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Abstract

Mindset theory proposes that believing intelligence is improv-
able fosters academic achievement. Despite its influence, the
theory lacks a mechanistic foundation. Here, we examine
mindset-driven behaviors from the perspective of the compu-
tational problem the mind is solving—optimizing cumulative
reward under uncertainty about skill malleability. We formalize
this problem as a Markov decision process, where agents bal-
ance cultivating for future gains against harvesting immediate
rewards. Growth- and fixed-mindsets are represented as the
agent’s priors over skill malleability. Through simulation, we
demonstrate that mindset-driven behaviors, such as persistence
and challenge seeking, arise as rational decisions under dif-
ferent prior beliefs, with optimistic priors promoting sustained
engagement, belief updating, and higher rewards in favorable
environments. Crucially, mindset effects vanish when environ-
mental structures disincentivize long-term investment, leading
agents to converge on a harvest-only strategy. Our model of-
fers a unified account of the heterogeneous findings of mindset
interventions, highlighting the importance of supportive envi-
ronments for mindset effects to manifest.

Keywords: Bayesian model; growth mindset; skill learning;
malleable environment; individual difference

Introduction

When learning a skill or training for a sport, sustained ef-
fort can incrementally enhance future payoffs by improving
one’s ability (Ericsson et al., 1993; Macnamara et al., 2014).
However, investing in learning and training can be costly and
may not necessarily pay off, creating a trade-off between con-
tinued investment and disengagement. Examining behavior
in these environments is thus crucial for understanding hu-
man adaptability, and has attracted significant interest across
learning, decision-making, and development (Denrell & Le
Mens, 2020; Gureckis & Love, 2009; Hotaling et al., 2021;
Nussenbaum & Hartley, 2024).

Among these, mindset theory is a particularly influential
framework (Dweck, 2006; Dweck & Yeager, 2019). A mind-
set refers to an individual’s beliefs about the malleability of
human attributes such as intelligence. Those with a growth
mindset believe that attributes can be improved through effort,
while those with a fixed mindset see them as static. Consistent
with theoretical predictions, growth-mindset individuals are
more likely to persist (Hecht et al., 2022), embrace challenges
(Yeager et al., 2019), and ultimately achieve higher academic
performance (Jia et al., 2021). In contrast, people with a
fixed mindset are more likely to give up and avoid challenges,

leading to poor outcomes.

Despite its compelling insights, mindset theory remains
largely descriptive. It links malleability beliefs to behaviors
such as persistence and challenge seeking, but leaves open
why these beliefs necessarily give rise to such behaviors and
what decision-making processes underlie this relationship.

Moreover, empirical evaluations of mindset interventions
have yielded heterogeneous results, suggesting that mindset
effects might be context-dependent rather than universal (Can-
ning et al., 2019; Jia et al., 2021; Yeager et al., 2019, 2022),
for reviews, see (Hecht et al., 2023; Walton & Yeager, 2020;
Yeager & Dweck, 2020). However, the original mindset the-
ory offers limited specification of the boundary conditions that
determine when these effects should appear.

In this study, we examine the computational problem im-
plicit in mindset theory. We formalize mindset-driven behav-
iors as rational responses to inferred skill malleability within
a sequential decision framework. Through simulation, we re-
produce core predictions of mindset theory in terms of persis-
tence and challenge seeking, and reveal the decision dynamics
through which malleability beliefs shape behavior. We fur-
ther show how environmental factors constrain—and in some
cases eliminate—observable mindset effects.

Model

We formalize the computational problem underlying mind-
set theory as sequential decision-making under uncertainty:
agents must trade off between exploiting their current skill
level against investing in its improvement for future returns.
We represent mindsets as priors over skill malleability, which
shape utility estimates and resulting behaviors.

Malleable Skill

Definition We formalize the process of learning a skill as
a Markov decision process (MDP). Each state represents a
certain level of skill mastery. Skill level increases through
practice, and higher levels translate into larger rewards. The
agent therefore progresses through an ascending sequence of
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states {s;}:2,,, corresponding to increasing skill levels.

