a growing line of research
exploring their application to Werewolf and other
social deduction games. However, most existing
studies adopt a self-play paradigm where multi-
ple LLM agents interact only with each other (Wu
et al., 2024; Xu et al., 2024; Du and Zhang, 2024;
Poglitsch et al., 2025; Xu et al., 2025; Song et al.,
2025b). This often results in overly rigid and tem-
plated utterances, as well as dull or anecdotal sto-
rylines. For example, as shown in Figure 1(a) (Xu
et al., 2024), the model produced shallow, formu-
laic statements such as “it is sad that player 2 was
killed last night, we need to quickly find the seer
and witch”, which lack interactive nuance and per-
suasive depth. In Figure 1(b), even with the latest
state-of-the-art LLMs (FoasterAI, 2025), anecdo-
tal failures remain: the Witch successfully saved
a villager, yet when a Werewolf falsely claimed to
have been attacked the previous night, the Witch
believed the deception.

Because of the lack of high-quality gameplay
data, prior evaluations have relied on coarse metrics
such as survival duration, win rate, or subjective
assessment of utterances, which can be misleading.
A player may win despite poor decisions due to
strong teammates, or a werewolf may hide by echo-
ing the good faction yet contribute little, making
individual performance hard to assess.

To address these limitations, we first construct a
high-quality multimodal dataset WereBench from
televised human gameplay Panda Kill. The dis-
tinctive strength of this dataset lies in three as-
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• 5-Dim Speech MCQ  ✅
• Decision Alignment  ✅

villager 

Simulated result from Xu Z,, et al. ICML 2024

(a)

Simulated result from hDps://werewolf.foaster.ai/

🌙 NIGHT 2
• Werewolves targeted Nina.
• Witch Mona saved Nina.
☀ DAY 2
• Liam falsely claimed he was the one 

saved last night to gain trust.
• Mona mistakenly believed Liam and 

declared that Nina was a werewolf.G
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Anecdotal failures

(b)

witch 

I’m the Witch. Last night, I saved Player 1, so I believe he’s not a werewolf.
Good morning, everyone. As player_0, it is 
unfortunate that player_1 was killed last 
night. I think we should focus on finding the 
Seer and Doctor who can provide valuable 
informaGon about who might be the 
Werewolves. Let’s all share our thoughts 
and suspicions… Shallow, 

noninforma7ve

Right now, only Player 0 has claimed to be the Witch, so I think 
he’s telling the truth. He said I'm saved, that means my idenGty 
is preLy solid. Last round, Player 2 cast doubt on me, and now 
I’m suspicious of him. 

hunter 

werewolf

werewolf

🔎 Human-aligned EvaluaQon

🔎 Coarse EvaluaQon: survival duraQon, win rate….❎ 

 The reason I doubted Player 1 before was because he didn’t 
provide any useful analysis in the last round. But now that the 
Witch has shared this save, and if no one else is claiming to be 
the Witch, then Player 0 and 1 are probably both good. If I were 
the werewolf, I would know I aLacked Player 1, so it wouldn’t 
make sense for me to cast suspicion on him. Informa7ve, logical, 

coherent across players

• Sentence-level label ✅
• Game state label ✅

🏷 Rich Labels

Figure 1: Limitations of prior LLM-based play in the Werewolf game. (a) Generated speeches are often shallow and
lack informative content. (b) Even state-of-the-art models fail to fully capture the game rules, with anecdotal failure
cases. In contrast, our WereBench dataset, combined with the WereAlign evaluation framework, enables assessment
of models with human-aligned strategies, capturing both speech quality and decision-making accuracy.

pects: (1) Authenticity: each game is profession-
ally curated and verified, with complete records of
speeches, voting behavior, role information, and
final outcomes. (2) Richness of content: every
match is carefully selected to provide high enter-
tainment value and linguistic diversity, capturing
a wide range of rhetorical styles, interaction dy-
namics, and strategic expressions. (3) Multimodal
expressiveness: the videos employ dynamic cam-
era work and seamless scene transitions to cap-
ture non-verbal cues such as microexpressions.
Building upon this dataset, we propose a novel
strategy-alignment evaluation framework that lever-
ages the strategies of the Human player as ground
truth. Leveraging the high-quality annotations in
WereBench, we extract reference data from well-
performing players to measure agreement with
high-quality, outcome-relevant human strategies.
As shown in Figure 1(c), our framework operates
in two stages. In the speech evaluation stage, we
construct multiple-choice tasks based on human
ground truth to test models’ abilities across a broad
range of social gaming skills, including role infer-
ence, strategic judgment, deception reasoning, per-
suasive expression, and counterfactual trade-offs.
Second, in Decision evaluation, we compare the
model’s voting behavior against that of the winning
faction to assess its reasoning and judgment across
rounds. This is fundamentally different from prior
metrics that rely only on coarse outcomes such as

overall win/loss or survival duration.
Our experiments across both LLMs and VLMs,

conducted in both English and Chinese, show that
roughly half of the models remain below 0.50 ac-
curacy and reveal clear gaps in deception and coun-
terfactual reasoning. Notably, the integration of
visual information does not appear to enhance per-
formance; current VLMs remain relatively naive
and, paradoxically, exhibit performance degrada-
tion when presented with richer visual contexts.

In summary, this work makes three contributions.
First, we curate the first high-quality multimodal
Werewolf dataset from televised human gameplay,
providing authentic and strategy-rich data. Sec-
ond, we introduce a strategy-alignment evaluation
framework that benchmarks models not only by
game outcomes but also the ability to produce
human-like speech and align with human decision-
making strategies. Finally, we demonstrate that
existing state-of-the-art LLMs still fall short under
this framework, revealing significant gaps in their
social reasoning and interaction capabilities.

2 Related Work

LLMs in Social Games. Language models have
been deployed as agents in social deduction and
negotiation games, where success depends on per-
suasion, deception, and coalition formation. Nego-
tiation and alliance-building have also been stud-
ied in bargaining and coordination domains (Xie
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Evaluation
Category

Prior Work Our Approach

Speech
Evaluation

Relying on human ratings
→ subjective and inconsis-
tent, e.g., Wu et al. (2024);
Du and Zhang (2024)

Comparison with human
speech in a multiple-choice
format → more accurate
and consistent scoring

Decision
Evaluation

Voting aligned with win-
ning faction logic → ig-
nores deceptive strategies,
e.g., Xu et al. (2024) etc.

Comparison with human
reference actions →
strategy-aligned evaluation

Table 1: Comparison of prior work and our approach
using the format: method → consequence.

et al., 2024; Chi et al., 2024; Li et al., 2024; Sarkar
et al., 2025). In werewolf games, prior work has
investigated LLM performance in self-play (Xu
et al., 2023). Other research has improved voting
through bootstrap aggregating and reinforcement
learning (Khan and Aranha, 2022; Brandizzi et al.,
2022; Wu et al., 2024). Eger and Martens (2019)
examined human responses in One Night Ultimate
Werewolf, while Shibata et al. (2023) fine-tuned
pretrained models with limited game logs, as in
Deep Wolf. Furthermore, Kano et al. (2025) bench-
marked LLM-based agents in multi-agent natural
language competitions. These efforts largely treat
LLMs as game-playing agents, whereas our work
grounds analysis in real human gameplay data for
closer alignment with authentic social interaction.

Evaluation of LLM Social Intelligence. Eval-
uating social intelligence involves several dimen-
sions including theory of mind, deception, cooper-
ation, and persuasion Common evaluation metrics
are outcome-oriented, for instance, survival dura-
tion or win rate (Wang and Kaneko, 2018; Step-
puttis et al., 2023; Light et al., 2023; Dai et al.,
2026). However, such measures are coarse, since a
team’s victory does not necessarily reflect the qual-
ity of an individual’s performance. Replacing hu-
man raters with LLM judges does not fully resolve
this problem, as model-based judges can exhibit
systematic scoring biases (Xu et al., 2026). Other
studies emphasize deductive accuracy, assessing
whether LLMs can infer hidden roles, and align
their voting with ground truth identities (Lai et al.,
2023; Wu et al., 2024). Yet these approaches often
overlook the fact that in actual gameplay, agents
may deliberately cast votes inconsistent with their
true stance in order to mislead others. Language
quality is typically judged by human raters who
evaluate plausibility, coherence, and persuasive-
ness of generated utterances (Eger and Martens,
2019; Wu et al., 2024; Du and Zhang, 2024), which

introduces a degree of subjectivity. In contrast, we
contribute a strategy-aligned evaluation paradigm
that integrates both speech level grading and deci-
sion level voting accuracy, combined with match
data against skilled human players. A comparative
summary is provided in Table 1.

Datasets and Benchmarks for Social Strategy
and Interaction. Most existing studies on social
strategy games rely on self-play between agents,
with limited availability of high-quality datasets
that capture authentic human interactions (Koppa-
rapu et al., 2022; Zhu et al., 2023; Xu et al., 2023;
Du and Zhang, 2024; Xu et al., 2025; Cai et al.,
2024; Song et al., 2025a; Xu et al., 2023). To
our knowledge, the only work that collects large-
scale human gameplay data is (Wu et al., 2024),
which introduces the FanLang-9 dataset of nine-
player Werewolf. While valuable as a first step,
this dataset is sourced from online platforms and
inevitably reflects noisy gameplay behaviors, such
as idle speech, player disconnections, and random
or unserious actions. The only existing multimodal
dataset that incorporates visual signals is (Lai et al.,
2023). However, it remains limited in scale and
complexity, covering only the short-horizon “One
Night” variant with amateur participants, and rely-
ing on potentially unreliable self-reported annota-
tions. Its data also lack systematic human auditing,
risking misalignment with the intended evaluation
of social reasoning. In contrast, our work intro-
duces a curated benchmark built on carefully se-
lected, human-verified multimodal gameplay data
with rich labels to enable more reliable evaluation.

3 WereBench Collection

Our video dataset is curated from a popular Were-
wolf TV program, �Panda Kill, sourced from plat-
forms such as Youtube and Bilibili. Each game
round includes clear public voting panels and real-
time narration. These matches include insightful
post-game summaries from an expert host, who
not only clarifies complex game states but also
explains players’ underlying motivations, strate-
gic bluffs, and intricate reasoning. This provides
an invaluable source of ground truth for studying
deeper aspects of social intelligence. The videos
employ dynamic camera work and seamless scene
transitions to capture crucial non-verbal cues such
as microexpressions. This high-quality, human-
generated dataset, together with its multimodal
dimension, represents a significant improvement
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Attribution Value

Total video duration 100+ hours
Utterance tokens 32.4M
Unique roles 30
Human players 48
Rule variants 15
Number of games 80+
Number of day-night cycles 240+
Average tokens per speech 390

Table 2: Core statistics for WereBench.

over previous agent-based, text-only social game
datasets (Bailis et al., 2024; Xu et al., 2025), and
opens up new possibilities for tasks such as decep-
tion detection (Joshi et al., 2025).

Data Annotation and Game State Reconstruc-
tion We adopt a multi-stage pipeline to produce
time-aligned, human-verified annotations. (1) Data
cleaning. Two PhD-level annotators remove ex-
traneous material (ads, sponsor cards). (2) Tran-
scription. We use �Feishu Meeting Notes for
high-fidelity ASR, yielding utterance-level text
with start/end timestamps. (3) Speaker attribution.
Annotators perform speaker diarization and map
speech to player ID based on on-screen name plates
and seating order; this produces an utterance-by-
utterance speaker index rather than coarse “speaker
recognition” tags.(4) Game state reconstruction.
Human experts reconstruct day/night cycles and
public game logs, including all daily votes, pub-
licly revealed night outcomes, and skill activa-
tions together with their in-game effects; official
rules and per-player role assignments used are also
recorded.(5) Highlighting decisive moments. To
support subsequent evaluation, annotators highlight
strategically decisive moments involving MVPs
(Most Valuable Players), such as pivotal claims,
contradiction exposures, coalition calls, or vote piv-
ots. (6) Episode summary. At the end of each
episode, the host provides a post-game, omniscient
recap of the entire match.

Data Statistic WereBench contains 100+ hours of
curated televised Werewolf gameplay from Panda
Kill and 32.4M transcribed tokens across 15 rule
variants and 48 human players, forming a bilingual
dataset (details in Appendix A). Table 2 reports
detailed statistics; Figure 2 shows the frequency of
special-skill roles by group.

Dataset Quality Examination We assess qual-
ity along two dimensions. First, we measure
inter-annotator agreement on the tasks with the

Magician

0 2 4 6 8 10 12 14			(%)			

Seer
Witch
Hunter
Guard

Stalker
Demon

Thief

Village
Werewolves
Third	Party

Silencer

Nine-Tailed	Fox
White	Werewolf

Wolf	Seductress

Moonchild
Tengu

Little	red	riding	hood
Wolf	Brother
Wolf	Grany
Wolf	Younger	Brother

MixedOthers

Figure 2: Role composition in WereBench.

highest ambiguity, namely speaker attribution and
game state reconstruction, while other stages, such
as data cleaning, are mostly deterministic. On
a 10% subsample, two annotators independently
reannotated episodes, yielding high consistency:
κspk = 0.97 and κlog = 0.93. Second, we examine
transcription fidelity using a 4-hour gold set fully
reviewed by two annotators: the baseline WER is
8.1%, reduced to 4.9% after lexicon-based correc-
tion. These results confirm the dataset is reliable
for fine-grained speech and strategy analysis.

