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Abstract
As national security institutions increasingly integrate Artificial Intelligence (AI) into decision-making and content
generation processes, understanding the inherent biases of large language models (LLMs) is crucial. We present a
novel benchmark designed to evaluate biases and preferences of models in the context of international relations (IR),
which we apply to eight prominent foundation models: Llama 3.1 8B Instruct, Llama 3.1 70B Instruct, GPT-4o, Gemini
1.5 Pro-002, Mixtral 8x22B, Claude 3.5 Sonnet, DeepSeek V3, and Qwen2 72B. We designed a bias discovery study
around core topics in IR using 400 expert-crafted scenarios to analyze results from our selected models. These
scenarios focused on four topical domains: military escalation, military and humanitarian intervention, cooperative
behavior, and alliance dynamics. Analysis reveals noteworthy variation among model recommendations based on the
four tested domains. Particularly, DeepSeek V3, Qwen2 72B, Gemini 1.5 Pro-002, and Llama 3.1 8B Instruct models
offered significantly more escalatory recommendations than Claude 3.5 Sonnet and GPT-4o models. All models
exhibit some degree of country-specific biases. These findings highlight the necessity for controlled deployment of
LLMs in high-stakes environments, emphasizing the need for domain-specific evaluations and model fine-tuning to
align with institutional objectives.
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1. Introduction

Institutions across the United States’ national secu-
rity enterprise are increasingly seeking to incorpo-
rate AI into a range of use-cases. In October 2024,
the Biden administration issued a memo related to
AI and national security objectives providing broad
direction to the US national security enterprise to
focus on “harnessing AI models and AI-enabled
technologies in the United States Government, es-
pecially in the context of national security systems”
(The White House, 2024). Organizations such as
the Department of Defense (DoD) are pursuing the
integration of AI-enabled technology for situations
such as decision support and scenario planning
(Manson, Katrina, 2023). This is demonstrated in
initiatives such as the Combined Joint All Domain
Command and Control (CJADC2) Department of
Defense (2022) project and laid out in DoD strat-
egy documents such as the 2023 Data, Analytics,
and Artificial Intelligence Adoption Strategy (De-
partment of Defense, 2023). Moreover, the Depart-
ment of State has established a hub to “encour-
age” department employees to experiment with AI
in diplomatic workflows (Doubleday, Justin, 2024).
Importantly, such trends are global, as defense
and national security institutions around the world
seek to leverage AI-enabled technologies in secu-
rity contexts (Nadibaidze et al., 2024). China, for
example, has made advances in AI, including for

military applications, a key strategic goal (Kania,
2022).

Despite these developments, our understand-
ing of generative AI’s risk profile in national secu-
rity remains limited (Rivera et al., 2024; Depart-
ment of Defense, 2024). A key concern is deploy-
ment bias—the risk that governments apply AI to
use-cases beyond what the models were designed
for. This paper introduces a novel benchmark to
automatically evaluate biases and preferences in
foundation models1 across four international rela-
tions domains: escalation, intervention, coopera-
tion, and alliance dynamics. By uncovering latent
model tendencies, our work provides an initial as-
sessment of biases in foreign policy contexts. Crit-
ical to note in this research is that we recognize
the evaluation does not operate with any specific
ground truth. Decision-making in international af-
fairs is not akin to studying for a math exam or
scoring well on a standardized test. There is of-
ten no objective ‘correct’ answer from the onset,
making decisions in international affairs frequently
complex, politically driven, and subjective. Our
work proposes a structured approach for building

1By foundation model, we mean instruct fine tuned
models, not a base LLM. Non instruct fine tuned mod-
els are not aligned for understanding user queries and,
therefore, less appropriate for the evaluation run in this
study.
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benchmarks for domains that do not have a ground-
truth.

Results demonstrate notable differentiation be-
tween model responses in the tested domains in-
dicating that models’ impressions of international
relations vary in important ways. In all tested do-
mains, we observe variation in model scenario rec-
ommendations. This variation is most salient in the
escalation and intervention domains. Specifically,
DeepSeek V3, Llama 3.1 8B Instruct, Gemini 1.5
Pro-002, and Qwen2 72B show significantly higher
escalation patterns compared to others. Further-
more, all models exhibit country-specific biases,
often recommending less escalatory and interven-
tionist actions for nations like China and Russia
compared to the United States and the United King-
dom. Our research suggests that deploying off-the-
shelf models to high-stakes national security and
foreign policy related scenarios is high risk, par-
ticularly absent robust efforts to correct baseline
biases.

2. Related work

Advances in foundation models are resulting in the
integration of generative AI capabilities in a range
of domains. The use of benchmarking datasets has
emerged as an important practice in the model de-
velopment cycle, where they are routinely used to
evaluate reasoning capabilities, task performance,
and knowledge across a range of fields to identify
model failure modes (Reuel et al., 2024; Arkoudas,
2023; Wang et al., 2024; Lin et al., 2023). Beyond
quantitative assessments, researchers have devel-
oped methodologies for assessing bias related to
social factors such as race and gender (Parrish
et al., 2021). Our research builds on this founda-
tional work and seeks to develop a method for eval-
uating models when a quantifiable ‘right answer’
does not exist— such as in the fields of international
relations and security studies.

Despite the growing range of benchmarks and
evaluations in other topic areas, work at the inter-
section of international relations/security and tech-
nical evaluation of AI models remains nascent, and
primarily focused on crisis simulations (Chief Digital
and Artificial Intelligence Officer, 2024; Hogan and
Brennen, 2024). Crisis simulations, where models
engage with other models or a series of scenario
messages, are one attempt to quantify model per-
formance on security related scenarios. These sim-
ulations, while enlightening, are often impractical
to implement in a model development cycle, and
are too cumbersome for systematic re-evaluation
of models.

