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Abstract

Recent LLM-based AIWolf agents can gener-
ate increasingly natural utterances, but context-
appropriate dialogue and role-specific behavior
remain challenging. In this study, we investi-
gate presenting desirable discussion examples
as few-shot demonstrations before the game
and selecting the examples according to the
agent’s assigned role. Results from three actual
AIWolf competitions and controlled self-play
ablation experiments using three LLMs show
that role-specific and risky behaviors were not
reliably reproduced even when they appeared
in the few-shot discussion examples. On the
other hand, agents presented with role-matched
discussion examples tended to achieve higher
utterance quality and were less likely to be se-
lected for execution or divination than those
presented with examples for other roles or with
no examples. These results suggest that, al-
though role-matched few-shot discussion ex-
amples alone have limitations in inducing com-
plex strategic behavior, they can be effective
for demonstrating desirable conversational be-
havior and improving the dialogue quality of
AIWolf agents.

1 Introduction

The Werewolf game, also known as Mafia, is an
imperfect-information game in which players be-
long to either the Villager team or the Werewolf
team and use discussion and voting to help their
team win. Each player is assigned one of four hid-
den roles: Villager, Seer, Werewolf, or Possessed.
Villagers try to identify and eliminate Werewolves
through discussion, whereas Werewolves must con-
ceal their identities and may deceive Villagers with
false claims. Players must therefore infer others’
roles from their utterances and actions, make deci-
sions based on their own roles, and communicate
through natural language. The AIWolf project uses
the Werewolf game as a testbed for studying Al
agents that require these capabilities (Kano et al.,

2019).! Recent LLM-based agents can generate
very natural utterances when a single LLM gener-
ates an entire dialogue scenario. However, dialogue
quality remains limited when multiple LLM agents
interact (Yang et al., 2026): stalled discussions, re-
sponses that fail to account for previous utterances
or questions (Kano et al., 2024, 2025), and exces-
sive agreement that hinders discussion (Pitre et al.,
2025).

One approach to improving LLM behavior is
few-shot prompting with examples of desirable
behavior. In AIWolf, where discussion unfolds
over multiple turns, full dialogue scenarios can pro-
vide more concrete demonstrations of how agents
should participate than isolated utterance examples.
Presenting such scenarios before the game may
therefore improve conversational behavior. How-
ever, the information available to players and their
objectives differ by role, so the same examples may
not be appropriate for every role. Most roles benefit
from avoiding suspicion, whereas some roles may
benefit their team by attracting suspicion in certain
situations.

2 Related Work

2.1 AIWolf

AIWolf is a platform for studying Al agents that
perform reasoning, decision-making, and natural-
language dialogue in the Werewolf game, and Al-
WolfDial, which focuses on natural-language dia-
logue, has been held regularly (Kano et al., 2019,
2023, 2024, 2025).

We consider five-player games consisting of two
Villagers, one Seer, one Werewolf, and one Pos-
sessed. The Villagers and Seer belong to the Vil-
lager team, while the Werewolf and Possessed be-
long to the Werewolf team. After each day’s dis-
cussion, one player is executed by vote. The Seer
can divine one player and learn whether that player
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is a Werewolf or a human, and the Werewolf at-
tacks one player at night. The Possessed belongs
to the Werewolf team but is judged human by div-
ination. Because the Possessed does not know who
the Werewolf is, it must infer the Werewolf from
the discussion and choose utterances and votes that
benefit the Werewolf team. Declaring one’s role
during discussion is called coming out (CO), and
falsely claiming a role is called false CO. Agents
must therefore play while detecting such deception.

Recent LLM-based AIWolf agents can gener-
ate increasingly natural utterances, but dialogue
quality remains limited. In addition to naturalness,
AIWolfDial evaluates utterance quality in terms of
context-appropriate dialogue, consistency across
utterances, and consistency between utterance con-
tent and game actions such as voting and divination.

2.2 Few-Shot Prompting

Few-shot prompting adjusts model output without
updating model weights by providing a small num-
ber of examples in the prompt (Brown et al., 2020).
Methods have also been proposed in which an LLM
generates the few-shot examples itself, reducing
the need for manual example creation (Shao et al.,
2023; Chen et al., 2023; Li et al., 2024). In this
study, we use an LLM to generate desirable AIWolf
game examples and select the examples according
to the player’s role, thereby demonstrating role-
specific behavior in multi-party dialogue.

3 Method

Before each game, we present desirable discussion
examples to the LLM agent as demonstrations for
reasoning about discussion and actions during play.
Each example contains one complete five-player
AIWolf game, including each player’s role and the
sequence of utterances on each day. Before the
game starts, the agent receives multiple examples
and enters the game with those examples in context.

We create the discussion examples by asking a
single LLM to generate an entire five-player game.
Because the available information and objectives
differ by role, we generate separate examples for
Villager, Seer, Werewolf, and Possessed, in which
the designated role exhibits desirable behavior that
contributes to its team’s victory. We prepare five
game examples for each role.

In the proposed method, the discussion exam-
ples are selected according to the role assigned at
the start of the game. For example, a Seer receives

examples generated for the Seer, while a Were-
wolf receives examples generated for the Werewolf.
This allows the agent to refer to examples tailored
to its role rather than to the same generic examples
for all roles.

4 Experimental Setup

We evaluate the proposed method by comparing
performance in actual AIWolf competitions and by
conducting ablation experiments that control the
presented discussion examples. The competition
comparison examines performance after introduc-
ing role-conditioned example selection, while the
ablation experiments analyze how the match be-
tween the player’s role and the role represented by
the examples affects game performance.