4 WereAlign Evaluation Paradigm

Building on the WereBench dataset, we introduce
the WereAlign evaluation paradigm, which lever-
ages the winning faction’s strategies to provide fine-
grained assessments of models’ social reasoning
across both speech and decision levels.

4.1 Speech Evaluation
As discussed in Section 2, previous works on eval-
uating agents’ speech in social games rely heavily
on subjective human judgments due to the lack
of reliable human-player references. Annotators
are typically asked to rate logical consistency, rea-
soning soundness, informativeness, and persuasive-
ness (Wu et al., 2024), or to assess higher-level
behaviors such as trust, confrontation, and decep-
tion (Xu et al., 2023). Such evaluations are in-
herently subjective and cannot rigorously capture
the true capabilities of LLM agents. Leveraging
our high-quality dataset, we introduce a reference-
based multiple-choice framework that evaluates
human-player speeches across different abilities in
social games.

We construct multiple-choice questions across
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Highlight: P2, speaking from a late position, counter-claimed Seer. This sowed enough chaos that P4, received 0 votes during Sheriff election.
After P4 lost the Sheriff election, both werewolves  P2 and P7 were counter-claiming the prophet. In response, P4 decided to go undercover
his identity, forcing the two wolf-factions to turn on each other, which ultimately led to P2 being voted out on Day 1.

Sheriff’s Race Day 1 Voting Day 2 Discussion Night 2 Day 3 Discussion

Rules: This game operates on side elimination rules, meaning the werewolves win by eliminating either all Civilians or all Special Villagers. The 
good side wins by voting out all of the werewolves. The game consists of 12 players: 4 Power Roles, 4 Civilians, and 4 Werewolves. Werewolves 
includes three regular werewolves and one Chaos Devil. The Power Roles are the Prophet, Hunter, Inquisitor, and Spirit Deer. 

Summary: Werewolves victory! All power roles have been eliminated. In this game ......

Speech: P4: I’m the Prophet. 10 is my clear. I checked him on the first night because he’s on my diagonal. [6:52-7:48]
P7: I’m the Prophet. My next checks are on 6 and 9. 8 is my clear. 4 can't be the real Seer, but I don't think he is a wolf counter-claiming 
me either. P4 didn't even declare his badge flow, and his speech was hesitant, so he sounds more like a troll. [9:37-11:21]  

Logs: P10 Spirit Deer used its ability, resulting in a peaceful night (no one was killed).
The vote for Sheriff between P7 and P2 was a tie. The badge is now discarded.
Round 1 Voting ( P1, P3, P4, P7, P10 voted for P2) …     [P2 was voted out]

When he is killed by 
werewolves or voted 
out, he can reveal his 

role and shoot one 
player.

Power Roles
Hunter

Each night collectively 
choosing one player to 
kill, while also engage 
in daytime discussions 
and voting to blend in 
with the good team.

Werewolves
Regular

Civilians
P1, P5, P6,P8

Inquisitor
P9

Chaos Devil
P11

Hunter
P3

Werewolves
P2, P7, P12

Spirit Deer
P10

Prophet
P4      
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Once per game, can 
choose to activate 
“Peaceful Night” - if 

activated, all death 
are canceled. 
It can survive one 
nighttime attack

Power Roles
Spirit Deer

Each night, 
investigates one 
player's identity

Power Roles
Prophet

Once per game, can 
invite two players to a 
private meeting on any 
night. All players must 
decide to execute one 
player.  If players 
disagree on the target, 
the skill fails.

Power Roles
Inquisitor

Civilians
Regular

Can only engage in 
daytime 
discussions and 
voting to eliminate 
werewolves.

Each night, chooses two 
players to swap. When 
either swapped player 
would die that night or 
the following day, their 
death is swapped 
instead. 
The skill can only be 
activated once.

Werewolves
Chaos Devil

R
o

le
A

llo
ca

ti
o

n

Figure 3: An overview of our WereBench dataset. Each data sample provides the view of a complete game video,
with the human annotation including: (a) role introduction, (b) role allocation, (c) rules, (d) speech with timestamp,
(e) logs like votes and skill usage; and (f) highlight annotations (g) summary with the expert’s post-game analysis.

5 critical social and strategic dimensions. In the
Role Inference (RI) dimension, the model needs to
uncover the true identities and intentions of other
players (Shibata et al., 2023); in the Strategic Judg-
ment (SJ) dimension, it must choose the course
of action most beneficial to its faction (Wu et al.,
2024). The question answering (QA) also evaluates
the model’s Deception Reasoning (DR) , specifi-
cally its ability to identify others’ lies or effectively
perform masquerade (Xu et al., 2023). Further-
more, the questions cover social expression, as-
sessing whether the model can generate Persuasive
Statements (PS) appropriate to the context (Park
et al., 2023); and Counterfactual Trade-off (CT),
examining the potential benefits and risks of differ-
ent actions under the current scenario (Chi et al.,
2024).

Question Design Annotators draft five example
questions for each dimension, then use the high-
light timestamps t and the context available to the
MVP at that time, Ct = ⟨R,H,S⟩ where R de-
notes role claims and rules, H includes revealed
logs such as votes or public night outcomes, and S

is the speech history up to t. Using Ct together with
the five question example as inputs to the LLM, we
prompt the LLM to generate candidate questions
Q from the MVP player’s perspective.

Positive Option Generation For every question
Q at time t, we derive the positive option A by
aligning with the MVP’s actual strategic trajec-
tory around t. Specifically, annotators (i) read
the MVP’s speech segment at or immediately af-
ter t and the nearest ensuing public action (e.g.,
expressed stance, targeted rebuttal, or vote), and
(ii) abstract these into a canonical decision that
directly answers Q. To avoid verbatim leakage
and preserve generality, A is paraphrased into an
action-level description (e.g., “publicly challenge
Player 7’s seer claim by citing the inconsistency
with Day-1 votes”) rather than a quote.

Negative Option Generation Negative sample
generation uses a parallel adversarial framework
grounded in game theory and counterfactual rea-
soning. The objective is to generate options that
are not only incorrect but strategically plausible yet
suboptimal, or deceptively consistent yet ultimately
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Logs:

Night 1 recap: P2 was killed by wolves; P8 died by poison.

Day 2 event: P5 self-bombed (wolf suicide reveal) and left the game.

Claims:  P4 claims Seer (said earlier “P2 is Witch”). P10 claims Seer, red-checked P7 (wolf); badge order 9 → 12.  P7 claims 
Guard. P6 (earlier): “P4–P5–P10 contain two wolves.”
Alive role: 2 power, 3 wolves, 4 villagers (9 alive).

P7:“P2 is the Witch and poisoned good P8. If I were the double-kill wolf as P6 suggested, then if  P4 self-bombs today we’d 
have three knives and wolves would already win. If that were true, they’d have self-bombed and killed P11—but they 
haven’t, which proves I’m the real Guard. Vote out P10. If we were wolves, we’d already win; go ahead, self-bomb and hit 
P11, then another little wolf self-bombs tomorrow—leave the rest to me.”

Question: From the P7 perspective at t, which strategy best unifies the pack’s narrative?

Options:    A. Implicitly instruct P4 to self-bomb now, and publicly mark the two Power Roles
   targets as P10(the Seer) and P11 (Guard). [Ground Truth]

 B. Demand P4 self-bombs now and use P5’s bomb to reverse-frame P10.
 C. Pivot to attacking P6 for the older “P4–P5–P10 two wolves” hypothesis; eliminate P6 today.
 D. Force P11 to hard-claim Guard, then choose between P4 and P10.
 E. P7 self-bombs now, partner kills #10 at night, try to grow #4 as a deep wolf.
 F. Park votes on P1 (outer seat) to de-escalate for a day.
 G. Fixate on P2 poisoning P8 to deflect the table away from P7  P10.
 H. Call P10’s red on P7 “wolf theatre”, eliminate P4 first to “test” claims.
 I. Split votes between P7 and P10 and decide late based on jumpers.

Explanation: P7 is the Mechanical Wolf who has learned the teammates’ ability. Once all other wolves are gone, the Mechanical 
Wolf can make two night kills. With only two power roles left, P7 publicly points them out—implicitly telling a wolf partner to self-
bomb now and end the day. Then one partner makes a night kill; the next day the last partner self-bombs; and P7, now alone, gets 
two more night kills. With three total kills (1 + 2), they mostly just need to hit villagers, so the wolves’ chance to win is  very high.

Logs: 

Speech:

Speech 
Evaluation: 

Strategic Judgment Dimension

[𝑀1]

[𝑀1]

[𝑀1]

[𝑀1]

[𝑀2]

[𝑀2]

[𝑀2]

[𝑀2]

Figure 4: Example item from the WereAlign speech evaluation in Strategic Judgment. The context consists of the
speech history and public game logs, followed by a question, candidate options, and explanations. [Mi] represent
the generation mechanisms.

detrimental to the player’s objectives. To achieve
this, we use two parallel generation strategies fol-
lowed by the human check Φcheck:

N = Φcheck

(⋃
i∈{1,2}Mi(C,Q)

)
(1)

where M1 and M2 represent two complementary
adversarial generation mechanisms.

Counterfactual Context Perturbation M1: we
apply small, structured perturbations and re-solve
for the best action under the perturbed context. We
consider three mechanisms: (1) role perturbation,
where we alter the assumed identities of 1-2 play-
ers and derives the corresponding optimal action;
(2) information occlusion, which omits the critical
public clue (e.g. public speech S and voting logs
H) to obtain a reduced context C′ ⊂ C, (3) fac-
tion inversion, forcing perspective shifts where N
are generated to optimize opposing team objectives
rather than the true faction’s utility.

Strategic Rationale-Driven Generation M2: We
condition on the clean context C but ask LLM to
reason under cognitive biases (e.g, Player A has
been friendly, so he must be trustworthy), while
underweighting logical contradictions in context.
Accordingly, we generate a plausible but ultimately
incorrect negative sample that a competent but im-
perfect LLM might follow.

Apart from the QA, we also generate auxiliary

explanations that justify the reference answer and
help annotators verify its alignment with the MVP’s
strategy. All of the above processes are imple-
mented with Gemini-2.5-Pro, and the prompts are
in Appendix B. An example of the strategic judg-
ment dimensions is shown in Figure 4.

4.2 Decision Evaluation

Complementing the speech-level analysis in Sec-
tion 4.1, we further test whether models choose
actions that align with a successful human strat-
egy. Prior work often relies on coarse metrics
such as survival duration or win rate (Wang and
Kaneko, 2018; Stepputtis et al., 2023; Light et al.,
2023), which fail to capture individual performance.
Some studies emphasize deductive accuracy, test-
ing whether LLMs’ votes align with ground-truth
identities (Lai et al., 2023; Wu et al., 2024), but this
approach does not distinguish inference from vot-
ing, as players may intentionally vote deceptively.