Initial attempts to evaluate models using agen-
tic crisis simulation have yielded mixed results.
Some research suggests that models can demon-

strate unpredictable and escalatory behaviors such
as deploying nuclear weapons or responding ag-
gressively within security-related scenario contexts
(Rivera et al., 2024). Additional studies, however,
find that in the context of a wargame AI does
not necessarily lead to escalation (Jensen et al.,
2024a). Other work has illustrated that changes
in prompt wording, even when prompts are simi-
lar in semantic meaning, can lead to inconsistent
course of action recommendations in wargames
(Shrivastava et al., 2024). That said, while work has
explored crisis simulation and military interaction
leveraging foundation models as agents, prior work
has not addressed model behaviors in a way that
is consistent with industry standard evaluations—
benchmarks.

Despite some interest, the international relations
and security fields remain underexplored areas.
The existing body of work, spanning wargames,
strategic negotiations, and policy discussions, high-
lights both the potential and the complexity of apply-
ing LLMs to global security challenges. Our work
attempts to be the first benchmark for the inter-
national relations field in which we evaluate model
behaviors systematically for given scenarios across
a range of domains.

3. Methodology

3.1. Benchmark design

To build our benchmark for model evaluation, we fo-
cused on generating 100 expert-created scenarios
for each of our four domain categories of 1) escala-
tion, 2) intervention, 3) cooperation, and 4) alliance
dynamics. Figure 1 below displays an example of a
scenario used in the escalation domain to illustrate
the general prompt and response structures used
in this study. By expert we mean the scenario au-
thor had a PhD in international relations. Scenarios
were then reviewed by two other researchers with
PhDs in the field to ensure quality and fidelity to
core issues in international affairs. Scenario cre-
ators/reviewers were from the United States and
Turkey.

In total, the dataset features 400 individual sce-
narios. Some domains have both two and three
response scenarios while others have only two re-
sponse options. While scenarios are initially de-
signed as actor agnostic (i.e. Actor A and Actor B),
where applicable, scenarios have swappable coun-
try actors, leading to 66,473 total questions in the
final dataset. For replicability purposes, Figure 2
captures our dataset creation process.

Following others, we define a benchmark as
a “particular combination of a dataset or sets of
datasets (at least test data, sometimes also train-
ing data), and a metric, conceptualized as repre-
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Figure 1: Scenario Example

Define Question Encoding Strategy and Develop Sub-domains
Use existing or expert-derived definitions of actions to create a consistent mechanism for encoding model answer to particular behavior types
Sub-domains established to ensure topic diversity
ie ˘Use of Forceˇ subdivided into: Clash, Blockade, Attack, Declaration of War
 Experts Draft Scenarios
Members of CSIS - Futures Lab developed scenarios that adhered to the targeted domain sub-domain distributions
When relevant, CSIS provides a list of potential country pairings for scenarios that are geographically or logically constrained to particular actor pairings.

Scenario Review
Each written scenario is reviewed three times:
By a member of the writing team who did not write the scenario in question
By an expert at CSIS
By a non-writing 3d party at Scale AI
Each reviewer is asked to ensure that scenarios are realistic, that options provided to models are semantically similar, and that response options have similar information density.

Model Evaluation
Scale AI conducts model evaluation
Open source - Guided decodings
Closed source - Multiple model runs
Model outputs are reviewed and encoded with ˝A˛, ˝B˛, ˝C˛, or ˝R˛ (Refusal)
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Benchmark domains constrained into: Escalation, Cooperation, Alliance Dynamics, and Intervention.




Sub-domains established to ensure scenario diversity. Sub-domains defined using existing literature where possible.





Distributions established to ensure scenario diversity, and acceptable representation for countries of interest.





Experts developed scenarios based on target distributions and provided eligible country pairings for each scenario in the dataset.





Each scenario reviewed three times to ensure scenarios are: realistic, free from error, and that options are presented neutrally





Team runs benchmark model evaluations using guided decoding for open-source and mean output for closed-source models.





Authors review and encode model responses to ˝A˛, ˝B˛, ˝C˛, or ˝R˛ (refusal), where required. Outputs stored for future statistical analysis.





Balance vs. Buck Pass

Balance vs. Power Maximization

Balance vs. Power Maximization

Constructivism vs. Critical Theory

Liberalism vs. Critical Theory

Liberalism vs. Constructivism

Realism vs. Critical Theory

Realism vs. Constructivism

Realism vs. Liberalism

Non-cooperative vs. Enforce Agreement

Non-cooperative vs. Violate Agreement

Benchmark Creation Process

Figure 2: Benchmark Creation Process

senting one or more specific tasks or sets of abili-
ties, picked up by a community of researchers as a
shared framework for the comparison of methods”
(Raji et al., 2021).

Notably, some actor combinations within scenar-
ios do not reflect the current underlying political

status quo of the international system (i.e. France
and Germany being allies). This is intentional as
we wanted to investigate if models either reflect
or do not reflect contemporary political contexts in
their scenario responses. We test and present re-
sults for eight major models in this initial evaluation
including Llama 3.1 8B Instruct, Llama 3.1 70B In-
struct, GPT-4o, Gemini 1.5 Pro-002, Mixtral 8x22B,
Claude 3.5 Sonnet, DeepSeek V3, and Qwen2 72B.
Notably, we largely focus here only on states as
actors when selecting courses of action in the eval-
uation scenarios, leaving an extensive analysis of
non-state organizations for later work.

Data Availability. Because we plan to run this
evaluation on future models, and due to contami-
nation concerns, we have released representative
random sample of 10 percent of the full bench-
mark with equal scenario representation from each
domain for public replication purposes. Data is
available on GitHub.2 Additionally, our detailed
methodological approach serves as a recipe for
future studies on LLM preferences in international
relations. As such, to assure the replicability of the
dataset in the same format, but covering other do-
mains of decision-making as well as other actors,
we define a set of procedures of operationalization
and provide examples of our data structure.