4.1 Comparison Using Competition Results

To assess performance in real competitive settings,
we compare results from a domestic competition
held in spring 2026 and the first and second stages
of an international competition held in the same
year. All competitions used the five-player track.
Our agent played 75 games in the domestic com-
petition, 100 games in the first international stage,
and 75 games in the second international stage.

In the domestic competition, agents of all roles
received the same generic discussion examples. In
the international competitions, each agent received
discussion examples corresponding to its role as-
signed at game start. Comparing these results pro-
vides an indication of how real-game performance
changed after introducing role-conditioned exam-
ple selection.

However, the opponents, LL.Ms, and other con-
ditions differed across competitions, so perfor-
mance differences cannot be attributed solely to the
method for presenting discussion examples. We
therefore evaluate the effect of matching roles to
examples through the following ablation experi-
ments.

4.2 Ablation Experiments

In the ablation experiments, we conduct self-
play while changing only the presented discus-
sion examples and keeping all other conditions
fixed. We define five conditions: four conditions
in which all players receive examples generated
for one common role—Villager, Seer, Possessed,
or Werewolf—and one condition with no discus-
sion examples. Table 1 shows the relationship be-



Presented

examples Villager Seer Possessed Werewolf
Villager v X X X
Seer X v X X
Possessed X X v X
Werewolf X X X v
None - - - -

Table 1: Discussion-example conditions in the ablation
study. Columns indicate the player’s assigned role, and
rows indicate the examples presented to all players. v*
indicates role-matched examples, and x indicates exam-
ples for another role.

tween each player’s assigned role and the role rep-
resented by the presented examples.

The purpose of this experiment was to isolate
the effect of whether the role of a player matched
the role represented in the provided discussion ex-
amples. Therefore, within each experimental con-
dition, all players were given discussion examples
generated for the same role. In contrast, if every
player were given discussion examples correspond-
ing to their own role, different players would re-
fer to different sets of examples. In that case, it
would be difficult to distinguish whether an ob-
served difference was caused by the match between
a player’s own role and the discussion examples, or
by changes in the utterances and actions of other
players who were also referring to different role-
specific examples. Therefore, in this ablation study,
we did not include a condition in which all players
were given role-matched discussion examples, in
order to isolate the effect of role matching itself.

For each example condition, we present five
game examples and run 10 self-play games. We
use three models: Mistral-Small-3.2-24B-Instruct-
2506, EuroLLM-22B-Instruct-2512, and GPT-5.4.
We evaluate the same five conditions for each
model, resulting in 50 games per model and 150
games in total.

All games use the same five-player setting with
two Villagers, one Seer, one Werewolf, and one
Possessed. The maximum utterance length is 125
characters, and the generation temperature is 0.7.
All other game and generation settings are also held
constant across conditions.

5 Evaluation

We evaluate each condition from two perspec-
tives: utterance quality and trust from other players.
Utterance quality is quantified by multiple LLM
judges that count predefined desirable utterances
and actions. Trust from other players is computed

mechanically from actions recorded in the game
logs, such as votes and divinations, and is com-
pared against the level expected under random tar-
get selection. Detailed definitions and aggregation
procedures for all metrics are provided in the ap-
pendix.

5.1 Utterance Quality

Based on the AIWolfDial evaluation criteria, we
quantify utterance quality using five categories, A—
E, that count desirable utterances and actions. Cat-
egory A counts natural, non-template utterances
that fit the current discussion or respond to another
player’s utterance. Category B counts utterances
that advance the discussion by introducing a new is-
sue, clarification, or inference based on other play-
ers’ utterances. Category C counts utterances that
use the rules, game state, or other players’ utter-
ances or actions as evidence to support a conclusion
or a change in opinion. Category D counts cases in
which the actual vote matches a previously stated
voting target supported by a reason, as well as cases
in which role actions such as divination or attack
match the action previously declared. Category
E counts utterances in which personality or back-
ground information from the profile is reflected in
the player’s judgments, attitudes, or wording. Only
events satisfying the criteria are awarded points,
and each score is normalized by the number of ut-
terances to obtain points per utterance. Detailed
criteria and aggregation procedures are provided in
the appendix.

For quantitative evaluation, we use
gemma-4-31B-it and Qwen3.6-27B. Each
model independently evaluates every game using
the same criteria and prompt. These judges are
distinct from the LL.Ms used as players, and their
judgments are aggregated across the two models.

5.2 Trust from Other Players

We evaluate how much suspicion a player attracts
using Exile likelihood and divination likelihood.
For Villager, Seer, and Werewolf, lower values in-
dicate that the player was less likely to be selected
for execution or divination and was therefore more
trusted by other players. This interpretation does
not apply to the Possessed, for whom attracting
suspicion can be strategically useful; we analyze
this role separately as role-specific behavior.



Metric Domestic Intl. 1 Intl. 2
Exile likelihood | 0.596 0.324 0.553
Divination likelihood | 1.190 0.860 0.696
A: Naturalness 1 0.037  0.067"** 0.074***

B: Contextual dialogue 1 0.085 0.158"** 0.157***
C: Logical consistency T 0.050 0.110"** 0.094***
D: Action consistency T 0.139 0.151 0.148
E: Character consistency T 0.074  0.098"  0.082
Total additive score 1 0.384  0.584*** 0.555"**
Average total additive score

of all participating teams T 0.302 0.363 0.339

Table 2: Evaluation results for all roles across the three
competitions. Two LLM judges independently count
events for each criterion (A—E) from the dialogue logs,
and their judgments are aggregated. The sum of the
scores for criteria A—E is reported as the total score.
Statistical significance and symbols: *p < .05, **p <
.01, ***p < .001.