Leveraging WereBench’s round-by-round logs,
we reconstruct special time-indexed game states
from the winning faction’s MVP perspective using
public information at that time. We then evaluate
models on two complementary tasks: Vote Align-
ment (VA), the model outputs its daytime elimina-
tion vote. We score alignment by comparing the
model’s vote with the MVP’s actual vote at the
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Model Speech Evaluation Decision Evaluation

RI SJ DR PS CT Avg. VA OI

Baselines

GPT-5-nano 0.282 ( 0.02 ) 0.375 ( 0.01 ) 0.238 ( 0.03 ) 0.325 ( 0.03 ) 0.332 ( 0.03 ) 0.311 ( 0.02 ) 0.379 ( 0.05 ) 0.493 ( 0.02 )

GPT-oss-20B 0.334 ( 0.05 ) 0.425 ( 0.02 ) 0.339 ( 0.04 ) 0.338 ( 0.02 ) 0.358 ( 0.04 ) 0.358 ( 0.03 ) 0.265 ( 0.02 ) 0.283 ( 0.03 )

Gemma-3-27B-IT 0.325 ( 0.03 ) 0.439 ( 0.03 ) 0.281 ( 0.01 ) 0.405 ( 0.05 ) 0.296 ( 0.03 ) 0.349 ( 0.02 ) 0.573 ( 0.08 ) 0.409 ( 0.04 )

Qwen3-30B-A3B 0.382 ( 0.03 ) 0.529 ( 0.05 ) 0.401 ( 0.03 ) 0.426 ( 0.05 ) 0.416 ( 0.03 ) 0.431 ( 0.02 ) 0.361 ( 0.06 ) 0.335 ( 0.04 )

Qwen3-32B 0.381 ( 0.04 ) 0.567 ( 0.03 ) 0.363 ( 0.07 ) 0.525 ( 0.04 ) 0.394 ( 0.07 ) 0.446 ( 0.03 ) 0.576 ( 0.02 ) 0.442 ( 0.03 )

Llama-4-Scout 0.390 ( 0.03 ) 0.559 ( 0.03 ) 0.386 ( 0.04 ) 0.578 ( 0.04 ) 0.339 ( 0.01 ) 0.450 ( 0.03 ) 0.494 ( 0.03 ) 0.489 ( 0.03 )

QwQ-32B 0.384 ( 0.07 ) 0.577 ( 0.04 ) 0.408 ( 0.07 ) 0.470 ( 0.04 ) 0.440 ( 0.04 ) 0.456 ( 0.04 ) 0.573 ( 0.07 ) 0.438 ( 0.04 )

GPT-5-mini 0.419 ( 0.02 ) 0.516 ( 0.03 ) 0.429 ( 0.03 ) 0.586 ( 0.02 ) 0.489 ( 0.03 ) 0.488 ( 0.02 ) 0.610 ( 0.07 ) 0.562 ( 0.03 )

DeepSeek-V3.1 0.447 ( 0.01 ) 0.637 ( 0.04 ) 0.397 ( 0.06 ) 0.684 ( 0.06 ) 0.436 ( 0.03 ) 0.520 ( 0.04 ) 0.661 ( 0.05 ) 0.526 ( 0.07 )

Gemini-2.5-Flash 0.491 ( 0.05 ) 0.601 ( 0.04 ) 0.527 ( 0.07 ) 0.702 ( 0.07 ) 0.468 ( 0.04 ) 0.558 ( 0.09 ) 0.561 ( 0.09 ) 0.494 ( 0.03 )

DeepSeek-V3.2-Exp 0.491 ( 0.02 ) 0.653 ( 0.05 ) 0.468 ( 0.05 ) 0.735 ( 0.06 ) 0.462 ( 0.07 ) 0.565 ( 0.04 ) 0.755 ( 0.04 ) 0.526 ( 0.06 )

GLM-4.5 0.510 ( 0.02 ) 0.666 ( 0.04 ) 0.513 ( 0.08 ) 0.638 ( 0.08 ) 0.540 ( 0.04 ) 0.573 ( 0.04 ) 0.543 ( 0.06 ) 0.511 ( 0.05 )

GPT-5 0.505 ( 0.02 ) 0.660 ( 0.03 ) 0.524 ( 0.03 ) 0.740 ( 0.06 ) 0.504 ( 0.04 ) 0.587 ( 0.03 ) 0.658 ( 0.06 ) 0.595 ( 0.04 )

Deepseek-R1 0.515 ( 0.03 ) 0.652 ( 0.04 ) 0.516 ( 0.03 ) 0.728 ( 0.06 ) 0.537 ( 0.04 ) 0.590 ( 0.04 ) 0.639 ( 0.03 ) 0.460 ( 0.05 )

Gemini-2.5-pro 0.609 ( 0.01 ) 0.757 ( 0.01 ) 0.687 ( 0.02 ) 0.867 ( 0.01 ) 0.637 ( 0.01 ) 0.715 ( 0.01 ) 0.723 ( 0.04 ) 0.551 ( 0.03 )

Human (Beginner) 0.786 0.843 0.676 0.664 0.769 0.748 0.628 0.483
Human (Senior) 0.866 0.875 0.832 0.853 0.902 0.866 0.865 0.795

Table 3: Main results of LLMs on WereAlign over WereBench. Avg. is the macro-average over the five dimensions
in speech evaluation across the English and Chinese versions. All scores are averaged over five independent decodes
per item, and values in (·) denote the standard deviation. Bold numbers indicate the best performance and underlined
numbers the second best, with bold scores significantly higher under a paired t-test (p < 0.05).

Model RI SJ DR PS CT Avg.

Qwen3-VL-30B-A3B 0.179 0.286 0.143 0.357 0.134 0.188
Seed-1.5-thinking 0.536 0.714 0.536 0.857 0.296 0.569
Gemini-2.5-Flash 0.536 0.643 0.536 0.821 0.259 0.542

Table 4: Main results of VLM on WereAlign over
WereBench.

same round, capturing whether the model joins the
winning coalition at the right time and on the right
target. Opponent-role Inference (OI), the model
identifies which players most likely belong to the
opposing faction. We compare predictions against
ground-truth roles to assess the model’s ability
to detect inconsistencies and deception in adver-
saries’ speeches. Decision evaluation complements
speech-level multiple-choice scoring by evaluating
whether models not only “say the right things,” but
also act in ways consistent with human strategies.
We treat the winning-faction MVP trajectory as an
operational, empirical human reference rather than
a normative or game-theoretically optimal label

5 Benchmark Performance

5.1 Evaluated Models

We comprehensively assess the capabilities of
modern LLMs and VLMs on our WereBench
benchmark. For LLMs, we include closed-source
models such as Gemini-2.5-pro and Gemini-2.5-
Flash (DeepMind, 2025), as well as the anticipated
GPT-5 (Hurst et al., 2024; Achiam and et al., 2023).

We also include open-source LLMs, including
Gemma-3-27B-IT (Kamath et al., 2025), Llama-
4-Scout-17B-16E-Instruct (Meta, 2024), Qwen se-
ries such as QwQ-32B (Team, 2025), Qwen3-32B
and Qwen3-30B-A3B (Yang et al., 2025) and the
DeepSeek family like DeepSeek-V3.1 (DeepSeek-
AI et al., 2024) and Deepseek-R1 (DeepSeek-AI
et al., 2025), GLM-4.5 (Zeng et al., 2025) and
GPT-OSS-20B (Agarwal et al., 2025). We include
all these proprietary and open-source LLMs’ per-
formance in Table 3 . For VLMs, we evaluated
Qwen3-VL-30B-A3B-Instruct (Bai et al., 2025),
Seed-1.5-Thinking-Vision-Pro (Guo et al., 2025),
and Gemini-2.5-Flash (DeepMind, 2025).

To establish meaningful performance bounds,
we also recruited human evaluators to perform the
same tasks. The group consists of three beginner
players who are familiar with rules via streaming
media but with limited play experience and one
senior expert with over 500 hours of gameplay.

More implementation details can be found in
Appendix A.

5.2 Main Results

Overall Accuracy and Comparison to Human
Players. We report the main results on WereBench
in Table 3. Most LLMs score below 50% accu-
racy in speech evaluation, and even the best model,
Gemini-2.5-Pro, reaches only 0.715, still erring
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Figure 5: Role-conditioned performance on WereBench:
in the decision task, LLMs are strongest as Witch,
whereas in the speech task they perform best as cue-rich
roles such as Werewolf and Seer.

on 28.5% of questions. Performance is clearly
stratified: small models like GPT-5-nano (0.311)
are near random, GPT-5-mini (0.488) improves
modestly, and stronger models such as DeepSeek-
V3.2-Exp (0.565) and GLM-4.5 (0.573) perform
noticeably better, showing that the benchmark ef-
fectively distinguishes model capability. Com-
pared to human players, the best-performing model,
Gemini-2.5-Pro (0.715), matches beginner play-
ers (0.748) but remains far behind senior players
(0.866). Across key dimensions such as Role In-
ference, Strategic Judgement, and Counterfactual
Trade-off, even beginners outperform all baseline
models, indicating that current LLMs still strug-
gle with high-level cognitive empathy and strategic
foresight. This gap is further underscored by senior
players achieving the top score in every aspect ex-
cept Persuasive Statements, with particularly large
margins in Deception Reasoning and Counterfac-
tual Trade-off.

Role-Specific Performance Differences. Fig-
ure 5 examines how role assignment influences
model performance. We find that LLMs perform
best as Witch, a role requiring integration of dis-
persed public information and indirect reasoning
tasks well aligned with the associative nature of
language models. In contrast, Seer involves direct
verification and causal consistency, which remain
challenging for current LLMs. In speech evalua-
tion, models achieve the highest scores as Werewolf
and Seer, suggesting that roles with clearer seman-
tic cues and explicit argumentative structures better
support persuasive language generation.

Limited Utility of Visual Cues in Social Rea-
soning. Given the limitations observed in LLMs
reasoning, we examine whether visual cues provide

the necessary context to improve task performance.
As shown in Table 4, although the video modality
in WereBench theoretically offers denser informa-
tion, such as facial expressions and gaze shifts, our
experiments reveal that current VLMs are relatively
naive in processing this data. For Gemini-2.5-Flash,
RI, SJ, DR, and PS scores are higher with video in-
put than with text-only input, whereas the CT score
drops from 0.468 to 0.259. CT requires multi-step
counterfactual reasoning, risk-reward trade-offs,
and rule-based causal inference; perceptual signals
offer no help and instead increase cognitive load.
Instead of benefiting from the rich visual context,
models generally suffer performance degradation,
suggesting that visual inputs currently act as dis-
tractive noise rather than informative signals for
complex social reasoning. We provide qualitative
cases in Appendix C.

Cross-model-family Trend Analysis We now
discuss two main findings across model families.
First, social reasoning performance is generally
positively correlated with the models’ overall foun-
dational capabilities. Within model families such
as GPT and Qwen, newer and stronger modelstend
to achieve better overall performance, suggesting
that general language andreasoning ability remains
an important prerequisite for social intelligence.
Second, we observe that different model families
show different strengths across speech-level and
decision-level tasks. For example, the Gemini fam-
ily performs particularly well in Speech Evaluation,
reaching performance close to novice human play-
ers in some settings. In contrast, the DeepSeek
family achieves strong precision in Vote Alignment
during Decision Evaluation, even though its speech
evaluation performance is relatively weaker. This
suggests that current LLMs may develop social
comprehension and strategic decision alignment
unevenly: some models are better at understanding
social situations, while others are better at selecting
actions aligned with successful human strategies.

5.3 Controlled Intervention Analysis
Motivated by the gaps highlighted in Fig. 1, we
hypothesize that LLMs fail in complex social-
deduction settings for two distinct reasons: mis-
understanding variant game rules or being linguis-
tically misled by other players’ persuasive state-
ments. To disentangle these factors, we conduct a
controlled intervention experiment on WereBench,
holding the public evidence and correct answer
fixed while introducing two variants: (1) Rule Re-
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Model Speech Evaluation Decision Evaluation

RR OSR RR OSR

GPT-5-nano 0.335(+5.7%) 0.318(+0.3%) 0.420(-2.1%) 0.432(-4.1%)

GPT-5-mini 0.499(+2.3%) 0.490(+0.4%) 0.559(-0.9%) 0.573(+1.6%)

Gemini-2.5-Flash 0.588(+2.1%) 0.549(-4.7%) 0.495(-0.2%) 0. 529(+ 6.7%)

GPT-5 0.609(+0.8%) 0.592(-1.8%) 0.620(+0.5%) 0.625(+ 1.3%)

Deepseek-V3.2-Exp 0.603(+0.2%) 0.608(+1.0%) 0.677(+0.6%) 0.688(+1.0%)

Deepseek-R1 0.612 (-0.3%) 0.580(-5.5%) 0.524(-0.8%) 0.567(+6.9%)

Table 5: Effects of Rule Reminder (RR) and Objective
Speech Rewriting (OSR) on WereBench. Values in
braces denote relative change to original results.

minder (RR), which prepends a concise rule sum-
mary, and (2) Objective Speech Rewriting (OSR),
which replaces raw dialogue with neutral, factual
summaries.

The experimental results reveal clear patterns.
RR consistently improves performance on the
speech evaluation for weaker models such as GPT-
5-nano, GPT-5-mini, and Gemini-2.5-Flash, in-
dicating that explicit rule reminders help mod-
els with limited context-tracking ability. In con-
trast, stronger models like GPT-5 and DeepSeek-
V3.2-Exp gain little benefit from additional rule
guidance. Meanwhile, OSR, by removing im-
perative statements that may be misinterpreted as
commands, generally enhances decision evalua-
tion, with particularly notable gains for Gemini-
2.5-Flash and DeepSeek-R1. Full experimental
details are provided in Appendix D.

6 Conclusion

In this work, we introduced WereBench, a high-
quality multimodal dataset for social deduction
games, and WereAlign, a strategy-alignment frame-
work that evaluates both speech and decisions us-
ing winning-faction strategies. Unlike outcome-
based metrics, our approach provides fine-grained,
human-aligned evaluation across five social ability
dimensions. Experiments on diverse LLMs show
that while models generate fluent utterances, they
struggle with strategic reasoning, especially in de-
ception and counterfactual trade-offs.