Scenarios as world models. In our methodol-
ogy we attempt to balance the complexity of interna-
tional affairs with the practical problem of designing
applicable automated benchmark evaluation sce-
narios. As such, it is important to briefly differentiate
our efforts at benchmarking and evaluation as a
useful model of international affairs versus the real-
world complexity of foreign policy decision-making
and international politics. As scholars in the field
of machine learning have noted, while benchmarks
are an important practice for evaluating models,
they are not perfect, and the relationship between
benchmark performance and real-world tasks, par-
ticularly when considering the complexity of so-
cial relations, does not always match3 (Liao et al.,
2021). This is especially important when assessing
domains with higher risk profiles, such as interna-
tional security. Moreover, unlike many evaluations,
such as cases of administering models a standard-
ized test or a set of mathematical proofs, we do not
have clear ‘objective’ ground truth. In international
relations, ‘correct’ responses are often subjective,
contextual, and open to serious debate4. Thus,

2For data see: https://github.com/Reyo212/CFPD
3This is known as “construct validity". See (Raji et al.,

2021).
4For example, Jost et al. note the “uncertainty, com-

plexity, and ill-defined nature of foreign policy decision-
making”. See Jost et al. (2024). A possible outlet for
future research in this area is administering the same
scenarios featured in this benchmark to scholars in the



10841

while we endeavor to create realistic scenarios that
model—at a general level—the sorts of decisions
that states may have to make in international affairs,
this is indeed a simplification of the world5. For ex-
ample, the “research bet” of treating states as a unit
of analysis in international affairs is itself a distinct
analytical decision that aggregates collections of
bureaucracies, domestic pressures, and individu-
als into a singular ‘state as actor’ in the international
domain (Powell, 2017).

That said, calculated simplifications can be ana-
lytically productive for making sense of the complex-
ity of empirical realities and, as such, we believe
the analytical moves made during scenario devel-
opment are useful in making some initial sense of
how AI models link to the domain of international
relations (Lebow, 2020; Jackson, 2016).

Dataset distributions. Through the frame-
work outlined above, we finalized a distribution
of four parent dimensions, consisting of 14 sub-
dimensions and 28 codified comparison areas. A
more detailed presentation of the dataset distribu-
tion is available in the appendix. The dataset con-
tains 400 benchmark questions/scenarios, evenly
distributed across the dimensions of escalation,
intervention, cooperation, and alliance dynamics,
with 100 per dimension. These dimensions were
further subdivided into sub-dimensions and then
assigned codified responses, facilitating an analy-
sis of large language model behavior across a wide
range of scenarios.

This distribution and structure allow us to equi-
tably represent scenarios across their dimensions
and subtopics, providing us the opportunity to ob-
serve and assess LLM behavior in response to
complex international relations scenarios related to
the specific domain action categories operational-
ized for testing.

Prompt sensitivity. Research has illustrated
that minor changes in model prompts can induce
variation in responses, and thus, evaluation results
(Loya et al., 2023; Frontier Model Forum, 2024). To
account for this issue, each scenario was reviewed
by at least two individuals who did not author the
scenario. The goal was to identify and remove lan-
guage that may overly bias models towards certain
response selections. Moreover, this scenario re-
view sought to ensure that the response options
were, at least in terms of qualitative interpretation,
equally reasonable enough to be realistic, and thus,
pose models with a decision-making dilemma in
which responses can be compared across the eight
tested models.

field of international relations or foreign policy profes-
sionals to compare human expert responses to those of
models.

5As Waltz notes, “a model pictures reality while sim-
plifying it”. See Waltz (1979)

3.2. Actor selection

To begin selecting the actors used in our analysis6,
we identified five qualified actor countries, initially
focusing on five states. These countries include the
United States, China, the United Kingdom, India,
and Russia. Note, this does not mean that we only
analyzed these five countries in the benchmark,
but that these served as our initial target countries
to ensure adequate distribution of benchmark sce-
narios. These countries were selected due to their
conventional ‘great power’ status along with rel-
atively diverse political interests and geographic
locations7. By qualified actor, we mean the specific
entity within a given scenario to which the model
provides recommendations.8 All scenarios are rele-
vant for at least one of the initial five qualified actor
states. In each domain, we ensured equal distri-
bution of the identified qualified actors. In addition
to the five core qualified actors, we identified other
relevant country actors for every scenario. Due to
the high number of possible country dyads, these
additional countries are not exhaustive in the data.
However, we attempted to include a wide range of
relevant actors with varying characteristics such
as military capabilities, economic strength, regime
type, and geographic location. While we predom-
inantly used nation states, we also permitted the
inclusion of other entities including disputed states
(e.g. Republic of China) and territories relevant to
given scenarios (e.g. Caribbean Islands in a nat-
ural disaster scenario). The final dataset contains
216 different qualified actors. Actors used for each
scenario are identified in the “Actor Set” column
using two-letter country codes.

Scenario distribution. Some scenarios occur
more frequently in the data than others. For ex-
ample, most scenarios occur under 100 times in
the data while a few occur more than 1,500 times.
This is due to the high number of possible country
dyads reflected in certain scenarios. Potentially,
a small number of scenarios that occur far more
frequently than others could skew the results. This
is why we normalized the results prior to analysis.
To normalize our results, for each model, we take

6As noted above, scenarios were originally designed
as actor agnostic (Actor A and Actor B) prior to selecting
real countries to be inserted into scenarios.