Cultivate-harvest trade-off Over a finite horizon 7 € N,
the agent balances harvesting short-term gains against culti-
vating for long-term benefits. At each time step ¢, the agent
chooses between two actions: (1) Cultivate ac, which will
not provide immediate reward r(s;, ac) = 0 but may advance



the agent to the next state with probability m € (0, 1), which
represents skill malleability, i.e., p(s;+1 | s;,ac) = m and
p(s; | si,ac) = 1 —m; (2) Harvest ag, which provides an
immediate payoff r(s;,ay) = f(i) while leaving the state
unchanged, i.e., p(s; | s;,ag) = 1. Intuitively, cultivation
corresponds to investing effort in skill improvement, such as
learning a new guitar scale, whereas harvesting corresponds
to exploiting existing skills for immediate gratification, such
as playing familiar scales.

We use a linear reward function f : N — R to denote the
mapping from state index i to harvest payoff

f@) =R+wi, (1)

where w > 0 is reward growth rate and R is reward baseline.

Optimal switch point According to Zhao et al. (2024), this
decision problem corresponds to an optimal stopping problem
(Chow et al., 1971): the agent should cultivate up to a switch
point and then exclusively harvest for the remaining steps.

Suppose the agent is at time step ¢ with current skill level
I;. Let D = T — ¢t denote the number of remaining steps, and
let R, = R + wl; denote the current harvest payoff. Under
a candidate stopping policy 7 (d), the agent cultivates for the
nextd € {0, ..., D} steps and then harvests for the remaining
D — d steps. If the true malleability is m, then the number of
successful improvements during the d cultivation attempts is
X4 ~ Binomial(d, m). The expected return under 7(d) is

Gi(d) =(D-d)E[f(I; + Xa)]
= (D -d) (R, + wmd) . 2)

Since G, (d) is a concave-down quadratic function of d (w > 0
and m > 0), it has a maximum achieved at

- D R;
di = 2 2wm’ )
The optimal switch point is thus the closest feasible integer
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Importantly, d; is recomputed at every step based on the
agent’s current skill level /; and remaining horizon D = T —t.

Skill with Unknown Malleability

The above formalization assumes that the agent knows the
true skill malleability m. In reality, however, the agent rarely
knows in advance how hard it is to improve the skill. For
example, when learning guitar, one might not know whether
it will take hours or days of practice to play a piece fluently.

Malleability belief We model the agent’s prior over skill
malleability using a Beta distribution: by ~ Beta(a, 8), where
the prior mean by = /(a + fB) is the agent’s initial estimate
of skill malleability (Fig. 1).

After each cultivation attempt, the agent observes whether
the attempt succeeds. After observing x; successes out of n;

Figure 1: Malleability belief. The agent decides whether
to attempt to move up to a higher skill level (Cultivate), or
to remain in the comfort zone (Harvest). A growth-mindset
agent, shown in blue, holds an optimistic prior that cultivation
will succeed. In contrast, a fixed-mindset agent, shown in red,
holds a pessimistic prior of cultivation success.

cultivation attempts, the agent updates their posterior belief
according to

bt ~ Beta(a’ + X¢, ﬁ + n; —x,). (5)

The posterior mean b, = (@ + x;)/(a + B + n;) serves as
the agent’s current estimate of skill malleability. There is no
belief updating for the harvest action.

Cultivate-harvest policy At each time step 7, the agent sub-
stitutes their current estimate b, for the unknown malleability
m, and recomputes the optimal switch point cif as in Eq. 4,
and chooses an action according to

e Tk
a = {“C’ e >0 (6)
aq, if dt =0.

Eq. 6 states that a rational agent should cultivate if the opti-
mal switch point has not been reached, or harvest otherwise.
Eq. 4 further indicates that a higher estimate of skill malleabil-
ity b;, a higher reward growth rate w, or a longer remaining
horizon D = T — t encourages longer cultivation, whereas a
larger harvest reward R; = R + wl; may shorten cultivation.

Choosing Among Skills

So far, we have derived the optimal policy in situations with
only one skill, where the agent decides whether to cultivate or
harvest that skill. This formalization can also be extended to
situations involving multiple skills.

Multiple skills The agent chooses among skills over a time
horizon T'. Each skill is represented as an MDP as above, and
we use the subscript 7 to denote the skill type. Each skill has
its own parameters: malleability m ., reward baseline R,, and
reward growth rate w,. Similarly, the agent’s prior about skill
7’s malleability is modeled by by . ~ Beta(a+, 8+).



Skill selection policy Ateach time step 7, the agent estimates
the value of each skill based on current skill level and mal-
leability belief. Let I; - denote the agent’s current level in skill
7, and define the current harvest payoffas R, + = R +w,I; +.
A rational agent should estimate the optimal switch point for
each skill:

) . @)

The corresponding optimal expected return is thus
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The agent then selects the skill with the highest return:

T; = arg max GAf’T. 9)
T

After choosing skill 7;, the agent cultivates that skill if a?f o>
0 and harvests otherwise. If cultivation is attempted, the belief
about the chosen skill is updated according to Eq. 5; beliefs
about unchosen skills remain unchanged.