6 Results

6.1 Competition Results

Table 2 summarizes the results for the three compe-
titions. In the first and second international stages,
which used role-specific discussion examples, the
total utterance-quality score increased significantly
relative to the domestic competition, with particu-
larly strong improvements in naturalness, context-
aware dialogue, and logical consistency. The likeli-
hoods of being selected for execution or divination
also decreased, while the total-score index relative
to the average participating team increased.

6.2 Ablation Experiments

Table 3 aggregates the results across the three mod-
els into role-matched, role-mismatched, and no-
example conditions. Averaged over the three mod-
els, the role-matched condition yielded the lowest
execution and divination likelihoods and the high-
est utterance-quality scores, both in total and for
all five categories. However, there were exceptions
at the model and role levels, and the effect size was
not uniform.

7 Discussion

The competition results and ablation experiments
suggest that presenting role-matched discussion ex-
amples can improve utterance quality and reduce
the tendency to attract suspicion from other play-
ers. In particular, examples containing behavior
expected of the agent’s own role appear more ef-
fective for generating natural, context-appropriate

Mis-

Metric Matched matched None
Exile likelihood | 0.776 1.071  1.000
Divination likelihood | 0.834 1.056  1.000
A: Naturalness 1 0.023 0.022  0.021
B: Contextual dialogue 1 0.049 0.042 0.043
C: Logical consistency 1 0.026 0.022  0.020
D: Action consistency 1 0.125 0.119 0.117
E: Character consistency T 0.040 0.038 0.032
Total additive score 1 0.262 0.243  0.234

Table 3: Three-model average in the ablation study.
Matched indicates examples for the player’s own role,
and mismatched indicates examples for another role.

dialogue than generic examples or examples for
other roles.

However, although all Possessed-specific exam-
ples included false CO, the behavior was not repro-
duced sufficiently in actual games. Avoiding sus-
picion is generally advantageous for Villagers and
Werewolves, whereas for the Possessed, attracting
suspicion can benefit the team. Such objectives that
run counter to the usual incentive, especially when
they involve risky actions, may not be selected re-
liably from examples alone. Details of the results
for the Possessed are provided in Appendix D.4.

This suggests that, in Werewolf games, where
desirable behavior varies substantially across roles
and game situations, few-shot discussion exam-
ples alone may have limitations in inducing the
full range of strategic behavior. On the other hand,
since improvements in utterance quality were ob-
served in our experiments, few-shot discussion ex-
amples appear to be effective for demonstrating
desirable conversational behavior appropriate to
each role.

Thus, few-shot discussion examples are use-
ful for demonstrating conversational behavior, but
complex role strategies may require explicit strat-
egy instructions or a separate mechanism for action
selection.

8 Conclusion

We investigated presenting AIWolf agents with
desirable role-matched discussion examples as
few-shot demonstrations. Results from competi-
tion play and ablation experiments show that role-
matched examples tended to improve utterance
quality and reduce the tendency to attract suspi-
cion from other players. However, complex role-
specific actions such as false CO by the Possessed
did not improve consistently, suggesting that such



behavior may require explicit strategy instructions
or a separate reasoning and action-selection mech-
anism.

Limitations

This study has several limitations. First, because
the opponents, LLMs, and other conditions differed
across competitions, the observed performance dif-
ferences cannot be attributed solely to the method
for presenting discussion examples. Second, the
ablation experiments were limited to self-play with
three LLMs and 10 games per condition; whether
the same trends hold against different agents or at
larger scale remains untested. Third, the discussion
examples were limited to five games per role gen-
erated by a single LLM, so the results may depend
on the generation model, content, and number of
examples. Utterance quality was evaluated by two
LLM judges, but agreement with human evaluation
was not examined. Finally, this study considered
only five-player AIWolf games; generalization to
larger games and other domains remains future
work.
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them to the player agents, and evaluating dialogue
quality. Because all experiments in this paper use
the five-player setting, implementation branches
used only for larger games are omitted.

A.1 Discussion Example Generation

For each of the four roles—Villager, Seer, Were-
wolf, and Possessed—we defined five representa-
tive situations and generated one complete game
for each situation. This resulted in 4 x 5 = 20 dis-
cussion examples. The system prompt instructed
the LLM to treat the specified role as the protag-
onist, demonstrate desirable play through actual
utterances and actions, and lead the protagonist’s
faction to victory.

A.1.1 System Prompt

The following template was used as the sys-
tem prompt. Variables such as focus_role,
focus_player, and situation_title were in-
stantiated for each role and situation.

You are a professional author of werewolf-game (AIWolfDial)
match transcripts. Follow the constraints below with the
HIGHEST priority, above any other instruction.

1. This is a 5-player REFERENCE transcript that showcases
the ideal play of the {{ focus_role }}, played by
{{ focus_player.name }} (ID {{ focus_player.id }}),
as the protagonist.

2. In the situation given in the user message
({{ situation_title }}), {{ focus_player.name }}
demonstrates the ideal move through actual utterances
and actions -- never by narrating or explaining the
strategy.

3. The match MUST end in a
{{ focus_side }}-side victory.

For a werewolf-side victory, the werewolf must survive
without being executed and reduce the village until
the living werewolves equal or outnumber the village
side. If the werewolf is executed, the village wins.

For a village-side victory, all living werewolves must
be executed.

Do NOT hand them the win through other players
self-sabotaging. The win must follow naturally from
{{ focus_player.name }}'s strong play and obey the
game rules exactly.

4. Follow the user message exactly for the cast, the
progression protocol, and the output format.

Write in fluent English. Output ONLY the transcript body --
no preamble, no closing remarks, no explanation, and no
commentary about the format.

Village-side victories were required for Villager
and Seer examples, whereas werewolf-side victo-
ries were required for Werewolf and Possessed ex-
amples.

