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Abstract

The rapid advancement of Large Language
Models (LLMs) has necessitated more ro-
bust evaluation methods that go beyond static
benchmarks, which are increasingly prone to
data saturation and leakage. In this paper, we
propose a dynamic benchmarking framework
for evaluating multilingual and multicultural
capabilities through the social deduction game
Spyfall. In our setup, models must engage
in strategic dialogue to either identify a se-
cret agent or avoid detection, utilizing cultur-
ally relevant locations or local foods. Our re-
sults show that our game-based rankings align
closely with the Chatbot Arena. However,
we find a significant performance gap in non-
English contexts: models are generally less
proficient when handling locally specific enti-
ties and often struggle with rule-following or
strategic integrity in non-English languages.
We demonstrate that this game-based approach
provides a scalable, leakage-resistant, and cul-
turally nuanced alternative to traditional NLP
benchmarks.

1 Introduction

The rapid advancement of Large Language Mod-
els (LLMs) and their expanding multilingual capa-
bilities have made robust evaluation increasingly
critical. While numerous multilingual benchmarks
have been developed (Wu et al., 2025; Hu et al.,
2020), many are static, making them susceptible to
data saturation and potential ’leakage” into train-
ing sets over time. To address these limitations, re-
searchers have explored dynamic benchmarking—
utilizing text-based games (Hu et al.; Song et al.,
2025; Ma et al., 2025; Kim et al., 2025), human
preference evaluations (Chiang et al., 2024; Kim
etal.,2025), or debates (Moniri et al., 2025). How-
ever, a significant gap remains in combining these
dynamic approaches to specifically evaluate mul-
tilingual and multicultural nuances.

4 TARGETENTITY = Indonesian
* (1] "
o Jam Gadang
PLAYER A Genini Flash - PLAYER B e
“Apakah tempat ini memiliki nilai sejarah yang penting?"
(Does this place have important historical value?)
PLAYER B (Answer)
"Ya, saya kira ada beberapa kenangan lama yang melekat erat pada tempat ini.”
(Yes, | think there are some old memories attached to this place.)
PLAYER D Gemini Pro —> PLAYER C @TIETED Gemini Flash
“Apakah tempat ini sering menjadi titik orientasi atau panduan bagi yang baru datang?"
(Is this place often used as an orientation point for newcomers?)
PLAYER C (Answer)
"Saya rasa keberadaannya memang cukup mendominasi pemandangan...”
(1 think its presence really dominates the view...)
| PLAYERD Gemini Pro  (Internal Thought)
i "I think | know it. A landmark that dominates the city's view must be Monas." 3
Player D Guess: "Monas™ E

[ Non-Spies Win!

Figure 1: In this example, the Spy fails to identify the
target entity, Jam Gadang. Due to insufficient context
and careful questioning from the other players, the Spy
guesses Monas (a landmark in a different part of In-
donesia) and loses the game.

To bridge this gap, we propose a dynamic
benchmarking framework for multilingual and
multicultural understanding through strategic
gameplay.  Specifically, we adapt the social
deduction game Spyfall!. In a standard game of
Spyfall, all players except one (the “Spy”) are
given a specific location; the Spy’ s goal is to
deduce that location through conversation, while
the other players attempt to identify the Spy by
asking subtle, context-specific questions.

Our framework utilizes this concept by play-
ing the game in diverse languages and replacing
generic locations with culturally relevant settings.
This requires models to not only understand the
language but also possess a deep cultural under-
standing—in our case, location and food as a proxy
for culture—to succeed (Adilazuarda et al., 2024).

Our findings indicate that our benchmark rank-
ings are highly consistent with the Chatbot

"https://hobbyworldint.com /portfolio-item/
spyfall/
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Figure 2: The flow of the game of Cultured Turn-Based Spyfall

Arena (Chiang et al., 2024). Furthermore, our
analysis reveals that model proficiency signifi-
cantly declines in non-English contexts and when
handling locally specific cultural entities. We ob-
served that while top-tier models remain competi-
tive, weaker models often fail to follow game logic
or inadvertently leak the secret location to the Spy
when operating in non-English languages. We also
find that guessing food is more challenging than
guessing location.

By utilizing social deduction games to evalu-
ate multilingual and multicultural capabilities, our
benchmark addresses several flaws in current eval-
uation methodologies. First, it is inherently resis-
tant to saturation; because models compete against
one another in a dynamic environment, the *perfor-
mance ceiling’ evolves as models improve. Sec-
ond, it is robust against data leakage, as the in-
teractive nature of the game cannot be captured
by static training sets. Finally, this framework is
highly scalable and extensible; localized versions
for new languages or cultures can be implemented
simply by updating the underlying entity pools
and cultural settings, thus eliminating the need for
the labor-intensive manual annotation typically re-
quired for new benchmarks.

In summary, our contributions are as follow:

* We introduce a dynamic benchmarking
framework by extending on the social deduc-
tion game Spyfall to evaluate the multilingual
and multicultural reasoning capabilities of
LLMs.

» This method is resistant to data leakage and
saturation while remaining easily extensible
to new languages.

* We demonstrate that our game-based rank-
ings correlate highly with the LMSYS Chat-
bot Arena, validating social deduction as an
effective proxy for general model capability,
with even more insights.

* We conduct a comprehensive analysis across
different languages and roles, identifying a
performance degradation in non-English set-
tings and locally specific cultural contexts.

2 Cultural Turn-Based Spyfall

In this paper, we adapt the board game Spyfall into
a turn-based format to accommodate LLM bench-
marking. Moreover, we expand the game to sup-
port multiple languages and extend the set of enti-
ties from generic locations to locally specific loca-
tions and foods.

2.1 Game Mechanics

The game is played by 3 to 8 players and fea-
tures two primary roles: one spy and the remaining
players as non-spies. Each player is given a list of
30 possible entities. At the start of the game, non-
spy players are informed of one of the 30 entities,
while the spy does not receive any location infor-
mation. No player knows the roles of the others.
The non-spies aim to identify the spy, whereas the
spy attempts to deduce the entity without being de-
tected.

The gameplay proceeds through three phases: a
question-and-answer phase (Pga ), in which play-
ers interrogate one another with questions rele-
vant to the given location; a voting phase (Py),
where any player can accuse others (including the
spy voting against non-spies); and a spy-guessing
phase (Psg), in which the spy attempts to identify
the revealed location. The game’ s design sub-
tly engages all participants. Specifically, the spy
must avoid exposing themselves during question-
ing, while non-spies must respond without reveal-
ing obvious hints about the location and simulta-
neously deduce who the spy is.

Our version differs from the original game. In
the original one, gameplay occurs in real time, al-
lowing players to initiate votes or accusations at
any moment within a time limit. Since we use



LLM:s as players, real-time play would disadvan-
tage slower models and exacerbate latency issues.
We therefore adapt the game to a turn-based for-
mat. As a result, the time limit is replaced with a
turn limit, which we set to 2 x the number of play-
ers in the game. The overall flow of the game is
shown in Figure 2, and an example of the running
game is presented in Figure 1.