Limitations

While our work provides a new dataset and evalu-
ation paradigm for social deduction games, it still
has several limitations. First, although WereBench
is large and carefully curated, it is derived from a
specific televised program and may not fully repre-
sent broader gameplay styles or cultural variations.
While our 15 rule variants cover the most common
Werewolf configurations, the potential biases re-

garding culture, player expertise, and design styles
inherent in a single data source mean that the gen-
eralizability of WereBench still requires broader
validation. Second, our evaluation primarily fo-
cuses on reasoning and strategy within structured
game contexts, and thus does not yet capture other
aspects of social intelligence, such as long-term
cooperation or emotional alignment. Third, our
experiments cover a wide range of models, but re-
main limited to currently available systems and
inference settings, leaving room for future explo-
ration with fine-tuned or multi-agent variants. Fi-
nally, our strategy-alignment formulation relies on
winning-faction MVP trajectories as empirical ref-
erences, which does not fully resolve the distinction
between strategically sound losing decisions and
strategically flawed winning decisions. A model
may be penalized for choosing an alternative ac-
tion that could be defensible under expert coun-
terfactual analysis, while an MVP action may re-
ceive reference status partly because it occurred in
a winning trajectory. Future work could address
this limitation by incorporating expert counterfac-
tual adjudication, multiple reference trajectories, or
game-theoretic annotations that separate strategic
soundness from realized game outcomes.

Ethical Consideration

This work is based entirely on publicly available
data from televised game recordings and does not
involve any personally identifiable or private infor-
mation. All annotations were conducted by trained
researchers following ethical guidelines for data
privacy and content integrity. The dataset and eval-
uation framework are intended solely for academic
research on language, reasoning, and social inter-
action. No content was modified to misrepresent
participants, and no model outputs were used to
influence or simulate real human behavior beyond
the experimental scope. We acknowledge that so-
cial deduction settings inherently involve deception
and persuasion, but our analysis focuses on model-
ing reasoning mechanisms rather than replicating
manipulative behaviors.
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A Implementation Details

LLM Implementation Details All models are
evaluated using their official inference defaults,
including thinking modes. Each prompt exposes
only the public information available at the focal
timestamp; hidden roles, host commentary, and
any non-public cues are withheld to avoid leakage.
We cast speech evaluation as the single-answer, 9-
way multiple-choice. We extract the model’s final
choice; malformed outputs are counted as incorrect.
The reported speech evaluation score is the macro-
average accuracy across the five dimensions. In
decision evaluation, VA scores whether the model’s
daytime elimination vote exactly matches the win-
ning faction’s MVP, while OI measures set-level
accuracy by comparing the model’s suspected op-
ponents to ground-truth roles. To reduce sampling
variance, each item is decoded five times indepen-
dently, and scores are averaged across decodes and
items.

VLM Implementation Details For VLMs, we
evaluate only the speech tasks using the same
single-answer, 9-way multiple-choice format. Each
item is paired with a video clip extracted by the
released per-item timestamps; clips are downsam-
pled to 192×144 at 5 fps, reducing the largest file
from 628 MB to 48.5 MB to meet a 50 MB cap.
To keep the experiment fair, we provide the com-
pressed clip rather than the native videos for all
models. Unlike LLMs, the textual context is not
provided as input. The text-side input for VLMs
consists solely of the 9-way multiple-choice query.
We extract the model’s final choice; malformed
outputs are counted as incorrect. We use each
model’s official inference defaults and run five inde-
pendent decodes per item, averaging scores across
decodes and items for the macro-average over the
five speech dimensions. Decision evaluation is not
reported for VLMs due to current model/API con-
straints with long-context video inputs: most video
clips exceed 60 minutes and, even after aggres-
sive downsampling and compression, inference fre-
quently failed with encoding overflows, server-side
timeouts, and intermittent connection interruptions.

Language robustness To decouple social deduc-
tion ability from language proficiency, we trans-
lated the full speech content into English and
re-ran all baselines on the English version. Specifi-
cally, we employed the agentic translation frame-
work (Ng and DeepLearning.AI Team, 2024) with

DeepSeek-V3.2-Exp to perform context-aware
translation. To ensure high fidelity, we conducted a
human check on a sample of 500 utterances. Two
bilingual experts evaluated the results for semantic
equivalence and terminological consistency, achiev-
ing a 98.4% acceptance rate with substantial inter-
annotator agreement with Cohen’s κ = 0.91, cal-
culated on independent binary decisions. Across
models, absolute changes in macro-average accu-
racy are small (mean 0.047, max 0.151), and rank
ordering is essentially unchanged. We therefore
report language-averaged scores in Table 3 and in-
clude per-language breakdowns in the Table 6, 7.

B Dataset Construction Prompt Details

Game Log Preparation In order to provide a
more multi-dimensional and complete perspective
when generating high-quality reasoning questions,
we compiled and summarized the Game Log based
on game videos, Feishu meeting minutes, and
Feishu text records to help quickly and compre-
hensively obtain the full picture of a game. The
detailed prompt could be seen in Fig. 6.

Question Design We use a single prompt to syn-
thesize multiple-choice questions from the MVP’s
vantage point at time t, covering five dimen-
sions: Role Inference (RI), Strategic Judgment
(SJ), Deception Reasoning (DR), Persuasive State-
ments (PS), and Counterfactual Trade-off (CT).
The model receives only public context Ct =
⟨R,H,S⟩ and must avoid leaking hidden roles or
host commentary. Details have been listed in Fig.
11, 12, 13, 14, 15.

Positive option The positive option A is aligned
with the MVP’s real strategic trajectory at t. We
paraphrase the MVP’s immediate speech/action
into an action-level description, avoiding quotes
and hidden information leakage. Detailed prompt
could be seen in Fig. 7.

Negative option We produce strategically plau-
sible yet suboptimal negative option N using two
complementary mechanisms—counterfactual con-
text perturbation (M1) and rationale-biased gen-
eration (M2)—then filter with a self-consistency
check to ensure a single best answer. Detailed
prompt could be seen in Fig. 8, 9, 10.

C Case Study

To illustrate how WereAlign yields interpretable sig-
nals beyond aggregate accuracy, we present three
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Model Speech Evaluation Decision Evaluation

RI SJ DR PS CT Avg. VA OI

Baselines

GPT-5-nano 0.282 ( 0.01 ) 0.384 ( 0.01 ) 0.233 ( 0.03 ) 0.346 ( 0.02 ) 0.339 ( 0.03 ) 0.317 ( 0.01 ) 0.364 ( 0.07 ) 0.496 ( 0.02 )

GPT-oss-20B 0.319 ( 0.07 ) 0.432 ( 0.01 ) 0.331 ( 0.05 ) 0.346 ( 0.02 ) 0.364 ( 0.04 ) 0.358 ( 0.02 ) 0.255 ( 0.02 ) 0.264 ( 0.02 )

Gemma-3-27B-IT 0.347 ( 0.02 ) 0.437 ( 0.01 ) 0.289 ( 0.01 ) 0.443 ( 0.02 ) 0.293 ( 0.03 ) 0.362 ( 0.01 ) 0.509 ( 0.04 ) 0.435 ( 0.03 )

Qwen3-30B-A3B 0.397 ( 0.03 ) 0.574 ( 0.02 ) 0.375 ( 0.01 ) 0.454 ( 0.01 ) 0.416 ( 0.03 ) 0.443 ( 0.01 ) 0.388 ( 0.05 ) 0.349 ( 0.03 )

Qwen3-32B 0.367 ( 0.02 ) 0.562 ( 0.02 ) 0.425 ( 0.03 ) 0.536 ( 0.04 ) 0.445 ( 0.05 ) 0.467 ( 0.01 ) 0.576 ( 0.03 ) 0.432 ( 0.03 )

Llama-4-Scout 0.413 ( 0.01 ) 0.586 ( 0.01 ) 0.419 ( 0.01 ) 0.618 ( 0.01 ) 0.336 ( 0.01 ) 0.474 ( 0.00 ) 0.503 ( 0.04 ) 0.512 ( 0.01 )

QwQ-32B 0.430 ( 0.04 ) 0.575 ( 0.04 ) 0.463 ( 0.04 ) 0.502 ( 0.01 ) 0.470 ( 0.01 ) 0.488 ( 0.02 ) 0.600 ( 0.07 ) 0.472 ( 0.02 )

GPT-5-mini 0.415 ( 0.01 ) 0.529 ( 0.02 ) 0.431 ( 0.03 ) 0.601 ( 0.01 ) 0.464 ( 0.02 ) 0.488 ( 0.01 ) 0.552 ( 0.04 ) 0.575 ( 0.03 )

DeepSeek-V3.1 0.442 ( 0.01 ) 0.674 ( 0.00 ) 0.456 ( 0.01 ) 0.740 ( 0.01 ) 0.462 ( 0.01 ) 0.555 ( 0.00 ) 0.685 ( 0.05 ) 0.586 ( 0.03 )

Gemini-2.5-Flash 0.517 ( 0.05 ) 0.614 ( 0.04 ) 0.562 ( 0.06 ) 0.753 ( 0.05 ) 0.436 ( 0.02 ) 0.576 ( 0.09 ) 0.485 ( 0.05 ) 0.507 ( 0.03 )

DeepSeek-V3.2-Exp 0.481 ( 0.02 ) 0.692 ( 0.01 ) 0.502 ( 0.02 ) 0.785 ( 0.02 ) 0.521 ( 0.02 ) 0.602 ( 0.01 ) 0.782 ( 0.03 ) 0.580 ( 0.01 )

GLM-4.5 0.512 ( 0.02 ) 0.690 ( 0.02 ) 0.584 ( 0.01 ) 0.699 ( 0.03 ) 0.533 ( 0.02 ) 0.603 ( 0.01 ) 0.539 ( 0.06 ) 0.537 ( 0.02 )

GPT-5 0.516 ( 0.01 ) 0.657 ( 0.02 ) 0.525 ( 0.01 ) 0.795 ( 0.01 ) 0.521 ( 0.04 ) 0.603 ( 0.02 ) 0.618 ( 0.06 ) 0.616 ( 0.02 )

Deepseek-R1 0.516 ( 0.03 ) 0.676 ( 0.02 ) 0.539 ( 0.02 ) 0.778 ( 0.03 ) 0.561 ( 0.04 ) 0.614 ( 0.02 ) 0.642 ( 0.04 ) 0.434 ( 0.04 )

Gemini-2.5-pro 0.620 ( 0.01 ) 0.769 ( 0.00 ) 0.695 ( 0.02 ) 0.877 ( 0.01 ) 0.637 ( 0.01 ) 0.720 ( 0.00 ) 0.733 ( 0.04 ) 0.561 ( 0.02 )

Table 6: Chinese version’s results on WereAlign over WereBench. Avg. is the macro-average over these five
dimensions in speech evaluation. All scores are averaged over five independent decodes per item; values in ( ·)
denote the standard deviation across five identical runs. Bold numbers indicate the best performance, and underlined
numbers indicate the second best.

short vignettes drawn from WereBench. Each vi-
gnette centers on a time-stamped decision point
t with public context Ct = ⟨R,H,S⟩ (rules/role
claims, public logs, and speech history), and con-
trasts model behavior with the winning faction’s
MVP trajectory. We use these cases to expose why
models succeed or fail on our tasks, rather than
only how much they score. We have attached the
case in the following Figure 16, 17, 18, 19, 20, 21,
22, 23, 24, 25, 26, 27, 28, 29, 30.

D Experimental Design for Ablation
Study

We isolate two hypothesized pathways behind
model misguidance while holding constant both
the public evidence and the reference answer for
each base item. For every timestamped context
Ct = ⟨R,H,S⟩ in WereBench, we create paired
variants that differ only in (i) an explicit rule re-
minder and (ii) the surface form of player speech,
while keeping the correct option A identical across
variants.

For Rule Reminder (RR), we prepend a 1–2 sen-
tence snippet extracted verbatim from the active
rulebook that is strictly relevant to the item (e.g.,
ability timing, mutual exclusivity, or win-condition
nuances). The No-RR condition omits this snippet.

For Objective Speech Rewriting (OSR): We re-
place turn-by-turn direct dialogue with concise,
evidence-style summaries that preserve propo-
sitional content, speaker attributions, and pub-

lic actions (claims, votes, revealed night out-
comes), while removing imperative mood and
instruction-like phrasing. Rewritings are produced
with a few-shot template that enforces declarative
style and then human-checked for fidelity and neu-
trality. No hidden roles or host commentary are
exposed, and no information outside Ct is intro-
duced. Detailed prompt for OSR could be seen in
Fig. 31.

Variant assignment is randomized at the item
level so that a model answers exactly one variant
per base item, avoiding memory effects. Infer-
ence settings, decoding, and scoring follow Ap-
pendix A. We report standard multiple-choice accu-
racy for speech tasks. For decision-level results, the
main table (Table 3) reports Vote Alignment (VA)
and Opponent-role Inference (OI) separately; the
ablation table (Table 5) reports their unweighted
macro-average (denoted as “Decision”) for com-
pactness.