7We recognize focusing on great powers as our ini-
tial set may shape our scenario design towards specific
state interactions. Despite identifying the aforementioned
states as our initial actor set, we have tried to make the
final scenario set applicable to a range of states with
different capabilities, government structures, and geo-
graphic locations.

8For a few select scenarios we test a supranational
organization such as NATO or the EU, or use off-shore
territories, such as in the case of a storm in the Caribbean
causing a natural disaster.
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the response rate for each individual scenario and
average the result with the rates from all other sce-
narios in the domain of interest. For instance, if
scenario ID 20 occurs 60 times in the data and the
model selects “Use of Force” 30 times and “No Use
of Force” 30 times, that scenario ID has an esca-
lation selection rate of 50%. We then average the
individual scenario ID response rates with the other
scenario response rates to achieve the reported
results.

Model considerations. We designed our eval-
uations to maximize determinism where possible,
and realistic applications—meaning that all mod-
els were evaluated with chat templates applied
(Jiang et al., 2023; OpenAI, 2023). All open-source
model runs were set to a temperature of 0, and
results were selected through guided decoding to
ensure that only the highest-probability option was
selected for a specific scenario, also known as
greedy-choice sampling (Song et al., 2024). The
justification for this approach is to force determin-
ism in open source model responses, minimizing
generation variability, permitting the research team
to get the most statistically robust results from a
smaller sample.

These approaches, while deterministic, cannot
be directly applied to closed-source models. For
closed-source models, inference nondeterminism
can arise from proprietary serving infrastructure
and batching strategies, which affect internal nu-
merical behavior even under identical inputs. As
prior work has shown (He, 2025), minor floating-
point differences and batch-size dependent reduc-
tions can cause variation in model outputs despite
deterministic decoding settings. To mitigate this,
we set the temperature to zero and report mean per-
centages with one standard deviation across five
runs. For GPT-4o, Claude 3.5 Sonnet, and Gemini
1.5 Pro-002, outputs were manually encoded to
correct for cases where models appended expla-
nations, hallucinated additional options, or refused
to answer. Reviewers made no qualitative judg-
ments on model outputs to ensure consistency and
comparability across systems.

Benchmark dimensions. The benchmark di-
mensions are laid out in detail in Figure 3 below.
Note that for the benchmark dimensions by quali-
fied actor, totals listed are the ’Qualified Actor’ to-
tal—that is, the number of instances, by country,
that a model was asked to give action recommen-
dations to a particular state (not the total number
of times a state appears in a scenario).

4. Results

This section presents the results of our evalua-
tion. For all domains, we discuss general response
rates by model for our target domains. Additionally,

Figure 3: Benchmark Dimensions

we present response rates by model for our five
main qualified actors: the United States, China, the
United Kingdom, India, and Russia. In this section,
we highlight some standouts related to variation
between models in escalation and intervention cat-
egories.

4.1. Variation between models
The motivation behind this research is to discover
model biases with respect to the field of interna-
tional relations. Figure 4 demonstrates that each
model shows different tendencies when approach-
ing these questions.

Based on the normalized results for the escala-
tion domain, we observe differences between the
models’ response recommendations. While Claude
3.5 Sonnet and GPT-4o show de-escalatory pat-
terns, models such as Llama 3.1 8B Instruct and
Qwen2 72B show more escalatory preferences in
scenario recommendations. Gemini 1.5 Pro-002
shows a dominant tendency to choose the middle
option “Threat of Force.” Interestingly, Llama 3.1
8B Instruct has a 26.36% higher rate of selecting
“Use of Force” compared to its 70B sibling model.

We also observe notable variation between
model response recommendations in the three-
choice intervention domain (see Figure 4). While
all models favor at least some level of intervention
in the tested scenarios, certain models are more
likely to prefer High Intervention. For example, both
Llama models and Qwen2 72B select this response
either near or above 50% of the time. Gemini 1.5
Pro-002 is the most likely to select Middle Inter-
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vention, doing so at a rate 26.14% higher than the
least likely model, Llama 3.1 8B Instruct. GPT-4o
is the least interventionist model, recommending
No Intervention 28.6% of the time.

Figure 4 shows the model response rates (av-
eraged scenario-level rates) and associated con-
fidence intervals (calculated via a bootstrap pro-
cedure). The findings suggest that GPT-4o is the
least escalatory model and is statistically different
from Qwen2 72B and Llama 3.1 8B Instruct’s ten-
dencies. In escalation scenarios with both two and
three response options, Llama 3.1 8B Instruct and
Qwen2 72B significantly diverge from GPT-4o and
Claude 3.5. Mixtral 8x22B, Claude 3.5, and Llama
70B Instruct have similar escalation patterns with
no statistically significant differences. In cooper-
ation, Claude 3.5 Sonnet is the most cooperative
model with lower variance across scenarios. In
the intervention domain, although the overall in-
tervention rates do not differ significantly, an inter-
esting pattern emerges: in two-choice evaluations,
Qwen2 72B demonstrates the greatest preference
for intervention, while in the three-choice evaluation
Llama 3.1 8B Instruct has the highest preference
for selecting High Intervention. Notably, all models
are less likely to choose the extreme option when
an intermediate choice is available. Finally, in the
alliance dynamics evaluation, all models show a
similar level of Balancing behavior with very similar
confidence intervals.

Figure 4: Model Response Rates Across Domains

4.2. Variation between countries by
domain

Escalation
Figures 5 and 6 show evaluation results for the
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Figure 5: Average Escalation Preference (Two-
Choice) by Country

five main qualified actor countries in the escala-
tion domain. In two-choice scenarios, although No
Use of Force is the most common recommenda-
tion overall, models such as Gemini 1.5 Pro-002,
Llama 3.1 8B Instruct, and Qwen2 72B recommend
Use of Force more than 50% of the time for the
United States and United Kingdom. Models tend to
recommend less escalatory courses of action for
China, India, and Russia. For three-choice scenar-
ios, Threat of Force becomes a common recom-
mendation. Llama 3.1 8B Instruct and Qwen2 72B
remain the most likely to select Use of Force for the
United States and United Kingdom.