2.2 Game Entities £

In contrast to the original game, we do not limit
guessing to places but also include food names as
objects to be guessed. We therefore refer to the
list of guessable objects as entities, denoted by £.
Each game selects one entity from 30 choices. All
30 entities are displayed to each player, with one
target entity, &, that is not known to the spy.

2.3 Game Phases P

We design the game flow to be turn-based, where
each turn consists of and begins with the follow-
ing phases: Pga, followed by Psq, and finally
Py. We place Pgq before Py because we priori-
tize observing the spy’ s ability to deduce knowl-
edge, particularly local knowledge.

Question-and-Answer Phase Pgp4 In this
phase, the current player asks another player a
question, and the targeted player must answer
it. Only one question may be asked per turn.
After the turn ends, the answerer becomes the
questioner in the next turn.

Spy Guess Phase Pss During this phase, the
spy may choose to either guess the target entity &
or skip the phase. If the spy chooses to guess &
and the guess is correct, the spy wins the game;
otherwise, the non-spies win.

Voting Phase Py In the voting phase, each
player votes for another player, accusing them of
being the spy. Players may vote for a specific
player or choose to skip voting. Ifa player receives
more than half of the votes (e.g., 3 out of 5 play-
ers), the game ends and the accused player’ s role
is revealed. If the accused player is the spy, the
non-spies win; otherwise, the spy wins.

2.4 Game Cycles

In Pga, following the original game rules, the
questioner selects a target player, and the target be-
comes the questioner in the next turn. This allows

the same pair of players to target each other in sub-
sequent turns. As a result, other players may have
no actions during this phase.

To address this issue, we introduce two cycles
that structure the turns described above: the Round
Robin Cycle and the Free Cycle. In the Round
Robin Cycle, during Pg 4, each player must tar-
get the next player in a fixed order, ensuring that
every player participates at least once as both a
questioner and an answerer. During this cycle, the
game skips Psqg and Py, as the primary objective
is to ensure that all players actively participate in
the game.

After all players complete Pg4 in the Round
Robin Cycle, the game proceeds to the Free Cy-
cle. In this cycle, the default rules apply, including
Pga, Psa, and Py.

2.5 Game Players

In this setup, both the spy and non-spy roles are
played by Large Language Models (LLMs). To il-
lustrate, consider a five-player game consisting of
four non-spies and one spy. If the non-spies are
assigned to Model A and the spy to Model B, each
non-spy instance is treated independently despite
sharing the same underlying model. We evaluate
models across all possible role permutations to en-
sure a comprehensive all-to-all comparison.

During each game phase, every model receives a
prompt containing the rules, game history, a phase
description, and response instructions. Responses
must adhere to a strict JSON format; any output
that fails to do so is deemed invalid. In such in-
stances, the team responsible for the invalid move
immediately forfeits the game quit (e.g., an invalid
move by the spy results in a victory for the non-
spies). We argue that a model’ s inability to fol-
low structural instructions is a clear indicator of
limited capability, making a loss a fair and repre-
sentative outcome. The full prompts are provided
in Appendix C.

3 Experiment Setup

Game Configuration The games are played
with five players, where four of them are non-
spies, each played by an LLM independently, and
the spy is played by another LLM. The turn limit is
five turns in the Round-robin Cycle and five turns
in the Free Cycle, totaling 10 turns. The play-
ers’ order is shuffled to remove position bias in the
analysis. Each game is played once.



Model Overall Generic Location Local Location Local Food

GEN GID GEG GZH LID LEG LZH FID FEG FZH
1 Gemini-P 1136 | 1086 1116 1163 1174|1154 1171 1161|1075 1157 1136
2 Gemini-F 1107 | 1057 1071 1130 1103|1086 1161 1139|1098 1112 1150
3 Qwen30B-T 1016 |1045 982 1032 1030| 996 1071 985 | 1002 1032 1005
4 Gemmal2B 1003 | 995 1031 1050 997 | 975 1000 994 | 1023 1001 981
5 Qwen8B 967 948 954 964 970 | 939 959 959 | 994 1034 962
6 Llama8B 771 869 846 660 727 | 850 638 762 | 807 664 766

Table 1: Bradley-Terry ratings across scenarios. Gold ,

Models We use six models: gemini-2.5-
pro (Comanici et al., 2025), gemini-2.5-flash (Co-
manici et al., 2025), qwen3-30b-a3b (Yang et al.,
2025), gemma-3-12b-it (Team et al., 2025),
qwen3-8b (Yang et al., 2025), and llama-3.1-8b-
instruct (Grattafiori et al., 2024)>. We choose
LLMs that have multilingual capabilities and also
based on a variety of capabilities, from strong to
weak LLMs, so that the ranking leaderboard’s
pattern can be analyzed. To play the games, we
use openrouter.ai to run the inferences.

Scenarios and Languages We define three sce-
narios: Generic (G), where £ consists of the origi-
nal generic places from the original game, most of
which are also used in (Kim et al., 2025), using the
English language and translated to local languages;
Local Locations (L), where £ consists of local lo-
cations residing in the a region that uses the target
language; and Local Food (F), where £ consists
of food originating from the respective region that
uses the target language. We focus on Simplified
Chinese (zh), Egyptian Arabic (arz), and Indone-
sian (id) with their respective countries: China,
Egypt, and Indonesia. In the game, each player
is shown 30 entities. The list of entities for each
scenario can be seen in Appendix B.

Evaluation Metrics To compute the rank
of each model, we use the Bradley-Terry
Model (Bradley and Terry, 1952), following Chat-
bot Arena’s metric (Chiang et al., 2024), due to its
stability in computing the ratings. Additionally,
we compare the win rate of each model, where the
win rate of a model M is % x 100.
We also calculate the leakage rate, which we
define as the percentage of games in which a non-
spy player reveals the target entity & during Pg 4.
A leakage is considered to have occurred if any
non-spy player provides information that explicitly

?In subsequent sections, we may shorten their names ac-
cordingly due to space constraints.

Silver , Bronze , and 4th indicate top 4 per column.

discloses the identity of &; to other players, includ-
ing the spy. The leakage rate of a model M is com-

#Games with Leakage
puted as Leakage Rate,, Non-spy Gmes M
100%.

In analyzing spy behavior, non-spy behav-
ior, and entity analysis, we use Shannon en-
tropy (Shannon, 1948) to calculate how spread out
the votes or entity guesses from the players are.

4 Overall Game Analysis

We compare three different settings: overall per-
formance across all languages and scenarios, and
the different roles that the model played, with a to-
tal of 9,000 matches.