Simulation

Even when agents follow the same optimal policy in the
same environment, their behaviors can diverge due to dif-
fering prior beliefs about skill malleability—corresponding
to mindsets in mindset theory (Dweck & Yeager, 2019)—
which shape all subsequent behaviors. To characterize the
role of prior differences, we conducted simulations within
a unified skill development task, systematically manipulat-
ing agents’ malleability priors and environmental parame-
ters. The code and data for simulations are available at
https://github.com/psymichaelzhu/CogSci_mindset.

Skill Development Task

Setup We design a task that mimics real-world skill ac-
quisition, in which agents repeatedly decide what to learn
and how to engage, balancing immediate reward harvesting
against long-term skill cultivation.

There are two skills: an Easy skill and a Challenging skill.
In each trial, the agent first selects one skill and then decides
how to engage with it: Cultivate, to potentially improve fu-
ture performance, or Harvest, to exploit the current level of
mastery for immediate rewards.

Each skill operates as an independent Markov decision pro-
cess. Two skills differ in their reward structures. Compared
to the Easy skill, the Challenging skill has a lower reward
baseline (Rchallenging = REasy/2) but a higher reward growth
rate (Wchallenging = 2 * WEasy)- This contrast reflects the idea
that easy skills provide instant gratification yet quickly be-
come boring, while challenging skills initially frustrate but
ultimately lead to a deeper sense of achievement.

We set the two skills to share the same malleability,
MEasy = MChallenging = M. Although skills may also differ
in malleability in real-world settings, this simplification keeps
our setup parsimonious and isolates the effect of malleability
beliefs from objective differences in skill malleability.

Decision rule The rational agent updates their beliefs about
each skill’s malleability independently (Eq. 5). At each time
step, the agent estimates the optimal switch point for each skill
based on the current belief (Eq. 7) and computes the corre-
sponding expected return (Eq. 8). The agent then selects the
skill with the higher return (Eq. 9). Once a skill is chosen, the
agent follows the optimal cultivate—harvest policy: cultivate if
the current trial has not yet reached the skill’s optimal switch
point or harvest otherwise (Eq. 6).

This two-stage decision repeats at each time step. When the
agent chooses a skill and an action, only the chosen skill’s level
may be updated. A successful cultivation attempt increases
the chosen skill’s level by one, whereas a failed cultivation
attempt or harvesting leaves its level unchanged; unchosen
skills remain unchanged. After observing the cultivation out-
come, the agent updates their belief about the chosen skill’s
malleability, whereas unchosen skills and harvesting action
provide no information.

As both skill levels and malleability beliefs evolve, the agent
may revise their estimates of each skill’s expected return and
switch point, which may consequently cause shifts in behav-
iors.

Parameterization

Mindsets as malleability priors We operationalize mind-
sets as prior beliefs about skill malleability and vary these
priors along two independent dimensions: (1) prior estimate,
defined as the mean of the prior distribution, by = a/(a + B),
ranges from 0.1 to 0.9 in increments of 0.1, capturing a con-
tinuum from fixed- to growth-oriented mindsets. (2) prior
strength, defined as the concentration of the prior distribu-
tion, ko = a + B, ranges from 10 to 60 in increments of 10,
capturing increasingly strong commitments to prior beliefs.

Environmental parameters We manipulate four environ-
mental parameters: (1) skill malleability m € {0.3,0.5,0.7},
higher values indicate that skill level is more likely to increase
through cultivation; (2) reward baseline R € {3,51,99},
higher values indicate greater baselines for harvest rewards;
(3) reward growth rate w € {0.9,7.5, 14.1}, higher values in-
dicate that harvest rewards increase more steeply as skill level
improves; (4) time horizon T € {10, 45,80}, higher values
indicate more available time steps.

Reward baseline R and reward growth rate w are mapped
onto the two skills to create contrasting reward profiles. The
Easy skill has a higher reward baseline but flatter reward
growth (Rgasy = %R, WEasy = %w), whereas the Challenging
skill has a lower reward baseline but steeper reward growth
(RChallenging = %R, WChallenging = %W) The two skills share
the same malleability mEgasy = Mchallenging = -

Measures

We examine two core behavioral outcomes described by mind-
set theory: (1) challenge seeking, defined as the proportion of
steps in which the agent engages with the Challenging skill,
either by cultivating or harvesting; (2) persistence, defined as


https://github.com/psymichaelzhu/CogSci_mindset

the overall proportion of steps spent cultivating before switch-
ing to harvesting, averaged across skills.