E Werewolf Rules and Roles

Werewolf is a hidden-role social deduction game.
Players are secretly assigned to the Werewolf fac-
tion or the Good faction (ordinary villagers plus
power roles such as the Seer, Witch, Hunter, and
Guard). Each night, the wolves secretly choose a
victim and power roles use their abilities; each day,
all players publicly speak and then vote to elimi-
nate a suspect. Because identities are hidden and
information is asymmetric, winning depends not
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Model Speech Evaluation Decision Evaluation

RI SJ DR PS CT Avg. VA OI

Baselines

GPT-5-nano 0.282 ( 0.03 ) 0.366 ( 0.00 ) 0.243 ( 0.04 ) 0.304 ( 0.00 ) 0.325 ( 0.03 ) 0.304 ( 0.03 ) 0.394 ( 0.03 ) 0.490 ( 0.02 )

GPT-oss-20B 0.348 ( 0.00 ) 0.418 ( 0.03 ) 0.346 ( 0.04 ) 0.329 ( 0.02 ) 0.351 ( 0.04 ) 0.358 ( 0.04 ) 0.274 ( 0.02 ) 0.302 ( 0.03 )

Gemma-3-27B-IT 0.303 ( 0.03 ) 0.441 ( 0.04 ) 0.272 ( 0.01 ) 0.367 ( 0.03 ) 0.299 ( 0.03 ) 0.336 ( 0.02 ) 0.636 ( 0.04 ) 0.383 ( 0.02 )

Qwen3-30B-A3B 0.366 ( 0.02 ) 0.483 ( 0.03 ) 0.427 ( 0.03 ) 0.397 ( 0.05 ) 0.416 ( 0.04 ) 0.418 ( 0.03 ) 0.333 ( 0.05 ) 0.320 ( 0.04 )

Qwen3-32B 0.394 ( 0.05 ) 0.572 ( 0.04 ) 0.301 ( 0.01 ) 0.513 ( 0.03 ) 0.342 ( 0.03 ) 0.424 ( 0.02 ) 0.576 ( 0.02 ) 0.451 ( 0.04 )

Llama-4-Scout 0.366 ( 0.00 ) 0.531 ( 0.02 ) 0.353 ( 0.00 ) 0.538 ( 0.00 ) 0.342 ( 0.01 ) 0.426 ( 0.00 ) 0.485 ( 0.02 ) 0.466 ( 0.02 )

QwQ-32B 0.338 ( 0.06 ) 0.579 ( 0.05 ) 0.353 ( 0.03 ) 0.437 ( 0.02 ) 0.410 ( 0.02 ) 0.423 ( 0.02 ) 0.546 ( 0.07 ) 0.403 ( 0.02 )

GPT-5-mini 0.423 ( 0.02 ) 0.503 ( 0.04 ) 0.426 ( 0.03 ) 0.570 ( 0.01 ) 0.513 ( 0.01 ) 0.487 ( 0.03 ) 0.667 ( 0.02 ) 0.549 ( 0.02 )

DeepSeek-V3.1 0.451 ( 0.01 ) 0.600 ( 0.00 ) 0.338 ( 0.01 ) 0.627 ( 0.01 ) 0.410 ( 0.01 ) 0.485 ( 0.00 ) 0.636 ( 0.05 ) 0.466 ( 0.03 )

Gemini-2.5-Flash 0.465 ( 0.05 ) 0.587 ( 0.04 ) 0.492 ( 0.06 ) 0.650 ( 0.05 ) 0.500 ( 0.02 ) 0.539 ( 0.09 ) 0.636 ( 0.05 ) 0.481 ( 0.03 )

DeepSeek-V3.2-Exp 0.500 ( 0.02 ) 0.614 ( 0.04 ) 0.434 ( 0.04 ) 0.684 ( 0.02 ) 0.402 ( 0.02 ) 0.527 ( 0.00 ) 0.727 ( 0.03 ) 0.471 ( 0.00 )

GLM-4.5 0.507 ( 0.03 ) 0.641 ( 0.03 ) 0.441 ( 0.04 ) 0.576 ( 0.05 ) 0.547 ( 0.05 ) 0.542 ( 0.03 ) 0.546 ( 0.06 ) 0.485 ( 0.06 )

GPT-5 0.493 ( 0.01 ) 0.662 ( 0.04 ) 0.522 ( 0.04 ) 0.684 ( 0.03 ) 0.487 ( 0.03 ) 0.570 ( 0.04 ) 0.697 ( 0.02 ) 0.573 ( 0.05 )

Deepseek-R1 0.514 ( 0.03 ) 0.628 ( 0.04 ) 0.493 ( 0.03 ) 0.677 ( 0.04 ) 0.513 ( 0.03 ) 0.565 ( 0.03 ) 0.636 ( 0.02 ) 0.485 ( 0.04 )

Gemini-2.5-pro 0.598 ( 0.01 ) 0.745 ( 0.00 ) 0.678 ( 0.02 ) 0.857 ( 0.01 ) 0.637 ( 0.01 ) 0.709 ( 0.01 ) 0.713 ( 0.04 ) 0.541 ( 0.03 )

Table 7: English version’s results on WereAlign over WereBench. Avg. is the macro-average over these five
dimensions in speech evaluation. All scores are averaged over five independent decodes per item; values in ( ·)
denote the standard deviation across five identical runs. Bold numbers indicate the best performance, and underlined
numbers indicate the second best.

Role: You are an expert in Werewolf game strategy and logical reasoning.

Context:
• Contains a complete game recording in MP4 format.
• Feishu generated meeting minutes for this recording in txt format.
• Feishu-to-text extracted transcripts in srt format.

Your Task: Compile a Werewolf game log using game recordings, meeting minutes, and transcripts. List the roles of players 1-12
(excluding the host from the 13 speakers) and their actions during the Sheriff campaign, nighttime actions, daytime speeches, and
final words. Call players by their numbers 1 to 12, and no other names.

Output format: A string containing the game log. The output does not include periods or line breaks. In a text file, it should be a
single line and may contain punctuation.

Game Log Generation Prompt

Figure 6: Game Log Generation Prompt

on luck but on core social-intelligence skills: infer-
ring hidden roles from speech and voting behavior,
detecting or performing deception, persuading oth-
ers to coordinate votes, and weighing the risks of
alternative actions over multiple rounds.
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Role: You are an expert in Werewolf game strategy and logical reasoning.

Context:
• Game Record (json file): This is the single "source of truth".
• Question bank (json file): This contains original questions

Your Task: Based on the real conversations in the game records, understand and analyze the behavioral tendencies of the MVP at
the moment of being asked questions. For each question in the question bank, review whether it leaks more information due to
inappropriate question wording. If there is an information leakage problem, paraphrase the original sentence to make it an action-
level description.

Output format: The modified question bank (json file) ensures that no additional information is leaked in the questions. Only the
questions are modified, and the format remains the same as the original file.

Leakage Prevention Prompt

Figure 7: Leakage Prevention Prompt

Role: You are an expert in Werewolf game strategy and logical reasoning, specializing in counterfactual analysis.

Context:
• You are given a complete Werewolf game scenario including player roles, speech history, voting records, and game state.

Your Task: Apply small, structured perturbations to the game context and derive the corresponding optimal action under the
perturbed conditions. Consider three specific mechanisms:
1. Role Perturbation: Alter the assumed identities of 1-2 players while maintaining game rule consistency, then determine the best
strategic action.
2. Information Occlusion: Remove or modify critical public information (speeches, voting patterns, or revealed outcomes) to
create a reduced context, then solve for optimal play.
3. Faction Inversion: Shift perspective to optimize for opposing faction objectives rather than the original player's goals,
generating actions that would benefit the other side.

For each perturbation mechanism, analyze how the changed context affects strategic considerations and output the derived
optimal action. Call players by their numbers 1 to 12 only.

Output format: A string containing the perturbed context analysis and optimal actions. The output should be a single continuous
line without periods or line breaks, using commas and other punctuation for separation.

Counterfactual Context Perturbation Negative Question

Figure 8: Counterfactual Context Perturbation Negative Question
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Role: You are an expert in Werewolf game strategy and counterfactual reasoning, skilled at generating deceptive but plausible
actions by manipulating game context.

Context:
• The current game state includes public information: roles and rules R, public logs H (e.g., voting records, night outcomes),

and speech history S up to time t
• A positive option A is provided, representing the correct strategic action aligned with the winning faction

Your Task: Generate negative options N by applying two techniques sequentially:
1 Information Occlusion: Omit critical public clues from S and H to create reduced context C' ⊂ C (e.g., remove decisive
speeches or key voting patterns)
2 Faction Inversion: Shift perspective to optimize opposing team objectives rather than true faction utility
Based on the altered context, generate strategically plausible but incorrect options that maintain game-theoretic coherence while
diverging from optimal play

Output format: A string containing the perturbed context analysis and optimal actions. The output should be a single continuous
line without periods or line breaks, using commas and other punctuation for separation.

Information Occlusion and Faction Inversion Negative Question

Figure 9: Information Occlusion and Faction Inversion Negative Question

Role: You are an LLM specialized in generating plausible but incorrect answers for social deduction game evaluations by
incorporating cognitive biases.

Context:
• You are provided with a clean context C, which includes:
• Role claims and game rules (R)
• Public logs such as votes and night outcomes (H)
• Speech history up to the current timestamp (S)
A question Q is also provided, which needs to be answered from a player's perspective.

Your Task: Generate a negative option for the multiple-choice question that is strategically plausible but ultimately incorrect. To
achieve this, reason under common cognitive biases (e.g., inferring trustworthiness based on friendliness, ignoring logical
inconsistencies) while underweighting contradictory evidence in the context. The negative option should be a distractor that a
reasonably competent but biased LLM might select.

Output format: A string containing the perturbed context analysis and optimal actions. The output should be a single continuous
line without periods or line breaks, using commas and other punctuation for separation.

Strategic Rationale-Driven Negative Question

Figure 10: Strategic Rationale-Driven Negative Question
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Role: You are an expert in Werewolf game strategy and logical reasoning.

Context:
• Game Record (json file): This is the single "source of truth". All questions and answers must be based strictly on the

information in this file.
• Output template (json file): A manually designed question bank template, which is the output format that must be strictly

followed.
• Question Guide (txt file): This is the core guiding principle for creating questions. Please thoroughly understand the

objectives and questioning strategies for each category.
� Role Inference: This examines whether the model can accurately infer the potential identities (werewolf, villager,

specific priesthood) of itself and others based on their statements, actions (such as voting and skill usage), and logical
chains. This requires the model to not only understand the rules but also extract identity from ambiguous information.
Correct answer: The current player's actual identity.
[Example1] [Example2] [Example3] [Example4] [Example5]

Your Task: Generate a 6-question Q&A set in JSON format based on the provided game log json file and question guide txt file.
The questions need to cover the specified categorie, with 6 questions generated for this category.

Question requirements:
• Role Playing: All questions should be asked in the format of “You are [player number], at [game stage/after key event]…” to

allow the model to think in the role.
• Contextual limitations: When asking a question, you must explicitly tell the model the information up to which utterance

(utterance_id) it should use. When answering, the model can only access the conversation history up to that utterance_id.
Ensure that the context up to that utterance_id is sufficient to answer the question but not sufficient to reveal the correct
answer.

• Focus on key players: Prioritize the MVP of the game, the winning player, or the player who makes important decisions at
key turning points as the protagonist of the question.

• Eliminate off-site information: It is strictly forbidden to use any visual information as the basis for questions. Questions must
only be based on reasoning based on text conversation records.

Output format: The final delivery is a JSON file containing a single object with the keys questionSetTitle, version, and
categories. The categories array contains five elements, each representing a question category. Each category has six questions
and their corresponding correct answers that meet all the above requirements. But in this case, just generate Role Inference.

Important: You cannot reuse any sample question content or logic contained in the output template json file. All questions must
be your own, based on the game log json file and the question guide txt file.

Questions and Positive options Generation Prompt(RI)

Figure 11: Questions and Positive options Generation Prompt(RI)
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Role: You are an expert in Werewolf game strategy and logical reasoning.

Context:
• Game Record (json file): This is the single "source of truth". All questions and answers must be based strictly on the

information in this file.
• Output template (json file): A manually designed question bank template, which is the output format that must be strictly

followed.
• Question Guide (txt file): This is the core guiding principle for creating questions. Please thoroughly understand the

objectives and questioning strategies for each category.
� Strategic Judgment: This examines whether the model can assume a specific role in a specific game scenario and make

strategic decisions that are most beneficial to itself and its faction. This includes voting, skill usage, speaking strategies,
badge flow arrangements, etc. Correct answer: The following text immediately follows the actual subsequent events.
[Example1] [Example2] [Example3] [Example4] [Example5]

Your Task: Generate a 6-question Q&A set in JSON format based on the provided game log json file and question guide txt file.
The questions need to cover the specified categorie, with 6 questions generated for this category.

Question requirements:
• Role Playing: All questions should be asked in the format of “You are [player number], at [game stage/after key event]…” to

allow the model to think in the role.
• Contextual limitations: When asking a question, you must explicitly tell the model the information up to which utterance

(utterance_id) it should use. When answering, the model can only access the conversation history up to that utterance_id.
Ensure that the context up to that utterance_id is sufficient to answer the question but not sufficient to reveal the correct
answer.

• Focus on key players: Prioritize the MVP of the game, the winning player, or the player who makes important decisions at
key turning points as the protagonist of the question.

• Eliminate off-site information: It is strictly forbidden to use any visual information as the basis for questions. Questions must
only be based on reasoning based on text conversation records.