TB-Spyfall rank is correlated with Chatbot
Arena rank We compare the ranking between
our benchmark and Chatbot Arena, accessed on
January 1st, 2026. The ranking in Table 1 has
identical order to Chatbot Arena’s ranking®. How-
ever, the rating spread in our leaderboard is nar-
rower compared to Chatbot Arena. For instance,
the gap between the ratings of Gemini Pro and
Gemma 12B is 1135 to 1030 in our benchmark
compared to 1402 to 1340 in Chatbot Arena. We
attribute this to the following factors: first, our
benchmark only consists of six models compared
to the arena; second, each model only plays 600
matches, compared to Chatbot Arena, which has a
significantly larger number of matches (e.g., Gem-
ini 2.5 Pro has approximately 82,000); finally, the
game is also challenging for the models as it not
only tests local nuance but also tests the model’s
strategy in concealing the location, which even the
best-performing models struggle with.

Models Follow Target Languages but Struggle
With a Dialect Table 2 shows the language used
by each model across all scenarios, detected using
the available fastText (Joulin et al., 2017) language

3We omit Qwen3-8B as it is missing from the leaderboard.



Model id zh arz
Gemini-F id98.5 zh99.9 ar94.8
emunt- ms 1.0 wuu0.l arz5.1
Gemini-P id98.7 zh99.9 ar92.0
et ms1.2 ja0.1 arz79
G 3 id98.8 zh99.5 ar97.2
emma ms0.9 en02 arz2.6
id 96.6 zh 89.2 ar 84.1
Llama3.1 53 en80 en8.0
id98.9 zh 954 ar96.8
Qwen-30B 07 en42 arz27
id 98.6 zh99.9 ar98.1
Qwen3-8B ms0.6 en0.1 arzl5

Table 2: Language detection of outputs. Top-1 (first) /
Top-2 (second).

identification®. Overall, most models are consis-
tent in using the target language, with more than
95% usage (except for the Llama3.1-8B model),
except for arz, where most models have a signifi-
cant amount of ar usage. The highest usage of arz
is found in the Gemini family, though it remains
less than 10%. After manually checking some of
the games, we found that most models tend to use
ar instead of the dialect. Even though the Gemini
family is able to use more arz, upon seeing other
models using ar, it decides to follow suit. This be-
havior is also observed in (Robinson et al., 2025).

Non-English languages impact performance
ratings across models in generic £ Table 1
shows that the ratings of Gyp, Gzp, and Ggg
have wider gaps compared to Ggy. In Ggy, the
second-best model, Gemini Flash, and Qwen30B-
Thinking have a close gap (12%), which widens in
other scenarios. Additionally, the third and fourth
ranks fluctuate between Qwen30B-Thinking and
Gemmal2B. On the other hand, Qwen3-8B and
Llama-3.1-8B are consistently in fifth and sixth
place with a significant gap, with arz being the
worst-performing language for Llama-3.1-8B.

Local and food scenarios affect performance
rankings differently As shown in Table 1, the
rankings in location and food scenarios differ. For
instance, in most local location scenarios, Gemini
Pro consistently outperforms Gemini Flash, while
in food scenarios, specifically F;p and F g, Gem-
ini Flash outperforms Gemini Pro. Additionally,
similar to generic locations, the third and fourth
places fluctuate between Qwen30B-Thinking and

“https://fasttext.cc/docs/en/language-identification.html

Model en id zh arz

Gemini-F 0.0 00 00 0.0
Gemini-P 0.0 00 00 0.0
Gemma3-12B 0.0 1.6 49 1.6
Llama3.1-8B 173 37.1 29.6 13.6
Qwen30B-T 07 04 00 0.0
Qwen3-8B 0.0 1.8 87 24

Table 3: Non-Spy Information Leakage Rates (%) by
Language.

Gemmal2B in both local location and food sce-
narios. Finally, Llama-3.1-8B consistently ranks
lowest in all scenarios, with the gap widening in
Egyptian Arabic scenarios.

Gemini-F-176 79 80 64 68 64 79 60 52 76

Gemini—P-66 81 66. 61 61 75

Gemmal2B-63 73 58 46 50 46 52 46 35 46

Llama8B - 36 31- 27 .21 20-

Qwen30B-T-78 71 71 48 53 48 56 45 39 58

Qwen8B-58 57 55 35 40 35 51 37 34 52

(De(\ C‘)'\b oF (9"’0 NS \/"d U «® «®

Figure 3: Win rates of Spy (%) across model and sce-
nario.

5 Role Specific Analysis

The previous section presented results aggregated
across both roles. However, the spy and non-
spy roles require different skills: spies must try to
blend in and deduce, while non-spies must detect
anomalies in detecting spies. Since models may
vary in these capabilities, we analyze each role
separately in the following sections.

5.1 Non-Spy Behavior

Llama3.1-8B Has High Leakage Rates Up to
48%, While Gemini Models Have None In
this experiment, despite being informed about the
game rules, some models leak the & directly,
which may allow the spy to guess it easily. Ta-
ble 3 shows the leakage rate across models and
languages. Llama3.1-8B has the highest leakage
rate compared to other models, particularly in id,
reaching 34%. In contrast, Gemini Flash and Gem-
ini Pro have 0% leakage across all scenarios. In-



Model | Guess x  Got Voted  Quit
Llama8B 82.4 5.4 12.2
Qwen8B 81.1 7.1 11.8
Qwen30B-T 80.8 6.6 12.6
Gemmal2B 78.0 8.8 13.2
Gemini-P 63.6 259 10.5
Gemini-F 60.8 29.4 9.7

Average | 745 13.9 11.7

Table 4: Non-Spy Victory Distribution by Model (when
model is non-spy). Column denotes spy last action.
Percentages show the win rate win methods of Non-
spies

terestingly, Qwen3-8B has a moderate leakage rate
in zh (= 9%), despite being heavily trained on zh
data. This suggests that language capability does
not directly correlate with the leakage rate.

Majority wins of non-spies are due to spy guess-
ing wrongly Table 4 shows that, overall, most
non-spy wins are due to the spy guessing wrongly
(74.5% across models), while comparable percent-
ages are due to votes caught and spies quitting.
There are some differences in the Gemini families,
where both have close to 60% of non-spy wins due
to the spy guessing wrongly and around 25% due
to votes caught, which is significantly higher com-
pared to other models (around 20%). This shows
that the Gemini families have better spy detection
capabilities compared to other models.

5.2 Spy Behavior

100

Accuracy (%)

Figure 4: Spy Guess Accuracy Rate by Scenario

Some models have an advantage in certain lan-
guages where they gain higher spy win rates
while others decline As can be seen in Figure 3,
in G;¢ and G,p, Gemini family models improve
their spy win rate by up to 8%, while Llama3.1-8B,
Qwen30B-Thinking, and Qwen3-8B show moder-
ate drops in spy win rate. Meanwhile, in G, all
models drop their spy win rate significantly com-

pared to Ge,,, showing that arz is more challenging
for the spy role.