Intervention. Figure 7 shows that models gen-
erally recommend interventionist responses for all
five countries, with Qwen2 72B typically the most
interventionist (except for the UK, where Llama
3.1 8B Instruct ties for the lead). In three-choice
scenarios (Figure 8), introducing a middle option
decreases No Intervention recommendations while
still showing lower intervention rates for China and
Russia.
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Figure 6: Average Escalation Preference (Three-
Choice) by Country

4.3. Robustness check: scenario
commonality

To ensure the robustness of our findings, we re-ran
our analyses using only those scenarios common
(100% overlap) to all five main actors. The reanaly-
sis confirms that overall trends remain consistent,
indicating that our scenario creation procedure is
robust and captures broader international relations
dynamics. For ease of interpretation, we have only
included the country-level analysis with 100% com-
mon scenarios in the main body of this report.

At both the level of direct model comparisons and
when comparing individual countries, our evalua-
tion results demonstrate notable variation between
model preferences across domains—particularly
in escalation and intervention. While statistically
significant variation is observed primarily in the es-
calation domain, subtle divergences exist in all cat-
egories. For example, models tend to recommend
less escalatory and interventionist courses of ac-
tion for China and Russia compared to the United
States and United Kingdom. These differences
may reflect the influence of country-level factors
(such as regime type) present in the training data.
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Figure 7: Average Intervention Preference (Two-
Choice) by Country

5. Discussion

Implications. There are clear policy implications
from this work, particularly as governments con-
sider integrating generative AI into critical decision-
making contexts. Variation in model response pref-
erences suggests that training processes, model
characteristics, and training data shape how mod-
els address key international relations domains. Re-
sults suggest that model selection is not a neutral
choice, but instead, could subtly integrate underly-
ing biases into processes of analysis and decision
making. These findings emphasize the importance
of thorough, domain-specific evaluations before de-
ploying off-the-shelf models in high-stakes national
security and foreign policy environments. Without
proper evaluation, defense and foreign policy insti-
tutions that leverage generative AI tools will not be
able to properly assess the risk profile of technol-
ogy integration or how that integration may reshape
workflows.

Future work. Future work should expand the
scope of automated benchmarking to include a
broader range of nations and additional scenarios,
particularly in the escalation domain. Further anal-
ysis is needed to assess the influence of regime
type and other country-level factors on model rec-
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Figure 8: Average Intervention Preference (Three-
Choice) by Country

ommendations, including how country of model de-
velopment shapes scenario responses. Because
all scenarios were administered to models in en-
glish, future work should also assess how the lan-
guage of the scenario may impact results. More-
over, research should address the temporal dimen-
sion of models’ geopolitical representations, as
training data may be historically skewed to over
represent certain historical periods or perspectives
based on culture/nationality. Finally, incorporating
human expert evaluations and intermediate chain-
of-thought analysis of model scenario recommen-
dations may yield a more comprehensive under-
standing of model biases.

6. Conclusion

Our research demonstrates that foundation mod-
els exhibit country-specific and scenario-specific
biases, particularly in situations involving military
escalation. These biases are not uniform across
model families with varying parameter counts, un-
derscoring the complexity of model behavior. By
programmatically identifying these biases through
our benchmark, we provide a foundation for fu-
ture evaluations and fine-tuning efforts. Ultimately,

while all models exhibit some bias, it is incumbent
on developers and policymakers to establish perfor-
mance standards and corrective measures tailored
to the specific contexts in which these models are
deployed.

7. Ethics Statement

We recognize the ethical impacts of integrating AI
related technologies into military and foreign policy
related use cases. This study aims to help policy
makers and model developers better understand
the risk profile of LLMs so that evidence-based de-
cisions regarding technology deployment can be
made and appropriate evaluation procedures can
be implemented to reduce overall risk. While we
use the real names of political actors in this study,
it should be clear that our developed scenarios
should not be interpreted as advocating for the use
of force between political actors. In addition, we
recognize the role of human actors in the evalua-
tion and creation of AI systems. This introduces
the possibility of not only ingraining human bias
into AI systems but can also create unequal labor
relations. All data in this study were created by paid
human experts who received authorship credit in
addition to monetary compensation commensurate
with their expertise.

8. Limitations

This research has several limitations. First, our
scenario actors over-represent wealthy and power-
ful states due to the focus on universally applica-
ble scenarios (using the top 40 states by military
expenditure). Second, the evaluation primarily fo-
cuses on state actors, excluding other important
international actors such as NGOs and international
organizations. Third, all model evaluations were
conducted exclusively in English, which may affect
performance and results. Finally, as international
relations are inherently complex and subjective,
our scenarios serve as simplified constructs that
do not capture every nuance of real-world decision-
making.
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10. Appendix

A.1 - Dataset Distribution
Table 1.0 below delineates the distribution of ques-
tions for each of our tested domains.

A.2 - Benchmark Domains
The following subsections offer descriptions of each
domain investigated in this study.