Output format: The final delivery is a JSON file containing a single object with the keys questionSetTitle, version, and
categories. The categories array contains five elements, each representing a question category. Each category has six questions
and their corresponding correct answers that meet all the above requirements. But in this case, just generate Strategic Judgment.

Important: You cannot reuse any sample question content or logic contained in the output template json file. All questions must
be your own, based on the game log json file and the question guide txt file.

Questions and Positive options Generation Prompt(SJ)

Figure 12: Questions and Positive options Generation Prompt(SJ)
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Role: You are an expert in Werewolf game strategy and logical reasoning.

Context:
• Game Record (json file): This is the single "source of truth". All questions and answers must be based strictly on the

information in this file.
• Output template (json file): A manually designed question bank template, which is the output format that must be strictly

followed.
• Question Guide (txt file): This is the core guiding principle for creating questions. Please thoroughly understand the

objectives and questioning strategies for each category.
� Deception Reasoning: This examines the model's ability to discern the authenticity of information. This requires the

model to be able to discern logical loopholes, inconsistencies, information leaks (revealing information that should not
be known), and actions that are inconsistent with the player's stated identity. Correct Answer: Accurately identify hard
logical errors or discrepancies with the facts in the statement.
[Example1] [Example2] [Example3] [Example4] [Example5]

Your Task: Generate a 6-question Q&A set in JSON format based on the provided game log json file and question guide txt file.
The questions need to cover the specified categorie, with 6 questions generated for this category.

Question requirements:
• Role Playing: All questions should be asked in the format of “You are [player number], at [game stage/after key event]…” to

allow the model to think in the role.
• Contextual limitations: When asking a question, you must explicitly tell the model the information up to which utterance

(utterance_id) it should use. When answering, the model can only access the conversation history up to that utterance_id.
Ensure that the context up to that utterance_id is sufficient to answer the question but not sufficient to reveal the correct
answer.

• Focus on key players: Prioritize the MVP of the game, the winning player, or the player who makes important decisions at
key turning points as the protagonist of the question.

• Eliminate off-site information: It is strictly forbidden to use any visual information as the basis for questions. Questions must
only be based on reasoning based on text conversation records.

Output format: The final delivery is a JSON file containing a single object with the keys questionSetTitle, version, and
categories. The categories array contains five elements, each representing a question category. Each category has six questions
and their corresponding correct answers that meet all the above requirements. But in this case, just generate Deception
Reasoning.

Important: You cannot reuse any sample question content or logic contained in the output template json file. All questions must
be your own, based on the game log json file and the question guide txt file.

Questions and Positive options Generation Prompt(DR)

Figure 13: Questions and Positive options Generation Prompt(DR)
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Role: You are an expert in Werewolf game strategy and logical reasoning.

Context:
• Game Record (json file): This is the single "source of truth". All questions and answers must be based strictly on the

information in this file.
• Output template (json file): A manually designed question bank template, which is the output format that must be strictly

followed.
• Question Guide (txt file): This is the core guiding principle for creating questions. Please thoroughly understand the

objectives and questioning strategies for each category.
� Persuasive Statements: This examines the model's ability to understand the social motivations behind language. This

includes identifying the player's true intentions, such as feigning, coaxing, testing, shifting blame, appeasing, and sowing
discord, and understanding the impact of these social behaviors on the game's dynamics. Correct answer: The social
motivation that best aligns with the current context and the player's position.
[Example1] [Example2] [Example3] [Example4] [Example5]

Your Task: Generate a 6-question Q&A set in JSON format based on the provided game log json file and question guide txt file.
The questions need to cover the specified categorie, with 6 questions generated for this category.

Question requirements:
• Role Playing: All questions should be asked in the format of “You are [player number], at [game stage/after key event]…” to

allow the model to think in the role.
• Contextual limitations: When asking a question, you must explicitly tell the model the information up to which utterance

(utterance_id) it should use. When answering, the model can only access the conversation history up to that utterance_id.
Ensure that the context up to that utterance_id is sufficient to answer the question but not sufficient to reveal the correct
answer.

• Focus on key players: Prioritize the MVP of the game, the winning player, or the player who makes important decisions at
key turning points as the protagonist of the question.

• Eliminate off-site information: It is strictly forbidden to use any visual information as the basis for questions. Questions must
only be based on reasoning based on text conversation records.

Output format: The final delivery is a JSON file containing a single object with the keys questionSetTitle, version, and
categories. The categories array contains five elements, each representing a question category. Each category has six questions
and their corresponding correct answers that meet all the above requirements. But in this case, just generate Persuasive
Statements.

Important: You cannot reuse any sample question content or logic contained in the output template json file. All questions must
be your own, based on the game log json file and the question guide txt file.

Questions and Positive options Generation Prompt(PS)

Figure 14: Questions and Positive options Generation Prompt(PS)
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Role: You are an expert in Werewolf game strategy and logical reasoning.

Context:
• Game Record (json file): This is the single "source of truth". All questions and answers must be based strictly on the

information in this file.
• Output template (json file): A manually designed question bank template, which is the output format that must be strictly

followed.
• Question Guide (txt file): This is the core guiding principle for creating questions. Please thoroughly understand the

objectives and questioning strategies for each category.
� Counterfactual Trade-off: Tests the model's ability to identify the true drivers behind complex events. The question

presents a real action that has already occurred as a condition, requiring the model to determine the most direct and
logical consequence of this action, while excluding other false or irrelevant causal relationships. Correct Answer: Must
be a subsequent consequence in the game that is directly caused by this action and actually occurred. This requires the
model to accurately establish a direct causal chain from "action A" to "result A."
[Example1] [Example2] [Example3] [Example4] [Example5]

Your Task: Generate a 6-question Q&A set in JSON format based on the provided game log json file and question guide txt file.
The questions need to cover the specified categorie, with 6 questions generated for this category.

Question requirements:
• Role Playing: All questions should be asked in the format of “You are [player number], at [game stage/after key event]…” to

allow the model to think in the role.
• Contextual limitations: When asking a question, you must explicitly tell the model the information up to which utterance

(utterance_id) it should use. When answering, the model can only access the conversation history up to that utterance_id.
Ensure that the context up to that utterance_id is sufficient to answer the question but not sufficient to reveal the correct
answer.

• Focus on key players: Prioritize the MVP of the game, the winning player, or the player who makes important decisions at
key turning points as the protagonist of the question.

• Eliminate off-site information: It is strictly forbidden to use any visual information as the basis for questions. Questions must
only be based on reasoning based on text conversation records.

Output format: The final delivery is a JSON file containing a single object with the keys questionSetTitle, version, and
categories. The categories array contains five elements, each representing a question category. Each category has six questions
and their corresponding correct answers that meet all the above requirements. But in this case, just generate Counterfactual
Trade-off.

Important: You cannot reuse any sample question content or logic contained in the output template json file. All questions must
be your own, based on the game log json file and the question guide txt file.

Questions and Positive options Generation Prompt(CT)

Figure 15: Questions and Positive options Generation Prompt(CT)
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Question: You are Player 2. On Day 2, you hear Player 3 speak, who emotionally declares that since the
outgoing Player 10 wrongfully accused him in their final words, he will now "strongly side with Player 
6." What is the greatest deception behind this seemingly emotional shift?

Key Option Text
A He is feigning being a Good Player wronged by the True Prophet, when in reality he is 
creating an opportunity for the Witch of the Moon to link players.
B He is using Player 10's last words to manufacture a persona of being wronged, thereby 
justifying his attack on Player 12 to deflect focus.
C He mistakenly believes Player 6 is the True Prophet, despite Player 6 having been 
exposed as a Civilian, and this blind support exposes a lack of information.
D His emotion is genuine, but it's being exploited by the Wolves to incite conflict within 
the Good Faction and protect the core Wolf team members.
E He is exploiting the Good Faction's common tendency for emotional allegiance shifts, 
making Good Players mistakenly believe he is simply switching sides due to a sense of injustice.
F His apparent support for Player 6 is actually setting the stage for a future betrayal of the 
Good Faction, creating a chain reaction of suspicion among Good Players.
G This shift deliberately mimics a common Good Player reaction, intended to mislead the 
Assassin about his identity and avoid becoming an assassination target.
H He is ignoring the fact that Player 10 was his teammate, and this "betrayal" is an 
extreme move to better disguise himself.
I He is using an exaggerated performance to divert focus, covering up the Wolf team's 
genuine intent or a mistake in their night killing strategy.

Reasoning Output by Deepseekv3.2: As Player 2, the most deceptive aspect of Player 3's dramatic 
shift to side with Player 6 is the manipulation of common Good Faction psychology. Player 3, after 
being wrongfully accused by the outgoing Sheriff (Player 10), is exhibiting an extreme emotional 
reaction and subsequent "vengeful" change of allegiance. This is a behavior often genuinely seen in 
emotional Good Players who feel wronged. The greatest deception (E) lies in the calculated use of this 
emotional turmoil to manufacture a "wronged Good Person" persona. This tactic aims to make the Good
Faction mistakenly believe Player 3 is innocent and merely reacting to the injustice, thereby masking 
Player 3's true role as a Wolf leveraging chaos for cover. 

Output : E

Deception Reasoning Case

Figure 16: Deception Reasoning Case
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Question: You are the White Wolf King (Player 9). In the Sheriff Election phase, assume Player 3 
chooses to step down ("retreats") and transfers the Sheriff badge to Player 10 by publicly giving them a 
"Gold Water" (Good Person) designation. What is the most direct consequence of this series of actions?

Key Option Text
A The Elder immediately silences Player 3 as punishment for retreating, obstructing the 
daytime discussion.
B You (the White Wolf King) perceive the badge transfer as posing no immediate threat, 
decide to stand pat, and continue to camouflage as a Civilian in the daytime discussion.
C You (the White Wolf King) view Player 3's retreat as suspicious, decide to temporarily 
conceal your identity, and wait until the night phase to discuss the next move with the Wolf team.
D You (the White Wolf King) mistakenly believe Player 10 to be a Wolf teammate, and 
choose to fake-claim a Deity role during the Sheriff's speech phase to "take the bullet" for 10.
E The Assassin plans to single-vote Player 10 during the daytime voting phase to set up a 
night assassination on the Sheriff.
F You (the White Wolf King) immediately view the 10/3 connection as the core of the 
Good Faction, and decide to self-destruct and eliminate Sheriff 10 before the end of the day.
G The Witch views the Gold Water for 10 as suspicious, and uses her Poison during the 
night to eliminate Player 3, disrupting the potential Wolf strategy.
H The Prophet (You) gains additional information from the badge transfer and decides to 
prioritize verifying Player 10's identity during the night phase.
I Sheriff Player 10 gains 1.5 votes and the Good Faction, now unified, aggressively votes 
out Player 3 during the daytime public vote.

Reasoning Output by Qwen3-32B: As the White Wolf King (Player 9), the transfer of the Sheriff 
badge from Player 3 to Player 10 through a Gold Water claim, while concerning, does not constitute an 
immediate existential threat to the Wolf Faction. The most logical and strategically sound outcome is to 
proceed normally and remain vigilant (B). Sacrificing the powerful, one-time self-destruct ability on a 
player whose exact role and value to the Good Faction is unconfirmed would be a hasty mistake. The 
superior tactic is to preserve the ability, continue to camouflage as a Civilian, and wait for clear 
information on the critical Deity roles before initiating the decisive strike. 

Output : B

Counterfactual Trade-off Case

Figure 17: Counterfactual Trade-off Case
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Question: You are Player 7. Retrospecting the Sheriff vote, you notice that Player 3 was the only player
off-the-stage to vote for Player 8. It is known that Player 8 is a Civilian who fake-claimed the Prophet 
role, and Player 2 is the True Prophet. What does Player 3's vote most likely indicate?

Key Option Text
A Player 3 is the Assassin , and she plans to assassinate Player 8 at night after the day 
vote; this vote is a tactical maneuver.
B Player 3 is a Wolf, and she deliberately voted for Player 8 to confuse the Good Faction, 
as the Wolf team intended to protect a true Wolf teammate.
C Player 3 is the Prophet, and her verification information was wrong, making her 
mistakenly believe that Player 8 was the True Prophet who had been "back-claiming" as a Wolf.
D Player 3 is a Deity, and she voted for Player 8 to test the reactions and allegiances of 
other players.
E Player 3 is a Wolf, and she deliberately voted for Player 8 to cover up the true Prophet 
identity of Wolf teammate Player 1 (assuming 1 was falsely claiming Prophet).
F Player 3 is the Wolf of the Moon , and she voted for Player 8 to create chaos and hide 
her Wolf identity.
G Player 3 is the Elder , and her vote was based on information from her night silence 
target, causing her to misjudge Player 8's role.
H Player 3 is the Witch, and the information she gained from her night potions misled her,
causing her to mistakenly believe Player 8 was a credible Prophet.
I Player 3 is a Civilian, and she was completely deceived by Player 8's performance, 
sincerely believing 8 was the Prophet.

Reasoning Output by Qwen3-30B-A3B: The decision by Wolf Player 11 to prioritize killing Sheriff 
Player 2—who is also the True Prophet—is the most decisive move the Wolf Faction can make on Night
1. The core strategic goal (E) is to simultaneously eliminate the Good Faction's information source and 
its leadership. Killing the Prophet (information) immediately cripples the village's ability to logically 
verify roles. Furthermore, eliminating the Sheriff (leadership) neutralizes the critical 1.5 voting power 
and throws the Good Faction into confusion on Day 2, preventing organized voting. This calculated 
action aims to inflict a devastating, dual-purpose blow early in the game, setting the stage for a rapid 
Wolf victory. 

Output : E

Strategic Judgment Case

Figure 18: Strategic Judgment Case
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Question: You are Player 6. On Day 1, you listened to Player 9's well-structured speech, in which he 
accurately analyzed Player 2 as the True Prophet and Players 1 and 8 as the "Double Wolves." What role
does this speech most powerfully suggest for Player 9?

Key Option Text
A He might be a Wolf, using a powerful speech to impersonate the Prophet, attempting to 
disrupt the game and gain the Sheriff badge to control daytime voting.
B Assassin identity, possibly setting up a future night assassination by using a clear 
speech to divert attention and conceal his true intentions.
C He is likely a Regular Civilian, possessing strict logical reasoning but lacking night 
information, solely driving the game process through analysis.
D He appears more like a Regular Civilian with limited information, making deductions 
based on intuition and guesswork.
E He might be a Third-Party Role or special identity, trying to balance the situation 
without revealing his true faction.
F He might be a Wolf trying to hide his identity through aggressive analysis, deliberately 
misleading the Good Faction.
G Witch identity, as his speech reveals knowledge of night events, such as details about 
potential rescues, despite not explicitly mentioning using a potion.
H Elder role, attempting to guide the discussion and direct the vote through structured 
analysis, but the Elder's silence ability is not mentioned, which conflicts with his actions.
I He is a Deity Role with a clear perspective and leadership responsibility, such as the 
Guard or the Witch.

Reasoning Output by  Deepseekv3.2: As Player 6, the task is to deduce Player 9's role based on a 
highly detailed and conclusive Day 1 speech. Player 9's entire analysis—convincingly arguing for Player
2's authenticity as Prophet and deducing Players 1 and 8 as the "Double Wolves"—points to an informed
player. Crucially, Player 9 concludes the speech by explicitly revealing the role: "I am the Guard." This 
self-declaration instantly renders most other options irrelevant. The strong analytical deduction, 
combined with the clear strategic assignments for the protection roles, most powerfully suggests that 
Player 9 is a Deity Role with a clear perspective and leadership responsibility (I), which in this case is 
the Guard.

Output : I

Role Inference Case

Figure 19: Role Inference Case
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Question: As Player 9, after hearing the impostor claim from Player 2 (fake Prophet) and the aggressive
rebuttal from Player 12, what is your most likely judgment regarding Player 12's identity?

Key Option Text
A He might be a Deep-Cover Role, attempting to hide his identity through aggressive 
gameplay.
B He might be a Deep-Water Wolf in the Wolf Faction, using the tactic of "flipping the 
script and running for Sheriff" to build a strong good-person image for himself.
C He is a Deep-Water Wolf in the Wolf Faction, using the tactic of "check-killing" a 
teammate to elevate his own status.
D He might just be a Regular Civilian who saw through Player 2's impostor claim based 
on his keen observation skills.
E He is the Prophet who dared to directly counter the impostor and run for Sheriff because
he checked Player 2's identity during the night.
F He might be a Deep-Cover Role , using the rebuttal to test Player 2's identity.
G He is a Third Party Faction Player using the aggressive counter-claim to create chaos 
and profit from it.
H He is a Powerful Deity/Role with critical information (e.g., Witch or Elder), giving him 
the confidence to directly counter the impostor Wolf.
I He is a Blind Civilian who made the counter-claim based solely on Player 2's poor 
demeanor/speech quality.

Reasoning Output by K2-Think: Player 9 must evaluate Player 12's extreme move: aggressively 
counter-claiming and running for Sheriff after being publicly targeted as a Wolf ("Gold Water"). This 
high-stakes action immediately eliminates low-leverage roles like Civilian and is strategically 
impossible for a generic Wolf. The most compelling explanation is a deliberate, calculated deception. A 
Deep-Water Wolf utilizing this "flipping the script" tactic (Option B) aims to secure instant credibility 
and cause maximum confusion, appearing as a confident good player who would dare to challenge the 
false Prophet. Therefore, the optimal deduction is that Player 12 is a Deep-Water Wolf leveraging 
extreme counter-play to solidify their cover.

Output : B

Role Inference Case

Figure 20: Role Inference Case
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Question: You are Player 9, the last remaining Wolf. It is Day 4, and the Guard (Player 8) guarded 
himself last night, resulting in a Peaceful Night. The Witch (Player 5) revealed her identity and poisoned
Player 6. The current situation is 2 Gods (Witch, Guard), 1 Civilian, and 1 Wolf. What is the only action
that offers you a chance to flip the board?

Key Option Text
A Self-destruct immediately , ending the day and moving to night, attempting to kill the 
Witch or Guard at night to gain a numerical advantage.
B Feigning as a Civilian, fiercely attack Witch Player 5's poisoning action as 
unreasonable, pushing for a vote to eliminate 5 but avoiding claiming any special role.
C Question the truth of the Peaceful Night or suggest interference by an Assassin, creating
chaos to deflect focus and hint at a third faction.
D Speak subtly to avoid suspicion, and support the Good Faction in voting out the 
Civilian, to keep the Wolf hidden and wait for a later opportunity.
E Admit to being the Wolf and try to convince the Good Faction to accept a draw, 
promising cooperation in future games.
F Immediately fake claim the Witch role, repeating Player 5's rescue and poisoning 
information, and use stronger conviction to convince others that you are the True Witch.
G Fake claim the Guard role, asserting that you are the True Guard, and detail your actions
last night that led to the Peaceful Night, attempting to make Good Players doubt Player 8.
H Acknowledge the Civilian role and attack Player 5's Witch claim, pointing out flaws in 
her speech and trying to guide the Good Faction to vote out the True Witch.
I Claim the Guard role, alleging that Player 8 is a Wolf impersonating the Guard, trying 
to create chaos and force the True Guard to expose himself.

Reasoning Output by Deepseekv3.2: As the last remaining Wolf (Player 9) against two Gods and one 
Civilian, a direct confrontation or self-elimination (A, F, G, I) is suicidal. The only path to victory 
(killing all Gods) requires manipulating the daylight vote to eliminate a key Deity. The crucial flaw to 
exploit is Witch Player 5's action: she poisoned Player 6 (a confirmed Civilian, as the game is ongoing), 
revealing a major error. The most effective strategy (B) is to aggressively attack the Witch's reckless 
poisoning as a "Civilian"—not claiming a special role—thereby leveraging 5's mistake to convince the 
Good Faction that she is a false Witch. If successful in voting out the Witch, the Wolf only needs one 
successful night kill on the Guard to win. 

Output : B

Strategic Judgment Case

Figure 21: Strategic Judgment Case
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Question: You are Civilian Player 2. During your speech, you publicly suggested to the Wolf Faction: 
"I suggest the Wolves go and kill Player 12 because Player 12 on the field... will steal Player 2's 
spotlight." What is the true social intent behind this statement, which seemingly "helps" the Wolves?

Key Option Text
A Hint that 12 is a Wolf teammate, using pressure as a coded signal to make him look 
innocent.
B Offer a false target to the Wolves, prompting the Good Faction to protect 12 and disrupt
the Wolf kill strategy.
C Provoke 12 for an emotional response, setting up grounds to discredit him, while 
seeking playful approval from others.
D Use sarcasm to divert focus from any flaws in your identity claim (despite being a 
Civilian), gaining speaking time.
E Protect a vital player using reverse psychology, demonstrating strategic control, and 
establishing a Good Faction leader image.
F Trigger a Wolf exposure through aggressive suggestion, helping the Good Faction 
locate the actual Wolf target.
G Gain Wolf trust by undermining 12, paving the way for a future "turning traitor" 
strategy (Deep Wolf tactic).
H A purely recreational statement made to confuse the Wolves, with no actual strategic 
intent.
I Create an illusion of opposition to the Wolves by openly naming a kill target, masking 
your true Civilian role.

Reasoning Output by Deepseekv3.2: Player 2's suggestion for the Wolves to "take out Player 12 
because he'll steal Player 2's spotlight" is a classic example of reverse psychology and role protection in 
social deduction games. As a Civilian (Good Role), Player 2 does not genuinely want a God Role 
(which 12 is speculated to be) to die. The true social intent (E) is to protect a perceived valuable player 
while showcasing personal strategic control. By openly calling for 12's death, Player 2 is likely: 1) 
warning the Good Faction's protection roles (Witch/Guard) to shield 12, or 2) making the Wolves 
hesitate to target 12, who is now too obvious. This maneuver establishes Player 2 as a confident, capable
leader shaping the village's strategy. 

Output : E

Social Interaction Case

Figure 22: Social Interaction Case
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Question: You are Sheriff Player 12. On Day 2, the Witch (Player 3) suggested you target 8. You forced
the vote onto the claimed Guard, 4. What is the most likely consequence if you had listened to the Witch
and targeted 8?

Key Option Text
A Stalemate; the Assassin kills the wrong target, speeding up the Wolf win.
B Eliminating 8 helps the Good Faction, but you lose a confusing piece (assuming you 
want to clear non-third-party players).
C Voting out 8 would increase Good Faction trust in your Prophet claim, strengthening 
your Sheriff authority.
D 8 is the Hunter; upon execution, they would shoot and eliminate your Wolf teammate, 9,
causing the Wolf Faction's immediate collapse.
E 8 is a Civilian; their exit is a Good Faction numbers loss, but the Sheriff badge transfer 
accidentally reveals a key clue.
F The Witch (3) would suspect you due to cooperation and poison your Wolf teammate, 
disrupting the Wolf plan.
G Voting out 8 would allow the Wolf (4) to gain more trust, enabling them to control 
votes later and eliminate Gods.
H The Witch would be angry at your disregard and poison you, worsening the Good 
Faction's internal conflict.
I 8 is the Assassin; their elimination means the Good Faction loses a key skill, making it 
easier for Wolves to kill Gods at night.

Reasoning Output by Deepseekv3.2: The question requires deducing the critical consequence if 
Sheriff Player 12 (implicitly a Wolf, given the high-risk action of forcing out the Guard, Player 4) had 
followed Witch Player 3's advice to vote out Player 8. Player 8 claimed a "Strong God Role" and is thus 
likely the Hunter. The most catastrophic outcome (D) for the Wolves is that Player 8, upon being 
executed, reveals the Hunter card and uses the final shot to eliminate Player 9, who is assumed to be 
Player 12's Wolf teammate (given 12's earlier "Gold Water" check). This single move would lead to the 
immediate collapse of the Wolf Faction, turning the game's advantage decisively in favor of the Good 
Faction.

Output : D

Counterfactual Trade-off Case

Figure 23: Counterfactual Trade-off Case
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Question: You are Player 9. During the Day 1 speeches, you hear Player 3 explicitly state, "Player 7 is 
not the Witch." Based on this statement, what is the most reasonable deduction you can make about 
Player 3's identity?

Key Option Text
A He is likely a Good Player. His decision to abstain from voting shows caution and 
unwillingness to easily commit, fitting the mentality of a "blind-viewer."
B He might be the Witch herself, confirming Player 7 is not the Witch, but this contradicts
the peaceful night scenario.
C He is likely a Civilian. His repeated claim that Player 7 is not the Witch is based on a 
false assessment of Player 7's past game style.
D As a Civilian, he may have deduced Player 7 is not the Witch based on Player 7's 
speaking style, as the Witch usually hides her identity more cautiously.
E He is highly likely a Wolf. Only the Wolf team knows the Night 1 attack target, 
allowing them to be certain that Player 7 is not the Witch who self-saved.
F He may have received indirect information from Player 5's gestures (Player 5 was 
silenced but used hand signals to communicate the conclusion).
G He might be a God/Deity Role, deliberately questioning Player 12's aggressive counter-
claim to test the field's reaction.
H He might be bluffing, trying to disrupt the Good Faction's judgment by questioning 
Player 7—a common tactic during the Sheriff election.

Reasoning Output by K2-Think: Player 9 must evaluate Player 3's identity based on their public 
speech during the Sheriff election. Player 3 self-identifies as a Civilian and explicitly states they 
abstained from voting because they were too cautious to side with any player ("dare not stand on the 
wrong side"). This cautious, neutral stance, combined with their stated role as a "blind player" 
(Civilian), strongly aligns with the expected behavior of a good-faction player lacking crucial night 
information. Although Player 3 expresses doubts about Player 12, this falls within the natural scope of a 
Civilian attempting to use logic to sort out the chaotic claims. Therefore, the most reasonable deduction 
is that Player 3 is a Good Role, consistent with the cautious mentality of a Civilian. 

Output : A

Role Inference Case

Figure 24: Role Inference Case
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Question: You are the Wolf (Player 9). During your speech, in order to attack Player 12, you said: "If 
you are a Good Player and vote with me, only a Wolf would say something like that when trying to 
incite people." What is the primary social intent behind this statement?

Key Option Text
A To deliberately anger Player 12, inducing an emotional response that exposes more 
flaws and provides the Wolf team with more material for subsequent attacks.
B To use absolute language ("Only a Wolf...") to create a logical trap, forcing other 
players to immediately take a side while their identities are still unconfirmed.
C To feign solidarity with the Civilian Faction to gain sympathy, thereby counteracting 
any negative impact from Player 12's accusations against your Wolf teammate (Player 2).
D To take Player 12's attempt to rally Good Faction votes and redefine and stigmatize it 
("playing on emotions," "inciting") as standard Wolf behavior, thereby planting suspicion against 12 in 
the minds of other players.
E To deflect attention from Player 9's own contradictory actions (e.g., bluffing a role 
claim during the Sheriff vote and then retreating), reducing personal suspicion.
F To emphasize your authority as the claimed Prophet, hinting that Player 12's speech is 
interfering with the True Prophet's control over the situation.
G To falsely claim a Deity function, by portraying "incitement" as a Wolf-exclusive 
ability, thereby concealing the True Prophet's verification information.
H To mimic Player 12's tone and logic, attempting to confuse the audience into believing 
that Player 9 is also thinking from the perspective of the Good Faction.
I To hint that Player 12 is violating game rules to undermine the credibility of their 
speech, guiding players to view their actions as misconduct.

Reasoning Output by Qwen3-32B: Player 9's statement, "If you are a Good Player and vote with me, 
only a Wolf would use that kind of inflammatory language," is a calculated maneuver aimed at 
discrediting Player 12. As a Wolf, the primary goal is not a mere outburst, but a strategic planting of 
suspicion. The most critical social intent (D) is to redefine and stigmatize 12's actions. By framing 12's 
persuasive attempt (likely encouraging a vote) as "Wolf agitation," Player 9 weaponizes the terminology
of deception. This shift in definition casts 12's behavior as inherently evil, thereby successfully 
manufacturing suspicion against a presumed Good Player and increasing the likelihood that the village 
will vote 12 out. 

Output : D

Social Interaction Case

Figure 25: Social Interaction Case
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Question: You are Player 3. On Day 2, Player 11 countered your speech, accusing you of "tampering 
with my statement." What is the primary tactical intent of Player 11 choosing this method to directly 
confront you?

Key Option Text
A To shift the topic away from the controversy surrounding the Witch identity, protecting 
a genuine Wolf teammate from the spotlight, and thus maintaining the game rhythm.
B To create chaos by using a minor dispute over details to obscure the main logical thread 
of the game, causing Good Players to engage in meaningless arguments and wasting speech time.
C To divert focus from the Good Faction's in-depth discussion of the suspicious behavior 
of Player 1 (the Wolf of the Moon), thereby protecting the core tactical layout of the Wolf Faction.
D To create an entertainment effect through public confrontation, easing the game's 
tension and lowering the Good Faction's vigilance for the Wolf's night action.
E To attack your overall credibility by pointing out your "dishonesty" on a small detail, 
making other players feel that all your analysis might be biased and untrustworthy.
F To use this opportunity to establish an image as a "champion of justice," gaining the 
trust of the Sheriff or a key player to pave the way for a subsequent defense.
G To test your bottom-card identity by observing your reaction under pressure, judging 
whether you are a Deity or a key Good Player, providing information for the night kill.
H To force you to reveal more role information, serving as an internal loyalty test among 
the Wolves to prevent team division.
I To emphasize the importance of consistent statements, reminding all players to note 
logical flaws, thereby strengthening the cohesion of the Good Faction.

Reasoning Output by Qwen3-30B-A3B: When Player 11 counters Player 3 (the Witch) by accusing, 
"You are tampering with my statement," the primary tactical intent is a direct assault on credibility (E). 
Instead of engaging in a difficult debate about the game's core logic, the Wolf side (11) chooses to focus
on a minor, verifiable detail. By publicly highlighting 3's perceived "dishonesty" in quoting, 11 aims to 
convince other players that if the Witch is willing to be untruthful about small things, her entire 
analytical framework and claims must be biased and untrustworthy. This is a highly effective tactic to 
sow seeds of doubt about a confirmed Deity's overall integrity. 

Output : E

Social Interaction Case

Figure 26: Social Interaction Case

50239



Question: As Player 9, after hearing the impostor claim from Player 2 (fake Prophet) and the aggressive
rebuttal from Player 12, what is your most likely judgment regarding Player 12's identity?

Key Option Text
A He might be the True Witch. He did not immediately refute Player 7's claim on Day 1, 
possibly choosing to hide/endure the situation.
B He might be the Prophet, role-claiming as the Witch to conceal his night check results 
and prevent the Wolves from targeting key Deity roles.
C He is likely a Regular Civilian, role-claiming as the Witch to draw attacks (block the 
kill), but his nervous demeanor suggests otherwise.
D He is a Wolf, trying to clear his suspicion and attack others by role-claiming as a Deity 
role.
E He is a Civilian in the Good Faction, impersonating the Witch to draw the Wolf's attack 
and protect the True Witch from being discovered.
F He belongs to the Elder role in the Good Faction, faking the Witch role to create chaos 
and observe other players' reactions.
G He might be the Assassin , intentionally confusing the Poison and Assassin abilities to 
mislead the Wolves about his true capability.
H He might be the Elder , impersonating the Witch to protect the true Deity roles from 
being discovered by the Wolves.
I He is the True Witch. He observed Player 7's false claim on Day 1, chose to hide his 
identity, and only revealed himself with action (the poisoning) on Day 2.

Reasoning Output by K2-Think: Player 5 must evaluate Player 6's claim of being the Witch, 
especially since Player 7 previously claimed the role. Player 6's statement that she "poisoned Player 3 
due to their nervous status" and correctly identifying the night's kills (9 was attacked, 3 was poisoned) 
strongly validates her claim. Since the Witch is the only role capable of poisoning, and 6 credibly 
asserted this action, the simplest deduction is that she is telling the truth. Her delayed claim suggests a 
calculated strategic move: observing Player 7's false claim before revealing the true role to the village, 
thus confirming her authenticity through undeniable action. This tactical delay secures her leverage and 
explains the conflict over the Witch's identity. 

Output : D

Role Inference Case

Figure 27: Role Inference Case
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Question: You are Player 5. During the Day 4 PK (Player Kill) voting phase, suppose Players 3 and 7 
ultimately vote for you, leading to your elimination as the True Witch (Player 5). What is the most direct
and logical consequence of this action?

Key Option Text
A The Elder (Player 12) is forced to reveal his identity and silence himself, causing a lack 
of information, resulting in the Good Faction mistakenly voting for a Wolf and the Wolves winning.
B The Assassin (Player 10) misjudges the situation and assassinates Civilian Player 8, 
wasting their skill and accelerating the Wolf's kill-the-Deity path.
C The Guard (Player 8) is unable to self-guard at night and is killed by the Wolf, leading 
to an immediate defeat for the Good Faction.
D The Witch is eliminated, but her poison was unused; however, the Wolf prioritizes 
killing the Civilian, leaving the Deity roles alive but powerless, dragging the game into the next round.
E The Good Faction believes the game is over but realizes that multiple Deity roles 
remain after the Witch's elimination, meaning the Wolf targeted the wrong player and didn't win.
F Internal confusion within the Good Faction leads them to mistakenly vote out the Elder 
(Player 12), allowing the Wolf to kill a Deity at night for an immediate victory.
G Following the Witch's elimination, the Guard and Hunter team up to find the last Wolf 
on Day 5.
H The last Wolf (Player 9) is identified by the Good Faction during the day and is 
subsequently voted out.
I The last Wolf (Player 9) successfully survives, kills the final Deity role that night, and 
wins the game.

Reasoning Output by Qwen3-30B-A3B: The elimination of the True Witch (Player 5) during the Day 
4 PK vote, orchestrated by Players 3 and 7, constitutes a catastrophic tactical failure for the Good 
Faction, removing their final safety net. The most direct and logical consequence (I) is an immediate 
Wolf victory. With the final critical Deity role removed during the day, the last surviving Wolf (Player 
9) is strategically positioned to easily eliminate the last remaining God (Hunter or Guard) during the 
upcoming night phase, instantly fulfilling the Wolf Faction's victory condition and ending the game.

Output : I

Counterfactual Trade-off Case

Figure 28: Counterfactual Trade-off Case
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Question: You are Player 11. You hear Sheriff Player 12's logic: "Player 1 was the Thief who buried the
Cupid role and became a Wolf. Before leaving, he falsely claimed 5 and 12 were Lovers, so the Wolf 
Team believed him and killed 5 that night." What is the most questionable link in this chain of logic?

Key Option Text
A How can 12 confirm 1 was the Thief/Wolf? The Thief role was never confirmed in the 
game, making this assumption baseless.
B If the Wolves believed the Lover link, why target 5 over the more critical Sheriff, 12? 
The killing priority seems illogical.
C The Witch didn't save 5, suggesting 5 wasn't a Deity. The Wolf kill was likely unrelated
to the alleged Lover claim.
D Player 5 died, yet Player 12 did not suffer mutual death. This directly contradicts the 
Lover rule and proves the link was false.
E A voted-out Wolf (1) wouldn't strategically reveal the Lover info; the Wolves would 
more likely target the Prophet (12).
F Why would a Wolf (1) lie about the Lover link when being executed? The goal to 
confuse the Good Faction could have been achieved with a better target.
G Why would the Wolf Team believe the final words of an executed teammate (1)? They 
should know 1 was lying, making the kill on 5 illogical.
H If 1 was the Thief-Wolf, the benefit of the false Cupid claim is too low; the Wolf killing
5 actually puts more focus on 12.
I Player 1 was the Witch in the game, contradicting 12's "Thief" claim. The entire logic is
built on contradictory role facts.

Reasoning Output by Qwen3-30B-A3B: Sheriff Player 12's theory relies on the false premise that 
Player 1's executed statement convinced the Wolf Faction to kill Player 5 based on a Lovers chain with 
12. The most glaring and fatal flaw (D) in this entire logic is the fundamental violation of the Lovers 
rule: if a Lover link truly existed, Player 12 must have died simultaneously with Player 5 after the night 
kill (mutual death). Since Player 12 is still alive and speaking, this single fact decisively proves the 
Lovers link was non-existent and that Player 1 was lying, regardless of the Wolf Team's belief, thus 
completely invalidating 12’s narrative.

Output : D

Deception Reasoning Case

Figure 29: Deception Reasoning Case
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Question: You are Player 9. As Day 1 speeches conclude, Player 12 uses logical flaws to accurately 
point out Players 2 and 3 as the "Double Wolves" . What role does this accurate judgment most likely 
suggest for Player 12?

Key Option Text
A Wolf, intentionally betraying a teammate to disrupt the situation and deceive the Good 
Faction into trusting him.
B He might be the Witch, having confirmed your Prophet identity through the rescue 
information from the first night.
C A Regular Civilian, who derived the judgment solely through strong logical deduction 
and public information.
D Prophet, who gained information through a night check, allowing him to confidently 
expose the Wolves.
E Assassin , setting the stage for a future assassination attempt by using accurate speech to
mislead the players.
F He might be a Regular Civilian, who saw through Player 2's disguise based on strong 
psychological "reading" ability.
G He might be a Deep-Water Wolf from the Wolf Faction, raising his status by "flipping 
the script and running for Sheriff".
H Witch, because she knows the target of the night attack and deduces the Wolf's logic 
based on that information.
I He is a Deity Role with special night information, using that information to corroborate 
his logical judgment.

Reasoning Output by K2-Think: Player 9 must evaluate Player 12's aggressive move: "flipping the 
script and running for Sheriff while claiming to check-kill Player 2" . Player 12 openly hypothesized 
being a Wolf teammate setting up Player 2, yet insisted 2 must leave regardless of 12's own role. This 
paradoxical behavior is too risky for a Good Role and too self-incriminating for a standard Wolf. The 
most logical explanation is that Player 12 is a Deep-Water Wolf (G) executing a high-level deception. 
By sacrificing a possible teammate (2) and taking an extreme good-guy stance (attacking the Prophet 
claim), the Wolf aims to instantly elevate their status and credibility within the Good Faction, ensuring 
their survival for the endgame. 

Output : G

Role Inference Case

Figure 30: Role Inference Case

Role: You are an expert in objective summarization and social deduction game analysis.

Background:
You will receive written records of player conversations in the Werewolf game, which may include speeches, statements, votes,
and nighttime results revealed.

Your Task: Rewrite the direct dialogue word for word into a concise, evidence-based summary. Ensure fidelity to the original
content and maintain a neutral tone. Do not introduce any information outside of it .

Output format: A single line string containing a rewritten summary, without any extra content.

Objective Speech Rewriting (OSR) Prompt

Figure 31: For Objective Speech Rewriting (OSR) Prompt
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