Overall, location and food scenarios in spy role
have lower win rates compared to generic loca-
tion In Figure 3, it is shown that in most mod-
els, the spy win rate in local location and food sce-
narios drops significantly compared to the generic
location scenario, showing that predicting local
knowledge is more challenging for the spy role.
Similar to the generic location scenario, the arz
language has the lowest spy win rate compared to
other languages. Both location and food scenarios
have similar spy win rates across models.

Qwen3-8B and Qwen30B-Thinking have the
highest spy win rates in food and location sce-
narios in ZH language compared to other lan-
guages In Figure 3, we can see that these models
have significant gaps compared to other languages
(more than an 18% gap), showing that these mod-
els have better local knowledge of Chinese food
and locations than other languages. This is ex-
pected as these models are heavily trained on ZH
data.

Each language scenario differs in difficulty for
guessing In Figure 4, arz proves to be the most
difficult for the spy to guess (=60% with respect to
total spy guesses), followed by id (=47%), with zh
(~43%) being the easiest among these languages.
Regarding spies losing by getting caught through
voting, the trend is relatively consistent with mod-
erate frequencies across languages (7% - 8.5%),
where arz has the highest spy caught rate. Finally,
the occurrence where the non-spy gets caught in-
stead is relatively low across languages (2.6% -
4.9%).

Why does a spy player get voted out? Through
a qualitative analysis of 20 randomly sampled
matches where Gemini Pro or Flash were elimi-
nated, we identified three primary reasons for their
failure despite their underlying strength. First and
most prevalent, spies often gave generic or incor-
rect answers while non-spies provided specific
signals about the target entity (&;). For instance,
in an Lip match where & is “Binus,” the spy re-
sponded vaguely about costs (“it depends on per-
spective...” translated from id), failing to recog-
nize it as a famously expensive private university,
which effectively revealed their identity. Second,
models occasionally asked “obvious fishing ques-
tions” to gather information. In one L, match in-



Lang ¢&; H Acc

Guess Distribution (Top-5)

Es Lidah Buaya (4); Martabak (4); Bandrek (3); Beras Kencur

(3); Loloh Cemcem (2)

plidl yao> (Hummus al-Sham) (3); susll WIS (Kahk el-

Eid) (3); Lisglg> (Hawawshi) (2); wdoww (Sahlab) (2); (suixS
(Koshary) (2) ’

id Loloh Cemcem 321 9%
arz unoyd (Turmus) 343 5%
zh # (Naan) 249  29%

Bt (Shaobing) (5); 4 (Naan) (5); 7L (Yuanxiao) (2); &

12 (Roujiamo) (2); It (Shouzhuabing) (1)

H = Entropy (bits); Acc = Accuracy (%); = Correct guess

Table 5: Detailed Guess Distribution for High-Entropy Locations and low accuracy &;

G L F
Acc H Acc H Acc H
en 673 149 - - - -
id 67.1 149 49.6 1.81 409 235

zh 642 1.55 545 1.50 51.6 2.14
arz 59.5 1.69 33.8 2.10 24.4 2.80

Table 6: Overall Accuracy (Acc) and Entropy (H) by
Dataset

volving “Peking University,” the spy asked about
the “main users” of the place, even though the
academic context had already been explicitly es-
tablished by non-spies. Finally, matches in L,
and L, showed spies being voted out for tar-
geting innocent non-spies, triggering retaliatory
votes that eliminated the spy regardless of their
previous answer quality.

6 Entity Guess Analysis

Local Scenarios and Food Are More Challeng-
ing than Generic Locations We evaluate the
difficulty of each scenario by analyzing the spy
players’ ability to guess &, measured through
overall accuracy and vote entropy across loca-
tions (Table 6). Overall, generic scenarios ex-
hibit higher guess accuracy and lower vote entropy
compared to local location and food scenarios, in-
dicating that generic locations are easier for the spy
to deduce. This performance gap likely stems from
the fact that generic locations are more globally
recognized by models, whereas local entities re-
quire specialized regional knowledge. Notably, in
both local location and food scenarios, the arz lan-
guage exhibits the lowest overall entity accuracy
and the highest vote entropy compared to other lan-
guages.

Lower-Accuracy Entities Share Characteristics
with Distractors We sampled local food enti-
ties with the lowest accuracy to identify common
patterns of confusion, as shown in Table 5. In

id, the entity Loloh Cemcem refers to a traditional
drink; it was frequently confused with similar bev-
erages such as Es Lidah Buaya, Bandrek, and Be-
ras Kencur. In zh, % (Naan) refers to a sta-
ple flatbread that shares significant characteristics
with &) (Shaobing), 4 /% (Roujiamo), and
FIBf (Shouzhua Bing). In arz, Guwwo)3 (Turmus,
boiled lupin beans) is a staple street snack in Egypt.
While it shares characteristics with other snacks,
these foods are distinct; however, the models fail
to take this into consideration.

Some Errors are due to Model’s Lack of Cul-
tural Knowledge As shown in Table 5, some
confusion occurs between entirely unrelated en-
tities. For example, the Indonesian traditional
healthy drink was quite often confused with
Martabak, a pancake-like street food. Upon fur-
ther investigation, we note that the some weaker
non-spies did not know the drink and answered
incorrectly, as if it were a fried food. The spy,
thinking it was a dessert, also incorrectly guessed.
Stronger models such as Gemini tend to discuss the
factual information regarding the drink correctly.

7 Related Works

Dynamic and Game-Based LLM Evaluation
Recent research has increasingly leveraged strate-
gic games to evaluate LLMs capabilities. Some
benchmark assess LLMs capability on games, such
as social deduction games. For instance, Aval-
onBench (Light et al., 2023) evaluates deception
and negotiation skills, while several studies uti-
lize Werewolf to assess emergent strategic behav-
iors (Bailis et al., 2024; Agarwal et al., 2025; Song
et al.,, 2025). Additionally, AmongAgents (Chi
etal., 2024) adapts the game Among Us into a fully
text-based format. Similarly, (Kim et al., 2025) in-
vestigate Spyfall, though their evaluation is limited
to generic settings in English.

Beyond social deduction, debate-based evalu-
ation (Moniri et al.,, 2025) and interactive fic-



tion (Hausknecht et al., 2020; Coté et al., 2019)
probe oversight and reasoning capabilites. Strate-
gic benchmarks like GTBench (Duan et al., 2024),
and GameBench (Costarelli et al., 2024) reveal that
LLMs excel in probabilistic scenarios but struggle
with complete-information games. Some works
also collect aggregated multi-agent benchmarks
like AgentBench (Liu et al., 2025) and Chatbot
Arena (Chiang et al., 2024), the latter prioritizing
human-preference assessment.

Multilingual and Multicultural Benchmark
Culture is often operationalized through proxies
representing specific concepts (Adilazuarda et al.,
2024). Several works have constructed static mul-
ticultural benchmarks within native language con-
texts such as CulturalBench (Chiu et al., 2025),
BLEnD (Myung et al., 2025), GlobalPIQA (Chang
etal., 2025), ArabCulture (Sadallah et al., 2025) or
COPAL-ID (Wibowo et al., 2024), mostly shows
that models are struggling with non-western con-
text. However, these benchmarks typically rely on
static formats that are susceptible to data contami-
nation and performance saturation, limitations that
we address in this paper.

8 Conclusion

We introduce a dynamic benchmarking framework
based on Spyfall to evaluate LLMs on their mul-
tilingual and multicultural reasoning. Our results
show that while top models perform well, there is
still a noticeable drop in capability when models
are tested in non-English languages or on specific
cultural topics. This framework offers a reliable
and a scalable evaluation tool of how well models
truly understand the diverse local cultural context.

Future work will explore the application of dy-
namic benchmarking to interactive tasks like de-
bate to further assess multilingual and multicul-
tural nuances as our framework is significantly
more scalable and offers greater resilience to data
leakage and saturation.

Limitations

While this study focuses on three countries and
their primary languages, it establishes a robust
framework for evaluating regional linguistic nu-
ances. Although the current dataset includes 30 lo-
cal landmarks and 30 traditional foods per country,
the benchmark is designed to be highly scalable.
Its dynamic architecture allows for the seamless

integration of additional cultural entities and lan-
guages in future iterations.

Finally, employing four identical model in-
stances for the non-spy team may introduce be-
havioral coupling. However, the modular nature
of our environment fully supports the future ex-
ploration of heterogeneous, many-to-many model
interactions.

Ethical Considerations

Cultural Representation and Bias: While we
aim to evaluate multicultural understanding, we
acknowledge that our selection of 30 food items
and 30 landmarks per country is non-exhaustive.
These entities represent a subset of cultural identi-
ties and may reflect certain regional biases within
the chosen countries. We have made efforts to in-
clude widely recognized cultural markers to ensure
fair testing.

Intentional Deception: The social deduction
framework involves models playing the role of a
”Spy,” which requires the use of strategic conceal-
ment or misdirection. We emphasize that this is
used strictly as a proxy for reasoning and com-
munication capability within a game context and
should not be applied to encourage harmful decep-
tive behavior in real-world applications.

LLMs Usage: We use LLMs such as Gemini
and Writefull (Overleaf) to correct the grammar in
our writing.
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A Game Endings

The winning conditions for each role are as fol-
lows:

Spy’s win conditions The spy wins if they can
deduce £t in PSG, a non-spy is majority voted in
PV, the turn limit is exceeded, or one of the non-
spies quits the game (e.g., a formatting issue in the
LLM’s output).

Non-spies’ win conditions The non-spy team
wins if the spy guesses £¢ incorrectly, the spy gets
majority voted in Py, or the spy quits the game
(e.g., a formatting issue in the LLM’s output).

B Selected Entities

Here are entities that we selected with care for the
model for each scenario:

Generic Entities (EN): Airplane, Amusement
Park, Bank, Beach, Carnival, Casino, Circus Tent,
Corporate Party, Crusader Army, Day Spa, Em-
bassy, Hospital, Hotel, Military Base, Movie Stu-
dio, Nightclub, Ocean Liner, Passenger Train, Po-
lice Station, Pirate Ship, Polar Station, Restaurant,
School, Service Station, Space Station, Subma-
rine, Supermarket, Theater, University, Zoo.
Generic Entities (ID): Pesawat Terbang, Taman
Hiburan, Bank, Pantai, Karnaval, Kasino, Tenda
Sirkus, Pesta Perusahaan, Pasukan Perang Salib,
Spa, Kedutaan Besar, Rumah Sakit, Hotel,
Pangkalan Militer, Studio Film, Klub Malam, Ka-
pal Pesiar, Kereta Penumpang, Kantor Polisi, Ka-
pal Bajak Laut, Stasiun Kutub, Restoran, Sekolah,
Bengkel, Stasiun Luar Angkasa, Kapal Selam, Su-
permarket, Teater, Universitas, Kebun Binatang.
Generic Entities (ZH): KA1, U7 &, 4847,
Wi, F 4R, WA, SRR, A FIRRT, 15
%, KIrHl, ﬁﬁ?ﬁ BEB, s, ZEgE R, EE
e, KRS, L#%ﬁ@, Hio K, E5
Jey, RS A, AR AL, AT, SR MG, 3]
ul, WK, BT, RIBE, K&, sh .

Generic Entities (EGY): §lb, oo, ulu,
Ebld, JWyS, elS, Wi, &b dla>, yiuz
Oudall, o)lg buw, §Hlow, aduuwe, §aus,
dyySane 82cl8, M8l pguai grdgiw, LelS b,
Sy ighan, a8 OLS), a0 Aoy, digoan disolys,
dh>o CLME_Q, (osb.o, a.w)..ho, dh>o O, dh>o
clasd, dolgs, pow CS)lo, g puwmo, deol>, days>
Oloasdl.

Egypt Food Pboo uw d.zS .uszJI dgl,S,
dbolo, Oomi, .,_,w9|9>: 49)9#’ &)195, Wa
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va0> alidl, Lo, dino publlay Flall, LS
d>, Liw )99, dygud Hlwl Hsauac, (LS, o),
u.l:u.u UoUo.) d.)9.u.m &)'9.;0 i), LJ99 [GYIV-RV-H
3S)S, Loguw, did dox, j) (aby, Fmud dxx)g.
Indonesia Food: Nastar, Nasi Tumpeng, Roti
Buaya, Nasi Uduk, Lontong Sayur, Rendang,
Ayam Taliwang, Babi Guling, Gado Gado, Tempe
Mendoan, Capcai, Martabak, Lapis Legit, Bika
Ambon, Cimol, Sate, Pempek, Bakso, Coto
Makasar, Rawon, Seblak, Cakalang fufu rica-rica,
Tuak, Cap Tikus, Cendol, Soda Gembira, Es Lidah
Buaya, Beras Kencur, Bandrek, Loloh Cemcem.
Indonesia Food: Nastar, Nasi Tumpeng, Roti
Buaya, Nasi Uduk, Lontong Sayur, Rendang,
Ayam Taliwang, Babi Guling, Gado Gado, Tempe
Mendoan, Capcai, Martabak, Lapis Legit, Bika
Ambon, Cimol, Sate, Pempek, Bakso, Coto
Makasar, Rawon, Seblak, Cakalang fufu rica-rica,
Tuak, Cap Tikus, Cendol, Soda Gembira, Es Lidah
Buaya, Beras Kencur, Bandrek, Loloh Cemcem.
Egypt Places: deolodl 4. )03 6508]L, Casioll
,5)40.0“ »eSJL wlelyadl, gl Jlaiwus aw
Joo, Gulass, xS Lliliw, o1 2159, dzgms,
ECURVER VW) L,l_c CQ_.ol> 23], dwsSIl daleoll,
deol> Jul, ,_,S.w)m.o Olw gilosiw, Casioll
osill Blaxll, dasls Gue W z» Balall,
SHeS xmad Jull, Grwsdl, dgde pos,
o, (5olg lall, lgl>, uw))bw o3
b, s, Lgy.uS ol &yl dSe dyyauSuwl, oS
Olaall.

Indonesia Places: Trans Studio, Malioboro, Ra-
gunan, Tanah Abang, Menteng, J.C.O, Pizza
Domino, Fort Rotterdam, Ciater, Jam Gadang,
Nusa Penida, Bromo, Dufan, Gedung Sate, ITB,
MAN Insan Cendekia, SMAN 8 Jakarta, Binus,
Tuku, Sushi Tei, Restoran Sederhana, Warteg,
Taman Nasional Sebangau, Pura Agung Besakih,
Monas, BSD City, Blok M, Istiglal, Borobudur,
Kota Tua.

China Places: =g MfIME, =45, %5 KR, 15
Bi I, VA DLARTE A, REA A, O HER, 222455,
FRFH A, =B AR B, F Rt AT,
BB, 2806 2 O, Bl e R, K
G4, - BAER B LS, Ak b w, Fats,
SRR AR, FVTHE, JERt R, e ReE, B H R
2, PER R, LA, DREE, EAE, I
TREAINAE, Bl 2K, H A

C Prompt Templates

This is the rule prompt that is always inserted in
the LLM’s prompt, where the languages are: ”In-



donesian”, ”Simplified Chinese”, "Egyptian Ara-
bic”, and ”English” (depends on the scenario run).
Each phase and role will have their respective
prompt. Here are the respective prompts:

# Base context used for all prompts
base__context: |
**Game Context:** You are playing ”Spyfall:
Structured Edition” with other players.

**How Spyfall Structured Edition Works:**

- One player is secretly assigned as "the Spy” at
the start

- All other players are ”Villagers /Non-Spies” who
know the secret entity

- The Spy does not know the entity and must
figure it out

- Villagers must identify who the Spy is through
questioning and voting

**What is the Entity?**

The entity can be anything: a location (Beach,
Hospital), a movie (Star Wars, Titanic),

a famous person (Einstein, Beyoncé), an object (
Smartphone, Pizza), a concept (Birthday
Party, Job Interview), etc.

Villagers know the entity; the Spy must deduce it
from questions and answers.

**Structured Game Flow (Predictable Phases):**

1. Round Robin Phase (Phase 1A):
- Each player asks the next player one question
sequentially
- Goes around the full circle once
- Everyone participates, building baseline
information

2. Free Question Cycles (n cycles of Phase 1B-2-3)
Each cycle has three phases:

a) Phase 1B - Free Question:
- Last answerer asks anyone one question
- Provides targeted interrogation
opportunities

b) Phase 2 - Spy Guess Decision:
- Spy can guess the entity or skip
- If correct guess — Spy wins
- If incorrect guess — Villagers win
- Spy gets n chances throughout the game

c¢) Phase 3 - Accusation Vote:
- All players vote for someone (or skip)
- Need majority (>50%) to eliminate

someone

- If eliminated player is Spy — Villagers
win

If eliminated player is Villager — Spy
wins

- No majority — game continues to next

cycle

3. Final Round (after n cycles):
- Final Spy guess opportunity
- Final accusation vote
- If no majority in final vote — Spy wins (
survived!)

12

Note: n equals the number of players in the game.

**Win Conditions:**

- Villagers win: Spy guesses wrong OR majority
votes eliminate Spy

- Spy wins: Spy guesses correctly OR survives all
votes OR Villagers eliminate innocent player

**Strategic Differences from Classic:**

- Voting happens in cycles, not randomly

- Spy has multiple guess opportunities (strategic
timing!)

- Vote history is public (builds narrative across
rounds)

- Structured phases allow better planning

**Your Task:** Based on your role (Spy or
Villager), play strategically:

*As a Villager:*

Share entity knowledge subtly and build your case
across voting rounds. Avoid being obvious!
Be extremely subtle in giving hints. Think
carefully about how you answer and ask
questions strategically.

Important guidelines:

- Do not ask or answer questions too directly

- Review the entity list carefully to avoid
making it easy for the Spy to guess

- Avoid narrowing it down to one specific place or
category

- Do not provide direct hints to the entity (e.g.,
avoid saying "crew” or "vessel” when the
entity is Pirate Ship, or "extreme” when it's
Polar Bear)

- Use subtlety and misdirection to make the Spy
think multiple entities are possible

- Poor strategy example: Mentioning ”patient”
when the entity is Hospital, or "temporary
stay” when the entity is Hotel

- Be very subtle so the Spy still needs to guess
among many possibilities

*As a Spy:*

- Blend in, gather clues across multiple rounds,
and time your guess strategically.

- Avoid being obvious and don't reveal that you'
re the Spy.

- Answer strategically using misdirection and
subtlety.

- Do not guess the entity if you cannot narrow it
down to one location yet in Spy Guess
Decision phase.

Important guidelines:

- Blend in and avoid obvious behavior

- Use misdirection and subtlety in your questions
and answers

- Poor strategy example: Asking "Is it a place
where people go to relax?” when the entity is
Beach

- Be very subtle in your approach

**(Critical Reminders:**

- Check the entity guesses list that has been
provided to you

- Use it to guide your questioning and answering
strategy (for both Spy and Villagers)




- Consider conversation history, voting patterns,
and strategic phase timing

- Ensure you adhere to the response format

- You must speak in {language} language at any
cost!

# Prompts for question generation
question_ generation:
spy: |
{base_ context}

You are the Spy and need to ask a question to
another player.

**Response Format Requirements:**

You must respond with only valid JSON
wrapped in triple pipes [||...||

Think through your approach before outputting
JSON. No text should appear after the
JSON.

Think step by step!

Example:
Let's think step by step ...

Il
{ .
"question”: "YOUR QUESTION HERE”,

”. 9

"targeted_ player”:
TARGET PLAYER_NAME”

}
Il

Required fields:

- question: string (the actual question to ask)

- targeted_ player: string (the player being
targeted by the question. Think
strategically about who to ask)

non__spy: |
{base__context}

You are a Villager and need to ask a question.

**Response Format Requirements:**

You must respond with only valid JSON
wrapped in triple pipes [||...|||

Think through your approach before outputting
JSON. No text should appear after the
JSON.

Think step by step!

Example:
Let's think step by step ...

Il
{

"question”: "YOUR QUESTION HERE”,
"targeted_ player”: ”
TARGET PLAYER_NAME”

}
i

Required fields:

- question: string (the actual question to ask)

- targeted_ player: string (the player being
targeted by the question. Think
strategically about who to ask)

# Prompts for answer generation
answer__generation:
spy: |
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{base__context}
You are the Spy answering a question.

**Response Format Requirements:**

You must respond with only valid JSON
wrapped in triple pipes [||...||

Think through your approach before outputting
JSON. No text should appear after the
JSON.

Think step by step!

Example:
Let's think step by step ...

I
{

“answer”: "It can get a bit uncomfortable, so
I usually prepare accordingly.”

}
Il

Required fields:
- answer: string (your actual answer)

Important: Do not make it obvious that you are
the Spy!

non_ spy: |
{base__context}

You are a Villager answering a question.

**Response Format Requirements:**

You must respond with only valid JSON
wrapped in triple pipes [||...|||

Think through your approach before outputting
JSON. No text should appear after the
JSON.

Think step by step!

Example:
Let's think step by step ...

Ii
{
?answer”: "YOUR ANSWER HERE”

}
Il
Required fields:

- answer: string (your actual answer)

# Prompts for entity guessing (spy only)
entity__guess:
spy: |
{base__context}

You are the Spy in Phase 2 (Spy Guess Decision

).

Important: You do not have to rush if you are
unsure! Skip if you haven't pinpointed a
single location yet.

Your task: Decide whether to guess the entity
now or skip.

**Response Format Requirements:**

You must respond with only valid JSON
wrapped in triple pipes |||...]||

Think through your approach before outputting




JSON. No text should appear after the
JSON.
Think step by step!

Example (making a guess):
Let's think step by step ...

Il
{

"best__guess”: "Beach”,
”should__guess”: true,
”confidence”: 0.85

}
1l

Example (skipping):
Let's think step by step ...

Il
{

"best__guess”: null,
”should__guess”: false,
”confidence”: 0.3

}
Il

Required fields:

- best__guess: string or null (your guess from
the entity list if should guess=true, else
null)

- should__guess: boolean (true to guess now,
false to skip)

- confidence: number 0.0-1.0 (how confident you
are in your guess)

# Prompts for vote_initiation (deciding who to vote
for in Structured Edition)
vote initiation:
spy: |
{base__context}

You are the Spy deciding who to vote for in the
Accusation Vote phase.
You can skip voting if you are unsure!

**Response Format Requirements:**

You must respond with only valid JSON
wrapped in triple pipes [||...|||

Think through your approach before outputting
JSON. No text should appear after the
JSON.

Think step by step!

Example:
Let's think step by step ...

Il
{

"target_ player_name”: "Charlie”,
”should_vote”: true,
”confidence”: 0.75

}
i

Example to skip voting:
Let's think step by step ...

Il
{

"target_ player name”: null,
”should__vote”: false,
“confidence”: 0.6

}
Il
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Required fields:

- target_ player_name: string or null (player
name, or null to skip)

- should__vote: boolean (true to vote for target,
false to skip)

- confidence: number 0.0-1.0 (confidence in your
voting decision)

non_ spy: |
{base_ context}

You are a Villager deciding who to vote for in
the Accusation Vote phase (Phase 3).
You can skip voting if you are unsure!

**Response Format Requirements:**

You must respond with only valid JSON
wrapped in triple pipes |||...|||

Think through your approach before outputting
JSON. No text should appear after the
JSON.

Think step by step!

Example:
Let's think step by step ...

I
{

“target_ player name”: "Charlie”,
”should__vote”: true,
”confidence”: 0.88

}
|l

To skip voting:
Let's think step by step...

I
{

“target_ player_name”: null,
”should__vote”: false,
”confidence”: 0.45

}
Il

Required fields:

- target_ player_name: string or null (player
name, or null to skip)

- should__vote: boolean (true to vote for target,
false to skip)

- confidence: number 0.0-1.0 (confidence in your
voting decision)

D Additional Behavior Analysis

In Overall, Gemini Pro followed by Gemma3-
12B has the highest percentage of Incorrect Spy
Voting by non-spies As shown in Table 7, Gem-
ini Pro has the highest percentage of incorrect spy
voting by non-spies (8.5%), followed by Gemma3-
12B (7.8%), showing that these models are more
subtle in covering the location and mislead the
non-spies to vote wrongly. Meanwhile, Llama3.1-
8B has the lowest incorrect spy voting by non-spies
(2.6%), showing that non-spies can easily identify
the spy in this model.




Model id zh arz
Gemini-F 20 33 07
Gemini-P 38 6.0 98
Gemma-12B 3.6 76 64
Llama-8B 20 53 3.1
Qwen-30B 02 04 1.6
Qwen-8B 40 64 4.7

Table 7: Vote wrong rate (%) by model across lan-
guages when these models play as a spy. This metric
shows how often the opposite non-spies players incor-
rectly voted out a teammate.

The Game Dominantly Ends in one turn in Free
Cycle Overall, the game is ended on either in
Psq or Py on the first turn of the Free Cycle, with
mean of 6.03, standard deviation of 0.67 and me-
dian of 6.00. We attribute this due to the Round
Robin Cycle which allows Spy and Non-Spy gauge
the information better. However, there are a sig-
nificant amount of wrong spy guess (/32.41%)
shows that the spy players are confident despite
guessing wrongly and the prompt that tells them
to assure to guess if they are sure.

Spy Guess action dominates the game ending of
a spy We then analyze the spy guess rate with-
out leakage, where the spy must deduce the entity
based on the QA history only. As shown in Fig-
ure 4, the spy wins are mostly due to spy guess
& correctly, whereas spy also loses due to spy
guessing wrongly. Despite having the prompt that
tell the spy to avoid guessing unless it is confi-
dent to guess, the spy tends to guess early which
results also in high wrong guess (attributed more
than 15% of total games for all models except for
Gemini Pro in English and Chinese data). Addi-
tionally, Qwen 30B has the highest spy guess ratio
(correct or wrong) demonstrate its behavior in this
game to often do this action.

Non-spy Vote Entropy In order to measure how
united the non-spies are, we check the entropy
of votes across non-spy players, where these are
played by the same language model can be seen in
Figure 6.

Spy Win Rate’s rank follows overall rating
Figure 3 shows the model wise win rate when play-
ing as a spy across scenarios, where it is shown
that the overall spy win rate follows the trend as
the overall rating in Table 10.

Some models perform better against specific
opponents From the match matrices in Fig-
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Figure 5: Spy Vote Dispersion Sccore by Model and
Scenario. Higher is better.
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Figure 6: Non-spy Vote Entropy Heatmap



ure 8, all models have a win rate of more than
75% against Llama-3.1-8B, demonstrating an easy
matchup that explains the low rating of Llama-3.1-
8B across all scenarios. Gemini Pro and Gem-
ini Flash have a close matchup (approximately
50% win rate) against each other, indicating a
competitive pairing. Despite this closeness, when
models other than Gemini Flash face Gemini Pro,
their win rates are lower than when facing Gemini
Flash, demonstrating Gemini Pro’s stronger per-
formance against other models compared to Gem-
ini Flash. Interestingly, Qwen30B-Thinking has
less than a 47% win rate against Gemmal2B de-
spite having a higher rating, indicating an unfa-
vorable matchup for Qwen30B-Thinking against
Gemmal2B. However, Gemmal2B has a lower
win rate against Gemini Pro and Gemini Flash
compared to Qwen30B-Thinking.

