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Abstract

This paper introduces UNSC-Bench, a bench-
mark for evaluating Large Language Mod-
els (LLMs) in simulating diplomatic decision-
making through United Nations Security Coun-
cil (UNSC) vote prediction. The dataset in-
cludes 469 UNSC resolutions from 1947 to
2025, with voting records for the five permanent
members (P5) (United States, China, France,
Russia, United Kingdom) and translations in
four languages. We analyze 26 LLMs, along
with thinking variants, across multiple P5 roles
and find that (1) without explicit role assign-
ment, models are diplomatically unaligned, de-
faulting to high YEs rates and failing to match
any PS5 voting pattern, indicating they lack in-
herent diplomatic identity; (2) model capability
(as measured by MMLU-Pro) is strongly corre-
lated with role-playing accuracy; (3) regional
models do not outperform others in predicting
their home country’s votes; and (4) multilin-
gual evaluation reveals that prompt language
impacts model predictions, particularly for mi-
nority vote outcomes.

1 Introduction

The application of Large Language Models (LLMs)
to geopolitical analysis and diplomatic simulation
represents an emerging frontier in Al research
(Ziems et al., 2024; Qi et al., 2025; Rivera et al.,
2024). As these models become increasingly so-
phisticated, understanding their ability to adopt and
maintain country-specific perspectives becomes
crucial for applications ranging from policy sim-
ulation to international relations education. The
United Nations Security Council (UNSC), with its
formalized voting procedures and documented his-
tory spanning decades, provides an ideal testbed for
evaluating such capabilities.

The Security Council’s five permanent members
(P5): the United States, Russia, China, France,
and the United Kingdom, possess veto power and
demonstrate distinct voting patterns shaped by their

geopolitical interests, historical relationships, and
policy priorities. Successfully predicting how each
country would vote on a given resolution requires
understanding these varied perspectives, making it
a challenging test of diplomatic reasoning.

First, LLMs have been shown to encode geopolit-
ical biases correlated with training data distribution
and country of origin (Li et al., 2024a; Salnikov
et al., 2025), suggesting regional models might bet-
ter reproduce their home state’s diplomatic behav-
ior. Second, multilingual evaluations find that per-
formance and behavior shift with input language
(Bang et al., 2023; Tam et al., 2025), raising the
possibility of a “native language advantage” for
country-specific reasoning. Third, work on LLM-
based simulations emphasizes the importance of
explicit personas for obtaining realistic responses
(Aher et al., 2023; Hu and Collier, 2024; Li et al.,
2024b), motivating comparison between neutral
and role-play prompting. Finally, documented re-
lationships between model capability and complex
task performance (Kaplan et al., 2020; Wang et al.,
2024a; Brown et al., 2020) suggest that diplomatic
role-playing ability may scale with general intelli-
gence.

In this work, we present UNSC-BENCH, a bench-
mark designed to evaluate LLMs’ diplomatic role-
playing capabilities through the task of predicting
P5 voting behavior. Specifically, our paper makes
three key contributions:

1. We construct and release a multilingual
dataset of 469 UNSC resolutions spanning
1947-2025, including full draft resolution text
and voting records.

2. We evaluate 26 frontier and open-source
LLMs across five country roles, revealing
that general intelligence critically determines
role-playing ability and that regional mod-
els exhibit no advantage when role-playing
their home country, challenging assumptions
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about cultural proximity and training-data bias.
Additionally, we evaluate models under neu-
tral prompting to measure their default align-
ment with P5 voting patterns without explicit
country-roles in order to check their individual,
default, diplomatic alignment.

3. We conduct a multilingual analysis show-
ing that prompt language dramatically affects
model predictions, with some models exhibit-
ing major performance degradation while oth-
ers remain comparatively stable across lan-
guages.

2 Related Work

We situate UNSC-Bench at the intersection of two
research areas: specifically, LLM evaluation on
diplomatic and geopolitical tasks; and more broadly,
cultural knowledge and value alignment in language
models.

2.1 LLM Evaluation on UN and Diplomatic
Tasks

Two concurrent works evaluate LLMs using UN
Security Council data. Liang et al. (2025) intro-
duce UNBench, a four-task benchmark covering
co-penholder judgment, voting simulation, draft
adoption prediction, and statement generation us-
ing UNSC records from 1994-2024. They find that
GPT-40 achieves 0.726 accuracy on co-penholder
identification, with performance declining as choice
complexity increases.

Choi et al. (2025) examine nation-level bias in
UNSC voting prediction through explicit bias tests,
persona-assigned voting, and accuracy analysis
across nations. They find biases are ‘“fundamen-
tally multidimensional,” with GPT models showing
consistent negative bias toward Russia. Their RAG-
based debiasing framework reduces but does not
eliminate these biases. Notably, they report that
Western-developed models do not uniformly favor
Western nations, partially anticipating our finding.
However, neither work compares regional models
(e.g., Qwen, DeepSeek) against Western models on
predictions for their “home” countries, nor do they
quantify the relationship between general model
capability and diplomatic role-playing ability.

2.2 Multilingual Evaluation and Cultural Bias

Recent work has highlighted that multilingual capa-
bility does not imply cultural understanding. Singh

et al. (2025) demonstrate that 28% of MMLU ques-
tions require culturally sensitive knowledge, and
that “progress on MMLU predominantly reflects
knowledge of Western-centric cultural knowledge.”
This finding motivates evaluation frameworks that
disentangle models’ ability from their western cul-
tural competence.