A.1.2 User Prompt

The user prompt specified the desired properties
of a good discussion, the cast and role assignment,
the role-specific situation, the game protocol, and

the output format. The following shows the main
part used in the five-player setting. The five player
profiles were inserted into players, and one of the
situations in Table 4 was inserted into situation.

Write a COMPLETE 5-player AIWolfDial werewolf game
transcript in English, start to finish.

This transcript is a reference example of a GOOD discussion.
Its purpose is to demonstrate, by example only, how a strong
multi-party discussion overcomes four well-known failure
modes of LLM group play. Do NOT name or explain these failure
modes anywhere in the transcript -- show them being handled,
never describe them:

1. Information withholding -- players DISCLOSE their private
information: the seer makes a clear CO and shares the
divination result; role claims and counter-claims are put
on the table rather than hidden.

2. Early convergence -- players do NOT jump to lynch the
first suspect. Multiple hypotheses are compared on their
merits before the vote.

3. Reflexive conformity -- minority and dissenting opinions
are voiced and persist; a player in the minority gives
reasons rather than silently following the majority.

4. Low lexical diversity -- vary phrasing, sentence length,
and rhythm across turns; each character keeps a
consistent, distinct voice. Avoid repeating the same
stock phrases.

## Cast

Use exactly the five specified characters.
Each character has a fixed persona.
Roles are assigned independently of personality.

{{ for each player:
ID, name, role, and persona profile }}

## FOCUS OF THIS TRANSCRIPT -- ideal play by the
{{ focus_role }}

This transcript is a reference example centred on
{{ focus_player.name }} (role {{ focus_role }}).

Steer the game so the following situation arises naturally,
and show {{ focus_player.name }} playing the ideal move for
it through actual utterances and actions, never by
describing the strategy.

{{ situation }}

Steer the game so the ideal play pays off and the
{{ focus_side }} side wins. Do not make the other players
self-sabotage; they should also act plausibly.

## Game setup

- 5 players: Villager x2, Seer x1, Possessed x1,
Werewolf x1.
- There is one werewolf, so there is no whisper phase,
bodyguard, or medium.
Each day's talk has up to Turns 0-3.
Each living player speaks once per turn in player-ID order.
Each player may speak up to four times per day.
Keep each utterance natural and concise, around 125
characters, with additional room when using an @mention.
- Day @ has no information from a prior night.
- From Day 1 onward, each speaker closes the final turn with
a clear @<name> vote declaration.

## Progression protocol

- Day 0:
Talk -> Night divine.
There is no attack, vote, or execution on Day 0.

Day 1 onward:
Talk -> Vote -> Execution -> Night divine -> Attack.

- Divination results must match the target's true role.
- Executed or attacked players no longer speak or vote.
- The village wins when the werewolf is executed.



- The werewolf side wins when the werewolf reaches parity
with the village side.

Run the game to a conclusion.
## Output format
# Sample game aiwolf_{{ seed }} (5 players)

## Roles
| ID | Name | Role |
e |- |

## Day 0

### Talk

##H## Turn 0

- **%<name>*x*: <utterance>

###H# Turn 3
- **<name>**: <utterance>

##H# Night
- divine: <seer> -> <target> (human/werewolf)

## Day 1
#i## Talk

##H## Turn 3

- x*<pame>*x*: ... @<name>

#i## Vote
- <name> -> <name>

- execution: <name> (role)

#i## Night
- divine: <seer> -> <target> (human/werewolf)
- attack: <werewolf> -> <target> (dead)

Continue with subsequent days if necessary.

## Result
- winner: village / werewolves

Do not add analysis, summaries, or commentary outside this
structure.

A.1.3 Role-Specific Situations

Table 4 lists the five situations defined for each role.
The situations were chosen to cover different strate-
gic circumstances in which desirable role-specific
behavior could be demonstrated.

Each situation additionally contained a short de-
scription of its context and the desired move. For
example, the situation encouraging a Possessed
player to falsely claim Seer was specified as fol-
lows.

## Situation 1: Fake-CO seer to muddy the water

Context.
Early, before or just after the real seer reveals,
you claim to be the seer.

Why it matters.
A second seer claim forces the two villagers to spend
their trust deciding who is real, protecting the wolf
in the meantime.

Ideal move.

Claim seer with a plausible, checkable-sounding result:
either clear a player who is not yet suspected or accuse

a solid villager. Keep your reasoning concrete enough to
compete with the real seer, and be ready to hold the story
under pressure.

A.2 Gameplay Prompts
A.2.1 Insertion of Discussion Examples

The discussion examples were inserted once at
game initialization and remained in the conversa-
tion context for all subsequent generation requests.
Table 5 shows the message sequence provided to
each player model. For the no-example condition,
messages 1-3 were omitted entirely.

The summary of the five examples was gener-
ated in advance using GPT-5.4 and cached. The
same summary was shared across player models
within the same condition so that differences in the
player models’ own summarization behavior would
not confound the effect of the presented examples.
Messages 4 and 5 were common to all experimental
conditions.

A.2.2 Talk Generation

For talk generation, the player was instructed to
learn discussion content and interaction patterns
rather than reproduce the transcript format.

You are one of several performer agents writing this
Werewolf session. You will first read reference scripts
and then receive your assigned character's role/profile
plus per-turn game state. The scripts are study material;
their characters are different people from your assigned
character.

You are responsible for talk. As a performer, write the
next single utterance for your assigned character based
on the cumulative scripts.

The output is the dialogue body only. The following MUST
NOT appear:

Markdown headings or tables

Meta labels such as Day N or Night actions
- Script-style Name: utterance structure

- Voicing other characters

- Stage directions or narrative prose

- Narrating other characters' inner state

What you should learn is content, not format:
discussion-flow patterns, reply rhythm, topic transitions,
the use of silence, and consistency of each character's
tone, first-person pronoun, and speech quirks.

