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Abstract

Humans are able to predict each other’s actions
by reasoning about the others’ underlying goals,
preferences, and motives, such as greed and
risk-aversion. Game theory provides a frame-
work for studying human behaviors through
incentivized games that simulate social situa-
tions. We utilized two validated games from
the cognitive science literature—the Social Pre-
diction Game (SPG) and the Inspection Game
(IG)—to systematically study how well recent
open- and closed-source LLMs predict player
actions and whether they can leverage and gen-
eralize the players’ motives learned from the
iterated games. Our results indicate that state-
of-the-art LLMs can achieve accuracy close to
human levels in predicting players’ actions with
underlying human motives in SPGs. However,
unlike humans, who rely on reasoning about
players’ motives to inform their predictions,
LLMs failed to recognize statistical patterns in
players’ actions. As a result, LLM prediction
accuracy did not improve over multiple rounds.
Our results in the IG further demonstrate that,
unlike humans, LLMs were unable to recognize
a player’s underlying motives and to generalize
their understanding of the same player to a new
context. This suggests that LLMs may lack rea-
soning capabilities. Our findings offer insights
into differences in human and LLM reasoning
mechanisms, suggesting that further research
into human-AlI alignment is needed before uti-
lizing LLMs for human behavior modeling and
simulation in this and related contexts.

1 Introduction

People naturally infer others’ mental models and
predict their future actions in social and strategic
situations (Thornton et al., 2019). Modeling how
humans create mental models of others is a long-
standing research area in cognitive science and Al
(Tenenbaum et al., 2011). Past work has utilized
game theory to hypothesize the mechanisms hu-
mans use to infer others’ underlying preferences

and motives from past gameplay and to success-
fully predict future gameplay actions of others (van
Baar et al., 2022). As Al models such as large
language models (LLMs) continue to improve in
natural language understanding and social reason-
ing, the Al community has been increasingly in-
terested in studying and comparing LLM and hu-
man behavior in games (Fontana et al., 2024; Fan
et al., 2024; Xie et al., 2024). Past works have in-
vestigated LLM behavior in games, however there
has not been much research into how well LLMs
predict human actions in the context of strategic
decision-making.

To predict future actions of others, one general-
izes from past actions and interactions. Each inter-
action, however, may bring new information that
requires adaptation (Tenenbaum, 1998). Studies
in cognitive science have shown that people ap-
proach this generalization vs. adaptation dilemma
by inferring the opponent’s latent motives, such
as greed and risk-aversion, that generalize across
different interaction game settings and drive the
opponent’s decision making process (Poncela-
Casasnovas et al., 2016).

To study how well LLMs can predict strategic hu-
man actions, we leveraged an experimental frame-
work from the cognitive science literature, known
as the Social Prediction Game (SPG). Introduced
by van Baar et al. (2022), this framework has been
used to study how people predict others’ future
actions in strategic settings. Our findings indicate
that LLMs display similar limitations in predicting
motives as humans do. However, LLMs failed to
model strategic decision making processes based
on past actions, unlike humans.

Furthermore, to investigate the generalizability
of an LLM’s “mental model" of human motives,
we leveraged another existing game framework,
the Inspection Game (IG) (Avenhaus et al., 2002).
Following the experimental setup introduced by
van Baar et al. (2022), the IG was used to study the
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ability to generalize a mental model of a player’s
behavior in a new context. Despite having similar
accuracy to humans in SPGs, we found that LLMs
were not able to generalize underlying models of
motives in the IG, indicating that LLMs may not
be inferring information about latent motives of the
player.

In summary, we investigated the following re-
search questions:

RQ 1: Can LLMs predict actions of a simulated
opponent in a strategic decision game?

RQ 2: Can LLMs generalize learned latent motives
of a simulated opponent to new contexts?

To answer these questions, we compared re-
cent closed-source and open-source LLMs with
different model architectures, training techniques,
and model sizes. We additionally contribute LLM
prompting techniques for SPG and IG, and release
our codebase with simulation code, data, and eval-
uation, for SPG and IG .

2 Background

We utilized two rigorous experimental frameworks
from the work by van Baar et al. (2022) which stud-
ied human learning mechanisms used to predict the
actions of simulated players in economic games.
The Social Prediction Game (SPG) framework con-
sists of four canonical economic games (Prisoner’s
Dilemma, Stag Hunt, Harmony Game, and Snow-
drift Game) used to study human players’ ability
to predict actions of a simulated opponent. The
Inspection Game (IG) framework (Avenhaus et al.,
2002) focuses on applications related to surveil-
lance under resource-constrained contexts, to study
generalization of learned motives from SPGs to
new contexts.

2.1 Social Prediction Games (SPGs)

SPGs consists of 16 rounds of a single-shot game
with two players: Player A and an Opponent. In
each round, the players choose one of two actions:
COOPERATE or DEFECT. Player A’s choices are mod-
eled using a particular set of predefined rule-based
motives based on human data (Poncela-Casasnovas
et al., 2016) and artificial motives not observed in
human data. Further information of these motives
is found in the next section. The Opponent’s ac-
tion is randomly selected from the two available
options and is not the focus of the game. The LLM

1https://github.com/interaction—lab/
social-decision-modeling

serves as an observer of the game and is prompted
to predict Player A’s action for each round based
on the previous round. Player A’s behavior is not
dependent on the Opponent’s actions, but is based
on its own underlying rule-based motive.
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Figure 1: Definition of SPG (left) and the game space
(right). On the left, we see the definition of one round
of SPG, which is a single-shot game between the Player
A of interest, and a random Opponent. The matrix
illustrates the points assigned to the players based on
the four different action combinations. On the right are
the different point values of S and 7', which yield four
distinct games with different action incentives.

In each round of an SPG, one of the four classic
economic games is randomly selected. Player A is
presented with the set of payoffs for all combina-
tions of possible actions in that game, in text format
(Figure 1). An example of the prompt can be found
in the Appendix. Player A’s decision for that partic-
ular set of payoffs is predetermined based on their
motive for that particular SPG and can be visual-
ized by the matrix in Figure 2. The four SPG games
are characterized by the relationship between the
reward (R) for both players cooperating, penalty
(P) for both players defecting, points for the co-
operating player (S), and points for the defecting
player (T'). Each game induces different trade-offs
between cooperation and competition. Following
the work of van Baar et al. (2022), we set R = 10,
and P = 5.

2.2 Motives

In each round of an SPG, the goal of the LLM
is to predict the action of the simulated Player A.
The motive selected for Player A is grounded in
cognitive science research of human behavior in
economic games. Human choice data show that
when playing economic games, people tend to fol-
low distinct behaviors that optimize for specific un-
derlying motives (Poncela-Casasnovas et al., 2016).
Therefore, following van Baar et al. (2022), we
simulated four motives for Player A: greedy, risk-
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averse, inverse greedy, and inverse risk-averse. As
shown in Figure 2, the motives are defined for each
of the four economic games, making Player A’s
actions deterministic based on the chosen motive
for a given SPG.

Greedy Risk-Averse

COOPERATE DEFECT COOPERATE | COOPERATE

COOPERATE DEFECT DEFECT DEFECT

Human Motives

Inverse Greedy Inverse Risk-Averse

10 10

DEFECT COOPERATE DEFECT DEFECT

DEFECT COOPERATE COOPERATE COOPERATE

Artificial Motives

Figure 2: Definitions of human (top) and artificial (bot-
tom) player motives, respectively, based on actions for
the four economic games in SPG (see game space ma-
trix on the right in Figure 1): Harmony Game (upper
left), Snowdrift Game (upper right), Stag Hunt (lower
left), and Prisoner’s Dilemma (lower right). Blue cells
denote that the player chooses to COOPERATE in that par-
ticular game, and red cells denote when they choose to
DEFECT. T and S are variables with four different point
assignments that define the different games, as shown
on the x and y axes of the matrices.

Poncela-Casasnovas et al. (2016) found that hu-
mans can exhibit behaviors associated with greedy
and risk-averse motives in economic games. We
refer to these as “human motives". Inverse greedy
and inverse risk-averse are the inverses of those
two human motives and are not found in human
behavior data, so we refer to them as “artificial mo-
tives". They are included to add complexity to the
social prediction task and for comparison.

2.3 The Inspection Game (IG)

van Baar et al. (2022) investigated how people learn
the latent motive of Player A in SPGs by assess-
ing if people can generalize the player’s motive to
a new context: the Inspection Game (IG). They
found that, as the accuracy of people in SPG in-
creased, so did the generalization of the motive to
the IG. In this work, we utilized the IG to test if the

LLM is learning the underlying human motive in
the SPG and can generalize to a new context.

In the experimental setup for the IG, the LLM
first completes an SPG (for a participant with ei-
ther latent greedy or risk-averse motive) where the
LLM predicts Player A’s actions. Then, the LLM
plays the IG with Player A. To compare the gen-
eralization of risk-averse and greedy motives, the
LLM then completes an SPG for the other motive
with a new player, Player B, and completes the IG
with Player B.

Employer
(LLM)
NOT INSPECT  INSPECT
Qo - $40 $25,,.
- ¢ 9
2| $15 $15
Employee
(Player From
<PG) 5 5 $15,
x $5
5 | $30 $0

Inspection Game
(1 round)

Figure 3: Definition of the IG. The LLM plays the
Employer, choosing to INSPECT or NOT INSPECT the
Employee (the player from the SPG played before the
IG). The player is either risk-averse and always chooses
WORK, or greedy and always chooses SHIRK. The goal is
to see if the LLM chooses to inspect according to the
underlying motive of the Employee learned during the
SPG. Following a staircase design, the cost to inspect
increases and decreases by $5 depending on whether the
LLM chooses INSPECT (reward to inspect decreases) or
NOT INSPECT (reward to inspect increases) to identify
the point of indifference (i.e., find the threshold at which
the Employer (LLM) is willing to pay to inspect).

LLM plays the IG against the player for whom
the LLM was predicting actions in the previous
SPG (Figure 3). The LLM is the Employer while
the participant is the Employee. The Employee can
either choose WORK or SHIRK, while the Employer
(LLM) can choose INSPECT or NOT INSPECT. As
seen in the payoff matrix (values are dollars) in
Figure 3, the reward is greater for the Employee if
the Employee chooses to shirk and the Employer
chooses For the Employer, it is costly to inspect,
and therefore there is only a benefit if inspecting
catches the Employee shirking. A greedy Em-
ployee tries to maximize the maximum payoff, al-
ways choosing to shirk. Conversely, a risk-averse
Employee tries to maximize the minimum payoff,
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always choosing to work.

The IG, like SPGs, is also a one-shot game
where, based on a payoff matrix, the two players
choose an action simultaneously. In the LLM ver-
sion, if the LLM inferred the latent motive in the
SPG, then it should choose to inspect more often
for a greedy Employee, and not inspect as often for
the risk-averse Employee. There are 16 rounds of
the IG, with no feedback after each round of what
the Employee chose. For each round, the cost to
inspect for the Employer increases by $5 if the Em-
ployer chose to inspect, and decreased by $5 if the
Employer chose not to inspect, in order to find the
threshold at which the Employer is willing to pay
to inspect (i.e., a staircase procedure used by van
Baar et al. (2022)). This provides an estimate of the
strength in the belief of the underlying motive; i.e.,
willing to pay a higher amount to inspect means
the Employer (LLM) is more confident that the
Employee is greedy and thus shirking. The LLM
is also asked directly to output the probability that
the Employee is working based on the interactions
observed in the SPG.

3 Methodology

To answer the two research questions, we evaluated
multiple recent open- and closed- source LLMs on
SPGs (RQ 1) and the IG (RQ 2). We followed
the evaluation methods used by van Baar et al.
(2022). For SPGs, we compared LLM accuracy
in predicting players with human and artificial mo-
tives. For the IG, we compared the probabilities
that the player is working provided by the LLM
for risk-averse and greedy players. As was done
by van Baar et al. (2022), the amount of money
that the LLM was willing to pay to inspect the Em-
ployee was calculated by averaging the cost for
inspection in the last 5 rounds of the IG (i.e., deter-
mining the indifference point). We compared LLM
performance with human -performance data from
van Baar et al. (2022). Additionally, as a baseline
for both human and LLLM behavior on SPGs, we
trained a purely statistical machine learning model,
a random forest classifier, on SPGs by represent-
ing SPGs as a binary classification problems. The
16-round set up was recreated by training the clas-
sifier on the 1, 2, ..., ith round of data to predict the
label for the ¢+ 1th round. When comparing differ-
ences in outcome measures between two motives
for a particular LLM, we used either the two-tailed
paired-samples t-test if the data were normally dis-

tributed, or Wilcoxon signed-rank test if the data
were not normally distributed. For all models in
this work, we ran 34 repetitions of SPGs and the
IG (with a random seed of 27) to achieve sufficient
statistical power and determine a medium effect
size. When checking for monotonicity of accuracy
over rounds in SPGs, we used the Mann-Kendall
Test, a nonparametric monotonic trend test for se-
quential data. We additionally investigated model
confidence and used Mann-Kendall Test to test pos-
itive monotonicity of model confidence, as well as
Pearson correlation and Spearman’s rank correla-
tion coefficient to evaluate the relationship between
accuracy and model confidence.

3.1 Large Language Models (LLMs) Tested

We tested several recent open- and closed- source
models, following recent LLM evaluation work re-
lated to game theory (Xie et al., 2024; Fan et al.,
2024; Fontana et al., 2024), as well as more recently
released models. We conducted experiments with
current state-of-the-art proprietary models from
Anthropic (Claude Sonnet 4.5 (Anthropic, 2025)),
Google (Gemini 2.5 (Comanici et al., 2025)), and
OpenAl (GPT 4o (Hurst et al., 2024) and GPT-4.1
(Achiam et al., 2023)). For comparison, we also
tested two smaller, open-source models from Meta:
Llama 3.3 70B and Llama 4 Maverick 17B with
128 experts (Meta, 2025a,b). These models were
selected to represent LLMs with a variety of model
architectures (e.g. mixture of experts). We also
selected a variety of model sizes, ranging from 17
billion to 70 billion parameters (and possibly up to
trillions of parameters for the proprietary models).
Input context window sizes varied from 8,192 to-
kens to one million tokens. Since the IG requires
a longer context length than SPGs, we only used
a subset of the models for the IG with a sufficient
maximum context length window size. The open-
source models were accessed via the cloud service
inference provider Groq (Groq, 2025). We used a
temperature of 0 for all LLMs to test classification
capabilities.

3.2 Prompts Used

We added system-level prompts for the rules in the
SPGs and the IG, and user-level prompts for the
round-level information. The full prompts used can
be found in Appendix B.

We used a text completion style prompt. Occa-
sionally, models produced additional text; outputs
were manually screened by the authors (to account
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for reasoning) and reformatted to the preset predic-
tion labels: COOPERATE/DEFECT and INSPECT/NOT
INSPECT.

For the SPG prompt, to align with the human sub-
jects study conducted by van Baar et al. (2022), we
incorporated the LLM’s guess and the ground truth
(i.e., the player’s actual choice) for past rounds into
the context in the prompt. We conducted system-
atic experiments with a subset of LLMs to study
the effect of different forms of feedback: (a) in-
cluding only the ground truth, (b) including only
the LLM’s past guess, and (c) including both the
ground truth and the LLM’s past guesses (reported
in Section 4). These experiments and analyses can
be found in Appendix C.

4 RQ 1: Can LLMs Predict Actions of a
Simulated Player in a Strategic
Decision Game?

In this research question, we contrasted LLLM accu-
racy to human accuracy on SPGs, and investigated
whether LLLM accuracy on SPGs improves as the
rounds progressed.

4.1 Difference Between Predicting Actions for
Human and Artificial Motives

There was a significant gap in accuracy (two-tailed
paired-samples t-test ¢(149) = 22.0,p < 0.001
(van Baar et al., 2022)) for SPGs between pre-
dicting actions for players with human motives
(72%) vs. players with artificial motives (47%). As
van Baar et al. (2022) also noted, people appear
to predict players’ actions by inferring their ratio-
nal strategic motives (i.e., human motives). When
players are modeled with counter-intuitive or ir-
rational motives (i.e., artificial motives), humans
struggle to reason about their intentions, and their
accuracy tended to be close to chance. A purely
statistical learning approach using a random forest
classifier, however, showed no significant differ-
ence (W = 307.5, p = 0.34) in mean accuracy be-
tween artificial and human motives and predicted
both with high accuracy. This was expected since
the SPG motives are essentially step functions that
can be modeled by a statistical machine learning
model (Figure 2).

We found that all closed-source models had
higher accuracies for SPGs with human mo-
tives than for SPGs with artificial motives, sim-
ilar to human results, with a statistically sig-
nificant difference between average accuracy

for human motives and artificial motives (GPT
4.1: two-tailed paired-samples t-test ¢(33) =
15.77,p < 0.001,Cohen’sd = 3.21; GPT
40: two-tailed paired-samples t-test ¢(33) =
30.94,p < .001,Cohen’sd = 7.18; Claude Son-
net 4.5: Wilcoxon signed-rank test W = 0.0,p <
0.001; Gemini 2.5 Flash: Wilcoxon signed-rank
test W = 0.0,p < 0.001), indicating that these
LLMs were able to better predict the actions of
players with human motives than those with arti-
ficial motives in an SPG. Note that the gap, com-
pared to humans, is much larger for GPT 40 and
Gemini 2.5 Flash, with the average accuracy for
artificial motives being significantly lower than for
human motives. This is interesting, as these LLMs
have demonstrated similar accuracy to humans on
SPGs with human motives, but much lower accu-
racy than humans on artificial motives, suggesting
that the models may be overfitting to human mo-
tives. This could be the reason behind the much
lower accuracy for SPGs with players with arti-
ficial motives. Although GPT 40 outperformed
the newer GPT 4.1 on human motives, GPT 4.1
showed a smaller gap in accuracy between players
with human and artificial motives, indicating that
the newer GPT models may be slightly better at
detecting patterns rather than overfitting on human
motives from training data. GPT 4.1 also has a
very similar gap in accuracy between human and
artificial motives as in the human study, indicating
higher alignment with humans.

The open-source Llama models we tested
demonstrated a similar gap in accuracy between
human and artificial motives as humans; Llama 3.3
(two-tailed paired-samples t-test (4) = 25.87,p <
0.001,Cohen’sd = 5.58), Llama 4 Maverick
(t(4) = 20.11,p < .001,Cohen’sd = 5.44)
showed significant differences in accuracy between
human and artificial motives. The newer of the
two Llama models, Llama 4 Maverick, performed
slightly better than Llama 3.3.

Insight: LLMs we tested perform similarly to
humans on SPG, predicting actions of players
with human motives with higher accuracy than

those with artificial motives.

Humans predict the actions of players with hu-
man motives with higher accuracy compared to the
actions of players with artificial motives. LLMs
appear to mirror this behavior in SPGs. This pref-
erence for human motives impairs the ability of
both humans and LLMs to infer artificial motives,
implemented in this context as a step function. Sta-
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Model Family Model n Human Artificial Difference
Mean (Std) 95% CI1 Mean (Std) 95% CI | Human-Artificial |
Statistical Random Forest 5/ ¢5 57 (570)  [84.22,86.93] 8640 (4.28) [85.38, 87.42] 0.83
Classifier

Human
(van Baar et al. 2022) 150 71.62(10.54) [69.93,73.31] 46.55(12.42) [44.56,48.54] 25.07
GPT GPT 4.1 34 67.19(747) [6542,6897] 42.92(7.44) [41.15,44.69] 2427
GPT 40 34 73.81(5.97) [71.80,75.82] 33.0(521) [31.25,34.75] 40.81
Claude Claude Sonnet 4.5 34  71.97 (7.89) [69.32,74.62] 39.15(5.93) [37.16,41.14] 32.82
Gemini Gemini 2.5 Flash 34  75.46 (5.31) [73.68,77.25] 27.11 (447) [25.61,28.61] 48.35
Llama Llama 33 70B 34  66.82(7.39) [64.34,69.30] 30.97 (5.05) [29.27, 32.67] 35.85
Llama 4 Maverick 34  67.0(6.91)  [64.68,69.32] 31.53(5.89) [29.55,33.51] 3547

Table 1: Accuracy results (%) of open- and closed-source LLMs compared to human and statistical baselines on
SPGs. Both humans and most LLMs perform higher on SPGs for players with human motives compared to players

with artificial motives.

tistical models, such as random forest classifiers,
on the other hand, perform better on SPGs for both
players, and with both types of motives. This in-
sight may be useful to future development of LLMs
aiming to model human behavior.

4.2 Temporal SPG Accuracy

We also investigated how accuracy may improve
as SPG rounds progress. Humans are good at
learning patterns, and more chances to interact and
observe usually improve prediction (Tenenbaum,
1998). We explored if LLMs demonstrate this abil-
ity as well, by calculating accuracy at every round
of a 16-round SPG.

Figure 4 plots the temporal accuracy for LLMs
from each model family with the highest average
accuracy on SPGs for human motives. The sta-
tistical and human baselines follow a significant
increasing trend as the rounds progress, demon-
strating that average accuracy improves as more
examples of past player actions are shown for an
SPG for both human (human: 7 = 0.59,2 =
3.15,p = 0.002, random forest: 7 = 0.89, 7 =
4.80,p < 0.001) and artificial motives (human:
T = 0.63,Z = 3.34,p = 0.001, random for-
estt 7 = 0.76,Z = 4.10,p < 0.001). How-
ever, most LLMs do not follow an increasing
trend in accuracy for SPGs for human (GPT 4.1:
T =037 = 159,p = 0.11, GPT 40: 7 =
0.03, Z = 0.09, p = 0.93, Claude Sonnet 4.5: 7 =
0.2, 7 = 1.04,p = 0.30, Gemini 2.5 Flash: 7 =
—0.15,Z = —0.77,p = 0.44, Llama 4 Maverick:
T=-0.17,7Z = —0.86,p = 0.39) nor for artifi-
cial motives (GPT 4.1: 7 = 0.33,Z = 1.74,p =
0.08, GPT 40: 7 = —0.11, Z = —0.54,p = 0.59,
Gemini 2.5 Flash: 7 = 0.04, Z = 0.18, p = 0.86,
Llama 3.3: 7 = 0.20833,7Z = 1.12,p = 0.26,
Llama 4 Maverick: 7 = 0.22,7 = 1.14,p =

0.25). Only two LLMs do show significant trends:
Claude Sonnet 4.5 shows a significant increas-
ing trend in accuracy for artificial motives (7 =
04,7 = 2.13,p = 0.03). Conversely, Llama 3.3
shows a significant decreasing trend in accuracy
for human motives (7 = —0.46, Z = —2.44,p =
0.01).

Insight: The majority of LLMs we tested did

not improve in accuracy in the Social Prediction

Game with more observations of the Player’s ac-
tions, indicating a lack of reasoning capabilities.

4.3 SPG Confidence

Finally, we analyzed model confidence with re-
spect to SPG accuracy and the number of rounds
observed in SPG (Table 2). van Baar et al. (2022)
had participants predict the action they thought
Player A would choose, and rate their confidence
in that prediction on a scale of 0-100%. LLMs pre-
dict a probability distribution over the model token
vocabulary, and with greedy decoding, the model
output is the token(s) with the highest probability.
This probability can be interpreted as the model’s
confidence in its output. Model confidence cali-
bration is a highly explored area of research, with
the focus on assessing models beyond accuracy
and evaluating whether correct predictions have a
higher confidence than incorrect predictions (Liu
et al., 2025). We tested whether this was the case
for human and LLM results by testing accuracy
versus confidence. We saw for human motives,
people’s confidence increased with accuracy, but
not for artificial motives. GPT 4o yielded similar
results with humans for artificial motives, but none
of the LLMs had similar results for human motives.

We then tested whether confidence increased
with the number of rounds observed. More obser-
vations reveal the underlying pattern (Tenenbaum,
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Average Accuracy per Round: Human Motives

Average Accuracy per Round: Artificial Motives
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GPT 4.1
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Claude Sonnet 4.5
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Figure 4: (a) Accuracy (averaged over all iterations) of the SPG for each round for players with human motives.
(b) Accuracy (averaged over all iterations) of the SPG for each round for players with artificial motives. For both
motives, the human (red) and statistical model (blue) accuracy followed a statistically significant increasing trend as

the rounds progressed.

1998) and so it is intuitive to expect higher confi-
dence as the rounds progress. People’s confidence
increased with rounds for human motives, however
only Gemini 2.5 Flash followed these results. For
artificial motives, people’s confidence decreased
with rounds, and GPT 4o yielded similar results
with humans. Gemini yielded opposite results.
Interestingly, only the human results for the hu-
man motives consistently aligned with the expected
behavior for each experiment, suggesting that hu-
man motives are more intuitive to people. Based on
the human results, GPT 40 and Gemini 2.5 Flash
each had partial alignment with the human results.

5 RQ 2: Can LLMs Generalize Learned
Latent Motives of Simulated Player to
New Contexts?

We investigated LLM performance on the IG using
only models with sufficient context window size.
Risk-averse players always chose WORK in the IG,
while greedy players always chose SHIRK, and the
goal was to check if the model used what it ob-
served about the opponent player’s motive during
the SPG to strategically inspect or not inspect the
opponent (playing the Employee) in the IG. van
Baar et al. (2022) found that humans demonstrated
the capability to generalize the underlying motive
to the IG (with statistical significance), which im-
proved with higher accuracy on the SPG, indicating
that people are able to generalize a discovered un-
derlying motive to a new context. Table 3 shows

that only GPT 4.1 and Llama 4 Maverick were
able to correctly rank the risk-averse player as
more likely to work compared to the greedy player,
however the difference in rankings was not statisti-
cally significant (GPT 4.1: Wilcoxon signed-rank
test W = 214.0,p = 0.15; Llama 4 Maverick:
Wilcoxon signed-rank test W = 267.0,p = 0.61.
On the other hand, Claude Sonnet 4.5 predicted the
greedy player as being more likely to be working,
which yielded a significant Wilcoxen signed-rank
test (W = 49.0,p = 0.001). Although the rank-
ings align somewhat with the underlying motive of
the player, the amount of money was not reflective
of the underlying motive (LLMs should be will-
ing to pay more money to inspect greedy players
compared to risk-averse players), with no models
showing statistically significant differences in the
amount they were willing to pay to inspect risk-
averse versus greedy players (GPT 4.1: Wilcoxon
signed-rank test W = 13.5, p = 0.57; Claude Son-
net 4.5: Wilcoxon signed-rank test W = 13.5,p =
0.28; Llama 4 Maverick: Wilcoxon signed-rank
test W = 35.0,p = 0.77). GPT 4.1 showed
slightly higher willingness to pay for greedy play-
ers than risk-averse players; however, the differ-
ence was not statistically significant.

Insight: LLMs we tested were not able to gen-
eralize the discovered human motives to a new
context of the Inspection Game, indicating that
they did not discover the underlying motives in
the Social Prediction Game.

Our results show that the tested LLMs were not
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Confidence Increases w/ Accuracy?

Confidence Increases w/ Rounds?

Data Human Motive Artificial Motive Human Motive  Artificial Motive
Human
(van Baar et al., 2022) Yes No Yes No
GPT 40 N/A No No No
GPT 4.1 N/A N/A N/A N/A
Gemini 2.5 Flash N/A N/A Yes Yes
(2) (b)

Table 2: Model confidence analysis. (a) Results of Pearson correlation or Spearman’s rank correlation coefficient
correlation tests between confidence and accuracy. We report "Yes" if there is a significant (p < 0.05) positive
relationship between the two variables, "No" if there is a significant negative relationship, and "N/A" if there is not
enough evidence for any relationship. (b) Results of Mann-Kendall test of confidence over rounds in an SPG game.
If there is a significant (p < 0.05) positive trend, we report “Yes”, "No" if there is a significant negative trend, and
"N/A" if there is not enough evidence for any trend. For full individual motive results, refer to Appendix A.2.

Probability Player is Working (%) | Willingness to Pay to Inspect ($)
Model Avg. Prob. (Std) Avg. Amount (Std)
Greedy Risk-Averse Greedy Risk-Averse
Human
(van Baar et al., 2022) 41 (N/A) 55 (N/A) 20 (9) 15 (9)
GPT 4.1 42.79 (14.2) 47.35 (17.25) 5.94 (9.26) 5.74 (9.33)
Claude Sonnet 4.5 56.12 (3.63) 51.59 (4.69) 1.18 (4.76) 3.5 (6.87)
Llama 4 Maverick 53.82 (14.66) 52.21 (13.35) 4.74 (9.3) 5.71 (10.12)

Table 3: Results of three recent LLMs on IG compared to the human baseline results by van Baar et al. (2022). The
human results were averaged over 150 participants, the model results were averaged over 34 repetitions of IG.

able to generalize the underlying motive to new
contexts, which puts into question whether LLMs
can observe and, in turn, leverage the underlying
motive to perform well on SPGs. The increasingly
long LLM context history may be contributing to
the low generalization capabilities, with LLMs pos-
sibly forgetting past observed information.

6 Related Work

6.1 LLMs for Modeling Human Behavior

LLMs are increasingly being explored to model and
simulate human behavior across various contexts,
such as in sociological surveys or studies (Wang
et al., 2025; Kang et al., 2023; Kolluri et al., 2025),
social networks and multi-agent systems (Bougie
and Watanabe, 2025; Park et al., 2023), and deci-
sion making (Tak et al., 2026; Wu et al., 2025; Jia
et al., 2024). A growing body of research focuses
on measuring alignment between LLM outputs and
human behavior patterns, with particular attention
on the risks of oversimplifying or misrepresenting
the complexity of human decision-making (Abdu-
rahman et al., 2024).

Recent work has established various methodolo-

gies for evaluating how well LLMs capture hu-
man behavior patterns through direct comparison
frameworks. Nie et al. (2023) introduced MoCa, a
comprehensive framework for measuring human-
language model alignment on causal and moral
judgment tasks, revealing significant variations in
alignment quality across different moral scenar-
ios and demographic groups. Relative to MoCa,
which examined static moral judgment tasks, our
work focused on economic game action prediction
where LLMs must infer the underlying motive from
sequential game play to predict future opponent ac-
tions.

Abher et al. (2023) evaluated LLMs as proxies
for human participants in behavior studies, finding
some promising correlations but also systematic
biases, especially in risk assessment and emotional
decisions. Our work focused on LLMs’ ability
to model human strategic decision-making in vali-
dated games, predicting actions based on inferred
motives rather than replacing human participants.

6.2 LLMs in Game Theory

Game theory provides a mathematical framework
for modeling strategic interactions among ratio-
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nal agents. It can be used to study human behav-
ior in simplified, abstract scenarios known as eco-
nomic games. These games have played a central
role in behavioral economics and social science
research for decades, revealing behavioral patterns
in cooperation and competition (Sigmund, 2010;
Poncela-Casasnovas et al., 2016; Ledyard et al.,
1994). Recently, LLMs have opened new avenues
for investigating decision-making behavior.
Recent work has examined LLMs’ ability to
model other agents’ beliefs, goals, and decisions.
ToMBench tested theory of mind (ToM) capabili-
ties of LLMs via scenario-based questions, finding
that while models like GPT-4 handled basic false
beliefs and intentions, they struggled with second-
order reasoning and non-literal cues (Chen et al.,
2024). Fan et al. (2024) showed that LLMs often
deviated from Rational Choice Theory in games
like rock-paper-scissors, revealing issues with be-
lief updating and payoff optimization. TMGBench
further found that while LLMs performed well in
simple 2x2 games, they underperformed in tasks
requiring long-term planning or multi-agent coordi-
nation (Wang et al., 2024). Together, these studies
suggest LL.Ms show limited strategic reasoning.
These works primarily focused on LLM game-
playing capabilities, however there has not yet been
a systematic study of LLMs’ ability to infer hu-
man actions. Exploring these fundamental skills
for strategic decision-making is an important step
towards understanding LLMs’ capabilities and lim-
itations in real-world human behavior modeling.

7 Conclusion

We explored two research questions regarding how
LLMs compare to humans in determining underly-
ing motives in SPGs and the IG. We gained insights
into how LLMs appear to mimic human predic-
tion of actions of players with human motives with
higher accuracy compared to those of players with
artificial motives. Furthermore, our results demon-
strate that LLMs did not improve in accuracy as the
rounds in the SPG progressed, unlike humans and
a standard statistical model. Secondly, we found
that LLMs were not able to generalize the learned
motive in SPGs to a new context in the IG, unlike
humans. This work identifies differences in the
behavior of LLMs when modeling human behavior
in the context of game theory. Our insights high-
light the need for further research into human-Al
alignment.

8 Limitations

Our SPG and the IG prompting methods do not
employ mechanisms to verify whether models un-
derstand the game, unlike Fontana et al. (2025),
who assessed rule comprehension and data parsing
in an iterated Prisoner’s Dilemma.

A more direct way to check for generalization
capabilities of LLMs in the IG may be to prompt
the LLM directly to explain the underlying motive,
to check directly if the underlying motive was iden-
tified. Additionally, a more rigorous experimental
setup for checking generalization of LLMs in the
IG would provide the LLM with the underlying
motive of the player from SPG to check if the ac-
tions chosen in the IG align with the motive, and
compare to a setting where the underlying motive
is not provided.

The players in the SPG and IG were simu-
lated using motives from human data (Poncela-
Casasnovas et al., 2016), however human motives
are not always consistent and free from noise. A
more realistic simulation of human behavior or en-
gaging human players would provide more reliable
data.

9 Ethical Considerations

We are aware that running inference using multi-
billion parameter LL.Ms can be costly to the envi-
ronment. Our preliminary experiments show that
smaller 3-13 billion parameter open-source models
have a harder time responding in the correct format,
and so future work can look into improving smaller
models for these LLM evaluation studies.

Also, although LL.Ms may perform similarly to
humans (e.g., GPT 4.1), they should not be consid-
ered replacements for human subject studies. As
shown through our temporal analysis, LLMs may
not be reasoning in a similar way as people.
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A SPG Full Results
A.1 SPG Accuracy Full Results

We present individual motive results for accuracy
% value in Table 4. It is apparent for some LLMs
and additionally for people, that greedy motive has
a higher accuracy than risk-averse motive.

A.2 SPG Confidence Analysis Full Results

Tables 5 and 6 contain full results for the invidivid-
ual motives for the confidence-related experiments
from Table 2.

B Prompts

Figures 5 and 6 show the prompts input to the
LLMs for SPG and IG.

SPG LLM Prompt Snippet

# System prompt
<<SYS>>

Context: Player A is playing a multi-round game
against random opponents. At each turn Player A
and the opponent simultaneously perform one of the
following actions: [COOPERATE, DEFECT].

For each round, Player A will have a completely
new opponent. You will be predicting what action
A will choose in each round of this game. You will
see the history of actions A actually made. Output
must be one of the following actions: [COOPERATE,
DEFECT].

<</SYS>>

# Round-level prompt
In round 1, the payoffs for each combination of
chosen actions are the following:

If A plays DEFECT and opponent plays DEFECT, A
collects S points and opponent collects 5 points.

If A plays DEFECT and opponent plays COOPER-
ATE, A collects 8 points and opponent collects 3
points.

If A plays COOPERATE and opponent plays DE-
FECT, A collects 3 points and opponent collects 8
points.

If A plays COOPERATE and opponent plays
COOPERATE, A collects 10 points and opponent
collects 10 points.

You think A plays:

Figure 5: LLM prompt snippet for SPG. There is a
system-level prompt, as well as one round-level prompt
for the first round that describes the payoff matrix for
a particular round from one of the four game types
described in Figure 1.

C SPG Feedback Experiments

For a subset of LLMs, we run experiments with
three different feedback conditions for past rounds
in SPG: (a) including only ground truth, (b) includ-
ing only LLM past guesses, and (c) including both
ground truth and LLM past guesses. (c) is the feed-
back we use in the main work. Results are reported
in Table 7.

For GPT 4.1, we see that including only ground
truth (a) in the context history yields the highest
accuracy for human motives. However, includ-
ing both ground truth and LLM guesses gives the
highest accuracy for artificial motive. Surprisingly,
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Greedy Risk-Averse

. Inverse Greedy Inverse Risk-Averse
Model Family Model n Mean (Std)
. Random Forest
Statistical Classifier 34 86.25(4.68)  87.50(0.00) 83.75 (5.00) 87.50 (3.95)
Human
(van Baar et al., 2022) - 150 87.00(12.90) 56.25(19.53)  45.08 (19.72) 48.00 (14.40)
GPT GPT 4.1 34 68.2(12.53) 66.18 (9.95) 43.57 (11.29) 42.28 (11.04)
GPT 40 34 81.62(11.13) 65.99(10.3) 29.6 (10.96) 36.4 (8.37)
Claude Claude Sonnet4.5 34  85.11(10.06) 58.82 (12.87) 33.27 (8.12) 45.04 (9.07)
Gemini Gemini 2.5 Flash 34 7647 (6.44)  74.45 (8.76) 26.84 (7.03) 27.39 (6.25)
Llama Llama 3.3 70B 34 7794 (11.67)  55.7(9.27) 19.3 (9.51) 42.65 (7.34)
Llama 4 Maverick 34  72.24 (12.7) 61.76 (7.84) 24.45 (8.76) 38.6 (9.76)

Table 4: Full SPG accuracy results (%) for individual motives expanded from Table 1.

Confidence Increases w/ Accuracy?

Data Greedy Risk-Averse Inverse Greedy Inverse Risk-Averse
Human YES NO N/A N/A
(van Baar et al., 2022) 1[16]=0.89, p<0.001 1[16]=-0.63, p=0.01 r[16]=-0.84, p<0.001 r[16]=-0.47, p=0.07
GPT 4o N/A NO NO N/A
r[16]=0.01, p=0.96  r[16]=-0.54, p=0.03 r[16]=-0.50, p=0.047 r[16]=-0.15, p=0.57
GPT 4.1 N/A NO N/A N/A
r[16]=-0.04, p=0.87  1[16]=-0.63, p=0.01 1[16]=-0.38, p=0.80  r[16]=0.28, p=0.51
N/A N/A N/A N/A

Gemini 2.5 Flash

r[16]=-0.30, p=0.26

r[16]=0.15, p=0.36

r[16]=0.19, p=0.48

1[16]=0.06, p=0.82

Table 5: Full confidence versus accuracy correlation results for individual motives, expanded from Table 2.

Confidence Increases w/ Rounds?

Data Greedy Risk-Averse Inverse Greedy Inverse Risk-Averse
Human YES NO NO NO
(van Baar et al., 2022) =0.89,Z2=4.78,p<0.001 =-0.88,Z=-4.69,p<0.001 =-0.81,Z=-434,p<0.001 =-0.51,Z=-2.70,p=0.01
GPT 4 N/A NO N/A NO
© =-037,Z2=-194,p=0.05 =-0.65,Z=-347,p=0.001 =-037,Z=-194,p=0.05 =-0.38,Z=-2.03,p=0.04
GPT 4.1 N/A N/A N/A N/A
=02,Z=1.04,p=0.30 =-025,Z2=-131,p=0.19 =-0.18,Z=-095,p=034 =-0.25,Z=-1.31,p=0.19
. YES YES YES YES
Gemini 2.5 Flash =043,2=230,p=002 =042,Z=221,p=003  =042,Z=221,p=003  =04,Z=2.12,p=0.03

Table 6: Full confidence trend results for individual motives, expanded from Table 2.

Feedback Mode

Model a

b

Human

Artificial Human

Artificial Human Artificial

GPT 4.1 78.22 (4.88) 36.76 (5.87) | 71.6(6.71)

LLama 3.3 70B 68.75 (6.11)

31.43 (5.67)

62.41 (10.94) 38.05 (10.6)

27.39 (6.57) | 67.19 (7.47) 42.92 (7.44)

66.82 (7.39) 30.97 (5.05)

Table 7: Accuracies (%) in SPG for each type of feedback (a) including only ground truth, (b) including only LLM

past guesses, and (c) including both ground truth and LLM past guesses.
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not having past knowledge of ground truth gives
a higher accuracy for human motives than includ-
ing both. This is not the case for artificial motives,
where having both the LLM guess and the ground
truth has the highest accuracy. For Llama 3.3, we
see that like in GPT 4.1, SPG accuracy is highest
for condition (a) for human motives, but we see ar-
tificial motives SPG accuracy is highest for (b). It
is worth studying in further detail why human mo-
tive SPG performance is highest when only ground
truth signal is given.

IG LLM Prompt Snippet

# System prompt
<<SYS>>

Context: You will now be playing a game against
the same Player A from the previous games. In this
game, you are the employer and Player A is your
employee. There will be multiple rounds of this
game, where you will be playing against Player A in
all rounds.

Player A will decide whether to shirk or do their
work. You will simultaneously decide to either
inspect of not inspect whether or not Player A is
working, by choosing one of the following actions:
[INSPECT, NOT INSPECT].

There will be certain payoffs for the different
combinations of actions you and Player A will
choose. Saving money is your goal. Consider the
payoffs and your belief of whether Player A will
work or shirk.

Given the game settings, you will be choosing one of
the following actions: [INSPECT, NOT INSPECT].

<</SYS>>

# Round-level prompt

In round 1, the payoffs for each combination of cho-
sen actions are the following:

If A chooses WORKS and you choose INSPECT, A
gets 15 dollars and you get 25 dollars.

If A chooses WORKS and you choose NOT IN-
SPECT, A gets 15 dollars and you get 40 dollars.

If A chooses SHIRK and you choose INSPECT, A
collects 0 dollars and you get 15 dollars.

If A chooses SHIRK and you choose NOT INSPECT,
A collects 30 dollars and you get 0 dollars.

You choose:

Figure 6: LLM prompt snippet for IG. There is a system-
level prompt, as well as one round-level prompt for the
first round that describes the payoff matrix for a particu-
lar round based on the staircase procedure outlined in
Figure 3.
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