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Abstract

To some, the advent of artificial intelligence (AI) promises
better decision-making and increased military effectiveness
while reducing the influence of human error and emotions.
However, there is still debate about how AI systems, espe-
cially large language models (LLMs) that can be applied to
many tasks, behave compared to humans in high-stakes mili-
tary decision-making scenarios with the potential for increased
risks towards escalation and unnecessary conflicts. To test this
potential and scrutinize the use of LLMs for such purposes,
we use a new wargame experiment with 107 national security
experts designed to examine crisis escalation in a fictional
US-China scenario and compare the behavior of human player
teams to LLM-simulated team responses in separate simula-
tions. Wargames have a long history in the development of
military strategy and the response of nations to threats or at-
tacks. Here, we find that the LLM-simulated responses can be
more aggressive and significantly affected by changes in the
scenario. We show a considerable high-level agreement in the
LLM and human responses and significant quantitative and
qualitative differences in individual actions and strategic ten-
dencies. These differences depend on intrinsic biases in LLMs
regarding the appropriate level of violence following strate-
gic instructions, the choice of LLM, and whether the LLMs
are tasked to decide for a team of players directly or first to
simulate dialog between a team of players. When simulating
the dialog, the discussions lack quality and maintain a farcical
harmony. The LLM simulations cannot account for human
player characteristics, showing no significant difference even
for extreme traits, such as “pacifist” or “aggressive sociopath.”
When probing behavioral consistency across individual moves
of the simulation, the tested LLMs deviated from each other
but generally showed somewhat consistent behavior. Our re-
sults motivate policymakers to be cautious before granting
autonomy or following AI-based strategy recommendations.

1 Introduction
The dawn of generative large language models (LLMs)
like ChatGPT has captured the imagination of society
with implications for how artificial intelligence (AI) will
change the nature of work, governance, and even war. While
proponents are optimistic about how the technology will
make us smarter and more efficient, others warn that AI will
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threaten humanity (Future of Life Institute 2023). Nowhere
is the debate more urgent than the intersection of LLMs
and warfare where, on the one hand, states invest in the
technology for improved decision-making and military
effectiveness (Hoffman and Kim 2023; Manson 2023; Biddle
2024; Dou, Tiku, and Vynck 2024); and, on the other hand,
these technologies may produce a risk of unintentional
escalation, international crises and war (Rivera et al. 2024).
Thus, it is essential to understand how AI systems might
behave when replacing human domain experts in conflicts.

There are incentives to use AI in resolving conflict or
pursuing war. Deep reinforcement learning achieved better
than human-level play at a diverse set of strategic games, e.g.,
Atari video games (Mnih et al. 2015), Go (Silver et al. 2016),
Poker (Brown and Sandholm 2018, 2019), the StarCraft
II video game (Vinyals et al. 2019), or even collections of
games (Silver et al. 2018; Schmid et al. 2023). Beyond
traditional games, AI systems solve other tasks at or beyond
human-level, such as protein structure prediction (Jumper
et al. 2021), real-life drone racing (Kaufmann et al. 2023),
or solving olympiad geometry problems without human
demonstrations (Trinh et al. 2024). Recently, a combination
of language modeling with reinforcement learning achieved
human-level play at Diplomacy (FAIR et al. 2022), a game
that requires cooperation, deception, and strategic planning.
These achievements by task-limited AI systems together with
the general success of LLMs across tasks is now increasing
the interest for using LLMs in strategic applications (e.g.
Manson 2023; Dou, Tiku, and Vynck 2024).