After the five examples, the following instruction
was used to produce a summary of the discussion
patterns. The generated summary was subsequently
cached and reused for all player models in the cor-
responding condition.

Having read the above, summarize observations
(7800-1100 chars / "280-380 words, bullet points OK).

You are responsible only for talk. Frame the analysis as
situation -> discussion causal pairs rather than linear
pattern memorization.

Board state to topic mapping:

Describe how seer-CO count, black judgments, attack
results, and remaining players shape the topic, tone,
and pacing of discussion.

Divination results are facts; target-selection rationale
is distinct from the result itself. When judging a

seer claim, consider the rationale for choosing the
target, the seer's earlier utterances and CO timing,



Role Situation

Villager

Two conflicting seer claims

You are falsely accused

A bandwagon is forming too fast
You have a strong read but no proof
The final-three decision

Seer

You divined a player and got “werewolf”

The possessed counter-claims you as a fake seer
Your divination returned “human”

You are the obvious night-kill target after CO
Day 0 opening, no results yet

Werewolf

Day 0, blending in

The real seer CO’d and divined you as “werewolf”
You are under suspicion without hard proof
Choosing the day’s execution target

Endgame push to parity

Possessed

Fake-CO seer to muddy the water

The real seer has CO’d first
You don’t know who the werewolf is

Endgame sacrifice

The village believes you over the real seer

Table 4: Situations used to generate role-specific discussion examples.

No. Type Content

1  System Instructions for using the ex-
amples and output constraints

2  Human Five complete discussion ex-
amples

3 Al Pre-generated summary of the
examples

4  System Assigned role, persona, and
constraints

5 Human Current game state, dialogue

history, and request

Table 5: Message sequence constructed at game initial-
ization.

and consistency with other players' actions.

How seer count changes discussion progression:

with one seer CO, the result is generally accepted and
discussion moves toward vote targets; with multiple
claims, players compare the claims before voting.

- Observed discussion-flow patterns:
identify several situation -> discussion sequences
appearing in the scripts.

Day-by-day phase feel:

Day @ focuses on introductions, procedure, and light
impressions; later days focus on COs, results,
verification, and voting.

Distribution of responses:

note that replies can include agreement, caveats,
different angles, neutral observations, or silence,
rather than uniform agreement.

- Off-mainstream positioning:
note mediating, withholding, or neutral responses in
addition to direct attacks and defenses.

Utterance construction:

observe the rhythm of taking up one point from another
speaker, adding one's own basis, and giving a concise
conclusion.

Silence, brevity, pivots, and tonal consistency:
observe how discussion is returned to the main topic
and how character voice is maintained under pressure.

- Day turn progression and vote declaration:

talk consists of Turns ©0-3, and on the final turn each
speaker closes with a clear @-mention vote declaration.

These are observed examples; if the situation differs,
different flows or role assignments also occur.

A.2.3 Action Selection

The same discussion examples were also available
when the agent selected vote, divination, and at-
tack targets. For action requests, the output was
restricted to a single player name.

You are one of several performer agents writing this
Werewolf session. You will first read reference scripts
and then receive your assigned character's role/profile
plus per-turn game state.

You are responsible for action decisions
(vote / divine / attack).

Choose one target for your assigned character based on
the cumulative scripts. Output the target agent name only.

The following MUST NOT appear:

- Reasoning, preamble, or trailing commentary
- Honorifics or symbols
- Multiple candidates or expressions of indecision

Your decision must be consistent with your role, faction,
and your own public utterances. Never vote, divine, or
attack in a way that contradicts what you have publicly
stated in the talk history.

What you should learn is not script format but

history -> decision links:

given a particular discussion flow, observe what action
was selected.

The summary instruction for action selection fo-
cused on conditional links between game situations
and decisions.

Having read the above, summarize observations
(7600-900 chars / "200-30@ words, bullet points OK).

You are responsible only for action decisions
(vote / divine / attack) in the 5-player setup:
Werewolf x1, Possessed x1, Seer x1, Villager x2.



Frame the analysis as situation -> decision rather than
fixed rules.

Divine:

From what board information is the target chosen?
Consider unread players, suspicious behaviour, and
targets useful for resolving later discussion.

Vote:

Describe how votes converge under different situations,
such as a black judgment, multiple seer claims, or an
all-grey board. Distinguish between one-seer and
multiple-seer situations.

Attack:

Describe when the werewolf attacks a publicly trusted
seer, removes a vocal villager, or preserves a
possessed player's fake-seer position.

5-player specifics:
Consider the small number of available moves and the
possibility that a single mistake becomes decisive.

Each item should be conditional: given this situation,
this decision was observed. If the situation differs,
different decisions may also occur

A.3 Dialogue-Quality Evaluation Prompt

Dialogue quality was evaluated one game and one
evaluation dimension at a time. Players were not
ranked against one another. Instead, the judge in-
dependently counted occurrences of pre-defined
additive score for each player.

A.3.1 System Prompt

You are an evaluator who reads a Werewolf game log and
counts events corresponding to one specified evaluation
dimension for each player.

Evaluate each player independently. Do not compare or
rank players.

- Count only events covered by the specified dimension.
Do not count events belonging to other dimensions, even
if you notice them.

Assign each counted event exactly one event-type ID from
the provided list. If no type applies, do not count it.

For every counted event, provide the supporting utterance,
day, speaker, and reason for the judgment.

If there are no applicable events, return a count of 0.
Do not force yourself to find events.

- If you are unsure whether an event satisfies the
definition, do not count it.

- Events judged not to satisfy the definition must not be
included in the output.

Use only character names appearing in the game log.

Follow the specified JSON schema and output no text
outside the schema.

This evaluation counts particularly strong positive events
defined for the current dimension.