Chen et al. (2024) question whether current mul-
tilingual evaluation practices are sound, showing
that translated benchmarks cannot capture language-
specific knowledge and may introduce artifacts that
distort assessment. They demonstrate notable differ-
ences between native-written and translated instruc-
tion data, particularly for high-performing models
and in generative tasks. This methodological con-
cern underscores the importance of evaluation tasks
(such as predicting documented diplomatic posi-
tions) that do not rely on translation.

Adilazuarda et al. (2024) provide a comprehen-
sive survey of approaches to measuring culture in
LLMs, identifying key challenges including the
conflation of language with culture and the lack
of behavioral evaluations grounded in real-world
outcomes. Our work tries to partially address this
gap by using actual voting records as behavioral
ground truth.

2.3 Cultural Knowledge Benchmarks

At the same time, results on whether regional mod-
els possess “home advantage” remain contested.

Chiu et al. (2025) introduce CulturalBench, com-
prising 1,227 human-verified questions across 45
global regions. They find GPT-40 (61.5%) outper-
forms the best Chinese model Qwen-2-72B (58.8%)
even on East Asian cultural questions, conclud-
ing that “model providers based out of specific re-
gions do not necessarily have advantages in cultural
knowledge of their regions.”

In contrast, Myung et al. (2024) report home ad-
vantage in BLEnD, a benchmark of 52,600 everyday
knowledge questions across 16 countries. Qwen1.5-
72B achieves highest performance on Chinese ques-
tions, and HyperCLOVA-X outperforms GPT-4 on
Korean culture. We hypothesize that the key dis-
tinction appears to be knowledge type: BLEnD
tests tacit everyday knowledge (food, holidays, fam-
ily customs) requiring region-specific training data,
while CulturalBench tests factual knowledge avail-
able in globalized corpora. We set out to investigate
this other kind of knowledge through the analysis
of diplomatic position documents.

Durmus et al. (2023) demonstrate that LLM de-
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fault responses align most closely with opinions
from the United States, Canada, Australia, and West-
ern Europe, with significant divergence from Mid-
dle Eastern, African, and Asian populations. Zhao
et al. (2024) extend this using World Values Sur-
vey data across 64 countries, finding larger models
substantially outperform smaller ones but without
testing regional model comparisons.

2.4 Regional Models and Value Alignment

Furthermore, recent work challenges the assump-
tion that regional models better represent the values
of their home cultures.

Naous et al. (2024) report a pattern of this kind
for Arabic: even Arabic-specific LLMs exhibit bias
towards Western cultural entities. When asked in
Arabic for food suggestions, the models chose “ravi-
oli” over Arabic dishes; when asked for women’s
names in Arabic, the models chose “Roseanne” over
Arab names. This Western default in regional mod-
els helps explain why training country of origin
may not confer a role-playing advantage.

Most directly relevant to our work, Rystrgm et al.
(2025) find that “the ability to communicate across
languages does not necessarily translate to appropri-
ate cultural representations.” Testing Gemma and
OpenAl models against World Values Survey data
across four languages, they find no consistent rela-
tionship between language capability and cultural
alignment. This dissociation between linguistic and
cultural competence provides theoretical ground-
ing for our finding that Chinese models’ linguistic
capabilities do not translate to superior China role-
playing.

Li et al. (2024a) evaluate geopolitical bias
through 251 territorial disputes across 49 languages,
finding LLMs answer differently depending on
query language. In particular, they report that larger
models improve factual accuracy but not cross-
lingual consistency and that geopolitical bias can be
“amplified in stronger models,” contrasting with our
finding that capability correlates with role-playing
ability. This suggests our benchmark measures a
distinct construct: the skill of adopting a consis-
tent perspective rather than the default perspective
a model holds.

2.5 Role-Playing and Cultural Prompting

The effectiveness of role-playing instructions for
cultural alignment has received limited system-
atic study. Tao et al. (2024) test cultural prompt-
ing across 107 countries using World Values Sur-

vey questions, finding it improves alignment for
71-81% of countries. However, they do not system-
atically investigate capability thresholds.

3 UNSC-Bench: Task and Dataset

3.1 Data Sources and Collection

We construct UNSC-BEencH from official United
Nations Security Council documentation spanning
1947-2025. The benchmark compiles data from
three sources: (i) the Corpus of Resolutions: UN
Security Council (CR-UNSC) for adopted resolu-
tions and structured metadata (Fobbe et al., 2024);
(ii) the UN Department of Political and Peacebuild-
ing Affairs (DPPA) dataset of all Security Council
vetoes since 1946 for vetoed drafts and veto meta-
data (United Nations Department of Political and
Peacebuilding Affairs, 2025); and (iii) the UN Dig-
ital Library for resolution PDFs, draft texts, and
meeting records containing official voting tallies’.
For a small number of older documents, the avail-
able PDF text was incomplete or corrupted in the
archived versions, so we recovered the document
text using DeepSeek-OCR (Wei et al., 2025). For
a small set of cases (fewer than 20) where official
translations could not be retrieved, we generated
translations using DeepSeek V3.2-exp (DeepSeek-
Al et al., 2025) and used these to complete the
multilingual inputs.

From these sources, we select resolutions that
meet two criteria: (1) the full text of the proposal
voted on is available in at least English, and (2)
complete voting records exist for all five permanent
members (P5). After cross-validating voting tal-
lies against the Security Council Report, the final
dataset contains 469 resolutions and 2,345 P5 vote
instances.

Resolutions can be divided into two partitions
of similar size: 211 veroed drafts (45%) and 258
adopted resolutions (55%). Vetoed drafts are pro-
posals blocked by at least one P5 veto and thus corre-
spond to the most contentious issues, where perma-
nent members fundamentally disagreed. Adopted
resolutions passed without veto and typically reflect
either consensus or cases where P5 members chose
to abstain.