In addition to these behavioral outcomes, we evaluate task
performance and belief adaptation: (3) cumulative reward is
defined as the total reward obtained over the task; (4) belief
updating is defined as the change in the agent’s malleability
estimate over the course of the task, averaged across skills.
Updating beliefs toward the true malleability improves the
accuracy of the agent’s internal model, thereby supporting
future adaptability.

Results

We test the theoretical predictions by examining behavioral
outcomes associated with mindset and further investigate the
underlying decision-making mechanisms. In addition, this
formalization allows us to identify boundary conditions of
mindset effects by examining when environmental factors pro-
duce or eliminate observable behavioral differences.
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Figure 2: Behavioral outcomes of different mindsets. Mind-
sets are operationalized as priors over skill malleability. Points
represent averages over 2000 simulation runs. Vertical dashed
lines indicate the true malleability shared by both skills. Belief
updating (last row) is averaged across skills. All environmen-
tal parameters other than malleability are held at moderate
levels: R =51, w=7.5,and T = 45.

Reproducing Predictions of Mindset Theory

We observe relatively stable mindset effects in our simulations.
As shown in Fig. 2, when malleability priors shift toward the
growth end (larger values on the x-axis), the agent engages
more with the Challenging skill (first row) and cultivates for

longer periods (second row). These patterns capture the key
behavioral predictions of mindset theory: individuals who
believe that abilities are improvable exhibit greater challenge
seeking and longer persistence.

Interestingly, a growth mindset does not always correspond
to better task performance (Fig. 2, third row). When skill
malleability is inherently low, growth-oriented agents obtain
lower cumulative reward (right column). In contrast, when
skills are sufficiently malleable (left and middle columns),
greater challenge seeking and persistence translate into higher
cumulative reward. Together, these results suggest that the
adaptivity of mindset-driven behaviors depends on the true
malleability of skills.

Our simulation further reveals an asymmetry in belief up-
dating. Agents with growth-oriented priors revise their be-
liefs more strongly toward the true skill malleability (Fig. 2,
last row). This belief correction is most pronounced when
prior strength is weak (lighter-colored lines). Importantly,
this asymmetry is not simply driven by prior accuracy. For
skills with moderate malleability (middle column), even
when growth- and fixed-mindset agents are initialized at
equal distances from the true malleability, only growth-
mindset agents substantially update their beliefs, whereas
fixed-mindset agents show little correction. Such correction
may allow growth-mindset agents to adapt more effectively to
the environment over time, thereby partially offsetting their
reward losses in low-malleability settings.

Mechanism underlying Mindset Effects

Overall, malleability beliefs affect behavior through two re-
lated components: (1) policy-based computations: for each
skill, the agent estimates the optimal switch point (Eq. 7)
and the corresponding expected return (Eq. 8) based on their
current belief; (2) choice implementation: according to these
estimates, the agent chooses which skill to engage with (Easy
vs. Challenging, Eq. 9) and how to engage with it (Cultivate
vs. Harvest, Eq. 6).

As agents’ malleability priors shift from fixed- to growth-
oriented, they estimate higher expected returns for both the
Easy and Challenging skills, with a greater increase for
the Challenging skill (Fig. 3A). This produces a reversal in
skill preference along the mindset continuum: fixed-oriented
agents assign relatively higher value to the Easy skill, whereas
growth-oriented agents assign relatively higher value to the
Challenging skill. This reversal explains the increase in
challenge-seeking behavior as priors become more growth-
oriented (Fig. 2, top row). Similarly, higher malleability pri-
ors lead agents to plan longer periods of cultivation before
switching to harvesting (Fig. 3B), accounting for the increased
persistence observed earlier (Fig. 2, second row).