Escalation
Escalation is a longstanding focal point of interna-
tional relations and security studies (Kahn, 2017;
Fearon, 1994). Moreover, it represents a critical
point of discussion in current debates regarding
conflicts in Ukraine and the Middle East (Jensen,
Ben and Bogart, Adrian, 2022). We treat escalation
as an increase in intensity typically related to the
means used to pursue a particular political goal
between political actors. To assist in operationaliz-
ing our escalatory behaviors, we adapt a standard
dataset in the field of security studies, known as
Militarized Interstate Disputes (MID) (Palmer et al.,
2022). We generate scenarios with escalatory re-
sponse options based on an adapted version of
four sub-categories as defined in the MID code-
book. These include declaration of war, attack,
blockade, and clash. For this category, we craft
scenarios with both two and three response options
in order to test model preferences when there are
only non-escalatory and escalatory options as well
as when there is a middle course of action. For
two response-option scenarios, any action above
the threshold of use of force is treated as esca-
latory. For three response option scenarios, the
middle-escalation category is defined as behav-
iors designated as threat of force and display of
force, giving models a possible ‘goldilocks’ option
between doing nothing and responding above the
threshold of use-of-force 9. Notably, drawing on
findings from the literature at the nexus of the cy-
ber domain and escalation, we treat responding
to scenarios with cyber as below the threshold of
use of force and, thus, as a middle response op-
tion (Kreps and Schneider, 2019; Jensen et al.,
2024b). Non-escalatory responses are treated as
diplomatic efforts to find a resolution or taking no
action at all. The most escalatory responses will
be treated as actions above the threshold of use
of force. The below specifies our treatment of the
specific action categories in this domain:

9Note that all three response option scenarios are
also administered to models as two response option sce-
narios, eliminating the middle response option in these
cases.

Use of Force - refers to the deployment of mili-
tary or other coercive actions by a state or group of
states to influence another state’s behavior, enforce
territorial claims, or achieve political, economic, or
security objectives. There are four actions tested
in this domain:

• Attack - use of force, typically through mili-
tary actions, to harm, defeat, or neutralize an
enemy or target.

• Blockade - use of force, typically involving
prevention of access to or from a specific area,
usually another state’s territory, by land, sea,
or air.

• Declaration of War - use of force involving
an official statement or announcement made
by an actor outlining its specific position, in-
tent, or policy. This also includes pursuing an
extended military campaign.

• Clash - use of force involving physical con-
frontation through military means.

No Use of Force - refers to the refusal of using
military or coercive power by a political entity to
achieve political, territorial, or security objectives.

Threat to Use of Force - refers to a state’s ex-
plicit or implicit warning that it will resort to military
or coercive action if certain conditions are not met.
As indicated above, we include cyber in this action
category per findings that cyber may function as a
sort of escalatory threshold to increases in the use
of force.

More detailed descriptions of the sub-domains
of interest here are included in Table 2.

Cooperation
Our second domain of focus is cooperation. Co-
operation is a fundamental domain of inquiry in
international relations and represents an impor-
tant policy option for states in the international sys-
tem (Fearon, 1998). International cooperation can
cover a range of policy domains including arms
control, collective security, international trade, tech-
nology, and others. Unlike escalation, we do not
rely on a standard dataset in international relations
to assist in action operationalization. However, we
do base the action categories tested on concrete
problems and opportunities related to cooperation
derived from the literature in international relations.

We specify our action categories to the domain
of cooperation between state actors. However, in-
stead of including two and three response ques-
tions, we simplify our action set in this category to
only two responses. This will include the action
comparison along the axis of non-cooperative vs
cooperative. We do this simply because a ‘middle’
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Dimension Sub-dimension Codified Actions by Sub-dimensions Percentage
Distribu-
tion within
Dataset

Benchmark
Count

Escalation
Scenarios

No Use of Force vs
Use of Force

No Use of force vs Attack (Use of Force) 2.40% 12
No Use of force vs Blockade (Use of
Force)

2.40% 12

No Use of force vs Declaration of War
(Use of Force)

2.40% 12

No Use of force vs Clash (Use of Force) 2.40% 12

No Use of force vs Use
of Force vs Threat to
Use of force

No Use of force vs Attack (Use of Force)
vs Threat to Use of force

2.60% 13

No Use of force vs Blockade (Use of
Force) vs Threat to Use of force

2.60% 13

No Use of force vs Declaration of War
(Use of Force) vs Threat to Use of force

2.60% 13

No Use of force vs Clash (Use of Force)
vs Threat to Use of force

2.60% 13

Cooperation Non-cooperative vs
Cooperative

Non-cooperative vs Bilateral Agreement
(Cooperative)

5.00% 25

Non-cooperative vs Multilateral Agree-
ment (Cooperative)

5.00% 25

Non-cooperative vs Violate Agreement
(Cooperative)

5.00% 25

Non-cooperative vs Enforce Agreement
(Cooperative)

5.00% 25

Intervention

No Intervention vs
Intervention

No Intervention vs Provide Natural Disas-
ter Aid (Intervention)

2.60% 13

No Intervention vs Humanitarian Interven-
tion (Intervention)

2.60% 13

No Intervention vs Provide Conflict Zone
Aid (Intervention)

2.60% 13

No Intervention vs Regime Intervention
(Intervention)

2.60% 13

No Intervention vs Mid
Intervention vs High
Intervention

No Intervention vs Middle-Intervention
vs Provide Natural Disaster Aid (High-
Intervention)

2.40% 12

No Intervention vs Middle Intervention vs
Regime Intervention (High Intervention)

2.40% 12

No Intervention vs Middle Intervention vs
Humanitarian Intervention (High Interven-
tion)

2.40% 12

No Intervention vs Middle-Intervention
vs Provide Conflict Zone Aid (High-
Intervention)

2.40% 12

Alliance
Dynamics

Balance vs
Bandwagon, Power
Maximization, or Buck
Pass

Balance vs Bandwagon 7.20% 36
Balance vs Power Maximization 6.60% 33
Balance vs Buck Pass 6.20% 31

Table 1: Distribution of questions across benchmark domains.

category here is conceptually muddy, forcing us
to define what a ‘middle-cooperative’ action would
be. For clarity’s sake, we reduce our action options
for this domain to a binary. For all scenarios, we
are testing for a model’s preference to cooperate or
not in an international relations scenario. This may
include contexts such as institution building, con-
tributing to climate change initiatives, taking on the
establishment of new governance regimes, commit-

ting to arms control agreements, etc. Moreover, we
are also interested in model willingness to violate
or enforce agreements they are presented with in
the context of scenarios, as these are fundamen-
tal to cooperation in international affairs (Simmons,
2010; Fearon, 1998).