A key design choice is to use, wherever possible,
the draft text actually voted on. For vetoed reso-
lutions this is the only available text. For adopted
resolutions, we use the draft text whenever it is

"https://digitallibrary.un.org/

164



available, and exclude resolutions without an avail-
able draft. This approximates the realistic setting
where a model must assess the draft resolution be-
fore knowing the outcome.

UN Security Council documents are officially
translated into six languages; in UNSC-BENCH we
include four: English (EN), Chinese (ZH), French
(FR), and Russian (RU), representative of the P5
members.

3.2 Task Definition

Each instance ¢ of our benchmark contains two
components: a draft resolution text TZ(Z) written
in language ¢ € {EN,ZH,FR,RU}—the main
languages of P5 countries— and the correspond-
ing ground-truth votes v; . € {YES, NO, ABSTAIN}
cast by each of the five permanent members
(P5) of the Security Council, where ¢ € C =
{CN,FR,RU, UK, US}.

We evaluate model behavior under two distinct
prompting settings:

Role-Play Setting: In this configuration, we ex-
plicitly instruct the model to adopt the perspective
of a specific P5 country c. The model then predicts
how that country would vote on the given resolution.
Formally, this mapping can be expressed as:

(r9, e, 0) = olf) (1)

Neutral Setting: In this configuration, the model
is not conditioned to behave as any country. The
model simply receives the draft resolution text and
produces a vote as output:

9, 0) s oY) )

i,neutral

We then compare this neutral prediction @E?Emml
against the actual votes of all five P5 members. This
allows us to measure which country’s voting pattern
the model most closely aligns with from its own
perspective. We characterize this as a proxy for how
the model would behave in normal use, when asked
to complete a task as an assistant chatbot without
role-play instructions.

Multilingual Evaluation: Unless otherwise spec-
ified, all experiments were conducted in English
(¢ = EN). However, to investigate whether a
model’s default alignment shifts depending on the
input language, we repeated both the role-play and
neutral evaluations in Chinese, French, and Russian
(¢ € {ZH, FR, RU}) for a subset of models.

Country YES NO ABS Total NO%
China 348 21 100 469 4.5
France 374 17 78 469 3.6

Russia 279 106 84 469 22.6
UK 351 30 88 469 6.4
US 312 91 66 469 194

Table 1: Ground-truth vote counts for the five perma-
nent members (P5) across the 469 resolutions in UNSC-
BencH. “ABS” = abstain. “Russia” aggregates USSR
(pre-1991) and Russian Federation (post-1991). “NO%”
is the share of No votes.

3.3 Dataset Statistics

Table 1 summarizes ground-truth voting patterns
for each P5 member in UNSC-BENcH. Votes
are imbalanced: all PS5 members vote YEs much
more frequently than No or ABsTAIN, reflecting the
consensus-seeking nature of the Security Council.

Across countries, YEs votes account for roughly
60-80% of decisions, while No votes are rare except
for Russia and the United States. Abstentions serve
as another option, allowing states to note reserva-
tions without blocking a resolution.

4 Experimental Setup

4.1 Models

We evaluated 26 base LLMs from four of the five P5
countries: the US (GPT-5 (OpenAl, 2025), Claude
Sonnet 4.5 (Anthropic, 2025), Llama (Dubey et al.,
2024)), China (Qwen (Yang et al., 2025), DeepSeek
(DeepSeek-Al et al., 2025), Kimi (Kimi Team et al.,
2025)), France (the Mistral family (Jiang et al.,
2023, 2024)), and Russia (GigaChat (GigaChat
Team et al., 2025), Vistral from the Vikhr model
family (Nikolich et al., 2024)).

For Claude, DeepSeek, and Kimi, we evaluate
both standard and thinking variants to test whether
step-by-step reasoning helps diplomatic simula-
tion. We then compared those performances against
MMLU-Pro scores (Wang et al., 2024b)?; by adopt-
ing this as a capability proxy, we attempt to separate
the effects of raw intelligence from geographic ori-
gin. Full model details appear in Appendix B.

4.2 Prompting Conditions

As previously stated in Section 3.2, we evaluate
each model under two conditions to isolate the effect
of explicit role assignment.

2MMLU-Pro scores were sourced from Artificial
Analysis (https://artificialanalysis.ai/
evaluations/mmlu-pro)

165



Neutral Prompting (Macro F1)

Model YES% CN FR RU UK US
Closed-Source

GPT-5 95%  0.27 036 0.25 0.33 0.28
Claude Sonnet 4.5 85% 0.35 037 034 041 0.32
Claude Sonnet 4.5 [thinking] 83% 034 033 032 036 0.35
Open-Source

DeepSeek V3.2-exp 9%  0.28 0.29 0.26 0.28 0.26
DeepSeek V3.2-exp [thinking] 99%  0.28 0.29 0.25 0.28 0.29
Kimi K2 [instruct] 70% 035 0.35 037 036 0.36
Kimi K2 [thinking] 87% 033 033 036 035 0.32

Table 2: Macro F1 for P5 vote prediction under neutral prompting on UNSC-Bench (English prompts). YEs% is the

neutral prediction rate. Bold indicates best per model.

Neutral prompting provides only the resolution
text. The model predicts P5 votes without being
told which country’s perspective to adopt. This
tests whether models have any internal diplomatic
bias and which country they align with the most by
default.

Role-playing prompting assigns a country-
specific role, instructing the model to reason from
that country’s geopolitical interests and historical
positions.