These computational differences translate into distinct be-
havioral trajectories. Agents with low malleability priors
(by = 0.3) expect relatively higher return from the Easy
skill, which is paired with an optimal switch point at zero
(left dashed line in Fig. 3A-B). Therefore, they immediately
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Figure 3: Mechanisms underlying mindset effects. (A) Ex-
pected returns and (B) optimal switch points for each skill,
calculated based on agents’ malleability priors. (C) Choice
dynamics across 2000 simulations. The y-axis shows, for each
trial, the proportion of agents selecting a certain combination
of skill (Easy vs. Challenging) and action (Cultivate vs. Har-
vest). Environmental parameters are R = 51, w = 7.5, and
T = 45. Prior strength is fixed at 30.

harvest the Easy skill without cultivation (Fig. 3C, top row).
This strategy generates no feedback about skill malleability,
thereby preventing belief updating (Fig. 2, bottom row). These
agents perform well in low-malleability environments, where
harvesting the Easy skill is effective, but perform poorly in
moderate- and high-malleability environments, where active
cultivation would be more beneficial (Fig. 2, third row).

Agents with high malleability priors (130 = 0.7) show the
opposite pattern. They expect higher return from the Chal-
lenging skill, with a substantially large optimal switch point
(right dashed line in Fig. 3A-B). As a result, they start by
cultivating the Challenging skill and are less likely to aban-
don it in response to early fluctuations in outcomes (Fig. 3C).
This sustained engagement provides more feedback about skill
malleability, leading to stronger belief updating (Fig. 2, bot-
tom row). The sustained engagement also yields high pay-
offs in high-malleability environments, where cultivation is
effective, but may impair payoffs in low-malleability environ-
ments, where cultivating the Challenging skill is less adaptive
(Fig. 2, third row). Nevertheless, active engagement gives
these agents more information for future adaptation.

Agents with intermediate malleability priors (by = 0.5) fall

between these two extremes. They assign slightly higher value
to the Challenging skill than to the Easy skill and estimate non-
zero optimal switch points for both skills (middle dashed line
in Fig. 3A—B). Thus, they also initially cultivate the Challeng-
ing skill, but are more likely to shift toward the Easy skill as
feedback is realized over time (Fig. 3C, middle row). This
flexible strategy produces moderate belief updating (Fig. 2,
bottom row) and stabilizes performance in low-malleability
environments (Fig. 2, third row).

Boundary Conditions of Mindset Effects

We manipulate environmental parameters to identify the con-
ditions under which mindset effects are likely to emerge. We
find that mindset effects are strongly constrained by tempo-
ral and incentive structures (Fig. 4). Pronounced behavioral
differences emerge only within an intermediate range of envi-
ronmental parameters.

When the environment discourages long-term investment
(right side of each panel)—through reduced incentives for im-
provement (lower reward growth rates), increased time pres-
sure (shorter time horizons), or greater temptation for instant
gratification (higher reward baselines)—agents with different
mindsets converge on harvesting the Easy skill.

At the opposite extreme, when the environment strongly
encourages long-term investment (left side of each panel)—
characterized by high reward growth rates, long time hori-
zons, or low reward baselines—agents again behave similarly
despite differing priors. In these environments, both growth-
and fixed-mindset agents actively cultivate the Challenging
skill, resulting in indistinguishable behavioral outcomes.
Reward Growth Rate w

Reward Baseline R Time Horizon T

(Ascending) (Descending) (Descending)
Q
1 g
5
0.75 3
3
0.5 &
(o3
0.25 2
=3
0 «
0.4 e
@,
&
0.2 3
3
@
0
3 51 99 80 45 10 1441 75 0.9
Agent Fixed Mindset (b, = 0.4) Growth Mindset (b, = 0.6)

Figure 4: Boundary conditions of mindset effects. Growth-
mindset and fixed-mindset agents are assigned Beta(6, 4) and
Beta(4, 6) priors, respectively, with skill malleability fixed at
m = 0.5, equidistant from both prior means. In each panel,
only one environmental parameter is varied; the remaining
parameters are held at moderate values (R = 51, w = 7.5,
T = 45), indicated by the light gray regions. The x-axes
for time horizon and reward growth rate are inverted. Points
denote means and error bars denote standard deviations across
2000 simulations.



Discussion

Mindset theory has been an influential theoretical framework
in psychology. In this paper, we aim to provide a norma-
tive account of mindset theory by formalizing persistence and
challenge seeking as rational responses to inferred skill mal-
leability in a Bayesian sequential decision-making framework.

Our simulations reproduce the core predictions of mind-
set theory: growth-oriented agents show greater challenge
seeking and longer persistence, which in turn promote belief
updating and yield higher payoffs in favorable environments.
We further show that these effects arise because malleabil-
ity priors alter agents’ estimated optimal switch points and
expected returns, thereby shaping the dynamics of skill se-
lection and cultivate-harvest decisions. Finally, we identify
boundary conditions for mindset effects: mindset-driven dif-
ferences emerge under moderate environmental parameters.
When long-term investment is either strongly discouraged or
encouraged, agents with different priors converge on similar
strategies, eliminating observable behavioral differences.

Our analysis provides insight into the increasingly empha-
sized context-dependence of mindset effects (Hecht et al.,
2023; Walton & Yeager, 2020). Empirical studies of mind-
set interventions have produced heterogeneous findings, and
existing accounts have often attributed this heterogeneity to
social factors such as peer norms (Yeager et al., 2019) or
teacher mindset beliefs (Canning et al., 2019; Yeager et al.,
2022). Our simulations complement this perspective with the
following insights. First, agents with different mindsets may
behave similarly when long-term investment is either strongly
discouraged or encouraged (Fig. 4). This suggests that even
if an intervention successfully changes individuals’ mindsets,
the behavioral consequences may remain invisible when the
measurement context is poorly suited to reveal mindset-driven
differences. Second, the belief-updating results in Fig. 2 sug-
gest that strong priors limit the extent to which agents update
from experience. Moreover, fixed-oriented priors may pre-
vent agents from engaging in cultivation, thereby reducing
the feedback needed for belief revision. This resembles the
learning trap effect (Rich & Gureckis, 2018), in which choice-
contingent feedback prevents agents from gaining information
that would correct their beliefs. Finally, the payoff results in
Fig. 2 show that growth mindset is not always adaptive (Dweck
& Yeager, 2019): when a skill is in fact difficult to improve,
growth-mindset agents’ active engagement can instead lead to
worse performance.

Broadly speaking, our model illustrates the value of for-
malization (Cushman, 2024). It translates verbally specified
assumptions into explicit computational components, allow-
ing quantitative simulation and opening space for future ex-
tensions. First, the model could be extended to capture how
mindsets generalize across domains. Individuals may hold
malleability beliefs about different domains, and these beliefs
may be either relatively independent or shaped by a higher-
level general mindset. Such a structure could be naturally
formalized with a hierarchical Bayesian model. Second, the

framework could be used to prospectively evaluate interven-
tion strategies. Because educational interventions are often
costly to implement, simulations provide a way to evaluate
their potential effects before empirical testing. For example,
intelligence praise and effort praise (Mueller & Dweck, 1998)
could be formalized as different feedback algorithms and com-
pared in terms of their effects on belief updating. Third, the
model could be extended to multi-agent settings. Individuals’
mindsets are embedded in social environments and shaped by
others’ norms and feedback. Future models could consider in-
teractions among multiple agents to examine how malleabil-
ity beliefs propagate across individuals. Fourth, symbolic
abstraction helps reveal connections between mindset theory
and broader domains beyond education, such as innovation
behavior (Zhao et al., 2024). Finally, beyond theoretical ex-
tensions, our skill development task could also be developed
into an empirical behavioral paradigm, providing a comple-
mentary measure of mindset beyond self-report. The task
might also serve as a potential intervention tool: alongside ex-
isting message-based approaches, a game-like paradigm could
convey growth-oriented ideas through direct experience.

The present analysis also has its limitations. First, we sim-
plify cultivate and harvest as opposing actions, but in reality
these two processes are not always mutually exclusive. For
example, playing a song can both showcase current mastery
and strengthen future performance. This simplification is
nevertheless useful, because it highlights the core computa-
tional tension in mindset theory. Second, we assume that
agents maximize cumulative reward, although actual behav-
iors may also be influenced by factors such as intrinsic reward
and social evaluation. Our goal is not to deny these factors,
but to show that even a minimal rational model can generate
systematic behavioral differences from different malleability
priors. Future models could incorporate these additional mo-
tives into the utility function. Finally, our task allows agents
to choose which skill to pursue, whereas such choices may be
constrained in educational settings. That said, even when stu-
dents cannot freely choose their subjects, they can still allocate
effort across subjects and decide when to persist or disengage.
Moreover, because the core cultivate—harvest trade-off arises
in the single-skill version of the model, our framework does
not depend on unconstrained skill selection.

In sum, by formalizing mindset theory within a normative
decision-making model, this work shows how malleability
priors and environmental structures jointly shape adaptive en-
gagement in skill learning. We hope this framework can in-
form future interventions and offer a computational perspec-
tive on how beliefs guide behavior in malleable environments.
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