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Abstract

Mentalization - the ability to infer others’ beliefs and intentions to guide one’s own choices - is
a key cognitive function underlying human social interactions. Large language models (LLMs)
demonstrate behaviour consistent with humans on theory-of-mind tasks, yet whether these
models can guide adaptive behaviour through mentalization is unknown. Here we use two
economic games with cognitive computational modeling to uncover the latent strategies un-
derlying mentalization in LLMs. We tested individual LLM agents across four model families,
DeepSeek, GPT-4.1, GPT-5 and Gemini 2.0 Flash (N = 2,099), against opponents of varying
sophistication and examined whether a prompting strategy designed to elicit strategic reason-
ing improved performance. We benchmarked results against human participants (N = 251) as
a comparative measure. Across both games, LLMs showed clear behavioural and computa-
tional signatures of mentalizing that differed markedly by model provider and size. Strategic
prompting generally improved performance by inducing more sophisticated reasoning, yet the
extent of the benefit differed across the two tasks. Last, GPT-5 agents flexibly adapted their
recursive depth of reasoning to increasingly sophisticated opponents, demonstrating superior
performance to human participants. Collectively, we demonstrate different capacities for men-
talization across LLMs, and highlight cognitive computational modeling as a formal method for
assessing comparative intelligence across humans and machines.
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Main

Mentalization is a cognitive process associated with interpreting the behaviour of others as the re-
sult of latent mental states, beliefs and emotions [1–3]. In humans, mentalization shapes decision-
making in social contexts by predicting the actions of others and adjusting one’s own behaviour
accordingly [4–10]. Evidence also has suggested the presence of mentalization in a select range
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of non-human animal species, including dogs, corvids, chimpanzees and gorillas [11–20] reflecting
an evolved capacity for social intelligence.

Beyond humans and other animals, a topic of significant recent development concerns whether
generative artificial intelligence (AI) systems, such as large language models (LLMs) demonstrate
behaviour consistent with mentalizing. Researchers have turned to experimental methods applied
within the fields of psychology, cognitive science and neuroscience to uncover features of behaviour
and reasoning abilities in LLMs [21–30]. By converting behavioural tasks to text which are sub-
mitted as prompts, assessments of learning and decision-making - typically used among human
participants - can be directly applied to LLMs, providing deeper computational insights beyond
superficial measures of choice [31–37].

Despite being a type of neural network trained upon large quantities of text-based data [38],
LLMs demonstrate emergent properties synonymous with reasoning and decision-making in hu-
mans [21, 31, 39–48]. In humans, mentalization is conventionally assessed using role-based
tasks, stories necessitating the inference of fictional characters’ beliefs [49, 50]. Large language
models are similarly able to correctly interpret mental states and suggest appropriate actions, often
performing at or above human level in such tasks [51–57]. However, LLMs fail at simple modifica-
tions to these assessments [58] and struggle in theory-of-mind (ToM) tasks necessitating complex
reasoning and planning [55, 59, 60], casting doubt as to whether successes reflect genuine men-
talization or shallow heuristics [61–63]. As a result, it has been recently argued that the role-based
tasks commonly used may not be suitable for assessing complex cognitive processes [61], by only
describing superficial elements of behaviour [64–69] which may be solved without requiring the
explicit, human-like simulation of mental states [70]. Therefore, whilst the observed choices be-
tween human and LLMs may be identical, this does not necessarily reflect the same inferential or
cognitive process [65, 66, 71, 72].

Contrasting with story-based assessments, economic games present a formal methodology for
assessing strategic social behaviour by examining distinct behavioural and computational mecha-
nisms [73–79]. In these games, participants are directly part of the interaction rather than a third-
party observer, and are often tasked with outplaying an opponent [e.g., the Inspection Game; [80]].
Importantly, this context allows researchers to test recursive mentalization at different levels by
experimentally manipulating the reasoning depth of the opponent. Under this framework, a player
may attempt to estimate the opponent’s historical choice distribution and form first-order beliefs,
or – if anticipating that their actions are being tracked - form second-order beliefs and modify their
strategy according to her opponent’s reaction [77, 81, 82]. Accordingly, this reasoning process
can also reach higher levels. Conventionally used to assess behaviour among human participants,
economic games have recently been employed to objectively measure specific biases and patterns
of decision-making in LLMs [21, 31, 39–46, 48, 83–92], which demonstrate emergent properties
of deliberative thought. Furthermore, the performance of LLMs on these tasks is often improved
using targeted prompting strategies – such as chain-of-thought (CoT) – [93–95], designed to elicit
step-by-step reasoning indicative of human decision-making [40, 48, 96–100].

In humans, choice behaviour can be formally analysed using cognitive computational modeling,
a theory-driven quantification ascribing latent cognitive processes and computational parameters
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to observed actions [101–105]. In the context of dynamic social behaviour, these parameters can
additionally be assessed trial-by-trial to uncover temporal patterns of cognition. Concerning mental-
ization, computational models have highlighted the capacity for recursive mentalization in humans
[80, 106] who are able to dynamically adapt their recursive depth to the inferred strategy of the oppo-
nent, i.e., adaptive mentalization [107]. Cognitive models also offer a mechanistic formalization of
behaviour across species [108, 109], solely requiring choice data to infer upon cognitive processes.
Subsequently, computational modeling has recently been endorsed in AI and LLM research as a
formal approach to infer the internal processes of AI systems from observed choices [110, 111].
For example, this approach has uncovered latent parameters underlying learning biases in LLMs,
by fitting reinforcement learning (RL) models [112–114]. To date, a comparative assessment of
mentalization across humans and LLMs using strategic games has yet to be undertaken, despite
a growing interest towards developing ‘human-like’ machine intelligence [26, 115].

In the current study, we employ two commonly used economic games – the inspection game
and rock-paper-scissors - to uncover the behavioural signatures and latent parameters of recursive
mentalization in large language models. We include several popular LLMs that were subjected
to the experimental tasks as participants (total N = 2,099), and examine the impact of a simple
prompting strategy – Social Chain-of-Thought (SCoT) – previously shown to improve LLM perfor-
mance in economic games [40]. We also compare their performance to human participants (total
N = 251; mean age = 24.48 ± 3.81 years; range 18–36) across both tasks, analysing differences
in recursive mentalization across humans and LLMs. In doing so, we move beyond conventional
descriptive assessments and provide a more formal understanding of machine intelligence.

Results

For our study, we selected two repeated-interaction games commonly used to assess strategic play
in humans, the Inspection game and rock-paper-scissors (RPS). To assess recursive mentalization,
we employed the inspection game [80, 106], a repeated non-cooperative game where two players
assume the roles of an “employee” and an “employer” and make one of two choices simultaneously
before receiving a payoff (Fig. 1a). On each trial, the employee chooses whether to “work” or “shirk,”
and the employer chooses whether to “inspect” or “not inspect” the employee. In our version, the
participants (i.e., human/LLM) always played the role of the employee. Subsequently, the payoff
matrix is specified such that participants earn points by adapting to the opponent’s predicted choice.
Participants played against a computer algorithm (designated as the employer, operating at level
k = 2, second-order belief) designed to make adaptive choices to participants’ expectations over
the course of the task. Therefore, the total payoff received reflects the participants’ capacity for
recursive reasoning. We also tested participants’ ability for adaptive mentalization; the ability to
flexibly adapt the level of recursive mentalization to opponents of different sophistication. For this,
we employed a zero-sum RPS game previously used with human participants [107]. In contrast
to the inspection game, which is played against a fixed algorithm across all trials, participants in
the RPS game played against an algorithm programmed to make choices in accordance with a
specific reasoning level k, where k ∈ {0, 1, 2}. On each trial, participants received a single point
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for winning, lost a single point for losing and received no points in the case of a tie. Participants
played a block of 40 trials against each k-level (a total of 120 trials across 3 blocks) with blocks
randomised and counterbalanced across participants (Fig. 1b).

Data were collected in both human participants (inspection game: n = 67; RPS: n = 184) and
LLMs (inspection game: all groups n ≥ 49; RPS: all groups n ≥ 188; see Methods). Human
participants in both tasks were provided with instructions that they would be playing against a real
other person, but were in fact playing against the respective computer algorithm. Human data for
the inspection game were collected in person, and online for the RPS game (see Methods). Tasks
were appropriately re-coded into a text-based format for API inference in LLMs (see Methods/SI)
(Fig. 1c). Converted tasks retained identical payoff rules, opponent configurations and trial lengths,
however, as LLMs demonstrate bias in the conventional RPS game [116], choices were re-coded
in the RPS game to letters J/Q/Z that did not carry semantic meaning for LLMs; an established
protocol commonly used to control for text biases [40]. To uncover the possible effects of strategic
prompting on mentalization, LLMs were also prompted with Social Chain-of-Thought (SCoT) [40],
a prompting scheme where LLMs are specifically asked to make a prediction on the opponents
action in each trial before making their choice. The following LLMs were selected for participation
in the respective tasks. Inspection game: Gemini, DeepSeek, GPT-4.1, GPT-5; RPS: DeepSeek,
GPT-5 (Table 1). The selections were made considering practical constraints with monetary costs
for running the study and the availability of specific models at the time of data collection (4/8/2025
– 14/10/2025). Where possible, LLMs were tested under both conditions (conventional prompt +
SCoT), with the deliberate exception of GPT-5 which natively supports deliberative reasoning [117].
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Figure 1: Experimental design for humans and large language models. (a) For the inspection
game, on each trial human participants were firstly presented with a fixation cross (1 second) and
had a maximum of 4 seconds to make their choice, followed by the choice confirmation (max 2
seconds). They were then provided feedback based on the choice of the opponent (3 seconds).
Across a single block of 150 trials, humans played against a sophisticated algorithm designed to
engage in the ‘Influence play’ signature of reasoning. (b) In the RPS task, humans on each trial
had a maximum of 3 seconds to make their choice, after which they received feedback for 1 sec-
ond. Participants played 3 blocks of 40 trials against an adaptive algorithm which made decisions
reflecting different levels of mentalization, from zero-order (k=0) to second-order (k=2). The block
order was counterbalanced and randomised across participants. (c) For large language model
(LLM) participants, each task was converted into a text-based prompt, matching the original task
where possible. These were then submitted to the LLMs for API inference. (d) Prompting condi-
tions across both tasks. In the normal prompt, the task rules and choice history were presented
along with a statement asking for the agent’s choice. In the SCoT condition, the agent was instead
asked to predict the opponent’s choice. This prediction was then used to select the corresponding
rational choice. Icons from Flaticons.com.
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Table 1: An overview of the algorithms and large language models used in the study. Note.
CHASE = Cognitive Hierarchy Assessment; EWA = Experience Weighted Attraction; ME = Mixed-
equilibrium; RL = Reinforcement Learning; ToMk = Theory-of-Mind k.

Inspection game Rock paper scissors

Participants Human participants Participants Human participants
DeepSeek /
DeepSeek-SCoT

DeepSeek /
DeepSeek-SCoT

Gemini / Gemini-SCoT GPT-5
GPT-4.1 /
GPT-4.1-SCoT
GPT-5

Models Influence play Models CHASE
Fictitious play Reward learner
RL Self-tuning EWA
Mixed-equilibrium (ME) Full EWA

Fictitious play
ToMk

Assessing mentalization using the inspection game

The LLMs altogether consisted of seven groups: gemini-2.0-flash (Gemini), gemini-2.0-flash with
SCoT (Gemini-SCoT), deepseek-chat (DeepSeek), deepseek-chat with SCoT (DeepSeek-SCoT),
gpt-4.1-2025-04-14 (GPT-4.1), gpt-4.1-2025-04-14 with SCoT (GPT-4.1-SCoT), and gpt-5-2025-
08-07 (GPT-5). We first tested how performance on the inspection game differed across each LLM
(all n > 48) and prompting strategy compared with the human group (n = 67). As LLM groups
met normality assumptions but presented unequal variance, Welch’s independent samples t-tests
were used, with Bonferroni correction applied across the seven comparisons representing the LLM
model type × prompting strategy combination (𝛼 = 0.007). Altogether, most combinations earned
significantly different payoffs from humans. Specifically, Gemini (Mpayoff = 14.2; t(112.01) = -36.6,
p = 3.58×10-64, g = -6.40, 95% CI [-7.29, -5.49]), Gemini-SCoT (Mpayoff = 22.4; t(109.42) = -13.7,
p = 1.59×10-25, g = -2.37, 95% CI [-2.84, -1.89]), DeepSeek (Mpayoff = 18.0; t(110.59) = -26.5, p
= 1.16×10-49, g = -4.59, 95% CI [-5.28, -3.89]), DeepSeek-SCoT (Mpayoff = 25.1; t(106.59) = -6.04,
p = 2.32×10-8, g = -1.04, 95% CI [-1.42, -0.65]) and GPT-4.1 (Mpayoff = 18.5; t(95.42) = -27.2, p
= 8.7×10-47, g = -4.57, 95% CI [-5.26, -3.88]), all earned significantly less than humans. The
only exceptions were GPT-4.1-SCoT (Mpayoff = 27.8; t(114.78) = 1.74, p = 0.085, g = 0.31, 95% CI
[-0.06, 0.68]) and GPT-5 (Mpayoff = 26.6; t(112.18) = -1.55, p = 0.123, g = -0.26, 95% CI [-0.57, 0.05]),
which did not significantly differ from humans. We next sought to understand how the choice of
LLM and the prompting strategy jointly affected performance. For the three models tested un-
der both strategies (DeepSeek, Gemini, GPT-4.1), we fitted a 2 (prompt) × 3 (model) factorial
ANOVA to mean payoff per trial. As cell variances were unequal (Levene’s F(5, 293) = 3.79, p =
0.002), we report Type-III Wald F-tests. We found significant main effects of model (F(2, 293) =
286.95, p = 9.62×10-70, partial 𝜂2 = 0.68, 95% CI [0.62, 0.72]), and prompt (F(1, 293) = 2501.89, p
= 1.57×10-145, partial 𝜂2 = 0.90, 95% CI [0.88, 0.91]), with a significant model × prompt interac-
tion (F(2, 293) = 14.96, p = 6.53×10-7, partial 𝜂2 = 0.09, 95% CI [0.04, 0.16]). Whilst every model
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earned significantly higher payoffs under SCoT (Fig. 2a), the magnitude of this benefit varied, being
smallest for DeepSeek (Hedges’ g = −5.29, 95% CI [−6.12, −4.45], p = 1.95×10-46), intermedi-
ate for Gemini (g = −5.77, [−6.67, −4.87], p = 3.64×10-49) and largest for GPT-4.1 (g = −6.31,
[−7.28, −5.35], p = 5.26×10-46). GPT-5, tested under normal prompting alone, outperformed all
other normally-prompted models (F(3, 121.62) = 821, p = 1.61×10-80, 𝜔2 = 0.92, 95% CI [0.90, 0.93];
Games–Howell all p < 0.001 except DeepSeek vs. GPT-4.1, p = 0.17). Therefore, whilst both model
and SCoT prompting impacted task performance, where SCoT benefited every model, the size of
that benefit was model-dependent.

We then examined whether the predictions for the opponent’s choice made by each model
under SCoT prompting differed from chance (50%) (Fig. 2b). One-sample t-tests revealed sig-
nificant differences in predictive accuracy, with GPT-4.1-SCoT predicting the opponent’s choice
significantly above chance level (t(49) = 10.98, p = 8.33×10-15, d = 1.55), Gemini-SCoT predicting
significantly below chance (t(49) = -13.32, p = 6.56×10-18, d = -1.88), while DeepSeek-SCoT did
not differ significantly from chance (t(49) = 0.63, p = 0.53, d = 0.09) (Fig. 2b). Furthermore, examin-
ing switch frequency - trials where the subject changed choices from the previous trial - revealed
differences across groups (Fig. 2c). Across groups, the mean switch frequency also significantly
correlated with the mean payoff (r = 0.735, 95% CI [0.063, 0.948], t(6) = 2.657, p = 0.038, R2 =
0.540) showing that strategic adaptation was crucial for performance against the opponent (Fig.
2d). Social-Chain-of-Thought therefore presents a simple, robust prompting method for improving
performance among LLMs in the inspection game by enhancing predictive reasoning towards the
actions of the opponent. However, this improvement was scaled to the model’s performance under
normal prompting.
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Figure 2: Behavioural results for humans and LLMs in the inspection game. (a) Social Chain-
of-Thought (SCoT) robustly improved performance on the task across LLMs, as measured by the
mean payoff achieved per trial. Human participants did not significantly differ in their performance
on the inspection game with GPT-5 and GPT-4.1-SCoT agents. (b) Among SCoT-prompted LLMs,
GPT-4.1-SCoT predicted the opponent’s choice significantly above chance, Gemini-SCoT signif-
icantly below chance, whilst DeepSeek-SCoT did not deviate significantly from chance level in
its predictions. (c) Switch frequencies varied across human and LLM groups, with the greatest
between-subject spread observed among humans. (d) Mean payoff and switch frequency are pos-
itively correlated across LLMs and humans. Asterisks represent significant differences (* p<0.05,
** p<0.01, *** p<0.001).

Having established a behavioural difference between SCoT and normally-prompted LLM
groups, we next tested whether these behavioural changes manifested computationally through
altered reasoning mechanisms following the established computational framework of this task
[80]. To do so, we fit a computational model (‘influence play’) that formalizes both how players
react to their opponent’s past choices (first-order beliefs) and how they anticipate the influence
of their own choice on the opponent’s behaviour (i.e., second-order beliefs). We also fit two
simpler complementary models: a reinforcement learning (RL; zero-order beliefs) model that
learns action values from payoffs without representing the opponent, and a model representing
first-order mentalization (‘fictitious play’; first-order beliefs). We assessed the models both
through their predictive accuracy, by assessing which model best predicts observed choices, and
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their generative accuracy, by determining whether the winning model reproduces the observed
behaviour.

To determine predictive accuracy, we fitted each model to the behavioural data of participants
within each group under the hierarchical Bayesian framework [79, 118], in which each participant’s
parameters were drawn from a group-level distribution. We compared the three cognitive mod-
els alongside a mixed-equilibrium (ME) strategy [106] under which choices feature no trial-by-trial
learning, using the leave-one-out information criterion (LOOIC) where a lower score indicates better
fit (see Methods).

Model comparison (Fig. 3a) indicated that human participants employed second-order mental-
ization, with the influence play model providing the best fit to the data (LOOIC = 12236; ΔELPD
vs. mixed-equilibrium reference = +60.0, SE = 25.6). Among LLMs, SCoT prompting consistently
shifted the winning model toward more sophisticated opponent-tracking. Specifically, DeepSeek
shifted from reinforcement learning (LOOIC = 708; ΔELPD = +99.5, SE = 25.1) to fictitious play
(LOOIC = 5387; ΔELPD = +2306.8, SE = 47.7), while GPT-4.1 shifted from reinforcement learn-
ing (LOOIC = 2557; ΔELPD = +147.7, SE = 29.0) to influence play (LOOIC = 8829; ΔELPD =
+721.1, SE = 34.1). For Gemini, no learning model outperformed the mixed-equilibrium reference
under normal prompting, whereas SCoT prompting produced a clear influence play winner (LOOIC
= 5589; ΔELPD = +1269.5, SE = 51.2). Finally, GPT-5 was best fit by the influence play model
(LOOIC = 16782; ΔELPD = +1152.6, SE = 39.8), demonstrating an ability for sophisticated rea-
soning without being explicitly cued to do so (see Appendix for full model fits).

We next tested the direct mapping of the influence-play model’s parameters with behaviour by
regressing model-free behavioural measures on the fitted first-order learning rate (𝜂) and second-
order weight (𝜅) within each group (see Table S3 for the complete per-group coefficients). Fol-
lowing previous results among human participants [106], we anticipated three relationships if the
parameters map onto behaviour as intended. Namely, a higher second-order weight (𝜅) should
produce more switching, a higher first-order learning rate (𝜂) should produce stronger tracking of
the employer’s most recent action, and a higher 𝜅 should produce a higher mean payoff. This
pattern was indeed realised in the human group (Fig. 3b), where all three predicted relationships
held and were statistically significant. The parameter representing second-order beliefs (𝜅) was
strongly associated with switching (b = 0.101, t(64) = 7.76, 95% CI [0.075, 0.128], p = 8.5×10-11)
and task performance (b = 0.027, t(64) = 3.86, 95% CI [0.013, 0.041], p = 2.7×10-4), whilst the
first-order learning rate (𝜂) was associated with adaptation to the employer’s last move (b = 0.163,
t(64) = 6.85, 95% CI [0.115, 0.210], p = 3.4×10-9). However, across the LLM groups, this mapping
was weaker and only partial (see Table S3). For LLM groups, comprising agents running the same
model under a fixed prompt, the between-subject variance was minimal, reflecting homogeneity
among parameter estimates. Therefore, whilst the switching and opponent-tracking relationships
often reached significance in individual LLM groups, this was a likely consequence of less variation
in the parameter estimates. Conversely, the human group represented a heterogeneous sample
which carried genuine between-subject variance compared to LLM groups. Ultimately these results
remain interpretable only for human participants, and reflect challenges concerning the homogene-
ity of parameter estimates among LLM agents.
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Finally, we assessed the generative fit of each winning model by simulating choices from its own
generated history and comparing the behaviour to several choice patterns from the observed data:
the probability of working, switch rate and mean payoff (Table 2; see Methods for full details). To
do so, for each model, we took the posterior-predictive distribution of the discrepancy between the
simulated and observed statistic, testing for the percentage of the resulting distribution which fell
within ±0.05 of the shared [0,1] range using a Region of Practical Equivalence (ROPE). Following
recommended guidelines [119, 120], we accepted a ROPE statistic when more than 97.5% of the
distribution fell within the range.

Building on earlier results, the influence play model also demonstrated strong generative accu-
racy within human subjects, reproducing all three statistics within the ROPE (Fig. 3c). On-the-other-
hand, the LLM groups differed along prompting condition. Where SCoT prompting was applied, the
winning model - influence play for Gemini and GPT-4.1, and fictitious play for DeepSeek - mostly
produced simulated behaviour within the ROPE. Under normal prompting, by contrast, the groups
whose selected model was reinforcement learning (DeepSeek and GPT-4.1) generally failed to ac-
curately reproduce their observed behaviour. Plotting the cumulative probability of work, p(Work),
across trials (Fig. 3d) revealed that the RL model was found to slowly drift the agent’s probability of
working upwards, while the observed rate among these two groups remained near zero, signalling
its poor generative fit and underlying choice homogeneity. Finally, GPT-5, an influence player with-
out any Chain-of-Thought cue, demonstrated a mixed accuracy, able to generatively recover the
level and payoff but not the switch rate.

Table 2: Generative fit of the winning models for the inspection game. obs is the observed
statistic and gen is the generated posterior-predictive mean with its 95% predictive interval in brack-
ets. Bold marks statistics accepted under the ROPE equivalence test where more than 97.5% of
the discrepancy distribution fell within ±0.05. Gemini under normal prompting had no learning
model that beat the mixed-equilibrium reference and was therefore not included.

Group
Winning
model

p(Work)
obs p(Work) gen

p(Switch)
obs p(Switch) gen

Payoff
obs Payoff gen

Human Influence
play

0.336 0.352 [.34, .36] 0.455 0.479 [.47, .49] 0.545 0.524 [.51, .53]

DeepSeek RL 0.014 0.662 [.58, .74] 0.004 0.066 [.05, .08] 0.359 0.542 [.52, .56]
DeepSeek-
SCoT

Fictitious
play

0.396 0.342 [.33, .35] 0.393 0.396 [.39, .41] 0.502 0.530 [.52, .54]

Gemini-
SCoT

Influence
play

0.234 0.261 [.25, .27] 0.223 0.292 [.28, .30] 0.448 0.465 [.46, .47]

GPT-4.1 RL 0.048 0.591 [.49, .69] 0.044 0.091 [.07, .11] 0.371 0.518 [.49, .54]
GPT-4.1-
SCoT

Influence
play

0.466 0.436 [.43, .45] 0.696 0.687 [.67, .70] 0.556 0.521 [.51, .53]

GPT-5 Influence
play

0.343 0.324 [.32, .33] 0.531 0.426 [.42, .44] 0.533 0.516 [.51, .52]
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Figure 3: Predictive and generative fit for the inspection game. (a) Model comparison across
groups using the leave-one-out information criterion (LOOIC); winning models are highlighted. The
dashed line above each group indicates the LOOIC from chance-level responding. (b) Standard-
ised coefficients from the within-group regression of each winningmodel’s parameters on choice be-
haviour from human participants. (c) Posterior-predictive discrepancy (generated minus observed
group mean) for each group’s winning model, with the full ROPE-shaded discrepancy distribution.
(d) The rolling probability of working for the generated against the observed data.
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Taken together, human strategic learning in the inspection game was robustly well-explained by
second-order mentalizing, where the influence play model displayed strong predictive and genera-
tive accuracy, and its parameters mapped strongly onto behaviour. Amongst LLM groups, Social
Chain-of-Thought prompting robustly moved LLMs towards strategic mentalization frommodel-free
reinforcement learning or non-learning. These models were generatively adequate for strategic
mentalization and inadequate for RL, with the latter reflecting rigid patterns of choice behaviour.

Assessing adaptive mentalization using rock-paper-scissors

To assess adaptive mentalization, we firstly examined whether the mean payoff differed across
humans (n = 172 retained for behavioural analyses) and LLMs (all n > 187) in the RPS game,
when playing against algorithms programmed to reason at different k levels (k = 0, 1, or 2) (Fig.
4a). Separating groups by prompting strategy and reasoning level of the opponent, we ran a linear
mixed-effects model with random intercepts for participants, given the unbalanced design where
humans played against all three bot levels while LLM participants played against a single bot level.
LLMs consisted of three groups: DeepSeek, DeepSeek-SCoT, and GPT-5. Two models included
in the previous task (Gemini-Flash-2.0 and GPT-4.1) were not included due to technical issues and
monetary constraints respectively.

Doing so revealed significant main effects of group (F(3, 1363.2) = 768.3, p = 2.31×10-292, 𝜂2
p

= 0.63) and bot level (F(2, 2096.8) = 439.8, p = 3.25×10-160, 𝜂2
p = 0.30), as well as a significant

interaction (F(6, 1908.3) = 306.3, p = 3.5×10-275, 𝜂2
p = 0.49). Overall, GPT-5 performed best, earning

significantly higher payoffs than humans (t(661) = 25.5, p < 1×10-10, d = 1.58, 95% CI [1.45, 1.71]),
and both DeepSeek variants (vs. DeepSeek: t(2228) = 40.7, p < 1×10-10, d = 2.44, 95% CI [2.32,
2.56]; vs. DeepSeek-SCoT: t(2228) = 42.2, p < 1×10-10, d = 2.53, 95% CI [2.40, 2.65]). GPT-5 also
outperformed all other groups at each bot level (all p < 0.001). Conversely, both DeepSeek (t(661) =
14.0, p < 1×10-10, d = 0.86, 95% CI [0.74, 0.99]) and DeepSeek-SCoT (t(659) = 15.4, p < 1×10-10,
d = 0.95, 95% CI [0.83, 1.07]) earned significantly less than humans. The two DeepSeek groups
also did not differ overall (t(2228) = 1.44, p = 0.477, d = 0.09, 95% CI [-0.03, 0.20]).

Performance also strongly differed across groups in response to increasing opponent sophis-
tication. Whilst humans showed a modest performance decline with increasing sophistication (𝛽
= -0.032, SE = 0.007, t(686) = -4.45, p = 9.96×10-6, d = -0.24), DeepSeek performed significantly
worse (𝛽 = -0.233, SE = 0.007, t(2224) = -33.22, p = 7.73×10-197, d = -1.73), whilst DeepSeek-SCoT
also performed significantly worse but less severely (𝛽 = -0.116, SE = 0.007, t(2224) = -16.53, p
= 5.29×10-58, d = -0.86). In contrast, GPT-5 was the only group to show improved performance
with increasing bot sophistication (𝛽 = 0.057, SE = 0.007, t(2224) = 8.11, p = 8.4×10-16, d = 0.42),
a pattern significantly different from all other groups (all p < 0.001). SCoT prompting did not sig-
nificantly change DeepSeek’s overall payoff (p = 0.477), but attenuated its performance decline
against more sophisticated opponents (difference in slopes: t(2224) = 11.82, p < 0.001, d = 0.87).

To uncover latent unobserved mechanisms of adaptive mentalization, we fit computational mod-
els representing specific decision-making strategies. This included the ‘Cognitive Hierarchy As-
sessment’ (CHASE) model, previously developed and validated among human participants to infer
moment-by-moment adaptive changes in mentalization strategy from observed choice behaviour

Assessing mentalization in humans and large language models 12/46



[107]. The CHASE model dynamically tracks a player’s changing belief about the level of cognitive
sophistication of the opponent, determining the appropriate mentalization strategy on each trial. Ad-
ditional computational models representing less sophisticated and fixed strategies were also fitted
separately across all groups (see Methods). Conversely to humans (n = 184 retained for modeling)
who played against all three opponent levels in sequence, LLMs played separate games of a single
block against each k-level opponent. To match the existing protocol and to facilitate efficient pa-
rameter estimation, individual LLM instances were combined to create LLM participants consisting
3 blocks of 40 trials each, representing each programmed bot-level k, where k ∈ {0, 1, 2}. This ap-
proach is validated theoretically by the models - which do not model memory effects across blocks
- and practically by a permutation analysis across individual LLM instances, revealing no significant
differences in parameter estimation (see Supplementary Information section 2). To determine the
winning model, we applied Random effects Bayesian model selection (RFX-BMS) [121] which re-
vealed different winning models across groups. Specifically, for DeepSeek, CHASE was the clear
winner (PXP = 1.00), substantially outperforming all alternatives. In contrast, DeepSeek with the
SCoT prompting condition was best characterized by Fictitious play (PXP = 0.99), a model where
agents estimate the probabilities with which the other player chooses their actions and then best
respond to them [80]. On the other hand, GPT-5 showed a unanimous preference for the Theory-
of-Mind k (ToMk) model [122] (PXP = 1.00), which assumes that individuals reason about what
their opponent is likely to do and may consider multiple layers of strategic thinking. Finally, human
participants were best described by CHASE (PXP = 1.00), consistent with previous results. Good-
to-excellent parameter recovery further validated the winningmodel for each group (Supplementary
Figure 4). Notably, CHASE provided the absolute best fit across all datasets, as measured by the
negative log-likelihood, but was penalised for model complexity (See Appendix for exact model
fits).

To assess the degree to which LLMs and human players were able to correctly adapt their
behaviour to the perceived recursive level of the opponent, we examined belief distributions from
the CHASE model, representing the trial-by-trial estimate of the probability that the opponent is
operating at each reasoning level, for each subject individually (see Methods). Although ToMk
provided the best overall fit for GPT-5, CHASE fitted choices equally well in raw log-likelihood
(paired t(187) = 0.70, p = 0.48). We therefore used CHASE as a common space for interpreting trial-
level reasoning, a mechanism not possible among other models. When doing so, we specifically
restricted trials to only those where beliefs exceeded a threshold of 0.5, reflecting a dominant
belief, following similar analyses performed previously [107] (Fig. 4b). Of note, doing so removed
almost half of trials (45.4%) where no dominant belief was expressed. DeepSeek-SCoT agents
were determined to not form adaptive beliefs when fitted with the CHASE model, with participants
almost exclusively estimated to operate at 𝜅<2, and were therefore not suitable for analysis.

To formally test whether accuracy differed jointly by model and opponent sophistication, we
ran a mixed-design repeated-measures ANOVA on each subject’s percentage of correctly-inferred
trials, where subjects missing data for any opponent level were excluded (DeepSeek n=97, GPT-5
n=150, Human n=126). As Mauchly’s test indicated a violation of sphericity, Greenhouse-Geisser-
corrected p-values were calculated for within-subject effects. Doing so revealed significant main
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effects of model (F(2,370) = 224.91, p = 1.20×10-64) and opponent level (F(2,740) = 251.68, p =
2.10×10-77, 𝜀 = 0.917), and a significant model × opponent-level interaction (F(4,740) = 64.55,
p = 3.51×10-43), confirming that the effect of opponent sophistication on adaptive mentalization
differed by group.

Next, we sought to determine whether agents’ were correctly able to adapt to the opponent,
using a repeated-measures Friedman test across the four k-levels for each group and opponent-
level combination. Where this test was significant, we subsequently ran one-sidedWilcoxon signed-
rank tests, with an a priori hypothesis for a higher percentage of trials for the k-level one higher
than the opponent, indicating adaptive mentalization. Each class of tests were Holm-corrected
(𝛼=0.05). Friedman tests firstly confirmed non-uniform belief distributions across the four candidate
levels (all pholm < 0.001). Signed-rank tests subsequently revealed that GPT-5 agents adapted
appropriately across all opponent levels, with trials for k+1 significantly higher than every alternative
level (all pholm ≤ 8.3×10-21). For DeepSeek, this held against the simplest opponent (k=0; all three
comparisons pholm < 5.3×10-18) and partially against the intermediate opponent (k=1; correct level
k=2 only exceeded k=0 and k=3, both pholm = 1.81×10-9; but not k=1, pholm ≈ 1), but not the most
sophisticated opponent (k=2; all three pholm = 1.0). Humans showed the same pattern with strong
adaptation towards k=0 (all three pholm ≤ 1.1×10-3), partial adaptation against k=1 (correct level
k=2 exceeded k=3, pholm = 1.74×10-14, but not k=0 or k=1, both pholm = 0.339), but not against the
most sophisticated opponent (k=2; all pholm ≈ 1.0).

To relate adaptation to performance, we then correlated each subject’s proportion of trials where
they adapted correctly with their mean score in the task for each group. We specifically restricted
these analyses to agents deemed to adapt to the opponent (i.e., an estimated 𝜅>1; DeepSeek
n=139, GPT-5 n=182, Human n=130). Following the prior analyses, we similarly defined ‘correct’
trials where a definitive belief (> 0.5) was held at the adaptive level (Fig. 4c). We also performed
the same tests using the single highest belief, as excluded trials were incorrect by definition in the
former method, resulting in many agents with 0% accuracy. We used Spearman-rank correlations
with Holm-correction across the 6 tests. Although none of the correlations survived correction, the
trend was generally positive across groups and analyses. Restricting trials to dominant beliefs
revealed a positive trend for DeepSeek (Spearman 𝜌 = 0.180, padj = 0.2032), humans (Spearman
𝜌 = 0.163, padj = 0.2567), and GPT-5 (Spearman 𝜌 = 0.120, padj = 0.3171). Similarly, using the
winner-take-all approach revealed similar positive trends for DeepSeek (𝜌 = 0.119, padj = 0.3257)
and humans (𝜌 = 0.175, padj = 0.2331) but a slight negative trend for GPT-5 (𝜌 = −0.073, padj
= 0.3279). Altogether, these analyses highlight distinct patterns of adaptive mentalization across
groups, which positively corresponds with improved task performance, albeit weakly.
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Figure 4: Signatures of adaptive mentalization in humans and large language models. (a)
Behavioural performance on the task, determined by the mean score, split by group, revealed differ-
ences between humans and LLMs. Whilst both DeepSeek groups and humans perform worse with
increasing bot sophistication, GPT-5 conversely improves. (b) The inferred level of mentalization
among agents plotted as a proportion of trials per subject in each group. Reflecting the behavioural
differences in performance, DeepSeek and human participants adapt well to low-adaptive reason-
ers, but struggle with opponents capable of higher-order mentalization. Conversely, GPT-5 partic-
ipants were able to adapt well to all reasoning levels. For visualization, prevailing beliefs (>0.5)
were taken directly from the CHASE model and adjusted to reflect the k-level of the agent by ad-
justing one level higher. DeepSeek-SCoT participants were excluded from the plot, being almost
exclusively estimated to have a value of k<2 when fit with the CHASE model. (c) Correlations be-
tween the percentage of trials where agents correctly adapted to the inferred mentalising level of
the opponent, defined using a dominant belief. (d) Correlations between the percentage of trials
where agents correctly adapted to the inferred mentalising level of the opponent, defined using a
prevailing belief. (e) CHASE-inferred beliefs about opponent sophistication across play. For each
agent group (top: GPT-5, n = 174; bottom: humans, n = 80), lines show the model’s mean posterior
belief that the opponent is reasoning at each level across the 120 trials (𝜅 = 3 participants only). A
grey horizontal line denotes chance level (1/3); shaded bands are ±1 SEM.

Finally, we analysed whether agents could correctly infer their opponent’s sophistication by
examining the CHASE model’s posterior belief in the true opponent level on the final trial of each
block. As less than 2% of DeepSeek agents met this criteria, we only conducted these analyses
where 𝜅=3 was the estimated level, across GPT-5 (n = 174) and human participants (n = 80) (Fig.
4e), where human participants missing a final belief for k=0 (two missing) and k=1 (one missing)
opponents and were excluded. One sample, two-tailed t-tests against chance (1/3) revealed that
both GPT-5 (k=0: t(173) = 22.30, p = 9.18×10-53, d = 1.69; k=1: t(173) = 23.38, p = 1.99×10-55, d =
1.77; k=2: t(173) = 29.72, p = 7.3×10-70, d = 2.25) and humans (k=0: t(77) = 4.23, p = 6.45×10-5, d
= 0.48; k=1: t(78) = 7.86, p = 1.74×10-11, d = 0.88; k=2: t(79) = 5.35, p = 8.52×10-7, d = 0.60) held
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above-chance correct beliefs at every sophistication level. A linear mixed model (belief ~ agent
× level + (1 | subject)) revealed a significant agent × opponent interaction (F(2, 505.0) = 19.79, p =
5.33×10-9, 𝜂2

p = 0.07) with main effects for agent (F(1, 418.7) = 48.38, p = 1.36×10-11, 𝜂2
p = 0.10)

and level (F(2, 504.2) = 22.30, p = 5.22×10-10, 𝜂2
p = 0.08). This highlights the trend where GPT-5’s

final belief also increased with opponent depth, whereas humans showed a weaker, inverted-U
pattern peaking against the k=1 opponent. Comparing across both groups, GPT-5’s beliefs were
significantly more accurate than humans’ at every level (Welch’s t; k=0: t(121.2) = 6.63, p = 1×10-9,
d = 0.99; k=1: t(115.5) = 3.05, p = 0.003, d = 0.47; k=2: t(113.9) = 7.60, p = 9.14×10-12, d = 1.18),
with the advantage widest against themost sophisticated (k=2) opponent. All comparisons survived
Bonferroni correction, with 6 comparisons (𝛼 = 0.0083) for tests against chance, and 3 comparisons
(𝛼 = 0.0167) for group comparisons. Therefore, while both humans and GPT-5 tracked opponent
sophistication above chance, GPT-5 did so more accurately and, unlike humans, increasingly so
as opponents grew more sophisticated.

Discussion

A growing interest concerns whether artificial intelligence systems understand the thoughts and be-
liefs of others, and use this information to guide their own actions. Previous studies have assessed
theory-of-mind in LLMs by measuring choice accuracy in response to story-based prompts, obscur-
ing the latent mechanisms underlying observed behaviour. Here we employ two behavioural tasks
previously validated in human participants, the inspection game and rock-paper-scissors (RPS).
These tasks provide a normative assessment of machine intelligence [65], and allow the examina-
tion of behaviour at specific depths of mentalizing [69].

Across two strategic interaction games, humans demonstrated both recursive and adaptive
mentalization, replicating previous results and demonstrating the robustness of the tasks used
[80, 106, 107]. On the other hand, LLMs demonstrated varying mentalization strategies across
the two strategic games, with significant differences observed across model providers. Further-
more, LLMs prompted using Social Chain-of-Thought (SCoT) demonstrated robust improvements
in performance, reflecting more sophisticated reasoning. Yet, groups differed in their generative
accuracy, limiting interpretations towards latent processes of mentalization. In the RPS game,
GPT-5 agents demonstrated efficient adaptive mentalization, whilst DeepSeek agents appropri-
ately adapted to bots playing at the lowest level but struggled to adapt to complex reasoners. Com-
pared to prior studies assessing mentalization using story-based one-shot tasks or binary choice
paradigms, our approach leverages trial-level computational modeling to determine the specific
latent mechanisms underlying mentalization. These models can be subject to rigorous validation
by determining predictive and generative accuracy, allowing for the direct mapping of mechanism
to behavior.

Cognitive computational modeling, as implemented in our study, offers a normative tool for quan-
tifying latent (social) cognitive processes and tracking how they change in response to targeted
interventions [79, 123–126]. Previous work has examined differences in mentalization across sev-
eral species of non-human primates [14]. We use these principles to determine whether similar
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behavioural outcomes across LLMs and humans reflect shared latent computations of mentaliza-
tion. Our results demonstrate that this framework is also sufficiently sensitive to detect meaningful
differences in mentalizing behaviour across model providers, and captures the effect of strategic
prompting, amanipulation comparable to language-based psychotherapy in humans [127]. Prompt-
ing strategies designed to improve ToM in LLMs should ultimately be evaluated against process-
level measures, as relying on surface-level patterns may obscure latent changes in social cognition
[65, 70]. Yet, whilst providing a deeper level of understanding than assessing choices, computa-
tional modeling still obscures the mechanistic components of LLM which must instead be inferred
from their observed behaviour [110]. This is further mired by the inferential properties of LLMs,
which as pseudo-statistical machines utilize traditional stochastic processes and human-like ab-
ductive reasoning to reach conclusions [128, 129]. Despite the emergence of frameworks and
best practices for determining computational equivalence between humans and LLMs [23, 66, 72,
110, 130, 131], doing so currently remains a challenging task. This is evidenced by the opaque
definition of theory-of-mind in machines, which requires an interdisciplinary approach, one incor-
porating theories from cognitive psychology, neuroscience and artificial intelligence [132]. Looking
ahead, a comprehensive assessment of mentalization in LLMs will likely require a multi-modal
approach involving multiple levels of explanation [23, 133, 134].

The observed differences in task performance may be partly attributed to the model size, where
GPT models may constitute significantly more parameters and are trained upon larger quantities
of data than the DeepSeek and Gemini models used in the tasks. Large language models are
based on the transformer architecture of neural networks, pretrained on a large text-based corpus.
Subsequently, the neural scaling law demonstrates that their performance generally improves as
the model size and training data increase [135]. Larger transformer models also demonstrate
emerging properties absent in smaller models [136] including in-context learning [137] and multi-
step reasoning [138]. Subsequently, model size in LLMs has been shown to robustly correlate
with performance across benchmarks assessing economic and rational choice [112, 139–142].
Larger models often may possess longer context histories, capable of accurately retrieving and
processing more information when making choices. This is supported by comprehension checks
for the tasks used in the current study which report differences with the retrieval accuracy of task-
related information across model sizes (see Supplementary Information section 3).

Modeling analyses from the RPS task revealed DeepSeek was unable to appropriately cali-
brate its recursive level of thinking to the opponent, an ability not significantly improved by SCoT
prompting. On the other hand, GPT-5 agents were able to accurately form beliefs across all re-
cursive levels. These results follow recent evidence suggesting that smaller LLMs generally are
able to accurately infer others’ perceptions [143], but struggle to appropriately form and update
their beliefs about other agents [144]. Furthermore, whilst LLMs are generally inconsistent in how
they update their beliefs [145], larger models learn to update their beliefs about propositions more
consistently [144]. Unlike human-based belief updating which is bounded by data and compu-
tational constraints [146], LLMs are able to burden more computationally intensive processes of
reasoning over extended periods. Taken together, GPT-5 agents may be able to more accurately
predict the actions of complex reasoners by using stored choice histories of the opponent together
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with deliberative reasoning. Strategic prompting is widely used for evoking complex, human-like
cognitive operations among LLMs [47, 147–150] including theory-of-mind (ToM) [151–155], where
performance is improved by appropriate prompting which elevate ToM reasoning [153]. However,
prompting-induced improvements in mentalization are context-dependent [153] and task perfor-
mance can more generally be improved by providing strategy-specific information within prompts
[67, 156]. This altogether suggests that the SCoT prompt may be inappropriately vague for smaller
models given the specific task demands of the RPS game. Prompts including additional task or
strategy-specific information could potentially elicit adaptive mentalization in models less capable
of sophisticated reasoning.

We note that a mechanistic explanation of mentalization is ultimately not possible due to the
closed-sourced nature of the models used. However, specific activity patterns of hidden embed-
dings across several open-sourced LLMs are found to correspond with their ability to represent
another’s perspective, where the percentage of embeddings displaying significant selectivity posi-
tively correlates with model size [157]. Furthermore, recent mechanistic work has suggested that
social reasoning - including ToM - is specifically encoded in extremely sparse, localised parameter
patterns tied to contextual processing [158]. An open question therefore remains whether larger
closed-source models also demonstrate specific patterns of activity corresponding to mentalization
depth, and whether parameter-level signatures of mentalization exist within them.

Our study has theoretical and practical implications across the fields of artificial intelligence and
machine psychology. As LLMs are increasingly employed in different sectors, their ability to accu-
rately interpret and appropriately respond to human mental states becomes critical [159]. Large
language models as chatbots are widely used as therapeutic tools [160–164], capable of building
artificial relationships [165–167] and providing emotional support [168–171], roles necessitating
accurate mentalization of the user’s preferences, feelings and potential actions. Yet, LLMs often
provide inappropriate or harmful responses, a consequence of not accurately interpreting subtle
text-based cues [172]. Indeed, AI systems are often criticized for not being able to demonstrate
affective and motivational empathy, mentalization-derived components essential to human-based
therapy [173–175]. The capacity for LLMs to mentalize also influences user perception and inter-
actions. Humans frequently anthropomorphise AI tools, attributing mental states based on their
own expectations and the agents’ observed behaviour [176–178], which in turn predicts trust and
social closeness towards these systems [168, 179]. Experimentally portraying LLMs intentionally
as social entities has also been shown to increase attributions of warmth, empathy, and compe-
tence among users [180], traits which can be enhanced by inducing a theory-of-mind in LLMs [181].
Finally, instilling the capacity for complex ‘human-like’ cognition among LLMs can also augment
and complement human thinking and decision-making [182]. Human intelligence strongly differs
from machine intelligence, where humans build causal models of the world, and efficiently apply
relevant prior learned information and knowledge to new tasks and situations [26]. Conversely,
generative AI systems such as LLMs are statistical inference machines based on pattern recogni-
tion. Building machines that learn and think more strongly like humans - including a capacity for
mentalization - can lead to more knowledgeable, reliable and trustworthy systems [115].

We acknowledge several practical limitations of our experiments. The analytical choices used
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for LLM configuration, including model parameter settings and prompt configurations, significantly
impact their accuracy for replicating human data [183–186]. Therefore, our response patterns may
not be observed using different model providers, parameters or prompts. Additionally, the fixed
choice history of 10 trials may obscure the effect of different context windows on choice behaviour
[43]. We also specifically focus on a specific group of model providers and do not include any
open-source models in our analyses, a recommended practice for understanding human cognition
with LLMs [187]. Acknowledging these points, we ultimately follow existing guidelines for evalu-
ating the cognitive abilities of LLMs [110, 133], aiming to test specific hypotheses concerning the
computational form of the target process - mentalization - and the effect of a single additional
prompting scheme previously validated. We also follow the recommended practice of ‘machine
validation’ [188], where statistical patterns and strategies uniquely exploited by machines are ac-
counted for. In our primary analyses, we generated the experiment text without the use of LLMs
and place models in the role of an active participant akin to human participants. Yet, LLMs may
nevertheless exploit lexical patterns present in the experimental prompt when making choices [65].
Subsequently, we attempt to control for various confounds including choice order and composi-
tion in our primary analyses and formally investigate their effect in our supplementary analyses,
reporting varying effects of these confounds by model and task (see Supplementary Information
section 3). Finally, our experimental design does not entirely dissociate a machine’s knowledge
(i.e., ‘competence’) from it’s application (i.e., ‘performance’) [189]. Whilst we aimed to similarly
limit both humans and machines by providing identical task instructions and ensuring a thorough
understanding of the task rules and objectives, the outcome history was only provided to LLMs and
not humans. We acknowledge that a similar trial history made available to humans, or conversely,
burdening machines with the equivalent human limitations, would strengthen our claims.

Researchers are increasingly turning to methods rooted in psychology and cognitive science
to understand the behaviour of large language models [190]. Yet, how these systems actively rep-
resent others remains unclear. Our findings highlight key differences in the ability to recursively
mentalize across LLMs, evident through observed behaviour and the underlying computations. Ar-
tificial intelligence (AI) continues to develop at an alarming rate, with some forecasting that digital
computation may eventually supersede human intelligence [191]. Simultaneously, building AI sys-
tems with advanced cognition stands to improve their application across a range of social domains,
yet increases risks toward malicious use [192, 193]. Within this complex, rapidly evolving space,
understanding the cognition of these systems is necessary to appropriately scale the development
of AI technologies.
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Methods

Experimental procedure

Humans

Inspection game

The inspection game is a repeated non-cooperative game where players may implement strategies
corresponding with different levels of recursive thinking [80, 106]. In the game, two players assume
the roles of an “employee” and an “employer” and make one of two choices simultaneously. On
each trial, the employee chooses whether to “work” or “shirk,” and the employer chooses whether
to “inspect” or “not inspect” the employee. In our version (Figure 1 a), the participant always played
the role of the employee.

Each trial began with a fixation cross for 1 second, after which the options of “work” or “shirk”
were presented. Participants had up to 4 seconds to indicate their choice by pressing the respective
arrow key, and the chosen option was highlighted with a red square for up to 2 seconds. The
choice of their opponent, whether to “inspect” or “not inspect”, was then presented on the screen
for 3 seconds, alongside the outcome of that trial. The task consisted of a single block of 150
trials. Points from the task were added and converted to a bonus payment in GBP at the end of
the session.

Participants were told they were playing against a real opponent, but were actually playing
against a computer algorithm based on the influence learning model fitted to real human data from
previous data [106]. The artificial opponent’s responses were generated by the fitted influence
learning model, which would both (1) track player choices and respond optimally to their frequency
and (2) use its own past choices to form player expectations, before (3) introducing randomness
to the choices based on these two computations (used model parameters: the first-order belief
updating 𝜂 = 0.3; second-order belief updating 𝜅 = 0.1; inverse temperature 𝛽 = 1.5). We used
MATLAB 2012a (MathWorks) and the Cogent 2000 v125 toolbox (www.vislab.ucl.ac.uk/Cogent/)
to present the task.

Rock-paper-scissors

To assess adaptive mentalization, we employed a zero-sum rock-paper-scissors (RPS) game. In
contrast to the inspection game, which is played against a fixed algorithm across all trials, partici-
pants in the RPS game played against an algorithm programmed to make choices in accordance
with a specific reasoning level k, where k ∈ {0, 1, 2}. Subsequently, this experimental design is
suitable for assessing whether humans and LLMs are capable of adapting their behaviour to the
k-level of the opponent [107, 194].

Participants were provided instructions that they will be playing a simple repeated Rock-Paper-
Scissors game with three different opponents (Figure 1 b). They were instructed that on each trial,
they must make a choice between the three options, Rock (using the ‘Right’ arrow key), Paper
(using the ‘Up’ arrow key) and Scissors (using the ‘Left’ arrow key), and that both players will be
making the choices at the same time. Participants had up to 3 seconds to make their choice, after
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which they received feedback on the opponent’s choice as well as the reward outcome (+1 for win,
-1 for loss, 0 for tie). Participants were told that they would play 40 trials against a specific opponent,
after which they would be matched to a new opponent. In reality, participants played against a
computer algorithm designed to make choices corresponding to different levels of mentalization, k
(where k ∈ 0, 1, 2). Opponents were randomised and counterbalanced across participants.

Large language models

Inspection game

Large language models completed a translated version of the inspection game presented to hu-
mans. To keep the information as similar to that presented to the human sample, roles, choice
options and the payoff matrix were left unchanged. However, the reward metric was changed from
‘points’ to ‘cents’, incentivizing the LLMs to perform well [195, 196]. Large language models also
completed 150 trials playing the role of the employee against the same algorithmic opponent as
the employer. In all prompting scenarios (see Supplementary Information section 1), models were
presented with the game rules, payoff, choice history, and choice question.

Rock-paper-scissors

Replicating the experimental procedure used in humans, large language models also completed
40 trials of a repeated game with the same algorithmic opponent programmed to make choices at
a given recursive reasoning level. However, in contrast to human participants, who played against
all 3 levels, each LLM played only a single block against a specific level. Whilst the payoff matrix
was left unchanged, choice options were recoded to prevent potential choice bias with numbers
(i.e., ‘1’ selected more often than ‘2’ or ‘3’) or the conventional choices (‘Rock’, ‘Paper’, ‘Scissors’ /
‘R’, ‘P’, ‘S’) previously highlighted [116]. Instead, three single letters (‘J’, ‘Q’, ‘Z’) were selected as
approximately equally uncommon letters in the English corpora. In all prompting scenarios, models
were presented with the game rules, choice history, and choice question.

Both tasks were programmed using custom code integrating the oTree {otree==5.11.1}
experimental platform [197] with the Python package botex {botex==0.2.0} [198] and LiteLLM
{litellm==1.73.1} for LLM API calls. Whilst in previous studies the choice history has included
all previous trials, a rolling choice history of 10 trials was chosen to represent an approximation
of working memory among human players, whilst accounting for time and monetary costs with
practically running the experiments. No time limits were enforced during both tasks.

Participants

Humans

Inspection game

Human participants were recruited through Oxford University databases, social media, email lists,
and adverts in local newspapers. A priori, we excluded individuals who studied psychology, had
a history of neurological or psychiatric disorders, or had abnormal vision. Participants received
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£10 per hour and a bonus of up to £5 based on their task performance (including several different
tasks). All participants provided written informed consent. The Oxford University Medical Sciences
Inter Divisional Research Ethics Committee and National Health Service Ethics approved the study.
For behavioural analyses, only those with no more than 5 missing trials were included, leaving 67
participants (25 males, mean age = 23.3 ±4.21). All of these participants’ data were also included
for modeling.

Rock-paper-scissors

Participants were recruited from the general population on Prolific, restricted to UK residents and
native English speakers as part of a larger study. Before completing the RPS task, they filled out
demographic questionnaires and questions using verbal mentalization tasks.

Participants used their own devices to access the study on Qualtrics and Cognition and were
paid £18 for an anticipated 120 minutes of work (median time: 117 minutes). The study was
approved by the University of Birmingham STEM Ethics Committee (ERN 22-1192, ERN 09-719F,
ERN 2311).

A total of 185 human participants completed the original experiment. For behavioural analyses,
only those with less than 5 missing trials were included, leaving 172 participants (73 males, 97
females, 2 missing; mean age = 24.95 ±3.57 years). For modeling analyses, a single participant
was excluded for not having valid parameter estimates, leaving 184 human participants (76 males,
106 females, 2 missing; mean age = 24.91 ±3.57 years) for all modeling analyses.

Large language models

The following LLMs were selected for participation in the respective tasks. Inspection game: Gem-
ini, DeepSeek, GPT-4.1, GPT-5; RPS: DeepSeek, GPT-5. These models were selected based
upon time and monetary costs when running the study, and from primary comprehension checks
that assessed a wider set of candidate models (see Supplementary Information section 3). Given
the commonly reported issues with model response formats and content [199], several steps were
made to ensure reliability in model outputs. Firstly, API calls were made to model providers using
LiteLLM, unifying model communication with a common interface. Under this framework, struc-
tured outputs in JSON format were strictly enforced across all models using the Instructor {in-
structor==v1.6.0} Python library where not natively supported. Secondly, strict Pydantic schemas
defined the required response structure and data types. Finally, model responses were program-
matically limited to those defined as response options within the prompt (i.e., ‘WORK’/‘SHIRK’ or
‘J’/‘Q’/‘Z’).

Following a power analysis (see Power calculations), the sample size per LLM per experiment
consisted of:

• Inspection game: GPT-4.1 (50 standard prompt, 50 SCoT), DeepSeek (50 standard prompt,
50 SCoT), Gemini (49 standard prompt, 50 SCoT), GPT-5 (100 Normal)

• RPS (Individual LLM instances): DeepSeek (566 standard prompt, 568 SCoT), GPT-5 (566
standard prompt)
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In modeling analyses for the RPS task, individual runs were combined within each LLM group,
with remainder runs discarded, resulting in the following sample sizes: DeepSeek (188 standard
prompt, 189 SCoT), GPT-5 (188 Normal).

Prompting conditions

A previous study [40] demonstrated the effect of a simple prompting strategy - ‘Social Chain-of-
Thought’ (SCoT) - for improving LLM performance in economic games by asking the model to
form a prediction for the opponent’s choice before making a decision. To test whether this ability
also extends to the current study, two prompting conditions were tested. Firstly, in the standard
prompt condition, models were simply asked to make a choice between the two options, with no
explicit prompt for engaging in deliberate thought. In the SCoT condition, models were additionally
prompted on each trial to predict the choice of the opponent before making their choice.

Parameters

A default temperature parameter of 0 was set for Gemini, DeepSeek, GPT-4.1 whilst a temperature
of 1 was set for GPT-5 in accordance with the restricted parameter values provided by OpenAI. A
setting of ‘medium’ was chosen for the reasoning_effort parameter with GPT-5, providing detailed
reasoning without explicit instruction, and considering monetary restrictions for the study. Token
lengths for model responses through the max_tokens parameter was not limited. LLM data was
collected from the periods 04/08/2025 - 17/09/2025 and 22/09/2025 - 14/10/2025 for the inspection
and RPS games respectively.

Power calculations

Inspection game

Comparisons between model and human performance by strategy

Comparisons between model × strategy combinations and human participants required seven
pairwise tests. UsingWelch’s two-tailed t-tests with Bonferroni correction (𝛼 = 0.007) and assuming
large effects (d = 0.8), power analyses indicated approximately 36 participants per LLM group to
achieve 80% power. This wasmet with our sample of at least 49 agents per group, and an allocation
ratio of 1.34 reflecting the 67 participants in the human group.

Within-model task effects of strategic prompting

Following previous results, we expected to observe a significantly higher score across all conditions
in both tasks when implementing the SCoT prompt compared to the baseline condition [40]. This
covers our analyses for calculating group differences for choice selection, task performance and
prediction accuracy. For the inspection game, this required three comparisons. For Welch’s two-
tailed t-tests with Bonferroni correction (𝛼 = 0.017), assuming a large effect size (d = 0.8), power
analyses indicated a required sample size of 35 per LLM group to achieve 80% power. This was
met with our sample of at least 49 agents per group, and an allocation ratio of 1.0.
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Across-model task effects of strategic prompting

Differences in task performance were also expected across LLMs, across models and prompting
strategies. To justify our sample size for the 2 (prompt) × 3 (model) factorial ANOVA, we ran a
power analysis for a fixed-effects ANOVA with six groups. Expecting a medium effect size (f = 0.25,
𝛼 = 0.05), we required a total sample size of N = 158 to achieve 80% power, whilst the main effect
of prompt required N = 128. Both were exceeded by our sample of at least 49 agents per cell. For
the separate one-way comparison of the four normally-prompted models, a fixed-effects, one-way
ANOVA with four groups and a medium-to-large effect size (0.25 < f < 0.4) required a total of 76 <
N < 180 (19 < N < 45 per group) to achieve 80% power (𝛼 = 0.05), which was also met.

Rock-paper-scissors

Within-human effects of bot level on performance

To examine the effect of bot level on human performance, a one-way repeated measures ANOVA
was conducted. Expecting a medium effect size (f = 0.25), power analyses indicated a required
sample size of 28 participants to achieve 80% power (𝛼 = 0.05) with three repeated measurements
(bot levels 0, 1, and 2). This was exceeded with our sample of 172 human participants, which was
sufficient to detect 80% power with a small effect size (f = 0.15).

Cross-group comparisons of performance across humans and LLMs

Comparisons of task performance across humans and LLMs were conducted using a linear mixed
model with group and bot level as fixed effects and subject as a random effect. For the main
effect of group, expecting a large effect size (f = 0.40), power analyses indicated a required sample
size of 13 participants per group to achieve 80% power (𝛼 = 0.05). For the main effect of bot
level, expecting a medium effect size (f = 0.25), power analyses indicated a total sample size of
28 participants to achieve 80% power. For the group × bot level interaction, expecting a medium
effect size (f = 0.25), power analyses indicated a required sample size of 10 participants per group
to achieve 80% power. In all tests, the calculated sample sizes were substantially exceeded with
our collected data.

Within-group pairwise comparisons of bot level effects

To examine differences in performance between bot levels within each group, paired t-tests with
Bonferroni corrections were conducted. This required three pairwise comparisons per group (bot
level 0 vs 1, 0 vs 2, and 1 vs 2). For one-tailed paired t-tests with Bonferroni correction (𝛼 = 0.017),
assuming a medium effect size (dz = 0.50), power analyses indicated a required sample size of
38 per group to achieve 80% power. This was met or exceeded across all groups with our sample
sizes of 172 human participants and 566-568 participants per LLM group.

Choice probability distributions

To test whether choice frequencies for rock, paper, and scissors deviated from a uniform distri-
bution (1/3 probability for each choice), chi-square goodness-of-fit tests were conducted for each
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group. For human participants, where we expected minimal deviation from uniformity, assuming
a small effect size (w = 0.10), power analyses indicated a required sample size of 964 trials to
achieve 80% power (𝛼 = 0.05, df = 2). For LLM groups, where we expected small to medium devi-
ations from uniformity, assuming a small-medium effect size (w = 0.20), power analyses indicated
a required sample size of 241 trials to achieve 80% power. Additionally, chi-square tests on first
choice selections required a sample size of 39 participants per group to detect a large effect size
(w = 0.50) with 80% power. In all cases, the required sample sizes were substantially exceeded
with our collected data.

Power calculations were computed using GPower 3.1 Software [200]. Effect sizes were labelled
following guidance [201] suggesting values of d/dz = 0.2/0.5/0.8 (small/medium/large) for t-tests, f
= 0.10/0.25/0.40 for ANOVA effects, and w = 0.10/0.30/0.50 for chi-square tests.

Behavioural analyses

Rock-paper-scissors

Linear mixed model specification for task performance (payoff)

Linear mixed-effects models (LMMs) were used to assess differences in mean payoff across model
strategies and bot sophistication levels.

Two complementary LMMs were fitted to the data:
LMM1: for ANOVA, main effects, interaction effects, and simple effects comparisons

Payoff ~ ModelStrategy * BotLevel + (1|SubjectID)
LMM2: for within-group comparisons (i.e., across bot-levels)

Payoff ~ ModelStrategy * BotLevelNumeric + (1|SubjectID)
In the models, each LLM subject was coded as per data collection, only completing a single

block. Models were subsequently fit to 172 human participants, 566 DeepSeek participants, 568
DeepSeek-SCoT participants and 566 GPT-5 participants. All analyses were conducted in R using
the lme4 package for model fitting, emmeans for marginal means and contrasts, and effectsize for
effect size calculations.

Computational modeling

Inspection game

Candidate models

Following prior studies [80, 106], we fit a series of computational models representing participants’
possible strategies across the game. In the simplest learning strategy, players may simply choose
the action in the recent past which provided the most reward through reinforcement learning (RL).
However, players may also anticipate that the opponent will form a prediction of their choice and
counter it accordingly. This approach, termed ‘fictitious play’, represents a strategy corresponding
to first-order recursive thinking. Players may adopt a still more sophisticated approach by assuming
the opponent adopts a first-order approach themselves and countering this choice accordingly.
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Termed ‘influence play’, this strategy represents second-order recursive thinking. Finally, to test
whether participants optimised by removing predictability rather than by learning, we included a
mixed-equilibrium (ME) reference model in which choices follow a Bernoulli process with a single
per-subject rate and no trial-by-trial updating [106]. For the inspection game, the mixed-strategy
Nash equilibrium for the employee is P(Work) = 0.5.

Reinforcement learning. The reinforcement learning (RL) model suggests that participants do
not pay attention to the opponent’s choices but simply learn from their previous actions and rewards.
This model modifies the value of each choice for each trial t in response to a prediction error δ
weighted by a learning rate 𝜂:

𝑉 Work
𝑡 = 𝑉 Work

𝑡−1 + 𝜂 ⋅ 𝛿𝑡−1 (1)

The prediction error quantifies the difference between the predicted and the actual outcome,
reflecting the choice and whether it was subsequently rewarded:

𝛿𝑡−1 = 𝑅𝑡−1 − 𝑉 Work
𝑡−1 (2)

Fictitious play. The fictitious play model assumes that the participant instead monitors their
opponent’s probability of selecting an action (specifically, the probability of choosing “Not Inspect”)
based on the opponent’s previous play history:

𝑃 Not Inspect
𝑡 = 𝑃 Not Inspect

𝑡−1 + 𝜂 ⋅ 𝛿𝑃
𝑡−1 (3)

This first-order belief is subsequently used to select the action that maximises the expected
outcome. The prediction error 𝛿𝑃

𝑡−1 is updated:

𝛿𝑃
𝑡−1 = 𝑃𝑡−1 − 𝑃 Not Inspect

𝑡−1 (4)

Here 𝑃𝑡−1 represents the observed action taken by the opponent; 1 if the employer chose
“Not Inspect” and 0 if the opponent chose “Inspect”. The participant’s choice value in the model is
subsequently determined based on the payoff matrix:

𝑉 Work
𝑡 = 50 − 100 ⋅ 𝑃 Not Inspect

𝑡 (5)

Influence learning. The influence learning model integrates both first- and second-order beliefs,
suggesting that participants’ decisions are jointly influenced by the opponent’s past choices and
expectations based on observing the participant’s past choices:

𝑃 Not Inspect
𝑡 = 𝑃 Not Inspect

𝑡−1 + 𝜂 ⋅ 𝛿𝑃
𝑡−1 + 𝜅 ⋅ 𝛿𝑄

𝑡−1 (6)

The second-order belief in the influence learning model is weighted by 𝜅, and the prediction
error of the inferred opponent’s belief about the participant’s action is calculated as:

𝛿𝑄
𝑡−1 = 𝑄𝑡−1 − 𝑄Work

𝑡−1 (7)
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where 𝑄𝑡−1 is the participant’s action at the trial, recorded as 1 when the participant chooses
“Work” and 0 when the participant chooses “Shirk”. 𝑄Work

𝑡−1 is the opponent’s inferred participant’s
working probability:

𝑄Work
𝑡−1 = 1

5 − 1
5𝛽 ⋅ log(1 − 𝑃 Not Inspect

𝑡−1
𝑃 Not Inspect

𝑡−1
) (8)

𝑃 Not Inspect
𝑡 is derived by combining the first-order belief update 𝜂 ⋅ 𝛿𝑃

𝑡−1 and the second-order
belief update 𝜅⋅𝛿𝑄

𝑡−1, and is then used to update the choice value 𝑉 Work
𝑡 . Importantly, if the weight

𝜅 for the second-order belief is equal to 0, the model reduces to the fictitious play model.
Mixed-equilibrium reference. The mixed-equilibrium (ME) model [106] provides a non-learning

baseline. Each participant’s choices are modelled as a Bernoulli process with a single rate 𝛿𝑠 (the
probability of working), with no dependence on trial history:

𝑄𝑠
𝑡 ∼ Bernoulli(𝛿𝑠) (9)

Because the model is memoryless, its likelihood is scored on the same observation set as the
learning models (see below), so that the LOO comparison against ME is valid.

Predictive fit: model fitting and comparison

All models were implemented in JAGS (v4.3.2) [202] and fitted via the {rjags} and {runjags} inter-
faces in R v4.4.1 (2024-06-14). Predictive model comparison was conducted using approximate
leave-one-out cross-validation (LOO-CV), with the pointwise log-likelihood evaluated in R and the
LOO Information Criterion (LOO-IC) computed via the {loo} v2.7.0 package [203].

We used a hierarchical Bayesian structure for all groups, in which each participant’s parameters
were drawn from a group-level distribution described by a mean and a between-subject variance.
The human group represents a heterogeneous sample, and its group-level distribution was esti-
mated under weakly-informative priors. However, the LLM groups comprise near-identical agents
running the same model under a fixed prompt. LLM and human models differed only in the group-
level mean hyperprior, for which we placed a weakly-informative logit-normal prior (median 0.5) in
place of the human Beta(1, 1). The between-subject variance, freely estimated under the same
prior as the human group, returned near-zero values for every LLM group. An initial attempt to fit
the LLM groups under the same diffuse priors as the human group produced unstable group-level
estimates, consistent with this homogeneity.

Parameterisation. The learning-rate parameters were bounded to the unit interval. The
first-order learning rate (𝜂), the second-order weight (𝜅) and the inverse temperature (𝛽) were
each drawn from a Beta distribution truncated to [0.001, 0.999]. For the human group, the
group-level Beta distributions were parameterised by a mean and precision, with the mean drawn
from Beta(1, 1) and the precision from Gamma(1, 0.1). For the LLM groups, the same beta
mean/precision structure was used, but the group-level mean was given a weakly-informative
logit-normal prior (median 0.5) with the precision again from Gamma(1, 0.1). The ME model
used the same Beta mean/precision form for its per-subject rate, with the precision drawn from
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Uniform(0.001, 100).
Decision rule. For the influence and fictitious play models, the belief 𝑞𝑡 that the employer would

not inspect was updated trial-by-trial and mapped to a probability of working via a logistic decision
rule:

𝑃(Work)𝑡 = 𝜎(15𝛽 (2 − 4𝑞𝑡)) (10)

where the boundary-separation coefficient is pinned at 15. For the RL model, the probability of
working was derived from the difference in action values:

𝑃(Work)𝑡 = 𝜎(15𝛽 (𝑉 Work
𝑡 − 𝑉 Shirk

𝑡 )) (11)

Convergence and comparison. All models were estimated using 3 independent Markov chains.
Convergence was assessed using the Gelman-Rubin statistic (𝑅) [204] and the effective sample
size (ESS), with 𝑅 < 1.01 and ESS > 400 for all reported parameters. Models were compared
within each group using LOO-CV, which approximates the expected log pointwise predictive density
(ELPD) for new data [203], where lower LOO-IC values indicate a better out-of-sample predictive
accuracy.

Model–behaviour fit: parameter–behaviour correspondence

To assess the construct validity of the fitted parameters we regressed three model-free behavioural
summaries on the fitted 𝜂 and 𝜅. Parameters were taken from the influence-play fit for every group
where it presented as the winning model. The predictors were the fitted 𝜂 and 𝜅, which were log-
transformed and then z-scored across the pooled analysis set, so that coefficients are comparable
across groups.

For each group we fitted three separate ordinary-least-squares (OLS) linear regressions using
the lm() function from the R package {stats} v4.4.1, one per behavioural outcome, each entering
𝜂 and 𝜅 as predictors:

• Trial-to-trial switching: 𝑝(Switch)𝑖 ∼ 𝜂𝑖 + 𝜅𝑖
• Lagged tracking of the employer’s previous move: 𝑟(employer action𝑡−1, choice𝑡)𝑖 ∼ 𝜂𝑖 +

𝜅𝑖
• Task performance: mean payoff𝑖 ∼ 𝜂𝑖 + 𝜅𝑖
As DeepSeek-SCoT’s winning model was fictitious play, we ran the same three regressions for

DeepSeek-SCoT using its own winning fictitious-play fit, with 𝜂 as the sole predictor. Because this
places DeepSeek-SCoT’s 𝜂 on a different z-scale from the pooled set used for the other groups,
its coefficients are not directly comparable and are marked in Table S3.

Coefficients are reported as standardised slopes with their standard errors and two-sided p-
values. Given the substantial differences in parameter variance, we additionally computed the
scale-free partial correlation which expresses each effect within the group on a bounded [−1, 1]
scale.
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Generative fit: posterior predictive check

For the posterior predictive check, we drew 2,000 samples from each group’s winning-model pos-
terior, using each draw’s per-participant parameter values to simulate one full replicate dataset -
the same number of participants and trials as observed - by running the model forward. For each
statistic - the overall probability of working, the switch rate and the mean payoff - we computed the
group-level mean of that statistic across all simulated participants, yielding a 2,000-value distribu-
tion of simulated group means. Subtracting the single fixed observed group mean from every draw
gave a discrepancy distribution which centred on zero when the model reproduces the observed
level and is shifted away from zero when it does not.

We examined each statistic with the region-of-practical-equivalence (ROPE) equivalence test
[119], in the full-posterior form following recommended guidelines [120]. Subsequently, we com-
puted the percentage of the distribution lying within a ROPE of ±0.05, and accepted a statistic
as practically reproduced when this exceeded 97.5%, rejected it below 2.5%, and left it undecided
in between. The ROPE half-width was fixed at 0.05 on the shared [0,1] scale on which all three
statistics lie. The percentage in ROPE per statistic is given in Table S4.

Rock-paper-scissors

Candidate models

Fitted models were identical to a previous study investigating adaptive mentalization among hu-
man participants [107], which we only briefly summarise below. We refer readers to the original
publication for a more comprehensive description and formulation of the models.

Cognitive Hierarchy Assessment (CHASE) model

The CHASE model works on the premise that there is an action that non-strategic players (defined
as k = 0) would choose, whereas strategic players add a limited number of recursive reasoning
steps by iteratively best-responding to that action. Importantly, adaptive agents infer the level of
recursive reasoning of the opponent by integrating evidence for the different levels over time.

More formally, non-strategic play (k = 0) is governed by an updating rule which maps the history
of the game to attractions for each action at each trial. In this context, attractions are a noisy repre-
sentation of historical action frequencies with an exponential memory decay. These attractions are
linked to the observed behaviour, governing the extent to which agents tend to stick to the historical
action frequencies or act randomly.

While a level-0 agent solely responds to their own action frequencies, higher-level agents try
to predict what the opponent will play, or predicting what the opponent thinks they will play, etc.
Specifically, an agent with sophistication k assumes that the sophistication of the other agent is
exactly one level lower (i.e. k - 1) and therefore applies k steps of recursive reasoning. While a k
= 1 agent is certain that the opponent must be k = 0, higher-level agents face uncertainty about
which level the opponent is most likely playing. To adapt to different strategic players, adaptive
agents form and update beliefs about the opponent’s level of sophistication. Agents then form an
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integrated prediction over the most likely opponent action, weighted by the belief distribution over
the opponent’s level, and noisily best respond to it.

In total, the resulting model is characterized by 5 parameters: 𝛼, 𝛽, γ, λ and 𝜅 (regulating
the speed of updating attractions, recursive reasoning noise, sensitivity to evidence for opponent’s
level, loss aversion, and depth of mentalization ability, respectively).

Alternative models

Reinforcement learning. A simple non-strategic learning rule is to repeat the actions that were
successful in the past. Specifically, the model updates a value for each action at a learning rate 𝛼
and selects actions via a softmax over these values with inverse temperature 𝛽, learning only from
its own payoffs with no representation of the opponent.

Fictitious play. A more sophisticated approach than simple reinforcement learning is fictitious
play, where agents try to estimate the probabilities with which the other player chooses her ac-
tions, and then best respond to them. This agent corresponds to a CHASE model with 𝜅 = 1
(i.e. equivalent to k = 1). Both fictitious play and reinforcement learning are fully specified by two
free parameters, a learning rate 𝛼 and a temperature parameter 𝛽.

Experience-weighted attraction (EWA). EWA [205] is a hybrid model combining elements of
reinforcement learning and fictitious play. In brief, this is achieved by introducing a parameter δ
that quantifies the extent to which an agent also learns from foregone payoffs (i.e. the payoffs
that would have resulted when choosing different actions). Our formulation of EWA has three free
parameters (δ, ϕ, 𝜌) that govern the updating process, where we manually set the initial values for
attractions and experience-equivalents that are free parameters in the original formulation.

Self-tuning EWA. This is a simplified version of the EWA [206] that fixes some parameter val-
ues to empirical values and replaces others with functions of experience. As a result, only the
behavioural temperature parameter 𝛽 is estimated.

Theory-of-Mind k (ToMk). Similar to CHASE, the ToMk model [122] also involves simulating
what opponents of increasing sophistication would play, but uses a heuristic confidence-updating
mechanism to form a response, rather than a Bayesian update on which the CHASE model is
based.

Specifically, the level-0 agent is defined as noisily responding to recency-weighted past action
frequencies of the opponent. The level-1 agent simulates the opponent’s level-0 behavior, com-
putes their most likely action and then responds combining the best response to this opponent
prediction with the expected value from their ‘own’ level-0 strategy. Finally, higher levels simulate
this response process from the opponent’s perspective and then recursively integrate higher-level
responses with a confidence for each level.

The ToMkmodel consists three free parameters: a learning rate𝛼 governing both the frequency
and confidence updates, an inverse temperature 𝛽 controlling choice stochasticity, and an integer
𝜅 setting the highest level of recursive reasoning the agent performs.
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Model fitting and comparison

To fit the models to our participants’ behaviour, we used maximum likelihood estimation by com-
bining an initial grid-search with the fminunc function in MATLAB. We fitted one set of parameters
per subject (i.e. across opponents) for each model, but reset all relevant prior belief variables to
uniform upon facing a new opponent where appropriate (e.g. beliefs, attractions, etc) (Fig S2). We
computed negative log-likelihood (negLL), Akiake Information Criterion (AIC) and Bayesian infor-
mation Criterion (BIC) scores for model comparison metrics whilst accounting for differences in the
number of free parameters. We used random effects Bayesian model comparison to ensure that
the comparison is not overly sensitive to outliers, using the VBA toolbox [207]. We computed the
winning model through the protected exceedance probability (PXP), quantifying the likelihood that
a model is expressed more frequently than all other candidates, accounting for the possibility of
chance differences.
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Data and code availability

Data and code for modeling and analysis are available on request.
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