For multilingual analysis, we tested four models
with the same prompts translated in English, Chi-
nese, French, and Russian. The translated prompts
were populated with the translation of the resolution
text in the specific language. These configurations
let us test whether prompting in a country’s native
language helps model predict that country’s votes.
For prompt templates, refer to Appendix D.

4.3 Evaluation Metrics

We report Macro F1 and per-class F1 scores. The
per-class breakdown is important given class imbal-
ance: most resolutions pass, so high vEes-class F1
is relatively easy to achieve. The more informative
signal lies in minority classes: correctly predicting
when a country will vote NO or ABSTAIN suggests
the model captures something about that country’s
diplomatic boundaries, rather than simply learning
overall class distribution.

For multilingual evaluation, we measure cross-
language consistency: how often a model pro-
duces identical predictions across prompt lan-
guages. High consistency suggests robust reasoning
that generalizes across languages. However, low
consistency is not necessarily a failure: a model
might reason more accurately about Russian diplo-
macy when prompted in Russian, perhaps due to

more relevant training data in that language. In
such cases, inconsistency reflects language-specific
competence rather than instability.

5 Results

We organize our findings around four questions: (i)
Are models diplomatically aligned without explicit
roles? (ii) How does general capability relate to
diplomatic role-playing? (iii) Do regional models
enjoy a home-country advantage? (iv) How sensi-
tive are predictions to prompt language?

5.1 Raw Models Are Diplomatically
Unaligned

Our first experiment examines whether models in-
herently align with the voting patterns of specific
countries when not explicitly instructed to adopt
any role. Table 2 presents neutral prompting results
across frontier models.

Under neutral prompting, models exhibit no con-
sistent diplomatic alignment. Instead, they default
to a high vEs rate (70-99%), effectively behaving as
agreeable but generic delegates. Macro F1 scores
remain low and vary only narrowly across the five
P5 countries within each model, indicating that
models do not reliably recover distinct national po-
sitions from draft resolution text alone. Notably, the
country with the highest alignment differs across
models; GPT-5 aligns most with France, Claude
Sonnet 4.5 with the UK, and Kimi K2 with Rus-
sia, suggesting these slight variations reflect noise
rather than systematic diplomatic orientation.

These results suggest that without explicit role
assignment, frontier models lack inherent diplo-
matic alignment. They do not consistently match
any country’s viewpoint and do not automatically
vote like a specific P5S member, instead defaulting
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Intelligence (MMLU-Pro) vs Alignment (Macro F1) - Exponential Fit

United States
Exp R?=0.692
GPT-5 (Thinking) Yo

Claude Sonnet 4.5 (Thinking)

Claude Sonnet 45
DeepSeek v3.2 (Thinking)

Kimi K2 (Thinking

0.7

=g
o

Russia
Exp R?=0.758

GPT5 (Thinking) g

Claude Sonnet 4.5 (Thinkin

0.6
DeepSeek v3.2 (Thinkid)

Kimi K2 (Thinking)
Claude Sonnet 4

China
Exp R?=0.603

GPT-5 (Thinking) e

Claude Sonnet 4.5 (Thinking

DeepSeek v3.2 (Thinking)

Kimi K2 (Thidgng)

o
3

i L s DeepSeehv3.2
o o Llama 3.1 70B o 3.1708
S 05 @ mikal & 05 GPZ.0SS1208 (Thinkiflg) S Quen 3 325%6@3‘.@ Sonnet,
= ° =" Qwen 3 14B mie| = GPT-0548208 (Fhinking)
é 04 ° GPT-0Sg, inking)
04 04 @ ) o 18 Qimi k2
< 5 © (©] @
@ 0.3 ®
3 @ © 3 ® o ® ©
(€] @ @ @
0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 0.2 0.3 04 0.5 0.6 0.7 0.8 0.9 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
MMLU-Pro MMLU-Pro MMLU-Pro
UK France
Exp R?=0.831 Exp R?=0.688
GPT:5 (Thinking) GPT-5 (Thinking) e
Claude Sonnet 4.5 (Think
o7 0.55 O3 k) g Legend
Claude Sonnet 4.5 (Thinkin DhepSeskv4.2 (Thinkih) : Lhimfli-:‘g )
Kimi K2 (Thingjhg) 0.50 ® G(;"']F- niing
06 DeepSesk v3.2 (Thinking) ® ¢
laud
- Claude Sonnftd.5 =~ auce
w DeepSeck v3.2 4 © w 045 GPT-0SS 120B %n ing) @ DeepSeek
g GPT-0SS 1208 (Thinking) g DeepSeek v3. @ Kimi
g 0.5 @Qnen3 e imike 2 ® Claude Sonnet 4/5 © Qwen
@ 040 ) 1 %rosﬁ“a hinking) 8 k/:z::l
0.4 © Qwegp 14 @ Gemma
0.35 C] e@wen 3328 ‘Qm‘ L @ GPT-0SS
<) @ 8@6” *&° @ GigaChat
0.3 030 © (*] ®
0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 0.2 0.3 04 0.5 0.6 0.7 0.8 0.9
MMLU-Pro MMLU-Pro

Figure 1: General capability (MMLU-Pro; x-axis) vs. role-play performance (Macro F1; y-axis) for each P5 country
role on UNSC-BencH (English prompts). Each point is a model; stars denote thinking variants. Curves show

exponential fits; R values are reported per role.

to consensus-seeking behavior that does not fit the
voting record of any individual PS5 member.

5.2 Diplomatic Role-Playing Scales With
General Model Capability

Figure 1 relates general capability (MMLU-Pro)
to role-play performance (Macro F1), shown sepa-
rately for each P5 role. Each point corresponds to
a model configuration (including base and thinking
variants), and the curve shows an exponential fit.
Across all five roles, the main pattern is non-linear:
many lower- and mid-capability systems fall into
a relatively narrow performance band, while the
strongest models separate more clearly and achieve
substantially higher Macro F1. This separation is
especially clear for the UK and Russia roles, where
performance increases rapidly at the upper end of
capability, while China shows more variance among
similarly capable models, indicating that simulating
China is less predictable from general capability
alone.

We first compute Pearson correlations to confirm
that a positive relationship exists for all roles (r =
0.55-0.80, all p < 0.01). Because the trend is visibly
non-linear, flat among weaker models, then rising
steeply at the top, we also fit an exponential curve

of the form y = a - exp(bx) + ¢. The exponential
model achieves higher R? than a linear fit for all
five countries (e.g., UK: 0.83 vs 0.54; Russia: 0.76
vs 0.51), consistent with a capability threshold ef-
fect where diplomatic role-playing ability emerges
more strongly beyond a certain level of general in-
telligence.

The figure also suggests that additional inference-
time computation often helps in this task. Thinking
variants (stars) tend to appear among the highest-
scoring points and frequently sit above nearby non-
thinking counterparts from the same family. Over-
all, Figure 1 supports the interpretation that effec-
tive diplomatic role-playing is closely tied to gen-
eral capability, with the most visible gains concen-
trated among the highest-performing systems.

5.3 Regional Models Do Not Have a
Home-Country Advantage

We might expect models to perform best when pre-
dicting the votes of their home country, since their
training data may include more text from that coun-
try’s media and public sources. Table 3 tests this
hypothesis by showing Macro F1 scores for each
model on all five P5 countries, with the models’
home countries highlighted.
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Macro F1

Model CN FR RU UK US
US Models — Home country:

GPT-5 068 057 079 075
Claude Sonnet 4.5 046 041  0.63 055 |0.67
Claude Sonnet 4.5 [thinking] 057 055 071  0.66
Llama 3.1-70B 046 033 050 041 [0.55
GPT-0SS-120B 040 045 049 051
Chinese Models — Home country:

Qwen3-32B 044| 034 050 040 0.8
DeepSeek V3.2-exp 0.44 044 053  0.56
DeepSeek V3.2-exp [thinking] 0.51 0.66 0.60 0.67
Kimi K2 [instruct] 037| 035 048 050 0.52
Kimi K2 [thinking] 051 054 065 061 0.66
French Models — Home country:

Mistral Large 0.46 049 036 048
Mistral Small 24B 0.37 038 038  0.40
Mistral Nemo 12B 0.42 036 034 036
Ministral 8B 032 [034| 034 038 042
Mistral 7B-v0.3 033 [031| 032 030 027
Magistral Small 037 [032] 039 041 046
Russian Models — Home country:

GigaChat-20B-A3B 033 037 [030| 035 030
Vistral-24B 039 036 (035 042 043

Table 3: Role-play Macro F1 by P5 country role. =
best on non-home countries.

Instead, we do not observe a consistent home-
country advantage in Table 3. Within the US group,
models generally score strongly on the US role,
but the US role is not always the single best (e.g.,
GPT-5 is slightly higher on Russia than on the US).
The clearest deviation from the home-advantage
expectation appears for the Chinese models: all
five have their highest Macro F1 on the US role
rather than the China role. For instance, Qwen3-
32B, DeepSeek V3.2-exp [thinking], and Kimi K2
[thinking] each score higher on the US column than
on the China column, indicating that Chinese origin
does not necessarily translate into superior China-
role prediction on this benchmark.

French and Russian models show a similar pat-
tern. None of the French models achieve their best
score on France; each performs better on a non-
home role, most often the United States, Russia, or
China (e.g., Mistral Large peaks on Russia rather
than France). The two Russian models also peak

home country; bold = best score. Most models perform

outside their home role: GigaChat-20B-A3B per-
forms best on France, and Vistral-24B performs
best on the United States. Taken together, these re-
sults suggest that diplomatic role-play performance
is not reliably predicted by a model’s geographic
origin.

Finally, the China column illustrates the same
point: the highest China-role score in Table 3 is
achieved by GPT-5, exceeding the best China-role
score among the listed Chinese models. Overall,
Table 3 seems to indicate that geographical home
region is secondary to other factors when evaluating
performance for this task.

5.4 Prompt Language Can Dramatically
Distort Predictions

Finally, we examine whether prompt language
changes model predictions. We evaluate Claude
Sonnet 4.5, DeepSeek V3.2-exp (and its thinking
variant), and Kimi K2 (instruct and thinking) across
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NOF1

ABSTAIN F1 Macro F1

Model EN ZH FR RU A EN ZH FR RU A EN ZH FR RU A
DeepSeek V3.2-exp 0.67 0.64 0.70 0.68 0.06 0.19 0.14 0.12 0.32 0.20 0.57 0.54 0.56 0.62 0.08
DeepSeek V3.2-exp [thinking] 0.67 0.68 0.73 0.72 0.06 0.28 0.18 0.24 0.29 0.11 0.60 0.57 0.61 0.63 0.06
Claude Sonnet 4.5 0.77 0.55 0.78 0.72 0.23 0.37 0.17 0.38 0.23 0.21 0.67 0.52 0.69 0.61 0.17

Kimi K2 [thinking]

0.76 0.47 0.77 032 0.45 0.34 0.26 0.30 0.23 0.11 0.67 0.46 0.65 0.39 0.28

Kimi K2 [instruct] 0.61 0.30 0.69 0.00 0.69 0.27 0.21 0.24 0.19 0.08 0.58 0.35 0.60 0.27 0.33

Table 4: F1 scores for predicting US votes across prompt languages. A = max — min (range).

four languages (English, Chinese, French, and Rus-
sian). Table 4 presents No F1 scores for the US role,
where the effect is most pronounced.

Table 4 shows that language sensitivity varies
substantially across models. DeepSeek V3.2-exp
is comparatively stable across languages on the No
class, with a small range, and its thinking variant
shows similar stability with slightly higher scores.
In contrast, Claude Sonnet 4.5 exhibits a larger drop
in Chinese relative to English and French, and its
performance varies more across prompt languages
than DeepSeek on all three metrics.

The largest variation is observed for Kimi K2
[instruct]. For the US role, its No F1 ranges from
0.00 under Russian prompts to 0.69 under French
prompts (A = 0.69), indicating a substantial degra-
dation in identifying No outcomes in Russian. In
contrast, variation in the ABSTAIN class is compara-
tively small (0.19-0.27; A = 0.08), suggesting that
the language sensitivity is concentrated in No pre-
diction rather than reflecting a uniform shift across
all classes. The thinking variant partially mitigates
this effect: Kimi K2 [thinking] increases no F1
in Russian to 0.32, although it remains below the
model’s English and French performance.

Overall, these results indicate that multilingual
prompting can meaningfully change performance
in this diplomatic modeling task, and that this ef-
fect is strongly model-dependent. For multilingual
deployments of diplomatic role-play, it is therefore
important to evaluate not only average performance
but also cross-language stability, particularly for the
minority vote types (No and ABSTAIN), where we
observe the largest performance differences across
languages.

6 Conclusion

We introduced UNSC-BENcH, a benchmark for eval-
uating LLM diplomatic role-playing through UN
Security Council P5 vote prediction. The dataset
covers 469 draft resolutions spanning 1947-2025
with ground-truth voting records, and provides

multilingual draft resolutions in English, Chinese,
French, and Russian. We evaluated 26 models (29
configurations including thinking variants) under
both neutral prompting and explicit country role-
play. Under neutral prompting, models are diplo-
matically unaligned, defaulting to high vEs rates
and failing to match any P5 voting pattern. When
engaging in diplomatic role-play, performances are
strongly tied to general model capability, with think-
ing variants providing further improvements. No-
tably, regional origin does not confer an advantage:
models developed in a P5 country do not predict
their home country’s votes more accurately than
other roles. Finally, prompt language affects pre-
dictions, particularly for minority outcomes like No
and ABsSTAIN, though the magnitude varies across
models.

7 Limitations

Our benchmark evaluates diplomatic role-playing
through vote prediction, which cannot capture the
reasoning behind a decision or the negotiations that
precede it. Additionally, the benchmark covers only
P5 members and resolutions with available text and
voting records, and models see only the draft res-
olution itself, without access to past votes, stated
policy positions, or surrounding debate that real
diplomats would draw on. We also explore a lim-
ited prompting setup: all experiments are zero-shot
with a single template per condition, and few-shot
examples or chain-of-thought prompting might im-
prove results. On the multilingual side, translation
quality and prompt wording may affect predictions,
so language effects could reflect linguistic factors
beyond country perspective. Finally, because histor-
ical votes are likely present in training data, we can-
not fully rule out memorization, though our results
suggest models do not simply recall ground-truth
outcomes.
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Appendix A. Dataset Statistics

The UNSC-BencH dataset is available at

https://huggingface.co/datasets/
UNSC-Bench/UNSC-Bench.
A.1 License

UNSC-BEeNcH is released under CCO-1. 0.

A.2 Temporal Distribution

Table 5 reports the number of adopted resolutions
and vetoed drafts by decade.

Decade Adopted Vetoed Veto %
1940s 12 17 58.6
1950s 16 29 64.4
1960s 23 16 41.0
1970s 26 32 55.2
1980s 27 48 64.0
1990s 43 10 18.9
2000s 44 14 24.1
2010s 45 21 31.8
2020s 22 24 52.2
Total 258 211 45.0

Table 5: Counts of adopted resolutions and vetoed drafts
in UNSC-BEnNcH by decade (1947-2025).

A.3 P5 Veto Patterns

Table 6 shows how often each permanent member
vetoed a draft in our collection. Since multiple
P5 members can veto the same draft, these counts
reflect veto occurrences by country rather than dis-
tinct vetoed resolutions.

Country Vetoes %  Per Decade
Russia/USSR 106  40.0 133
United States 91 343 114
United Kingdom 30 113 3.8
China 21 7.9 2.6
France 17 6.4 2.1

Table 6: Veto frequency by PS5 country. Multiple coun-
tries may veto the same draft.

A.4 Class Imbalance Analysis

Table 7 reports the distribution of YEs, No, and
ABSTAIN votes for each PS5 member, showing sub-
stantial class imbalance across countries. YEs is
the most common outcome for all members; for
example, France votes YEs on nearly 80% of items,
making No prediction especially challenging. By
contrast, Russia has the most balanced distribution
(59.5% vEs), which helps explain why models typi-
cally achieve higher no F1 for Russia than for other
countries. This imbalance also affects evaluation:
a model can obtain high overall accuracy by over-
predicting YEs, whereas strong performance on No
and ABSTAIN requires correctly identifying the small
number of No and ABSTAIN votes.

Appendix B. Complete Model Results

Table 8 presents Macro F1 scores for all 26 LLMs,
along with the thinking variants across the five P5
country roles, ranked by overall performance.

Country YES NO ABS YES%
France 374 17 78 79.7
UK 351 30 88 74.8
China 348 21 100 74.2
US 312 91 66 66.5
Russia 279 106 84 59.5

Table 7: Distribution of YES/NO/ABSTAIN votes for each
P5 member across the 469 resolutions in UNSC-BeNcH.
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Appendix C. Per-Class Performance
Analysis

C.1 Capability and Minority-Class Prediction

Table 9 breaks Macro F1 into per-class F1 scores
for a subset of representative models, showing
that most gains come from the minority outcomes.
Across countries, GPT-5 achieves consistently high
YEs F1, only slightly above weaker models. In con-
trast, its No F1 ranges from 0.40 (France) to 0.79
(Russia), substantially higher than Kimi K2’s no
F1 (0.08 - 0.48). This pattern matches the label
imbalance in Table 7: because YEs is the dominant
label, differences in Macro F1 are driven mainly by
how well models identify the relatively rare No and
ABSTAIN Votes.

C.2 Country Difficulty Ranking

Averaging across all models, we observe a consis-
tent difficulty ordering: Russia (easiest) > US >
UK > China > France (hardest). This ordering is
strongly related to the frequency of No votes across
the P5 members. Russia has 106 no votes in our
dataset, whereas France has 17, which is 3.6% of
French votes. The small number of French No votes
makes this class difficult to predict. In Table 9,
even GPT-5 reaches only 0.40 no F1 for France,
and Kimi K2 reaches 0.08. More broadly, countries
with fewer minority outcomes (No and ABSTAIN)
tend to be harder to simulate in a way that improves
minority-class F1, while countries with more fre-
quent No votes, especially Russia and the United
States, more often yield higher No F1. This helps
explain why a given model can score much higher
on some country roles than on others under the
same prompting condition.

Appendix D. Prompt Templates

This section presents the prompt templates used
in our experiments. The English country role-play
prompt is shown in Figure 2, and the English neu-
tral prompt is shown in Figure 3. The multilingual
prompts used for Chinese, French, and Russian eval-
uations are shown in Figures 4, 5, and 6, respec-
tively.

Appendix E. Example Input and OQutput

Tables 10 and 11 show example resolutions from the
two dataset partitions. Table 12 shows an example
prompt-response pair for the country role-play task.
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Prompt 1: Country Role-Play (English)

System: You are the representative of {country} in the United Nations Security Council. You will evaluate draft
resolutions and provide votes (YES, NO, or ABSTAIN) with detailed justification based on { country}’s perspective.

Important: Please use English voting options (YES, NO, or ABSTAIN) in your JSON response.

User: Draft Resolution: {draft_text}
Please provide your vote (YES, NO, or ABSTAIN) along with a detailed justification.

Figure 2: English prompt template for country role-play experiments.

Prompt 2: Neutral Baseline

System: You are evaluating United Nations Security Council draft resolutions. You will provide votes (YES, NO, or
ABSTAIN) with reasoning based on your own judgment.
Important: Please use English voting options (YES, NO, or ABSTAIN) in your JSON response.

User: Draft Resolution: {draft_text}
Please provide your vote (YES, NO, or ABSTAIN) along with your reasoning.

Figure 3: Neutral prompt template without country role instructions.

Prompt 3: Chinese Language (ZH)

System: 2B A E 7 2PFE S P (country ) AR . BRFITAL LTS, HARYE (country } W7 7R
PR (B, OB RIFAEE . ] ‘
FEE A JSON Wi i H e A P SCIE BRI (Al . [ X B AR ) o

User: LI BZE: {draft_text}

ERRAEAREE (. RO EFAL) e .

Figure 4: Chinese prompt template for multilingual experiments.

Prompt 4: French Language (FR)

System: Vous étes le représentant de { country} au Conseil de sécurité des Nations Unies. Vous évaluerez les projets
de résolution et fournirez des votes (POUR, CONTRE ou ABSTENTION) avec une justification détaillée basée sur la
perspective de {country}.

Important : Veuillez utiliser les options de vote en frangais (POUR, CONTRE ou ABSTENTION) dans votre réponse JSON.

User: Projet de résolution : {draft_text}
Veuillez fournir votre vote (POUR, CONTRE ou ABSTENTION) ainsi qu’une justification détaillée.

Figure 5: French prompt template for multilingual experiments.

Prompt S: Russian Language (RU)

System: BrI siensierech npencraButeneM { country } B CoBere BesomacHoctr Opranuzanun O6bennaéHHbx Harpid. Bot
OyaeTe OLEHUBATh IPOEKTHI PE30JIOLMH U MpedocTaBisth rosoca (3A, [TIPOTUB wmm BO3IEPKAJICS) ¢ noapoGHbIM
00OCHOBaHHEM C TOYKH 3peHus { country}.

Baxwno: I[Toxanyiicta, UCIIONB3YiiTe BapHAHThI TOI0COBaHUs Ha pycckoM sibike (3A, [IPOTUB nnu BO3EPKAJICA) B
Bamem JSON-otBeTe.

User: IIpoekT pezomounu: {draft_text}

Tosxkanyiicra, npegocrasbTe Baii ronoc (3A, ITIPOTUB wiun BO3JEPKAJIC) BMecte ¢ mOAPOGHBIM 0OOCHOBAHHEM.
\ J

Figure 6: Russian prompt template for multilingual experiments.
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Rank Model US RU CN UK FR
1 GPT-5 077 079 0.68 0.75 0.57
2 Claude Sonnet 4.5 [thinking] 069 0.71 057 066 0.55
3 DeepSeek V3.2-exp [thinking] 0.67 0.66 0.53 0.60 0.51
4 Kimi K2 [thinking] 0.66 0.65 051 0.61 054
5  Claude Sonnet 4.5 0.67 0.63 046 055 041
6 GPT-OSS-120B 0.60 049 040 051 045
7  DeepSeek V3.2-exp 056 044 046 053 044
8 Qwen3-32B 058 050 044 040 034
9 Llama-3.1-70B 055 050 046 041 033

10 Kimi K2 052 048 037 050 0.35
11 Qwen3-14B 052 044 036 048 0.36
12 Gemma-3-12B 053 040 035 047 041
13 GPT-OSS-20B 054 039 038 042 040
14 Mistral-Large 048 049 046 036 032
15 Gemma-3-27B 049 043 046 035 033
16  Magistral-Small 046 039 037 041 032
17 Vistral-24B 043 035 039 042 0.36
18  Qwen3-8B 046 037 037 034 040
19  Mistral-Small-24B 0.40 038 037 038 0.36
20  Ministral-8B 042 034 032 038 034
21  Mistral-Nemo 036 036 042 034 030
22 Qwen2.5-14B 037 030 038 035 031
23 Qwen2.5-7B 035 033 030 032 0.39
24  Gemma-3-4B 036 028 033 036 0.33
25 Qwen3-4B 036 027 025 039 0.38
26  GigaChat-20B-A3B 030 030 033 035 0.37
27  Qwen3-1.7B 030 038 030 031 035
28  Mistral-7B-v0.3 027 032 033 030 031
29  Qwen3-0.6B 030 032 028 029 0.33

Table 8: Macro F1 scores for country role-playing across all 26 models (29 configurations including thinking
variants), ranked by overall performance. Each model was prompted to role-play as a P5 country representative.

Us RU CN UK FR
Model Y N A Y N A Y N A Y N A Y N A
GPT-5 090 0.71 0.70 090 0.79 0.68 0.87 0.65 0.52 091 0.65 0.69 0.92 040 0.39

Claude Sonnet 4.5 [T] 0.88 0.64 0.54 0.86 0.73 0.55 0.83 045 042 0.87 058 054 0.89 038 0.37
DeepSeek V3.2-exp [T] 0.87 0.63 0.52 0.83 0.67 048 0.83 041 036 0.86 048 046 090 0.29 035

Kimi K2 [T] 0.85 0.60 0.53 0.82 0.66 046 0.79 037 036 084 0.50 050 0.88 036 0.39
Claude Sonnet 4.5 0.84 0.63 054 081 0.62 046 0.72 0.28 0.38 0.81 040 043 0.87 0.18 0.18
DeepSeek V3.2-exp 0.81 054 033 0.72 043 0.16 0.76 035 028 0.82 044 033 0.88 0.24 0.21
Kimi K2 0.78 044 033 0.71 048 0.24 0.62 0.23 027 0.79 035 035 0.86 0.08 0.11

Table 9: Per-class F1 scores (Y=YES, N=NO, A=ABSTAIN). [T]=thinking mode

Vetoed Draft Resolution Example (1 of 211)

Document S/2022/431

Date 2022-05-26

Agenda Non-proliferation / Democratic People’s Republic of Korea

Vote Tally In Favour (13): Albania, Brazil, France, Gabon, Ghana, India, Ireland, Kenya, Mexico, Norway,

United Arab Emirates, United Kingdom, United States
Against (2): China, Russian Federation
Abstaining (0): None
P5 Votes US: YES UK:YES FR:YES CN:NO (veto) RU: NO (veto)

Summary Draft resolution to strengthen sanctions on North Korea following ballistic missile tests. China and
Russia jointly vetoed, marking the first double P5 veto on DPRK sanctions since 2006.

Table 10: Example vetoed draft resolution with dual P5 vetoes.
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Adopted Resolution Example (1 of 258)

Document S/RES/43(1948)
Date 1948-04-01
Agenda The Palestine Question
Vote Tally In Favour (5): China, France, USSR, United Kingdom, United States
Against (0): None
Abstaining (0): None
PS5 Votes US: YES UK:YES FR:YES CN:YES RU:YES
Summary The Security Council notes increasing violence in Palestine and believes an immediate truce is

urgently needed. Calls upon the Jewish Agency and Arab Higher Committee to arrange a truce; calls
upon armed groups to cease violence immediately.

Table 11: Example adopted resolution.

Model Prompt-Response Example

Document S/2023/970

Date 2023-12-08

Agenda Middle East, including the Palestinian question

Country Role Russian Federation

Ground Truth YES

Prompt You are a representative of “Russian Federation” in United Nations Security Council (UNSC). You
have to decide to vote on the following context of resolution “S/2023/970” in UNSC. You only choose
the vote among three options: YES, NO, or ABSTAIN. Choose the best option considering your
country’s interest.
Context: Expressing grave concern over the catastrophic humanitarian situation in the Gaza Strip... 1.
Demands an immediate humanitarian ceasefire; 2. Reiterates its demand that all parties comply with
their obligations under international law; 3. Demands the immediate and unconditional release of all
hostages... (omitted)

Response Vote: YES

Rationale: The Russian Federation supports the draft resolution as it aligns with its commitment to
international humanitarian law and the protection of civilians in conflict zones. The demand for an
immediate humanitarian ceasefire is crucial in addressing the catastrophic humanitarian situation in
the Gaza Strip, which resonates with Russia’s historical stance on humanitarian access.

Table 12: Example prompt-response pair for country role-play task.
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