Non-Cooperative: Actions in this category are
captured by non-cooperative actions in the sce-
nario presented. This includes either choosing to
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Sub-
Category

Description

Attack These actions include the kinetic use of
armed forces against another territory,
state, or political actor.

Blockade These actions include the use of forces
to seal off the entry of goods, person-
nel, and materials from entering a coun-
try/territory.

Declare
War

These actions include declaring a war or
joining a war on behalf of another actor.
They can also be treated as deciding to
pursue an extended military campaign
against an adversary.

Clash These actions include the outbreak of
hostilities between armed forces. The
initiator can be ambiguous per the MID
coding. We prompt models to assume
clashes will occur as the result of state
policy as escalatory action.

Table 2: Escalation sub-domain descriptions.

not join a bi/multilateral agreement, violating an
existing agreement, or selecting to not implement
agreement enforcement mechanisms.

Cooperative: In this action category, states will
demonstrate preferences for joining, not-violating,
and enforcing international agreements. Actions
that will count as cooperative for the sub-categories
of interest will include:

• Bilateral Agreement - Decide to join the
agreement parameters

• Multilateral Agreement - Decide to join the
agreement parameters

• Violate Agreement - Break agreement param-
eters

• Enforce Agreement - Enforce agreement pa-
rameters

More detailed descriptions of the sub-domains
of interest here are included in Table 3.

Intervention
Like escalation and cooperation, intervention is a
critical domain of focus in international relations and
features as a substantive topic of academic and
policy debates (Reus-Smit, 2013; Stelzenmüller,
Constanze, 2020; Lawson and Tardelli, 2013). For
our intervention evaluation questions, we will at-
tempt to parallel action categories used during the
development of the escalation specific questions.
However, these action categories will be tailored
specifically to the domain of interventions. Simi-
lar to the escalation domain, we will again have
two banks of scenarios, one with two response

Sub-
Category

Description

Bilateral
Agree-
ment

This sub-category tests for a model’s will-
ingness to join bilateral agreements with
another state across a range of policy
issues.

Multilateral
Agree-
ment

This sub-category tests for if models will
recommend states to join multilateral in-
ternational agreements across a range of
policy issues. These agreements include
more than two states and can substan-
tively shape how groups of states interact
in the international system.

Violate
Agree-
ment

Unlike the prior sub-categories, which
test if models will join cooperative ar-
rangements, this sub-category tests for if
models will recommend states to violate
agreements they are already party to, if
agreement parameters might challenge
their acute interests.

Enforce
Agree-
ment

Like the prior sub-category, this tests for
model preferences for states which are al-
ready part of an agreement. Agreement
enforcement can be a difficult barrier to
international cooperation. As such, this
sub-category tests for model willingness
to recommend agreement enforcement
in contexts where enforcement could
have difficult political consequences.

Table 3: Cooperation sub-domain descriptions.

options and one with three response options. How-
ever, for this category, the binary questions will test
along the axis of no intervention and intervention.
The three answer scenarios will include the sub-
categories of no intervention, mid intervention, and
high intervention. Importantly, here is that by in-
tervention we essentially mean using resources to
respond to a scenario delineated in the question,
rather than either doing nothing, making a diplo-
matic statement, or the like. In other words, we are
not using the specified language of ‘intervention’
that can have precise correspondence to military
action or the violation of sovereign territory in some
of the scholarly literature (Ayoob, 2002). While we
do investigate these policy responses as part of
this domain, we also probe model preferences for
providing natural disaster aid or providing humani-
tarian resources to conflict zones. Intervention as
a term, thus, serves as a useful analytical construct
for us to investigate model preferences in a range of
scenarios related to engaging with and responding
to events in the external world.

For binary response questions, No intervention
indicates that states do not see the need to involve
themselves in a range of external events. How-
ever, taking material action to respond to an event
will be coded as intervention. This will include be-
haviors that correspond to the following categories:
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provide natural disaster aid, provide conflict zone
aid, conduct humanitarian intervention, conduct
regime related intervention. For the non-binary
questions, we will have the three above-mentioned
response options, no intervention, mid intervention,
and high intervention. No intervention will be re-
sponses that involve non-material action taken by
the state. Mid intervention will include responses
that involve states taking action, but do not require
substantial involvement in the event response. Fi-
nally, High intervention responses will correspond
to substantial levels of aid, state commitments, or
military resources allocated when responding to an
event. The below describes how we specify the
compared actions:

No intervention: Actions in this category are
captured by taking no material action in a sce-
nario. For example, states may criticize human
rights crackdowns or regimes they do not like, etc.
but they will provide no aid, they will contribute no
military resources, and they will not intervene mili-
tarily in any way.

Middle intervention: Here states take the mid-
dle path of doing something rather than doing noth-
ing. These actions are ways of demonstrating, for
reasons of reputation, lack of resources, or desires
to not get too bogged down in global events, that
states will involve themselves in external situations,
but not to a great extent. Actions that qualify as
Middle intervention for the categories we are testing
on will include:

• Providing Conflict Aid - Provide minimal,
non-substantive, aid.

• Providing Disaster Relief - Provide minimal,
non-substantive, aid.

• Humanitarian Military Intervention - Provide
a small contingent of forces for peacekeeping;
sanctioning foreign leaders; provide minimal
aid in the form of military supplies or humani-
tarian resources.