Only cases clearly exceeding an ordinary acceptable level
should be counted. An utterance should not be counted merely
because it contains no problem.

Repeated instances expressing essentially the same positive
behavior should be merged into one event.

A.3.2 User Prompt

The judge received the definition of the target di-
mension, the public game log, and private informa-

tion such as roles and personas. Private information
could be used for judgment, but evidence quota-
tions were restricted to utterances in the public log.

# Evaluation dimension {{ axis.id }}: {{ axis.name }}
{{ axis.description }}

# Events to count
{{ definition.description }}

## Event types
{{ for each event type:
type ID, definition, and positive examples }}

Examples that must NOT be counted:
{{ non-counting examples }}

# Game information

Number of players: {{ game_meta.players }}
Number of werewolves: {{ game_meta.werewolves }}
Language: {{ game_meta.language }}

Characters to evaluate: {{ agents }}

# Private information

The following information may be used for judgment.
However, evidence quotations must come from public
utterances in the game log.

{{ private_info }}

# Public game log

Each line follows the format day, type, ....

talk denotes utterances; vote, attackVote, and
divine denote actions; status denotes player status
and role; and execute and attack denote execution
and attack outcomes.

{{ transcript }}
For each character, count events that satisfy evaluation

dimension {{ axis.id }} and return the results according
to the specified JSON schema.

The definition field was instantiated using
the additive score criteria for dimensions A—E de-
scribed in Table 8.

A.3.3 Output Schema

Structured output was enforced using the following
schema. The value of count was constrained to
equal the number of elements in events.

AxisEvaluation

|- axis_id : str

|- kind : addition

+- agents : list[AgentAxisResult]

|- agent : str
|- count : int
+- events : list[AxisEvent]
|- event_type : str
|- evidence_quote : str
|- day : int
+- reason : str
The same prompt and event definitions were

used independently with both evaluation models.

B Experimental Details

B.1 Models

Table 6 lists the player models used in the con-
trolled ablation study. Mistral-Small-3.2 and
EuroLLM-22B were run locally with vLLM,
whereas GPT-5.4 was accessed through the OpenAl
APL



Model

Mistral-Small-3.2
mistralai/Mistral-Small-3.2-
24B-Instruct-2506
EuroLLM-22B
utter-project/EurolLLM-22B-
Instruct-2512

GPT-54

Parameters Runtime

24.01B vLLM

22.64B vLLM
undisclosed API

Table 6: Player models used in the ablation study.

Setting Value
Temperature 0.7
Maximum context length 32,768 tokens
Explicit thinking disabled
Vx2,Sx1,
Village composition Px1, Wx1
Utterances per day 4 per agent

125 chars; up to 250
with @mention

self-match
3,600 s

Utterance length
Matching
Action timeout

Table 7: Main generation and game settings in the abla-
tion study.

Dialogue-quality events were judged using
google/gemma-4-31B-it (31.27B parameters)
and Qwen/Qwen3.6-27B (27.78B parameters).
These models were deliberately chosen not to over-
lap with the player models, reducing the possibility
that a model preferentially evaluates its own gener-
ations.

B.2 Generation and Game Settings

Table 7 summarizes the main settings used in the
controlled self-play experiments. Local models
were executed with vLLM on NVIDIA RTX PRO
6000 Blackwell Max-Q GPUs. Explicit reasoning
or thinking output was disabled for all models so
that hidden reasoning text would not be emitted as
game dialogue.

Each example-present condition used the same
five discussion examples for every player and every
player model assigned to that condition. The exam-
ple summaries were also shared across models, as
described in Appendix A.2.

C Evaluation Details

C.1 Dialogue-Quality Criteria

Table 8 gives the detailed additive score criteria
used for dimensions A—E. Only events clearly sat-
isfying the corresponding criterion were counted;
an utterance was not rewarded merely for being ac-
ceptable or free of obvious problems. Dimension D
contains two event types because vote consistency

and role-action consistency involve different game
actions.

We also conducted preliminary detection of neg-
ative events. Because such events were sparse and
unstable across conditions, they were not used in
the analyses reported in this paper.

C.2 Aggregation of Dialogue-Quality Scores

For role r and dialogue-quality dimension a, the
additive score rate is defined as

Add, . = Zg ZPGRr(g) ZjEJ ca(9,D,7)
’ \T122g 2 per, (g) 4(9:P)

where g indexes games, R, (g) is the set of seats
assigned role r in game g, J is the set of judge
models, ¢,(g, p, j) is the number of additive score
detected for dimension a by judge j, and u(g, p) is
the number of utterances produced by player p.
The total additive score is

2 22 2

ac{A,..,E} 9 p€eR.(9)I€T
ca(9,p3)
"-7’ Zg ZpERT(g) U(g,p)

Thus, the total score is not the arithmetic mean of
the five dimensions. It represents the total number
of detected additive score per utterance.

Ratios are computed after pooling numerators
and denominators over all relevant games, rather
than by averaging per-game ratios. This prevents
short games with few utterances from receiving dis-
proportionate weight. For Villager, which occupies
two seats in each game, utterances and event counts
are pooled across both seats.

Addtotal,’r =

C.3 Exile and Divination Likelihood

Exile likelihood is defined as the observed number

of executions of a player divided by the expected

number under uniform random target selection.
For role r,

Zg ZPERr(g) Zd;peA%d“‘[p € Egvd:l

|Eg,dl
> g 2peR.(g) Zd:peAg,d gl

Exile, =

where A, 4 is the set of living players on day d of
game g, and £, 4 is the set of executed players on
that day. Because one player is normally executed



Dim.

Counted event

Not counted

A notably natural utterance that fits the immediate conversational flow and the
interlocutor’s tone, rather than relying on generic phrasing.