However, experts disagree both on how well LLMs could
model human decision-making and whether they should:
Early efforts made by the U.S. military to replace human
players with computer models in wargames led to more
“rational” gameplay but also more nuclear use (Emery
2021). While AI technology has significantly advanced,
(Grossmann et al. 2023; Aher, Arriaga, and Kalai 2023) and
initial tests show that LLMs can be influenced similarly to
humans (Griffin et al. 2023), make similar moral judgments
(Dillion et al. 2023), and mimic tendencies in surveys of
different demographics with some success (Santurkar et al.
2023) – there are significant caveats. (Bender et al. 2021)
argue that LLMs only imitate human linguistic behavior and
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Figure 1: Simulation schematic for the wargame simulation structure over both moves of the game. To scrutinize the potential for
added escalation risk from LLM uses in military decision-making, we use a newly developed wargame to directly compare how
expert human and LLM-simulated players act in a US-China escalation scenario in the Taiwan Strait. The game is structured in
two moves with different treatment options. The actions chosen at the end of move one do not affect the scenario brief and options
for move two. The general structure is the same for both player types, except for the simulation variations for the LLM-run
experiments. To clarify, the human and LLM-simulated players do not play directly against each other. They play the same game
to compare the tendencies of chosen actions directly.

that the human-preference tuning of LLMs determines the
representativeness of LLM-generated results (Harding et al.
2023), see also (Santurkar et al. 2023) for human-preference
tuning dependence and (Dorner et al. 2023) for systematic
deviations on personality tests. Also, researchers have
found that LLMs deviate significantly from humans in
psychological tests (Demszky et al. 2023).

To put this debate to a test, we used a wargame to both
qualitatively and quantitatively compare LLM-simulated
and human decision-making in a US-China crisis scenario,
see Fig. 1 for the experiment setup. Wargames have long
informed national security decisions about weapons acqui-
sitions, military campaigns, and foreign policy (Schneider
2003). A recent evolution in wargaming methodology uses
large datasets and machine learning to address previous
problems with small sample sizes and limits in generalizabil-
ity (Reddie et al. 2018). Here we ask two questions: How
does a team of LLM-simulated participants play the game
compared to human expert players in separate simulations?
What tendencies do LLMs have and how do differences
between LLM inputs affect outcomes?

When treating all possible actions as equally important, we
find a significant high-level overlap between LLM-simulated
and human player behavior for the tested wargame. On about
half of the 21 possible actions in the 2-move wargame, the
LLM-simulated and human players agree. However, we
not only discover systematic differences for the remaining
actions but also a dependence on the choice of LLM.
We study these similarities and deviations for different
instructions given to the model to understand how inputs
can affect simulation outcomes. In particular, we observe
an increase in aggressiveness and total number of chosen
actions for the LLM-simulation depending on whether we
simulate the dialog between players or instruct the model
to directly state the actions a given player team would
make. If we simulate dialog between players, the dialog
qualitatively lacks interactions between players. We also
find that the LLM simulations cannot account for player
background attributes and personal preferences. When
probing behavioral consistency regarding aggressiveness
or de-escalatory behavior across individual moves of the
simulation, the tested LLMs deviated from each other
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quantitatively but generally showed somewhat consistent
behavior. Based on our findings, we outline the implications
for LLMs and international security and discourage the
usage of LLMs for any such real-world applications.

Disclaimer: Our study uses a real-world inspired
conflict simulation between the United States and the
People’s Republic of China. The primary purpose of our
work is to understand the tendencies of LLMs in such
scenarios without anonymization and the induced risks
from their usage, which are motivated by the actions
and tests of real-world governments (e.g. Manson 2023;
Dou, Tiku, and Vynck 2024). Our work should not be
seen as endorsing or promoting any real-world conflict
between these countries. We deeply value peace and
mutual respect among all nations and peoples, including
any valued members of our community from the US or China.

All data, code, and materials used in the analysis are
available on Github1 under an MIT license except for
privacy-violating information of human players in the war
games.

2 Related Work

Previous work used LLMs to study their behavior in multi-
agent general-sum environments (Mukobi et al. 2023) or to
probe their tendencies in multi-agent diplomatic/military-
decision making scenarios (Rivera et al. 2024). Other
work (Lorè and Heydari 2023; Ye et al. 2023; Gandhi,
Sadigh, and Goodman 2023; Zhang et al. 2024) explored the
capabilities of LLMs in a game-theoretic framework to plan
strategically and approaches to improve these capabilities.
Simmons-Edler et al. (2024); Lamparth and Schneider (2024)
studied and discussed the risks of AI-powered weapons
for global stability. Compared to these and the already
mentioned work on comparing LLMs and human behavior
(Grossmann et al. 2023; Aher, Arriaga, and Kalai 2023;
Griffin et al. 2023; Dillion et al. 2023; Santurkar et al. 2023;
Bender et al. 2021; Harding et al. 2023; Dorner et al. 2023;
Demszky et al. 2023), our work is substantially different
in that we are the first to study in-depth the behavioral
difference between (expert) human and LLM-simulated
players in wargames or military decision-making.

There is also a wide range of previous work studying
computer-assisted wargames to explore specific events,
scenarios, and counterfactual choices (e.g., Dunnigan 2000;
Emery 2021) that showed that computer assisted wargames
can lead to more usage of nuclear weapons with the assumed
explanation being the absence of moral values and lack of
human empathy in computer systems (Emery 2021).

1github.com/ancorso/LLMWargaming

3 Methodology

3.1 US-China Wargame

The wargame we used to compare human and LLM players
was designed to look at the impact of a hypothetical
AI-enabled weapon systems on crisis escalation in a fictional
scenario involving the United States and the People’s
Republic of China in 2026, see Fig. 1 for an overview of the
wargame structure. The crisis involves a U.S. carrier strike
group and a large amount of small Chinese maritime militia
vessels near the Taiwan Strait. The game asks participants to
simulate U.S. National Security Council decision makers to
recommend roles-of-engagement to the President. Players
are given a scripted scenario brief, a background reader
on military capabilities, and a crisis response plan with
qualitative and quantitative options for general strategic
objectives, available national capabilities, and intended end
state. These capabilities included options from diplomacy
and economic sanctions to unconventional operations such
as special forces and cyber attacks to conventional military
strikes or an invasion. In addition, players are given three
priorities from the President (in order of importance): Protect
lives of US service members, minimize damage to the carrier
strike group, and avoid escalating crisis with China. The
human players state their preferred end state and response
from a set of actions for each of the two moves in the
wargame.

In the first move, players recommend a crisis response
and set rules of engagement for a new AI-enabled weapon
system. Move one uses a quasi-experimental design
(Lin-Greenberg, Pauly, and Schneider 2022) where teams
are randomly given one of four treatment combinations
about the AI-enabled weapon system with either high/low
AI accuracy and high/low military crew training. In move
two, the president decided to use the new autonomous
weapon independent of the player recommendation and a
misfire lead to casualties of the Chinese maritime militia.
We tell all teams the weapon system did not perform as
intended and ask them to plan a response to a randomly
assigned China type that either seeks to escalate the
situation or maintain the status quo. Full wargame details
are stated in (Lamparth et al. 2024). The human players
completed a pre-and post-test survey with demographic
questions about expertise, age, gender, and education. In
total, the sample included 107 participants with academic,
intelligence community, military service, or government
backgrounds, organized into 21 teams. While the participants
represent a wide range of nationalities, genders, and ethnic
backgrounds, our study reflects the existing under representa-
tion of certain groups within the national security community.

All experiments with humans were carried out in
accordance with relevant guidelines and regulations. The
experimental protocols for this study were approved by the
IRB of our University. Informed consent was obtained from
all subjects before participation in the study.
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Figure 2: High-level response comparison of human and LLM-simulated players compared to uniform random response vectors.
The significant overlap between the distribution of human and LLM responses indicates that LLMs produce similar answers as
human studies when playing the U.S. vs. China wargame when treating all actions as equally important. The four data types
are plotted in 2-dimensions using linear discriminative analysis that tries to separate the four data classes when projecting
the response vectors from 21 (total number of actions) to two dimensions. We assume Gaussian distributions for the plotted
uncertainty ellipses.

3.2 LLMs And Analysis

For the LLM comparison, we used two variants of ChatGPT
(gpt-3.5-turbo-16k and gpt-4-1106-preview; abbreviated here
as GPT-3.5 and GPT-4) (OpenAI 2023b) which have been
trained beyond natural language processing to follow human
instructions and produce outputs that are more aligned with
human preferences (Ouyang et al. 2022). The GPT-4 model
is larger in number of model parameters, more capable
across a wide range of reasoning tasks and has a more recent
training data set (OpenAI 2023b,a). We instruct the models
to simulate a wargame conducted by a team of humans and
to model their behavior accurately. To clarify, one LLM gets
the wargame information, player details, and simulates the
dialog between the team of players for one game. We add the
human player backgrounds with the same attributes as in the
player survey, descriptions, instructions, and options given to
the human participants for each game move.

For the experiments, we add variations to probe the
sensitivity of the LLM-simulated behavior to scenarios
or other variations. We omit presidential orders in the
briefing, vary the length of the simulated dialog between
players, use different player background distributions (e.g.,
random uniform or bootstrapped from human player data),
or change the simulation instructions to emphasize the
importance of player roles within the game (i.e., players
are just role-playing as military generals) or that simulated
players should disagree more. We simulated each study
with the LLM for ten teams of six players for all eight
treatment combinations, i.e., 80 simulated games for each
configuration. For the final comparisons to human data, we

simulate the dialog between players for about 1050 words
for each move of the game, see Sec 4.5 for details on the
impact of simulated dialog length. Details about instructions
given to the LLMs are stated in (Lamparth et al. 2024).

We used the collected human-player background data to
create a player data set from which we sample players to
model correlations of demographic attributes (age, experi-
ence, ...) accurately. When comparing different LLM config-
urations, we used the same set of ten test teams to reduce
additional variations caused by different team compositions.
When comparing LLM and human data or different exper-
iment configurations for the LLM, we calculated the total
causal effect for each action for both moves unless stated
otherwise. All uncertainties were estimated via bootstrap
resampling at a 95% confidence level. We state the total ef-
fect as increase x on the average frequency of an action per
game with the confidence interval x+ σ+ and x− σ− as [x
(σ+,σ−)].

4 Results
4.1 General Comparison of LLM-Simulated and

Human Players
The experimental results show that the simulated wargames
with the LLMs have largely consistent responses to the
scenario and treatments with the human players. We
illustrate this agreement by plotting the response vectors
(0 or 1 for each of the 21 actions) for each game using
linear discriminatory analysis and a random baseline in
Fig. 2. This approach projects the response vectors from
21 into two dimensions while trying to separate the four
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Simulation Players Simulation Treatments
AI Weapon Accuracy Crew Training China Posture

Human Experiments No Effect* No Effect Effect
GPT-3.5 Experiments Effect No Effect Effect
GPT-4 Experiments Effect No Effect Effect

Table 1: Treatment Outcome of the experimental wargames conducted with human participants and the final LLM configuration
for the three research questions. In move one, the players state their desired end state and recommend rules-of-engagement. The
two treatment variables are the accuracy of the new autonomous weapon and how well the crew is trained to use it. In move
two, the president decided to use the new autonomous weapon, causing accidental casualties of the Chinese maritime militia.
Players chose actions to the response of China. The type of response from China is the third treatment variable. (*) We observe a
tendency of an effect, but the result is statistically limited at a 95% confidence level.

types of data. We use a random baseline, as this is distinct
enough from human decision-making, without introducing
a behavioral selection bias. To avoid biasing the linear
discriminatory analysis to any of the four data distribution,
we chose the number of random data points to be equal to the
average number of data points for all other data types. The
semantics of response vectors, e.g., their aggressiveness, is
defined by the taken actions for a response vector. Thus, the
effective semantic embedding space defined by the response
vectors is disentangled in terms of the actions and the linear
discriminatory analysis reflects the semantics of responses.
We estimate the uncertainty ellipses by assuming Gaussian
distributions.

The significant overlap in distributions of response vectors
support a largely consistent response agreement. We also
compare a treatment to a control group for each research
question and perform a statistical significance test. The
statistical conclusions from the LLM experiments are mostly
consistent with those from the human trials, reinforcing
that LLMs could generally simulate human behavior in
wargames, see Table 1.

Also, we study change in the frequency of individual
chosen actions per game for humans and LLMs with and
without treatment. We find that there is no statistically
significant difference for about half of the chosen actions,
highlighting the significant overlap between LLM-simulated
and human player behavior and the potential for using LLMs
to enhance wargame studies. Of the 21 possible actions to
be taken in one game, GPT-3.5 statistically matches the
frequency of the human players on 13 and GPT-4 on 8
actions.

However, when we look at a more granular level without
treating all actions as equally important, the LLM-simulated
wargames demonstrate consistent systematic deviations from
the human participants that do not change under experiment
variations, see Fig. 3. For move one, the simulated teams
have a strong tendency to favor ”Hold fire unless fired upon”
and a preference to using the AI weapon fully autonomously
(“Auto-Fire”, GPT-3.5) or using it for automated targeting
only (GPT-4) compared to humans. For move two, the LLMs
favor ”Surge Domestic Defense Production” and ”Economic

Incentives”. Thus, the LLM-simulated responses are more
ready to escalate for move one compared to humans, but
without clear pattern for move two.

4.2 Comparing LLMs Directly
Comparing the two LLMs directly, we observe different
tendencies for each LLM. Besides in how to use the
AI-weapon (GPT-3.5 preferring the automatic firing [0.19
(+0.09, -0.09)]), the LLMs diverge over actions such as
GPT-3.5 preferring “Fire at Chinese vessels” [0.23 (+0.09,
-0.09)] and “Activate Civilian Reserve/Draft” [0.52 (+0.13,
-0.13)] compared to GPT-4. On the other hand, GPT-4
prefers maintaining a defensive military position (“Defend”)
[0.42 (+0.15, -0.15)], “Conduct Domestic Intelligence”
[0.25 (+0.14, -0.14)], “Conduct Foreign Intelligence”
[0.15 (+0.08, -0.09)], and conducting “Cyber Operations”
[0.31 (+0.11, -0.11)]. These deviations show two different
strategic preferences of the two models that can lead to
different outcomes in simulated conflict scenarios. In direct
comparison, the simulations with GPT-3.5 tends to produce
more violent actions than GPT-4.

4.3 Testing Instruction Following of LLMs
To test how well the LLM-simulations follow briefing
instructions, we omit the priorities given to the players at the
start of the wargame. Specifically, the players were instructed
to follow three priorities from the President (in order of
importance): Protect lives of US service members, minimize
damage to the carrier strike group, and avoid escalating crisis
with China. When adding these priorities in the briefing
given to the LLMs, the simulations with GPT-3.5 lead to an
increased frequency for the actions “Fire at Chinese Vessels”
[0.17 (+0.11, -0.10)], using the AI-weapon fully automated
[0.14 (+0.10, -0.10)] or for automated targeting [0.17 (+0.14,
-0.14)], while decreasing the frequency of not using the
AI-weapon [0.16 (+0.14, -0.14)]. In comparison, simulations
with GPT-4 only lead to decreased frequencies for the actions
“Hold Fire Unless Fired Upon” [-0.24 (+0.11, -0.11)] and
“Hold Fire Without Approval of the President” [-0.24 (+0.11,
-0.11)] without increasing the frequency of other actions.
This result implies that both LLM-simulations follow the
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Figure 3: Comparing to Human Players: Total causal effect on the average difference in selected action counts (frequency)
between each LLM and human players across treatments. For both moves, the LLM-simulated players favor some specific
actions over human players while also showing different tendencies between the LLMs. We only show a subset of all possible
actions (Seven in move one and 14 in move two).

instructions, although with different strategic responses and
intensities. In particular the increase in frequency of GPT-3.5
simulations to chose the action “Fire at Chinese Vessels”
demonstrates a dangerous tendency to turn a stand-off
situation into a hot conflict and how LLMs can have different
responses to strategic instructions. For move two, there is no
statistically significant difference for both LLMs.

4.4 Quality of LLM-Simulated Dialog
While the general response vectors follow similar distribu-
tions for human and LLM-simulated players, see Fig. 2, we
find qualitative differences in how player conversations reach
responses. Contrary to discussions between human players,
the simulated players exclusively give short statements
and rarely disagree with each other. They usually state a
preferred option and argue in favor and against it without
connection to the previous statements beyond agreement. An
exception to that observation is the rules of engagement for
the AI weapon, where simulated players briefly consider the
system’s accuracy. This farcical harmony and the simulation
results remain the same even when emphasized in the LLM
prompts that players must discuss to reach an agreement,
highlighting a crucial behavior difference between LLM
simulations and human players. Comparing GPT-3.5 and
GPT-4, the quality of discussions improves when using
GPT-4. Samples of the discussions are shown in (Lamparth
et al. 2024).

Also, emphasising the fact that the simulated human
players are merely role playing as military decision-makers

in the instructions given to the LLMs did not affect the
results in Fig. 2, Tab. 1, and Fig. 3 within their statistical
uncertainties.

4.5 Impact of Length of Simulated Dialog
To probe whether the LLMs generate the simulated dialog
to match a pre-determined behavior, i.e., quasi-post-hoc
reasoning, we varied the length of simulated dialog (in
chunks of about 350 words) and observed that the LLM
simulations are sensitive to the amount of simulated dialogue
between the players. We find that not simulating dialog,
i.e., prompting the model to directly state the response a
given player team would make for that move in the wargame,
differs from instructing the model to simulate dialog between
players. We quantify this by measuring the aggressiveness
of responses by counting the number of aggressive actions
and subtracting the number of de-escalatory actions.
The classification of the actions is stated in appendix A.
Using this metric, we plot the aggressiveness of the LLM
simulations vs. the number of simulated dialogue rounds
and compare it to the human players, see Fig. 4. Simulating
dialog leads to more aggressive choices and more closely
represents the aggressiveness of human player responses for
all tested LLM simulation variations.

Contrary to aggressiveness, simulating the dialog between
players leads to more chosen actions in total and away
from the average number of actions chosen by human
players, see Fig. 4. When looking at the total effect on the
counts of individual actions, we see that passive actions
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Figure 4: Aggressiveness and average number of chosen actions for both wargame moves for the LLMs against the length of
simulated dialog between players across treatments. Human values are plotted for reference. Simulating the dialog between
players with the LLM leads to more human-like responses in terms of aggressiveness, but also a deviation from human-behavior
with an increase in the average number of chosen actions.

(e.g., in move one, “Hold Fire At All Costs”, “Hold Fire
Without Approval of the President” and not using the
AI weapon at all) are less likely with longer simulated
dialog for both models. Both results imply that there is
no apparent post-hoc reasoning. However, these results
emphasize that behavioral differences in LLMs can have
seemingly arcane causes, unlike in humans. Based on these
results, we chose a simulated dialog length of three di-
alog chunks for final comparisons in Fig. 2 and 3, and Table 1.

4.6 Accounting for Player Characteristics and
Backgrounds

We also study the sensitivity of the LLM simulation to ac-
count for player backgrounds, e.g., professional background,
gender, or age - crucial variables for the behavioral study
component of wargame simulations conducted with human
participants. We find no statistically significant difference
between LLM simulations with different distributions of
player backgrounds for all actions and for both LLMs.
To probe the extent of this robustness, we run additional
experiments describing all simulated players on a team as
either “strict pacifists” or “aggressive sociopaths” in the
description given to the LLMs. We observe no statistically
significant difference in both moves for both models. We con-
clude that the tested LLMs are inadequate at accounting for
player backgrounds when simulating teams of human players.

p(agg2|agg1) p(agg2|des1)

Human Experiments 0.905+0.095
−0.143 0.667+0.190

−0.190

GPT-3.5 Experiments 0.975+0.025
−0.037 0.850+0.075

−0.088

GPT-4 Experiments 0.987+0.013
−0.025 0.734+0.101

−0.101

Table 2: Conditional probabilities of aggressive actions in
move two, given aggressive or de-escalatory actions in move
one across all treatments. Aggressive actions are denoted
as ”agg” and de-escalatory actions as ”des”. De-escalatory
behavior in move one makes aggressive behavior less likely
in move two for all tested player teams, but the decrease in
likelihood is largest for GPT-4 and human players.

4.7 Behavioral Consistency between Moves

In wargames, human participants generally tend to behave
consistently throughout the simulation. For example, we
would expect a team of human players that is more hawkish
to also be more likely to choose aggressive options across
both moves of the wargame simulation. Reusing the
classification of possible actions into aggressive ”agg” and
de-escalatory ”des” (see appendix A for the definition), we
can calculate the conditional probability p to be aggressive in
move two given aggressive or de-escalatory actions in move
one p(agg2|agg1) and p(agg2|des1) across all treatments,
respectively.
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In doing so, we can compare the human and LLM-
simulated player teams, see Tab. 2. For all three player teams,
we see that aggressive or de-escalatory behavior in move
one makes aggressive behavior more or less likely in move
two, indicating generally consistent behavior. However, they
significantly differ in how less likely aggressive behavior is
in move two given de-escalatory behavior in move one. The
difference between p(agg2|agg1) and p(agg2|des1) is signifi-
cantly larger for GPT-4 compared to GPT-3.5. We observe a
trend that simulations with GPT-4 are closer to human expert
behavior, hinting at a greater similarity compared to GPT-3.5.

5 Discussions
We identified a significant overlap in general behavior
between human players and those simulated by LLMs when
weighting all actions equally. However, we found notable
differences in the strategic preferences between humans
and the tested LLMs. The LLM simulations demonstrated
sensitivity to command instructions or simulating the dialog,
no sensitivity to player background attributes, and engaged
in farcical discussions among players. These results offer
a unique comparison between expert humans and LLMs
that complements recent work, which shows that, if left to
their own devices and when acting independently, LLMs can
lead to arms-race dynamics and show escalatory tendencies
(Rivera et al. 2024).

The amount of observed farcical player discussions should
be reduced with future, more capable LLMs. Also, it is still
unclear whether tasking the LLMs to simulate a player team,
a combination of characters, or to role-play as individuals
with a more nuanced view would yield better results for
similar experiments (Shanahan, McDonell, and Reynolds
2023). Specifically, fine-tuning LLMs for each simulated
player could reduce the invariance to player background
attributes, although at an exponential increase in computing
requirements. It is questionable whether this fine-tuning
approach will resolve the unpredictable strategic preferences
of the simulation studies. The strategic reasoning results with
LLMs using fine-tuning in (Gandhi, Sadigh, and Goodman
2023) indicate that this specific inadequacy could be reduced
when individually simulating players with one LLM.

Alternatively, fine-tuning LLMs with classified military
or strategic reasoning data will not address the observed
differences between human players and simulations. Fine-
tuning shifts the likelihood of strategic preferences but does
not lead to guaranteed behavior. The observed sensitivity or
invariance to changes in the LLM instructions is a result in
themselves. The original LLM training data influences the
strategic preferences and dependence on dialog simulation
and the fine-tuning to follow human instructions and produce
outputs more aligned with human preferences (Ouyang et al.
2022; Casper et al. 2023).

Given how we currently train LLMs, the issues high-
lighted by these results will remain relevant. It is currently
impossible to make safety or behavioral guarantees for state-
of-the-art LLMs. They acquire knowledge not by learning

concepts directly but through linguistic stimuli to mimic
human language usage. Parameterizing abstract objectives,
such as human preferences or ethical rules of engagement,
for model training is challenging and an ongoing research
question (Bai et al. 2022; Rafailov et al. 2023). Mathemat-
ical approaches that formally verify AI system behavior
post-training do not scale to state-of-the-art LLMs and are re-
stricted to smaller, task-specific AI systems (Brix et al. 2023).

Because of LLMs’ general ability to approximate human
decision-making at unprecedent scale and speed, states will
be incentivized to use LLMs in war planning, crisis decision-
making, and potentially as part of operational warfighting.
LLMs also decrease the high cost and long intervals of
wargames run by humans and allow iterations at an otherwise
impossible scale. States could test a broader set of deterrence
approaches, scenarios, and ways to avoid inadvertent escala-
tion, positively affecting international security. While there
are crucial differences between human and LLM behavior
in wargames, the question of which might lead to fewer
errors and moral accountability remains. For example, LLMs
could be used to enhance forecasting and prediction capabil-
ities of humans (Halawi et al. 2024; Schoenegger et al. 2024).

Nonetheless, our research demonstrates the limitations and
variability of LLMs–design choices, parameter specification,
and applications can significantly affect the outcomes
generated by LLMs. We must carefully understand and
minimize the biases and their causes in the models, as they
can deviate significantly from human decision-making under
seemingly arcane conditions. Without rigorous testing,
detailed deployment criteria, and new technical approaches
enabling behavioral guarantees, decision-makers should be
cautious about using LLMs as direct substitutes for human
recommendations.

A Aggressiveness Measure
In Fig. 4, we plot the aggressiveness of responses for human
and LLM-simulated players. For the quantitative measure, we
count the number of aggressive actions and subtract the num-
ber of de-escalatory actions, normed by all actions. We clas-
sify the actions as aggressive [agg] or de-escalatory [des],
as indicated. The classification is subjective and the choices
must be considered for absolute evaluations, however, we
only compare between human and different LLM-simulated
players relatively.

Wargame Move One
[agg] (a) Fire at Chinese vessels within close proximity
of CSG with any weapon mission commander deems
appropriate
[des] (b) Hold fire unless fired upon
[des] (c) Hold fire without approval from President
[agg] (d) Place automated defenses on auto-fire. AI decides
target/AI decides firing.
[agg] (e) Place automated defenses on manual firing control.
AI decides target/human decides firing.
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[agg] (f) Human decides target/human decides firing
[des] (g) Hold fire at all costs

Wargame Move Two

[agg] (a) Military Action
[agg] (a1) Preserve Status Quo/Deter
[agg] (a2) Invade/Attack
[agg] (a3) Defend
[agg] (b) Activate Civilian Reserve/Draft
[agg] (c) Surge Domestic Defense Production
[des] (d) Diplomacy
[agg] (e) Economic Punishment
[des] (f) Economic Incentives
[agg] (g) Clandestine/Special Operations
[agg] (h) Information Operations
[agg] (i) Conduct Foreign Intelligence
[agg] (j) Conduct Domestic Intelligence
[agg] (k) Cyber Operations

Ethical Statement

Our research scrutinizes the tendencies of LLM-simulated
players in wargames compared to human experts and
highlights crucial behavioral differences that discourage
the application of LLMs for military decision-making.
Nevertheless, our work still highlights the application
of LLMs in military contexts, and some actors might be
incentivized to study them further. Our work calls for debate
and policy standards to ensure responsible uses of the
technology by all actors. While our study uses a conflict
simulation between the United States and the People’s
Republic of China, as motivated by real-world applications
(e.g. Manson 2023; Dou, Tiku, and Vynck 2024), we do not
endorse any real-world conflict between these countries and
deeply value peace and mutual respect among all nations and
peoples.

The authors of this paper represent different professional
backgrounds and academic research fields, nationalities, and
gender orientations which enriched our studies, reinforce
the ethical depth of our research, and reduce the amount of
background-specific biases.
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