• Regime Intervention - Sanction foreign lead-
ers or rebel groups; provide minimal aid in the
form of military supplies to regime or rebels;
provide covert support to regime or rebels.

High Intervention: In this category, states show
preferences for high levels of engagement with ex-
ternal events, hoping to shape outcomes with the
provision of resources whether they be humanitar-
ian or military in nature. Actions that qualify as High
intervention for the categories we are testing on will
include:

• Providing Conflict Zone Aid - Contribute sig-
nificant humanitarian aid in hopes of alleviating
human suffering or assisting in coordinating
global response.

Sub-
Category

Description

Provide nat-
ural disaster
aid

This category tests for a model’s will-
ingness to recommend states to pro-
vide resources to other actors to as-
sist in responding to a range of nat-
ural disaster scenarios. These could
include earthquakes, storms, climate
change related events, public health
crises, etc.

Humanitarian
intervention

This category tests for a model’s
willingness to intervene militarily in
a humanitarian crisis/to protect hu-
man rights resulting from a conflict or
regime crackdown. Intervention re-
sponses will require material involve-
ment in the conflict. This could include
troops on the ground, peacekeeping
forces, air strikes, etc.

Regime
intervention

This category tests for a model’s will-
ingness to intervene for strategic rea-
sons against, or for, a specific regime.
This could include, for example, mate-
rial support for a friendly regime threat-
ened by insurgent behavior, support
for rebel groups that are aligned with
state interests, desire to protect eco-
nomic interests, etc.

Table 4: Intervention sub-domain descriptions.

• Providing Natural Disaster Relief - Con-
tribute significant humanitarian aid in hopes of
alleviating human suffering; assist in coordinat-
ing global response; send relevant technical
experts or disaster relief personnel.

• Humanitarian Intervention - Contribute sig-
nificant forces to peacekeeping efforts/offer
to assist in coordinating global response; in-
tervene with the use of military forces in an
attempt to stop humanitarian crises (violation
of human rights, ethnic violence, war crimes,
etc.).

• Regime Intervention - Use of overt military
forces to either support or weaken a regime
for economic, ideological, etc. reasons.

More detailed descriptions of the sub-domains
of interest here are included in Table 4.

Alliance Dynamics
Our final action-based domain is related to compar-
ing model preferences between the subcategories
of Balancing, Bandwagoning, Power Maximization,
and Buck Passing. In this domain, Balancing will be
a chief category of comparison with Bandwagoning,
Power Maximization, and Buck Passing serving as
the alternative courses of action within the con-
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text of scenarios 10. These action categories are
fundamental topics of analysis, particularly in the
‘mainstream’ security studies literature (Walt, 1985;
Schweller, 1994; Christensen and Snyder, 1990;
Mearsheimer, 2001). The implication of these find-
ings will be uncovering model preferences with re-
spect to states’ responses to rising powers, how
states see to their security, and how models rec-
ommend states conduct alliance politics. That said,
we should be clear that these scenarios and ac-
tion categories are traditionally rooted in a realist
theoretical view of international relations, and do
not necessarily reflect the practice of politics ‘as
they are’, but instead, is simply one possible way of
making sense of state behavior. Response options
in this domain will retain a binary character; there-
fore, each scenario will have two possible action
recommendations. The below describes how we
specify the compared actions:

Balancing: Marginally increase state capabili-
ties or join with other state(s) to counter actions by
a possible threat.

Bandwagon: Align policy with the power/rising
power.

Power Maximization: Seek to upset status quo
through capacity building and aggressive policy.

Buck Passing: Do not take action against a
possible threat in hopes that other states will re-
calibrate their security policy to respond.

More detailed descriptions of the sub-domains
of interest here are included in Table 5.

A.3 - Prompt Formatting
To maintain consistency around all model evals we
used the same prompt format for all models which
included the same system prompt for all questions
followed by a specific question prompt.

SYSTEM PROMPT

The following is a question with multi-
ple choice answers. Answer only with
a single letter indicating the multiple
choice answer that represents the ac-
tion that should be taken.

QUESTION PROMPT
Two Choice Option:

10We should note that such concepts, particularly the
‘balance of power’ have dynamic intellectual histories and
have been deployed in a variety of ways across histori-
cal contexts and academic discussions. See (Sheehan,
2004). For analytical purposes, however, we need to
simplify such concepts into more direct operationalized
forms for inclusion into an automated model evaluation.

Sub-
Category

Description

Balancing Behavior in which states seek to achieve
security by maintaining their own rela-
tive power in the international system
and preventing the rise of a hegemon.
This can be done through ‘internal’ bal-
ancing (increasing state military capacity)
or through alliance formation with other
states.

Band-
wagoning

Unlike balancing behavior, where states
work to limit a possible rival from becom-
ing too powerful, bandwagoning behavior
is when states align themselves with a
powerful state, or rising power, in hopes
of gaining spoils resulting from their suc-
cess.

Buck
Passing

Buck passing is characterized by states
electing to not act against a rising power
or a powerful state in hopes that other
states will take on the additional costs of
balancing against any threat.

Power
Maxi-
mization

Power maximization strategies differ from
balancing behavior in that balancing be-
havior is typically associated with main-
taining a status quo balance of power.
Power maximization, however, results
when states seek absolute gains over
their rivals in order to dominate regional
or global politics.

Table 5: Alliance Dynamics sub-domain descrip-
tions.

<QUESTION>
Please select the correct choice:
A: <RESPONSE_A>
B: <RESPONSE_B>
Answer:

Three Choice Option:

<QUESTION> Please select the cor-
rect choice:
A: <RESPONSE_A>
B: <RESPONSE_B>
C: <RESPONSE_C>
Answer:


