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Empirical evidence shows that human behaviour often deviates from
game‑theoretical rationality. For instance, humans may hold unrealistic
expectations about future outcomes. As the evolutionary roots of such
biases remain unclear, we investigate here how reasoning abilities and
cognitive biases coevolve using the evolutionary game theory. In our
model, individuals in a population deploy a variety of unbiased and biased
level‑k reasoning strategies to anticipate others’ behaviour in sequential
interactions, represented by the incremental centipede game. Positively
biased reasoning strategies have a systematic inference bias towards higher
but uncertain rewards, while negatively biased strategies reflect the opposite
tendency. We find that selection consistently favours positively biased
reasoning, with rational behaviour even going extinct. This bias coevolves
with bounded rationality, as the reasoning depth remains limited in the
population. Interestingly, positively biased agents may coexist with non‑
reasoning agents, thus pointing to a novel equilibrium. Longer games further
promote positively biased reasoning, as they can lead to higher future
rewards. The biased reasoning strategies proposed in this model may reflect
cognitive phenomena like wishful thinking and defensive pessimism. This
work therefore supports the claim that certain cognitive biases, despite
deviating from rational judgement, constitute an adaptive feature to better
cope with social dilemmas.

1. Introduction
A large body of experimental evidence has shown that humans can behave
differently from the self‑interested rational decision‑makers hypothesized by
game‑theoreticalmodels [1–5]. In fact, our decisionsmay not produce outcomes
that align with classical solution concepts such as the Nash equilibrium [6].
Instead, they may contain biases, i.e. consistent deviations from a reference—
rational behaviour—deemed to be correct [7–9]. Such biases, on the one hand,
influence strategic reasoning and, on the other hand, render their evolutionary
roots difficult to explain [10].

Trivers’ theory of self‑deception [11,12] argues that the evolution of cognitive
biases stems from the adaptive advantages of deceiving oneself to better per‑
suade or deceive others, thereby reducing the cognitive cost associated with
dishonesty in social interactions. This capacity is closely related to the notion
of theory of mind (ToM) [13], which allows us to attribute mental states such as
beliefs, intentions and desires to others [14]. In fact, this early process enabled
the development of a crucial feature of human social cognition that is usually
defined as inter‑subjectivity (i.e. an understanding of the intentionality of others),

© 2025 The Author(s). Published by the Royal Society. All rights reserved.
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Figure 1. Extensive form of the six-step incremental centipede game with exponential growth. The notation𝜋i(t) denotes the payoff player i would get if the game
ends at step t.

thus rendering social transgressions more likely to be detected and punished.
In a recent publication [15], we proposed an evolutionary model to study the conditions under which ToMmay have evolved,

finding that intermediate levels of ToM, interpreted as recursive reasoning of the sortA thinks that B thinks that A thinks that B will do
X [13,16], coevolve with an optimism bias regarding the expected behaviour of other individuals in the context of mixed‑motive
interactions. This theoretical work also showed that the expectation of higher future rewards is essential for the appearance of
ToM, and that the behaviour generated by the surviving reasoning strategies aligns well with previous experimental data [2].

Here, we go beyond thework in [15] by exploring the evolutionary dynamics of biased and unbiased reasoning strategies using
the framework of evolutionary game theory [17–20]. Strategic reasoning is represented, as in [15], through the lens of level‑k theory
[21–23], a popular approach to model bounded rationality [24] (i.e. the idea that people have limited cognitive capacity and might
follow a strategy that is not perfectly rational). In this framework, the degree of rationality, or sophistication, of an individual is
represented by an integer k≥ 0, where no reasoning (k= 0) corresponds to an individual acting on ingrained beliefs, while higher
values translate into a more sophisticated reasoning capacity.

The goal here is to investigate whether reasoning strategies with particular properties may be favoured by evolution. In our
evolutionarymodel, described in §4, individuals are equippedwith reasoning strategieswhose cognitive biaswithin the reasoning
process is modulated by a noise parameter 𝜀. Depending on the type of reasoning process, the parameter 𝜀 perturbs the inferred
action away from the deterministic best response at each reasoning step (see §4 for details). As a result, the outcome of the rea‑
soning process of an agent may systematically deviate from what is expected from their reasoning level‑k, basing their strategic
choices on a subjective interpretation of reality, possibly triggered by both external and internal factors such as the temptation for
higher future rewards, as well as the anticipated behaviour of other individuals in the population.

We therefore relax the underlying assumption in [15], wherein every individual shared the same reasoning process and made
mistakes in the same way. In this regard, our aim is to answer the following series of questions:

— under which conditions rational behaviour is replaced by different reasoning strategies;
— whether cognitively biased forms of reasoning are preferred to unbiased forms (with biases representing different types

of systematic mistakes within each reasoning process); and
— whether an evolutionary robust strategy emerges or whethermultiple reasoning strategiesmay coexist in the population.

As in [15], the current analysis is also performed within the context of the centipede game [25], a sequential game with complete
and perfect information that involves two individuals1 who take turns, over a total of L steps, deciding between two actions (T=
take, P= pass) regarding the split of a resource. Player 1 (player 2) can play T at even (odd) steps. Playing T at a given step means
ending the game and receiving a larger share of the resource than the co‑player. Playing P means letting the other player decide
what to do in the next step, unless the last decision node is reached, where player 2 has to decide between two different splits (see
figure 1 for an example).

The payoff structure of a centipede game is designed such that solving the game via the game‑theoretical method of backward
induction leads a rational self‑interested individual to play T at every opportunity. Hence, in the unique subgame perfect Nash
equilibrium (SPE), each player chooses to end the game as early as possible.2 Nevertheless, several studies have shown that this
equilibrium strategy is rarely observed during behavioural experiments, especially when the resource to be shared grows with
each step of the game [2,28,29]. Here, we focus on the incremental centipede game (ICG), where the resource starts at 0.5 and doubles
at every step [2,30]. In figure 1, we visualize the extensive form and the payoff structure for the case where L= 6.

Several explanations have been proposed to bridge the gap between theoretical and experimental results in the centipede game.
Typically, they can be categorized into two main groups, focusing either on insufficient cognitive ability to perform backward in‑
duction reasoning [21,22,31,32], or on other‑regarding motives that might interfere with self‑interested decision‑making [33–35].
Here, we argue that the potential evolutionary advantage of certain cognitive biases might have interfered with the development
of backward induction reasoning, as these deviations might have been the result of heuristics adapted to deal with the complexity
of uncertain environments [36,37].

Our contributions are threefold. First, we show that a reasoning strategy with a systematic inference bias towards higher but
uncertain rewards is favoured and becomes dominant under strong selection, whereas rational behaviour undergoes extinction.
Individuals employing such a biased inference process think, at each step, that higher payoff outcomes are more likely to occur
compared with individuals using the analogous unbiased strategy. In this sense, their reasoning process, if compared with the

1For extensions to three‑player centipede games, see [26,27] .
2Remarkably, all Nash equilibria in a centipede game require player 1 to end the game at the first step.
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Table 1. Representation of backward induction in a six-step centipede game as a level-k recursive reasoning process. From left to right, each column contains the actions
of player 1 (top) and player 2 (bottom) as they are determined by a deterministic introspective processwith an increasing number of reasoning steps. Such a process starts
at k= 0 (left), where players do not perform any reasoning and will simply end the game in accordance with the highest personal payoff. For k> 0 , players choose the
best response to a fictional level—(k − 1) player.When k= 5 (right), players perform the full backward induction process; thus, the action generated by the reasoning
process corresponds to the outcome predicted by the subgame perfect Nash equilibrium (SPE).

k= 0 k= 1 k= 2 k= 3 k= 4 k= 5
Pl.1 argmax0≤t≤6𝜋1(t) = 6 ℬℛ1(5) = 4 ℬℛ1(5) = 4 ℬℛ1(3) = 2 ℬℛ1(3) = 2 ℬℛ1(1) = 0

Pl.2 argmax0≤t≤6𝜋2(t) = 5 ℬℛ2(6) = 5 ℬℛ2(4) = 3 ℬℛ2(4) = 3 ℬℛ2(2) = 1 ℬℛ2(2) = 1

unbiased reasoning type, systematically overestimates the probability that the ICG will end at a later node. As a result, they tend
(with some probability that depends on the noise parameter 𝜀) to direct their decisions to stop the game at later steps with respect
to an unbiased level‑k process, with no guarantee of actually reaching them. Given these features, we label this reasoning strategy
as a positively biased reasoning strategy, whereas its inverse (i.e. directing their decisions to stop the ICG at earlier stepswith respect
to the unbiased reasoning type) is a negatively biased reasoning strategy.

Our second contribution is to show that the sophistication of each individual, i.e. the depth of their reasoning processes, remains
limited, underlining once more that explicit costs are not required to observe the emergence of bounded rationality [15,38,39].
Interestingly, we reveal the possibility of a coexistence between a myopic payoff‑maximizing strategy (i.e. ending the game in
accordance with the personal highest payoff without any reasoning about the possible decision of the other player) and one level
of positively biased reasoning (i.e. an individual with k= 1 reasoning capacity whose mistakes in reasoning are biased towards
higher future gains). This finding is aligned with previous econometric analyses [2,22], which assumed the presence of a minority
of altruistic players to align with experimental data. Yet, we propose here that some individuals are driven by a desire to ob‑
tain the maximum payoff in the game rather than by a high pro‑social orientation, thereby not relying on explanations related to
other‑regarding motives.

Finally, we identify that the length of the ICG, defined by the parameter L, is instrumental in the evolutionary success of pos‑
itively biased reasoning, as longer exchanges lead to exponentially higher rewards. Specifically, higher values of L amplify the
range of cognitive noise 𝜀 for which positively biased reasoning is the most frequent strategy in the population. We observe, nev‑
ertheless, a limit to the window of noise values wherein this reasoning strategy is successful, as excessive cognitive noise renders
any type of reasoning evolutionary detrimental.

Through these contributions, the present work further explains the emergence of the non‑rational behaviour that is frequently
observed in the experimental literature involving this sequential dilemma [34] as well as others [40,41]. Our theoretical model,
applied in the context of reciprocal exchanges of resources, thus corroborates the idea that certain cognitive biases, despite leading
to systematic deviations from a rational judgement, can constitute an adaptive feature to successfully interact with our peers in
this kind of social dilemma.

2. Results and discussion
To understandwhich form of reasoning, either unbiased or biased, is preferred by evolution, we examine the evolutionary dynam‑
ics of five types of reasoning. We consider two basic types, namely the rational strategy of stopping the game as early as possible
(i.e. the sub‑game perfect equilibrium strategy, or SPE) and the myopic payoff‑maximizers who ignore the possible choices of the
other player and stop the game at the node that maximizes their personal reward (i.e. no‑reasoning, NR, or equivalently k= 0). In
our case, the latter strategy corresponds to always playing pass for player 1 and playing take at the last decision node for player
2 (see table 1). Additionally, we consider an unbiased (level‑k) reasoning type that recursively applies (k times) a best response
perturbed by uniform cognitive noise over the player’s action space, along with two biased (level‑k) reasoning types. The biased
reasoning types are implemented similarly to the unbiased one, but the cognitive noise now directs the individual to end the game
later or earlier thanwould be obtained by noiseless level‑k reasoning in the ICG. As explained in §1themyopic payoff‑maximizers,
the former will be referred to as a positively biased reasoning type, since each step of the reasoning process is biased by a desire
for future outcomes with a higher payoff (corresponding to later steps in the ICG) compared with what would be calculated by
noiseless level‑k reasoning. In opposition, this makes the latter a negatively biased reasoning type, as it is preferred to take before
the step calculated by noiseless level‑k reasoning. Details are provided in §4.

2.1. Positively biased reasoning coevolves with bounded rationality
Figure 2 answers our first question: we show the outcome of the coevolution between reasoning types and k‑levels as dictated
by the stationary distribution of the stochastic evolutionary model for different values of the selection strength 𝛽 (see §4; [15,30]).
To calibrate the output of our model, we determine the relevant level of cognitive noise 𝜀, comparing our predictions with the
experimental data from Kawagoe & Takizawa [22]. The best fitting is provided for 𝜀 ≈ 0.19, as shown inAQ1 figure 5 of appendix A.
For comparison purposes, the same analysis and fitting are performed with the data on the same game from the seminal work by
McKelvey & Palfrey [2], producing 𝜀 ≈ 0.06 (see appendix A for further details).
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Figure 2. Positively biased reasoning coevolves with bounded rationality. The distribution of reasoning types and reasoning levels in the six-step ICG is shown for vari-
able selection strength 𝛽, under high (𝜀∗ = 0.186) and low (𝜀∗ = 0.062) probability of reasoning errors (panels A,B and C,D, respectively). For each value of 𝛽, we
compute the stationary distribution𝜙 of our dynamical system under the assumption of rare mutations. The frequencies of each strategy are aggregated by reasoning
kernel, fker =

∑L

k=1
𝜙sker,k

for ker∈ {U, B+, B−}, and by reasoning level, fk =
∑

ker∈{U,B+ ,B−} 𝜙sker,k
for 1≤ k≤ L (panels A,C and B,D, respectively). For completeness,

the figures also include the frequency of the pure strategy associated with no reasoning (i.e. reasoning level k= 0) and the SPE strategy of stopping the game as early as
possible. The white dotted lines correspond to the selection strength𝛽∗ of optimal fitting with the data in [22] and [2] (panels A,B and C,D, respectively). The population
size is fixed to 100 individuals.

In figure 2, panel A shows the abundance of reasoning types as given by the stationary distribution for different values of se‑
lection strength 𝛽 and the calibrated cognitive noise 𝜀 ≈ 0.19. The aim here is to understand how increasing the selective pressure
(i.e. higher 𝛽) affects the likelihood of ending up with any of the reasoning strategies studied here. When 𝛽 ≃ 0, the evolutionary
dynamics corresponds to the process of neutral drift, thus each reasoning strategy is almost equally present in the population. As
𝛽 grows, the payoff differences between strategies become increasingly relevant. As can be observed, the positively biased reason‑
ing type takes over the population, fully dominating when 𝛽 ≥ 0.4. This preference for positively biased reasoning grows together
with a preference for performing k= 1 reasoning steps, as can be seen in panel B. In fact, after a minor peak in the frequency of
k= 0 individuals, the k= 1 type eventually takes over the entire population.

The right panels in figure 2 show the results for the same model fitted to the experimental data in [2]. With a lower value of
𝜀 (i.e. 𝜀 ≈ 0.06), the mistakes within the reasoning processes are less frequent than in the previous case. The differences between
reasoning types are therefore not as marked. However, positively biased reasoning is again the most frequent type under strong
selection (𝛽 ≥ 1), being adopted bymore than 60% of the population (panel C). Moreover, the increased level of reasoning accuracy
allows for the development of a higher reasoning capacity, with k= 2 now being the most frequent level of reasoning, adopted by
60 to 68% of the population under strong selection, followed by k= 1 and k= 3, both with comparable frequencies (panel D).

In §2.2, we examine the stochastic evolutionary dynamics that leads to this result in more detail. Before, we further observe that
as the stochasticity of the imitation process decreases (i.e. for larger values of 𝛽), higher levels of reasoning (k= 4 and k= 5) pro‑
gressively disappear from the population, meaning that the sophisticated individuals are replaced by the less sophisticated ones.
This result is in agreement with both theoretical [15,38] and experimental [16,22] findings. Notably, higher levels of reasoning do
not need to be explicitly penalized through the introduction of any computational cost because every additional backward step
in the reasoning process has the implicit cost of propagating and amplifying the effect of cognitive noise. Therefore, the popula‑
tion eventually finds the best trade‑off between sophistication and propagation of errors, leading to the presence of intermediate
reasoning levels k= 1, 2, 3 when 𝜀 is sufficiently small and to the invasion of the level k= 1 at higher 𝜀.

Remarkably, the pure strategy associated with the SPE (i.e. to stop the game as early as possible) never manages to invade the
others. This novel outcome is at odds with a previous evolutionary model proposed by Rand & Nowak [30], which showed that
this strategy would eventually prevail under strong selection when the population only plays pure strategies. Our model avoids
this outcome because each strategy is a noisy introspective process [41,42], where iterated conjectures about others’ decisions
might undergo stochastic deviations from the deterministic rational predictions. This result therefore underlines once again the
importance of the introduction of cognitive noise, and therefore of the generated mixed strategies, to obtain a more flexible and
insightful model.

2.2. A coexistence dynamics emerges from biased reasoning
In figure 3, we perform amore detailed analysis of the evolutionary dynamics to explain the previous observations. Panel A shows
the invasion diagram (i.e. the reduced Markov chain connecting all possible monomorphic population states) for the calibrated
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Figure 3. No-reasoning and level-1 positively biased reasoning coexist under limited cognitive noise. Panel A shows the invasion diagram related to the evolutionary
dynamics of our model under the small mutation limit, for𝛽 = 0.063 and 𝜀 = 0.186. The strategies are limited to k≤ 2, and when k> 0 the reasoning kernel can be
unbiased (U), positively biased (B+) or negatively biased (B−). The edges in the graph represent the transitions between differentmonomorphic states: an outgoing edge
from strategy A to Bmeans that A is invaded by B. The number next to each node is the fraction of time spent in each monomorphic state at the stationary regime. Panel
B focuses on the evolutionary dynamics in an infinite population between the three most frequent strategies in panel A, i.e. B+(1), NR and U(1). We plot the gradient
of selection and the fixed points associated with the replicator equation. The black and white circles represent stable and unstable equilibria respectively, whereas grey
circles are saddle points. The arrows indicate the direction of the selective pressure. Finally, panels C and D show the effect of the cognitive noise 𝜀 on the location of the
coexistence point between the two strategies B+(1) and NR under strong selection (𝛽 = 1). The population size in panels A, C and D is Z= 100.

values 𝜀 = 0.19 and 𝛽 = 0.063, corresponding to the settings indicated with the white dotted lines in figure 2A,B. For a better vi‑
sualization, the strategies are restricted to k≤ 2, as higher k‑levels cover a negligible portion of the stationary distribution. The
invasion diagram is a useful tool to understand the dominance relationships between strategies under the small‑mutation limit
approximation. A directed edge from node i to node j in this diagram indicates that a single mutant adopting strategy j is able to
fixate in a population of is with a probability higher than random drift [19]. An evolutionary robust strategy (ERS) is a strategy
with no outgoing arrows [43].

As we can see, for these parameter settings, there does not exist any ERS.3 Instead, an interesting cycle is present, involving
the three most frequent strategies, namely the positively biased reasoning strategy with k= 1, B+(1), the no‑reasoning (NR) or
payoff‑maximizing strategy and k= 1 level of unbiased reasoningU(1). What is interesting is that the arrow connecting B+(1) and
NR is pointing in both directions, which may indicate a potential for coexistence of both reasoning strategies [44].

This hypothesis is confirmed in panel B, where we consider the replicator dynamics [45,46] restricted to the three strategiesNR,
B+(1) andU(1), in which the population spends approximately 80% of the time according to the stationary distribution visualized
in panel A. The results of the replicator dynamics are visualized through the simplex covering all population configurations for
the three aforementioned strategies, including the anticipated dynamics in each point of the simplex. One can clearly observe that
a stable coexistence point appears for the calibrated cognitive noise 𝜀 ≈ 0.19, wherein 60% of the population uses level‑1 positively
biased reasoning (B+(1)), while the remaining 40% uses NR. At each interior point of the simplex, the replicator dynamics is di‑
rected towards this novel equilibrium. We thus see that the game and its outcomes are transformed due to the presence of biased
and unbiased reasoning strategies [15,47,48], revealing the impact that (biased) reasoning strategiesmay have on decision‑making.

This transformation of the game and resulting coexistence dynamics is further explored in panels C and D of figure 3, where
the complete Markov chain connecting the monomorphic population with NR to the one containing only B+(1) is analysed. Both
plots show the interplay between the intensity of cognitive noise 𝜀 and the coexistence point when the game is restricted to the
two aforementioned strategies. As we can see, when 𝜀 is sufficiently small (𝜀 ≈ 0.1), strong selection leads to the full invasion of
individuals adopting the strategy B+(1). Larger values of 𝜀 allow the emergence of a coexistence point, where the fractions of the
NR type increases with 𝜀, until the amount of cognitive errors is so large that performing any reasoning becomes evolutionary
detrimental. The results remain robust when studying the full Markov chain under mutations (see panel D).

Overall, these results confirm the importance of the positively biased reasoning strategy within the context of the ICG. Indeed,
the possibility of developing positively biased reasoning allows the population to enter a new stable equilibrium,where themajor‑
ity of the population is made of positively biased reasoners that coexist with a minority of myopic payoff‑maximizers (assuming
a sufficiently small probability of reasoning mistakes). This novel equilibrium, while leading to a better agreement with the ex‑
perimental reference, is also aligned with previous theoretical and behavioural studies arguing that humans’ sophistication in a
population is often heterogeneous and that ‘naive’ types can survive and coexist with more sophisticated individuals [16,49,50].

3As mentioned previously, when 𝜀 ≈ 0.19 the positively biased reasoning type with k= 1 turns into an ERS for 𝛽 > 0.4.
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for ker∈ {U, B+, B−}. For completeness, the figures also include the frequency of the pure strategy associated with no reasoning (i.e.

reasoning level k= 0) and the SPE strategy of stopping the game as early as possible. In panel D, we report the average reasoning level of the population, k̄=
∑L

k=1
kfk,

where fk =
∑

ker∈{U,B+ ,B−} 𝜙sker,k
, alongwith its standard deviation plotted in the formof error bars. Thewhite dotted line in panel B corresponds to the value of cognitive

noise 𝜀∗ of optimal fitting with the data in [22]. The population size is fixed to 100 individuals, and the strength of selection is𝛽∗ = 0.063.

2.3. Longer exchanges promote the emergence of positively biased reasoning
The length of the ICG, represented here by the parameter L, is a key factor to secure the evolutionary success of positively biased
reasoning. Indeed, longer ICGs translate into a much larger resource to be shared among the players because of the exponential
growth inherent in the payoff structure. In figure 4, we explore the effect of the intensity of cognitive noise 𝜀 on the station‑
ary distribution of our model when the selection strength 𝛽 is fixed at 0.063, for three values of L (L= 4, 6, 8 in panels A, B, C,
respectively).

When L= 4, the difference in frequency between the unbiased, positively biased and negatively biased reasoning is negligible,
regardless of the intensity of the cognitive noise. When L= 6, the incentive to end the game at later nodes is exponentially higher,
leading to a prevalence of positively biased reasoning for a window of 𝜀 values: in fact, more than half of the population develops
a positivity bias within the range 0.11< 𝜀 < 0.2. Finally, when L= 8, the same effect is even more pronounced: now, the region
where more than half of the population chooses positively biased reasoning extends to the range 0.05< 𝜀 < 0.2, and in the subset
of values 0.14< 𝜀 < 0.17 the entire population adopts the strategy previously mentioned B+(1).

In each of the three scenarios, however, a larger probability of cognitive errors renders the reasoning process increasingly
harmful, regardless of the reasoning process employed. This is particularly evident in the plot showing the decay of the average
reasoning level k̄ (figure 4D). The figure reports the mean and the standard deviation of the distribution of reasoning levels within
the population in the stationary state as a function of cognitive noise.We can see how, as 𝜀 increases, themyopic payoff‑maximizers
progressively spread across the population. This effect is more pronounced as the length of the ICG increases to L= 8.

Once again, the presence of the strategy associated with the SPE is negligible, regardless of the value of 𝜀. This result is remark‑
able because this pure strategy, despite being deterministic, is indirectly affected by the amount of mistakes committed within
the population of interacting agents. In a population of sophisticated individuals who, nonetheless, make reasoning mistakes, it
is better to take advantage of these mistakes and opt for a myopic maximization of one’s own payoff, rather than performing the
rational reasoning process of backward induction.

3. Conclusion
We presented a model based on the ICG to study the coevolution of strategic reasoning with and without two cognitive biases,
which were referred to as positively and negatively biased reasoning, in the framework of evolutionary game theory. We showed
how evolutionary dynamics in finite populations can lead boundedly rational players in this game to develop a positivity bias
while recursively reasoning about the potential move of their opponents. Furthermore, the emergence of positively biased rea‑
soning in this sequential setting appears to be strongly linked to two factors, namely the presence of individuals acting as myopic
payoff‑maximizers, and the promise of higher future gains (captured here by the length of the ICG and the exponential growth of
the resource to be shared among the players).

While our work was restricted to an evolutionary analysis of positively and negatively biased reasoning strategies in the ICG,
the model may be interpreted to reflect specific cognitive and psychological phenomena. As an example, the aforementioned
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reasoning strategies could be potentially associated with wishful thinking [51–53] and its counterpart, defensive pessimism [54–56].
Wishful thinking is described in the literature as a distortion of cognitive forecasting processes towards more optimistic expec‑
tations, and it implies the overestimation of the likelihood of desirable events. This concept therefore fits, to a certain extent, our
model, as the ICG formalizes the partition of a growing resource between parties that hold beliefs about each other and have
desires for possibly different outcomes.

Wishful thinking, however, is an extremely broad phenomenon. Moreover, the related experimental literature exploring the
link between wishful thinking and strategic decision‑making is rather limited and produced mixed results (e.g. [57,58] for a re‑
view). It is therefore not obvious that wishful thinking is the source of the behavioural deviations presented here or that the model
truly captures the intricacies of this concept. Alternative interpretations, such as a risk‑taking tendency [59,60], may also align
with the results of our model. A more comprehensive analysis of the link between the model and these cognitive interpretations
is therefore needed, which is left for future work.

Our studywas also limited to the investigation of cognitive biases in the formof consistent deviations from a rational judgement
of the opponent’s future choice. The cognitive bias of each player was unequivocally translated into a specific behaviour. In this
sense, our study assumed that the relationship between behavioural strategies and cognitive biases is unambiguous, while each
strategy could, in reality, be the outcome of multiple cognitive processes and heuristics [36], as remarked above. Moreover, our
model assumed a static belief framework in which individuals hold fixed prior beliefs about their co‑players. It also imposes that
individuals share the same beliefs throughout the population and that all players use the same type of recursive reasoning process,
where opponents always possess a comparatively lower capacity for reasoning [15]. Future work can relax these assumptions to
examine how robust the results remain while also opening the door to alternative models to explore other aspects of cognitive
biases and related psychological phenomena that were not yet considered here.

To conclude, the insights provided by our model, while confirming previous experimental [22,61] and theoretical [15,38,52]
results, show that the deviations from the rational behaviour prescribed by game theory can be the outcome of evolutionary
processes in which reasoning heuristics were developed in order to better interact in complex and uncertain environments. In
particular, positively biased reasoning and bounded rationality proved to be adaptive features in the context of reciprocal ex‑
changes of a shared resource that grows over time, in line with theories of the evolution of human social cognition claiming that
we developed these non‑rational behaviours by means of our remarkable ability to understand the intentionality of our peers.

4. Methods

4.1. Notation
Let us first introduce the notation that we will use throughout this section:

— the subscript i∈ {1, 2} denotes the role of the player, while the classical notation −i denotes the role of the co‑player;
— 𝒜i represents the set of possible actions of the player in role i: specifically,𝒜1 = {0, 2,… ,L − 2,L} and𝒜2 = {1, 3,… ,L − 1,L},

with |𝒜1|= |𝒜2|= 1 + L∕2 (note that the action L, shared by both players, means to always play pass);
— Ti∈𝒜i denotes the step at which the player in role iwill end the game; and
— 𝜎i represents the probability distribution over the different steps at which the player in role imay end the game.

4.2. Strategies
Given an ICG of L steps, our game‑theoretical model considers two pure strategies and 3 × (L − 1) generative strategies.4 The
pure strategies consist of the sub‑game perfect Nash equilibrium (SPE) strategy and a myopic payoff‑maximization strategy. The
former will decide to end the game as early as possible (in line with full backward induction). The latter aims at acquiring the
highest possible personal reward, ignoring the potential choices of the co‑player. If L= 6, for instance, when acting as player 1,
this strategy will play T1 = 6 because 𝜋1(6) = 25.6 is the highest payoff of the game for player 1 (see figure 1), without taking into
account the other player’s likely takemove at the fifth node. Likewise, a myopic player 2 would stop the game at the step T2 = 5 to
obtain the maximum payoff 𝜋2(5) = 12.8, without considering that player 1 would probably stop the game at the preceding node
(see figure 1 and table 1).

The 3 × (L − 1) generative strategies are defined using the level‑k framework [15,21]. Each generative strategy is determined
by a value for k and the type of (un)biased reasoning they will use to arrive at a decision. Each reasoning level k corresponds to k
steps of backward induction reasoning, where players might deviate from the rational best response at each reasoning step due to
cognitive noise, defined by a parameter 𝜀 ∈ [0, 1]. At k= 0, which corresponds to no‑reasoning (NR), the strategy corresponds to
the myopic payoff‑maximizer explained earlier. When k> 0, level‑k individuals perform a recursive reasoning process, assuming
that the co‑player belongs to the type k − 1.

In a situation, where individuals do not make any reasoning mistakes (𝜀 = 0), this process can be formulated as follows:

Ti(k) =
⎧

⎨
⎩

argmax0≤t≤L𝜋i(t), if k= 0

ℬℛi(T−i(k − 1)), otherwise
, (4.1)

4We use the term generative as opposed to mixed because in each interaction, these strategies need to generate the action based on a noisy level‑k recursive process.
While they implicitly encode a mixed strategy, i.e. a probability distribution over the action space of both players, they are defined by the reasoning level k> 0 and
one of the three reasoning types, as it is further explained in §4.
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whereℬℛi(⋅) encodes the best response of player i given the action of player −i. This case is essentially analogous to [30], with the
reasoning level k= L − 1 being equivalent to the SPE strategy (see table 1).

Since we are interested in the evolution of cognitive biases and strategic reasoning, we focus on the case 𝜀 > 0: in particular, at
each reasoning step, we let players deviate from the best response with probability 𝜀 ∈ [0, 1] [15], i.e. player iwill now choose their
action according to a noisy best response, 𝒩ℬℛi(⋅), which replaces ℬℛi(⋅) in equation (4.1). Resuming the example mentioned
above, if player 2 now performs one reasoning step (k= 1), they will take into account that a fictional player 1 with k= 0 follows the
pure strategy T1(0) = 6, so player 2 will adopt strategy T2(1) = 5 with probability 1 − 𝜀, but will deviate from it with probability
𝜀. Depending on the reasoning type, these deviations can occur uniformly on the whole action space if the reasoning process is
unbiased, or they can be skewed towards earlier or later steps in the case of negatively or positively biased reasoning, respectively.

Each reasoning process will thus produce a role‑dependent probability distribution over the actions of each player, 𝜎1(k) and
𝜎2(k), corresponding to the probability distributions over the action spaces of player 1 and player 2, respectively,

𝜎1(k) = [ℙ(T1(k) = 0), ℙ(T1(k) = 2), … , ℙ(T1(k) = L)] ,

𝜎2(k) = [ℙ(T2(k) = 1), ℙ(T2(k) = 3), … , ℙ(T2(k) = L)] .

The recursive reasoning in equation (4.1) then corresponds to an iterative application of the law of total probability, where each
element of the vectors 𝜎1(k) and 𝜎2(k) equals

ℙ(Ti(k) = ti) =
∑

t−i∈𝒜−i

ℙ(𝒩ℬℛi(t−i) = ti | T−i(k − 1) = t−i) ⋅ ℙ(T−i(k − 1) = t−i), (4.2)

with i∈ {1, 2}, k> 0 and ti ∈𝒜i. The overall probability of player i playing action ti is thus the sum of the probabilities that ti is
chosen as the response to a fictional level–(k − 1) opponent playing the action t−i, over all possible actions in the set 𝒜−i.

It can be shown that the strategy of a player covering both roles with equal probability can be computed through the following
formula (see appendix B for further details):

𝜎(k) = 𝜎(0) ⋅M(𝜀)k, (4.3)

where 𝜎(k)with 0≤ k≤ L − 1 is the concatenation of the two role‑dependent strategy vectors 𝜎1(k) and 𝜎2(k), andM(𝜀) is a matrix
that depends on the intensity of the cognitive noise 𝜀 and encapsulates the noisy best responses for both roles.

Each strategy in our model is therefore uniquely determined by three components of the reasoning process: (i) the starting
point, 𝜎(0); (ii) the reasoning kernel,M(𝜀); and (iii) the depth of the reasoning process, 0≤ k< L. This framework has an intuitive
and straightforward interpretation: each individual has a prior behaviour, 𝜎(0), about the action to choose without any reasoning,
and they modify it by applying the reasoning kernelM (representative of their mind) iteratively for k times. As stated previously,
we fix the prior belief 𝜎(0) of each individual such that k= 0 corresponds to an agent who myopically aims at maximizing the
payoff of the game, leading to 𝜎(0) = [0, 0, 0, 1, 0, 0, 1, 0] for L= 6.

To study the evolution of cognitive biases, we propose the following reasoning kernels:

— an unbiased reasoning kernel,MU(𝜀), where the best response is chosen at each step with probability 1 − 𝜀while any other
action is chosen with uniform probability 2𝜀∕L;

— a negatively biased reasoning kernel,MB− (𝜀), where deviations from the best response only happen to shift towards earlier
nodes of the game, i.e. lower‑payoff outcomes;

— a positively biased reasoning kernel,MB+ (𝜀), where deviations from the best response only happen in the direction of later
nodes, i.e. outcomes where payoffs are higher but uncertain.

We denote the level‑k strategies of unbiased, positively biased and negatively biased reasoning by U(k), B+(k) and B−(k),
respectively. In appendix B, we report the three matricesMU(𝜀),MB+ (𝜀) andMB− (𝜀) in the case where L= 6.

4.3. Payoffs
We now describe the computation of the payoffs resulting from the interaction between two strategies. Let us suppose two play‑
ers, Alice and Bob, adopt strategies 𝜎A and 𝜎B, respectively. As stated previously, each of these vectors consists of a pair of
role‑dependent probability distributions, namely (𝜎1A, 𝜎2A) and (𝜎1B, 𝜎2B).

Here, we assume that Alice and Bob play against each other, covering both roles with equal probability, so that the game be‑
comes symmetric [30]. This means that, for instance, the expected payoff of Alice, ΠA(𝜎A, 𝜎B), is given by the average between
the expected payoff she would obtain while playing as player 1 against Bob playing as player 2 and the expected payoff in the
opposite scenario. Thus, we obtain the following equation:

ΠA(𝜎A, 𝜎B) =
1
2

L∑

t=0

{
𝜋1(t) ⋅ ℙ

(
Tmin
1 = t

)
+ 𝜋2(t) ⋅ ℙ

(
Tmin
2 = t

)}
, (4.4)

where Tmin
1 and Tmin

2 are the two random variables associated with the distribution of the terminal node of the game on the two
admissible scenarios, where Alice (Bob) plays as player 1 (2) and player 2 (1), respectively:

Tmin
1 ∶=min {𝜎1A, 𝜎2B} , Tmin

2 ∶=min {𝜎2A, 𝜎1B} .
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Note that, since these two random variables are independent and defined over the same support, the cumulative distribution
function of the minimum between the two can be computed analytically through the following equation:

ℙ(Tmin
i ≤ t) = 1 − ℙ(𝜎iA > t)ℙ(𝜎−iB > t).

4.4. Evolutionary dynamics
Asmentioned in §1, we adopt an approach based on the evolutionary game theory to understand how cognitive biases and strate‑
gic reasoning might have coevolved in the long term. In brief, this approach approximates the evolution of the behaviour of a
population of Z individuals interacting with each other according to their given strategies, via analytical methods or numerical
simulations [62]. Borrowing ideas from evolutionary biology, a strategy can propagate within the population if it is associated
with higher fitness, i.e. yield a higher expected payoff than the others.

At each generation step, one individual X is randomly chosen to update their strategy by either undergoing a stochastic muta‑
tion with probability 𝜇 or by imitating a better co‑player [63]. In the latter case, another individual Y is randomly sampled from
the population to act as a potential role model, andwill be imitatedwith probability p= 1∕(1 + exp (𝛽(ΠX − ΠY))), which increases
with the fitness difference betweenY andX [64]. The parameter 𝛽 represents the intensity of selection, i.e. the strength of imitation:
when 𝛽 = 0, imitation occurs with 50% chance, corresponding to the process of neutral drift; when 𝛽 is large, imitation becomes
sensitive to the slightest fitness difference, leading to an almost deterministic evolutionary process. The number of states of this
birth–death process, however, quickly becomes intractable via analytical methods.

A possible solution is the so‑called small‑mutation limit, i.e. the case where mutations are negligible (𝜇→ 0) [65]. This approxi‑
mation allows us to reduce the size of the Markov chain to the number of strategies of the game. Indeed, with this approximation,
the time interval between two mutations is sufficiently large that evolution will lead to the fixation of one strategy in the popu‑
lation before the next mutation leads to the appearance of a new strategy. Thus, at any time, there will be at most two strategies
simultaneously present in the population. The rare‑mutation limit leads to an embedded Markov chain whose states correspond
to the different homogeneous configurations of the population in which everyone plays the same strategy. Most results in this
work, except for panels B–D of figure 3, are obtained under the small‑mutation limit.

A further approximation, used in panel B of figure 3 is given by the limit of infinite populations. The dynamics in this case
is represented by the replicator equations [45,46]. This differential equation expresses a deterministic selection process where
the frequency of a type i, xi, increases if it has higher fitness, Πi, than the average fitness of the population Π. In formulas,
ẋi = xi(Πi(x) − Π(x)). When the gradient is 0, i.e. ẋi = 0, we have an equilibrium point. If the gradients in a small neighbourhood of
an equilibrium x∗ point towards x∗, the equilibrium is said to be evolutionary stable. This definition means that an evolutionary
stable state is robust to small changes in the population, i.e. a mutant will not drive the population to a different state. This solu‑
tion concept, more strict than the well‑known Nash equilibrium, allows to characterize complex evolutionary processes through
relatively simple differential equations.

Ethics. This work did not require ethical approval from a human subject or animal welfare committee.
Data accessibility. The software implementation of the evolutionary processes is based on EGT Tools5 [20], an open‑source hybrid C++/Python library
that provides both analytical and numerical methods to study game‑theoretical problems within the framework of Evolutionary Game Theory.
The code to reproduce all the results presented in this work can be found at the following GitHub repository [66].
Declaration of AI use. We have not used AI‑assisted technologies in creating this article.
Authors’ contributions. M.S.: conceptualization, formal analysis, investigation, methodology, software, visualization, writing—original draft, writing—
review and editing; E.F.D.: conceptualization, software, supervision, validation; J.M.P.: conceptualization, supervision, writing—review and edit‑
ing; T.L.: conceptualization, funding acquisition, investigation, methodology, project administration, supervision, visualization, writing—original
draft, writing—review and editing.

All authors gave final approval for publication and agreed to be held accountable for the work performed therein.
Conflict of interest declaration. We declare we have no competing interests.
Funding. The authors gratefully acknowledge the research support of the F.R.S‑FNRS (project grant 40007793). T.L. further acknowledges the sup‑
port of the Service Public de Wallonie Recherche (grant 2010235‑ARIAC) by DigitalWallonia4.ai and the Flemish Government through the AI
Research Program. E.F.D. is supported by an F.W.O. Senior postdoctoral grant (12A7825N).
Acknowledgements. The authors also thank Axel Abels and the anonymous reviewers for their useful comments and suggestions, which allowed us
to improve this article.

Appendix A. Fitting with experimental data
We address the choice of the pair of values for the parameters of our model, namely the strength of selection 𝛽 and the proba‑
bility of reasoning error 𝜀. In order to retrieve reasonable values, we fitted our model to two different experimental references
already mentioned in §2: the seminal study by McKelvey & Palfrey [2] and the more recent work by Kawagoe & Takizawa [22].
Both references provide a benchmark for the behavioural profile in the ICG with L= 6 depicted in figure 1. The main difference
between these studies lies in the fact that the latter behavioural experiment is a one‑shot interaction, while the former consists of
10 iterations with random pairing (in this case, we exclusively refer to the frequencies associated with the first round, to eliminate
potential learning effects). Cultural differences may also be at play [67–70], as the experiments in [2] and [22] were conducted in
American and Japanese universities, respectively.

5https://egttools.readthedocs.io/en/latest/
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Figure 5. Fitting with experimental references. We fit our model to the experimental data related to the ICG with L= 6 from [22] and [2] (panels A,B and C,D, respec-
tively). Panels A,C show the Jensen–Shannon divergence between our model’s prediction and each experimental reference (in logarithmic scale) as a function of the
strength of selection𝛽 and the probability of reasoning errors 𝜀. In the case of [22], the minimum distance (0.06) is achieved when𝛽∗ = 0.063 and 𝜀∗ = 0.186. When
using the data from [2], theminimum distance (0.16) is reachedwhen𝛽∗ = 0.032 and 𝜀∗ = 0.062. Panels B,D portray the comparison between the optimal fitting and
the experimental reference in both cases. The population size is fixed to 100 individuals.

These differences are reflected in the results of the fitting shown in figure 5. By minimizing the Jensen–Shannon divergence
between our model’s prediction of the terminal node of the game and the two experimental references, we obtain rather different
results. When using the data from [22] (panel A), the best fit is located where the strength of selection and the cognitive noise take
values 𝛽∗ = 0.063 and 𝜀∗ = 0.186, respectively. In this case, the relatively high value of 𝜀 implies that the three different reasoning
kernels, and particularly the positively biased one, are necessary to explain the experimental results.

In contrast, when using the data from [2] (panel B), the best fitting is given by lower values, 𝛽∗ = 0.032 and 𝜀∗ = 0.062, respec‑
tively. This implies that, in this case, the most relevant factors to explain the data are the stochastic effects of the imitation process
(represented by the low strength of selection), as well as the reasoning capacity of each individual (represented by the level k).
However, the low value of cognitive noise leads to marginal differences in reasoning types and consequently to almost determin‑
istic strategies. Despite the highly mitigated differences between reasoning kernels, we have seen in figure 2 (panel C) that it is
still preferable to develop positively biased reasoning, especially under the effect of stronger selection.

Although general trust, intended as an expectation of strangers’ goodwill, has been suggested to be more prevalent in western
cultures (particularly Anglophone), Japanese culture has been associatedwith assurance‑based trust, which does not require a belief
in the benevolence of the other person because it is rather based on the mutual knowledge of the incentive structure surround‑
ing the relationship [67]. This general finding is confirmed by cross‑cultural studies involving the centipede game [69,70], where
Japanese participants systematically ended the game at nodes later than Western participants. Our results appear to corroborate
these previous findings, as approximately 51% of the population in our model adopts the strategy associated with one step of
positively biased reasoning when fitted on the Japanese data, while the distribution of strategies is more heterogeneous when the
model is fitted on the American data, with one step of positively biased reasoning being nevertheless the most frequent strategy
(approximately 18%).

Appendix B. Derivation of the reasoning strategies
Here, we report the mathematical derivation of the strategies of our model. Starting from equation (4.2), it is useful to encode the
noisy best responses,𝒩ℬℛi(⋅), into two role‑dependent matrices,M1(𝜀) andM2(𝜀), which depend on the intensity of the cognitive
noise 𝜀 and contain the probabilities of choosing a certain response (column) given the belief about the action of the co‑player
(row),

[Mi(𝜀)]t−i,ti =ℙ(𝒩ℬℛi(t−i) = ti | T−i(k − 1) = t−i).

Then, we can rewrite equation (4.2) in the following compact form:

𝜎i(k) = 𝜎−i(k − 1) ⋅Mi(𝜀),
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with i∈ {1, 2}, and k> 0. Finally, ifwe concatenate the twomixed strategy vectors 𝜎1(k) and 𝜎2(k) into one vector 𝜎(k) = [𝜎1(k), 𝜎2(k)]
and define a single (L + 2) × (L + 2) block matrix,M(𝜀), such that

M(𝜀) =
⎡
⎢
⎣

0 M2(𝜀)

M1(𝜀) 0

⎤
⎥
⎦
,

weobtain the following simple analytical formula encompassing the strategy of a player covering both roleswith equal probability:

𝜎(k) = 𝜎(0) ⋅M(𝜀)k.

Asmentioned in §4,we consider three reasoning kernels, namelyMU(𝜀),MB− (𝜀) andMB+ (𝜀) for unbiased, negatively and positively
biased reasoning, respectively. Here, we report the three matrices for the case L= 6:

MU(𝜀) =

⎡
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

0 0 0 0 1∕4 1∕4 1∕4 1∕4

0 0 0 0 1 − 𝜀 𝜀∕3 𝜀∕3 𝜀∕3

0 0 0 0 𝜀∕3 1 − 𝜀 𝜀∕3 𝜀∕3

0 0 0 0 𝜀∕3 𝜀∕3 1 − 𝜀 𝜀∕3

1 − 𝜀 𝜀∕3 𝜀∕3 𝜀∕3 0 0 0 0

𝜀∕3 1 − 𝜀 𝜀∕3 𝜀∕3 0 0 0 0

𝜀∕3 𝜀∕3 1 − 𝜀 𝜀∕3 0 0 0 0

𝜀∕3 𝜀∕3 𝜀∕3 1 − 𝜀 0 0 0 0

⎤
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

,

MB− (𝜀) =

⎡
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

0 0 0 0 1∕4 1∕4 1∕4 1∕4

0 0 0 0 1 0 0 0

0 0 0 0 𝜀 1 − 𝜀 0 0

0 0 0 0 𝜀∕2 𝜀∕2 1 − 𝜀 0

1 0 0 0 0 0 0 0

𝜀 1 − 𝜀 0 0 0 0 0 0

𝜀∕2 𝜀∕2 1 − 𝜀 0 0 0 0 0

𝜀∕3 𝜀∕3 𝜀∕3 1 − 𝜀 0 0 0 0

⎤
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

,

MB+ (𝜀) =

⎡
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

0 0 0 0 1∕4 1∕4 1∕4 1∕4

0 0 0 0 1 − 𝜀 𝜀∕3 𝜀∕3 𝜀∕3

0 0 0 0 0 1 − 𝜀 𝜀∕2 𝜀∕2

0 0 0 0 0 0 1 − 𝜀 𝜀

1 − 𝜀 𝜀∕3 𝜀∕3 𝜀∕3 0 0 0 0

0 1 − 𝜀 𝜀∕2 𝜀∕2 0 0 0 0

0 0 1 − 𝜀 𝜀 0 0 0 0

0 0 0 1 0 0 0 0

⎤
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

.

Note that if player 2 believes that player 1 will stop the game at the first node (T= 0), then player 2 is indifferent about the action
to take, i.e. there is no best response. This explains the uniform probability distribution over the actions of player 2 in the first row
of each matrix.
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