An utterance that accurately quotes or summarizes another player’s statement
and then introduces a new question, issue, or inference that moves the discussion
forward. Requests for clarification that successfully elicit information are also
included.

A conclusion, narrowing of candidates, or revision of an opinion explicitly
derived from game rules, confirmed board information, or another player’s
utterances or actions. Detecting a contradiction against confirmed information
is also included.

A vote target stated with a reason in dialogue that matches the player’s actual
vote.

A declared role-action target, such as a divination or attack target, stated with a
reason and matching the recorded action.

A case where the character’s specified personality or background is meaning-
fully reflected in the content of a judgment, attitude, or expression, including
during strategic utterances such as COs, accusations, or apologies.

An utterance that is merely grammatical or readable without show-
ing context-specific naturalness.

Merely addressing another player by name, agreeing, or giving a
backchannel response without advancing the discussion.

Unsupported assertions, impressions without evidence, or reason-
ing that treats an unverified claim as an established fact.

A vote made without a stated reason, even if the resulting action
happens to be reasonable.

Cases where the intended target is too vague to establish corre-
spondence with the recorded action.

Greetings, self-introductions, use of the correct first-person pro-
noun or sentence ending alone, or utterances that merely do not
contradict the profile.

Table 8: Additive score criteria used for dialogue-quality evaluation.

each day, the random expectation for an eligible
player is 1/| A, 4.
Divination likelihood is similarly defined as

2> LK

g pGRr( )

p is selected ]
1n divination e
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22X
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Divined, =

ICg el
png,,

where C . denotes the set of legal divination
targets for divination event e.

Both metrics equal 1.0 under uniform random
target selection. Values below 1.0 indicate that the
role was selected less frequently than expected by
chance. For Villager, Seer, and Werewolf, lower
values are interpreted as receiving less suspicion.
For Possessed, however, attracting suspicion may
itself be strategically beneficial, so lower values are
not necessarily preferable.

C.4 Reasoning Metrics

Seer divination accuracy measures how often the
Seer selects the Werewolf relative to random choice.
Let C¢ denote the legal candidate set at divination
opportunity e, and let w, denote the Werewolf.

> . W¥[divination target = we]

Z H‘[weeCe}
e [Cel

DivAcc =

Village-side voting accuracy is defined analo-
gously for votes cast by Villagers and the Seer. For
voting opportunity v with legal target set V,,,

>, J¥[vote target = w,]

VoteAcc =
J%[wv GVU]
Zv Vo]

Both metrics have a random baseline of 1.0, with
larger values indicating more accurate targeting of
the Werewolf.

For the Possessed, we instead measure the pro-
portion of votes that avoid the Werewolf:

>, ¥[vote target # w,]

AvoidWolf = Now.

Because the number of legal targets changes with
the number of surviving players, the corresponding
random baseline is calculated separately from the
candidate set at each voting opportunity.

C.5 Statistical Tests

For event-rate and count-based metrics, including
dialogue-quality event rates and normalized tar-
geting accuracies, we use two-sided rate-ratio tests
based on a Poisson approximation. For proportions,
such as the Possessed’s Werewolf-avoidance rate
or win rate, we use Fisher’s exact test. Statistical
significance is denoted by *p < .05, **p < .01,
and ***p < .001.

D Additional Results

D.1 Role-Wise Competition Results

Table 9 reports competition results separately by
role. The total additive score increased significantly
in both international competitions for Villager, Pos-
sessed, and Werewolf, and increased significantly
in INLGI for Seer. Changes in exile and divination
likelihood were less uniform across roles.

The competition-relative value reported in the
main paper is obtained by dividing our agent’s Ad-
ditive score by the pooled score of all teams par-
ticipating in the corresponding competition. The



Role Metric Domestic  Intl. 1 Intl. 2
Exile

Villager likelihood 0.699 0.128* 0.441
Divination
likelihood 1.210 0.886 0.529
Additive score
total 0.381  0.585*** 0.572***
Exile

Seer likelihood 0.273 0.364 0.873
Divination
likelihood - - -
Additive score
total 0.477 0.636™*  0.525
Exile

Possessed likelihood 0.218 0.176 0.375
Divination
likelihood 1.277 0.779 1.161
Additive score
total 0.350 0.576™** 0.548***
Exile

Werewolf likelihood 0.841 0.677 0.652
Divination
likelihood 1.091 0.875 0.615
Additive score
total 0.348  0.549*** 0.557***

Table 9: Role-wise results across the three competitions.
Significance marks indicate comparison with the domes-
tic competition. *p < .05, **p < .01, ***p < .001.

pooled additive score totals were 0.302 for the do-
mestic competition, 0.363 for International 1, and
0.339 for International 2, yielding relative values
of 1.271, 1.608, and 1.637, respectively.

D.2 Model-Wise Ablation Results

Table 10 breaks down the ablation results by player
model. “Matched” denotes examples generated
for the player’s actual role, “mismatched” denotes
examples generated for another role, and “none’
denotes the no-example condition.

Mistral-Small-3.2 and EuroLLM-22B obtained
their highest total additive scores in the matched
condition. For GPT-5.4, the matched and mis-
matched conditions had the same total score. The
detailed dimensions also show model-dependent
exceptions, indicating that the effect of role match-
ing is not uniform.

B

D.3 Model-Wise Reasoning Results

Table 11 reports the reasoning metrics separately
for each player model. Village-side voting accu-
racy was higher in the matched condition than in
the mismatched condition for all three models, al-
though the difference was statistically significant
only for GPT-5.4 individually and for the pooled re-
sult. No consistent improvement was observed for
Seer divination accuracy or Possessed Werewolf
avoidance.

The random baselines for the Possessed wolf-
avoidance rate in the pooled results were 0.692,
0.704, and 0.697 for the matched, mismatched, and
no-example conditions, respectively. For Mistral
they were 0.708, 0.694, and 0.692; for GPT-5.4,
0.692, 0.734, and 0.692; and for EuroLL.M-22B,
0.678, 0.690, and 0.708.

D.4 Additional Analysis of the Possessed

To examine the role-specific behavior of the Pos-
sessed in more detail, we analyzed all 828 five-
player games played by participating teams across
the three competitions. Table 12 compares games
in which the Possessed made a false Seer claim
with those in which it did not.

Across all three competitions, Possessed players
that made a false Seer claim were substantially
more likely to be executed and also had a higher
werewolf-side win rate. The difference in exile
likelihood was highly significant overall, and the
overall difference in win rate was also significant.

Across all competitions, the werewolf-side win
rate was 0.624 when the Possessed was executed,
compared with 0.329 when it was not executed
(p < .001). The same direction was significant
within each of the three competitions. This sup-
ports the interpretation that attracting execution
can be strategically useful for the Possessed.

In contrast, our agent’s false-CO rate as the Pos-
sessed was low in every competition. Table 13
shows the false-CO rate, exile likelihood, and win
rate of our agent across the three competitions. Its
exile likelihood remained below the random base-
line of 1.0 in all competitions, indicating that even
as the Possessed it tended not to attract suspicion,
and its win rate was below the overall average.

Table 14 reports the corresponding analysis in
the controlled self-play experiments. The overall
fake-CO rate was only 14.7%. However, when a
fake Seer claim was actually made, exile likelihood
increased markedly.

All five discussion examples generated specifi-
cally for the Possessed contained a false Seer claim.
Therefore, the low fake-CO rate observed in actual
play cannot be explained by the absence of this
behavior from the examples. Moreover, because
fake claims substantially increased exile likelihood
when they were executed, the result suggests that
the main failure was not that fake claims were in-
effective at attracting suspicion, but that the agent
did not select this behavior frequently enough.

False Seer claims were detected using a rule-



Exile Divination Positive

Model Condition likelihood likelihood total A B C D E
Mistral Matched 0.752 0.941 0.294 0.031 0.052 0.021 0.140 0.051
Mismatched 1.082 1.021 0.262 0.026 0.039 0.016 0.138 0.044
None 1.000 1.000 0.268 0.022 0.049 0.018 0.130 0.049
GPT-54  Matched 0.878 0.786 0.360 0.033 0.071 0.052 0.159 0.046
Mismatched 1.034 1.065 0.360 0.033 0.069 0.048 0.163 0.047
None 1.000 1.000 0.331 0.040 0.062 0.039 0.162 0.028
EuroLLM Matched 0.699 0.776 0.132 0.005 0.023 0.005 0.075 0.023
Mismatched 1.096 1.082 0.108 0.008 0.018 0.003 0.055 0.024
None 1.000 1.000 0.102 0.002 0.019 0.004 0.057 0.021

Table 10: Model-wise ablation results. Lower exile and divination likelihood indicate less frequent selection as
a target; higher additive scores are better. Boldface marks the most favorable value within each model for each
column, except that lower targeting likelihood is not necessarily desirable for the Possessed role.

Seer divination accuracy Village-side voting accuracy Possessed wolf-avoidance rate
Model Matched Mismatched None Matched Mismatched None Matched Mismatched None
Pooled 0.807 1.135  0.992 1.827°~ 1.171 1.297 0.575 0.541  0.605
Mistral 0.800 1.466 1.429 1.862 1.333  1.581 0.500 0.459 0.538
GPT-5.4 1.111 0.986 1.304 2.750** 1.365 1.909 0.538 0.469  0.462
EuroLLM 0.343 0.986 0.267 1.073 0.830 0.621 0.667 0.667 0.833

Table 11: Model-wise reasoning results. **p < .01 indicates a significant comparison between the matched and
mismatched conditions.

based pattern detector for utterances in which the
Possessed claimed the Seer role. As a sanity check,
the same detector identified 90-94% of true Seer
claims, while its false-positive rate on Villager ut-
terances ranged from 0 to 6.7%.



Exile Exile Win rate Win rate

Dataset Possessed seats Fake-CO rate Fake CO No fake CO Fake CO No fake CO
All competitions 828 73.6% 1319 0.771 0.456" 0.361
Domestic 300 81.0% 1.016 0.646 0.465 0.474
Intl. 1 234 71.8% 1.668"** 0.540 0.417* 0.258
Intl. 2 294 67.3% 1.420 1.008 0.480 0.365

Table 12: False Seer claims by the Possessed across all competition participants. Exile likelihood is compared using
a Poisson rate-ratio test and win rate using Fisher’s exact test. *p < .05, ***p < .001.

False-CO Exile  Win
Dataset rate likelihood rate

All participating teams
(three-competition average) 73.6% 1.174  0.431

Our agent
(Domestic) 16.7% 0.181 0.167
Our agent
(International 1) 22.7% 0.149 0.273
Our agent
(International 2) 5.9% 0.349 0.353

Table 13: Possessed behavior in the competitions. Exile likelihood has a random baseline of 1.0.

Exile Exile Win rate Win rate
Dataset Possessed seats Fake-CO rate Fake CO No fake CO Fake CO No fake CO
Pooled 150 147%  2.609" 0.904 0.318 0.391
GPT-5.4 50 30.0% 2.700* 1.071 0.333 0.286
Mistral 50 6.0% 3.333* 0.692 0.000 0.383
EuroLLM 50 8.0% 1.905 1.003 0.500 0.478

Table 14: False Seer claims by the Possessed in the controlled self-play experiments. *p < .05, **p < .01.
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