Rank orders correspond to model size The
ranking results suggest that, based on the size and
capability of the models, closed-source models
outperform open-source models, and larger mod-
els outperform smaller ones (Table 10). Addition-
ally, within comparably sized models, we can see
that Qwen3-8B outperforms Llama-3.1-8B by a
large margin in our benchmark, which follows a
similar trend observed in other benchmarks; for in-
stance, in the Qwen 3 report (Yang et al., 2025). It
is worth noting that the win rate also follows the
Elo rating ranking.

Spy Vote Dispersion Varies Depends on The
Model Capacity in In calculating the voting ses-
sion when the spy is present, we introduce Vote
Dispersion, which can be calculated using H x
(1 — Vs), where H is the Shannon entropy value
and Vg denotes the percentage of votes that the
spy receives (1 means everyone votes for the spy)
in a single voting session. This equation penal-
izes cases where entropy is low but the votes tar-
get the spy. A higher value is better for the spy
player. The visualization (Figure 5) reveals the
vote dispersion, where Gemini-F (1.095), Qwen-
30B-T (1.070), and Gemini-P (1.037) achieve the
highest dispersion scores, indicating superior abil-
ity to manipulate voting patterns and evade detec-
tion when acting as the spy. In contrast, smaller
models like Llama3.1-8B (0.721) and Qwen3-8B
(0.770) struggle significantly, being more easily
identified and voted out. Scenario differences are
relatively minor (0.878 to 0.974), suggesting that
spy evasion success depends more on model ca-
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Table 8: Spy guess accuracy with non-spy leakage by
language.

Model en id zh arz
Gemini-F 100.0 (31) 94.1(17) 92.9(14) 87.5(8)
Gemini-P 95.2 (21) 100.0(23) 100.0(16) 100.0(6)
Gemma-12B  93.8 (16) 94.4(18) 85.7(14) 100.0(4)
Llama-8B 66.7 (6) 100.0(5) 83.3(6) -
Qwen-30B 88.5(26) 95.8(24) 86.7(15) 83.3(6)
Qwen-8B 88.0 (25) 96.3(27) 80.0(10) 0.0(1)

pability than on language or local domain. The
overall average of 0.929 indicates moderate voting
chaos across all conditions.

Spy Players does not always guess correctly in
match with leakage

As shown in Table 8, despite the leakage hap-
pening, the spy guess rate with leakage does not
guarantee to be 100% correct, though, overall, it is
still considered high (more than 80%). Counting
models that have more than 20 matches with leak-
age, ZH has overall lower spy guess accuracy com-
pared to EN and ID languages which have com-
parable guess rate, shown by juxtaposing Gemma
and Qwen models. An example of this case, given
Gemini Flash as Spy Model in Lip, where & is
”Bika Ambon” (A cake from Indonesia), in one
of the match, one of the non-spy leaks the entity
by answering ”Can we meet Bika Ambon in festi-
val places in Java?” (Translated from id). The spy
guesses wrongly by answering ”Nastar” instead of
”Bika Ambon” (Also a cake from Indonesia).

Voting Accuracy Across Scenarios and Models
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Figure 7: Non-spy Detective Rate

Non-spy Voting Accuracy As the non-spy ob-
jective is to find the spy, we measure the per-
formance in which the non-spy successfully iden-
tify the spy using Voting Accuracy Metric. As



the number of players in the game is five, the
random baseline is 25%. Figure 7 shows the
voting accuracy of each model across scenarios.
Gemma3-12B, Qwen3-8B, and Llama3.1-8B have
voting accuracy lower than random baseline in
overall where Llama3.1-8B has the lowest voting
accuracy (14%), meanwhile, Qwen3-30B Think-
ing has a moderate voting accuracy and Gemini
families has comparable and higher voting accu-
racy (around 70%).

Qwen30B-Thinking has the least voting fre-
quencies This is demonstrated in Figure 7,
where in the calculation SKIP vote is excluded. the
skip rate of Qwen30B-Thinking is 70.42% where
others are around (22%-34%). This shows that
Qwen30B-Thinking is more conservative in vot-
ing, which may lead to a higher voting accuracy.

Table 9: Overall Game Outcome Statistics

Category Count %
Spy Guess Wrong 2,917 3241
Spy Guess Correct 3,257  36.19
Vote Majority to Spy 716 7.96
Vote Majority to Non-Spy 363 4.03
Spy Surrender 458 5.09
Non-Spy Surrender 1,280  14.32

Game Endings Are Dominated by Spy Guess
Actions Table 9 shows the overall game out-
come statistics across all models and scenarios.
The most frequent game ending is when the spy
guesses the location, comprising 36.19% correct
guesses and 32.41% wrong guesses, summing to
68.6%. This shows that the spy is more likely
to win through guessing rather than being voted
out. Additionally, surrender actions are also sig-
nificant (=19.41%), dominated by the Llama3.1-
8B model (70.52% of all surrenders). Finally, the
voting phase only contributes to 12% of all game
endings, showing that the models are less likely to
vote out the spy.

Egyptian Arabic Local Entities are the hardest
to be guessed by the spy As shown in Table 6,
in both local location and food scenarios, Egyp-
tian Arabic language has the lowest overall entity
accuracy and the highest vote entropy compared
to other languages, showing that these scenarios
are more challenging for the spy to deduce the en-
tity. Additionally, Indonesian local location and
food scenarios have a moderate difficulty, while
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Overall Win Rate Matrix

Qwen3-8B 30.7 76.7 44.0 47.2
Gemini-F| 69.3 50.2 88.0 59.7 62.8
Gemini-P{ 77.0 49.8 61.7 72.8

Llama3.1-8B 0 0 P
Qwen30B-T{ 56.0 40.3 38.3 78.3 46.7

Gemma3-12B| 52.8 37.2 27.2 79.2 53.3
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Figure 8: Win Rate Comparisons across Models and
Scenarios. Each cell corresponds to win rate of Model
in the y-axis againts Model in the x-axis across 600
matches.

Rank Model Rating  Win Rate (%)
1 Gemini-P 1135.8 70.13
2 Gemini-F 1107.4 66.00
3 Qwen30B-T  1015.7 51.93
4 Gemmal2B  1003.0 49.93
5 Qwen8B 966.8 44.30
6 Llama8B 771.3 17.70

Table 10: Bradley-Terry ratings and overall win rates
for each model.

Chinese local location and food scenarios are the
easiest for the spy to deduce the entity.

Spy game ending As shown in Figure 9, in all
languages, most models tend to win through cor-
rect spy guessing. Generally, the incorrect spy
guess in id, zh, and arz, is higher than en. Addi-
tionally, in zh and arz languages, all models tend
to win more through non-spy voting majority com-
pared to en and id.
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