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Abstract
As humans, we often repeat previously rewarded actions without thinking, but we also possess the ability to plan ahead and 
simulate actions based on an internal model of the environment. These two types of control are commonly conceptualized 
as model-free versus model-based control. While there is a body of research on interindividual differences in using either 
strategy, we aimed to test whether people can learn to regulate which strategy to use based on environmental demand. We 
used a two-stage decision-making task where participants tracked the drifting rewards associated with two second-stage 
states. Each trial started with one of two possible first-stage states, each offering two choices that deterministically led to one 
of the second-stage states. Successful generalization between first-stage options indicated model-based control, while mere 
repetition of previously rewarded choices reflected model-free behavior. We manipulated how often participants (n = 140) 
were exposed to alternations versus repetitions of first-stage states. When these states frequently repeat, there is a reduced 
need to consult the transition structure, because it pays off to adopt model-free control and simply retake previously rewarded 
actions. Conversely, when first-stage states frequently alternate, it is more beneficial to adopt model-based control, consid-
ering the transition structure and generalizing reward outcomes between them. In line with our hypothesis, we show that 
participants exposed to more first-stage state alternations were more model-based in a test phase than participants exposed 
to more first-stage state repetitions. These findings suggest that people learn to arbitrate between different reinforcement-
learning strategies consistent with a cost–benefit analysis sensitive to environmental demands.

Keywords  Reinforcement learning · Model-based · Model-free · Dual-system RL · Two-step task

Introduction

When an action leads to a desired outcome, we tend to 
repeat it almost automatically, yet we can quickly adapt 
our behavior to changing circumstances when needed. For 
example, we can almost blindly take the same route to work 
daily but also plan a detour if a traffic jam is announced. 
The distinction between model-free and model-based rein-
forcement learning provides a mathematical formalization 
of these adaptive features of human behavior (Daw et al., 
2005, 2011). While model-free choices rely on the reward 
history of previous actions, directly reinforcing those leading 

to success, model-based control guides behavior by plan-
ning based on an internal causal model of the environment 
(Dolan & Dayan, 2013; Doll et al., 2015; Gläscher et al., 
2010). Extensive research has investigated their neural cor-
relates, predominantly linking distinct activity in the ventral 
striatum to model-free and model-based control and activ-
ity in executive control regions, such as the prefrontal and 
cingulate cortex, to model-based control (see Huang et al., 
2020 for a whole-brain meta-analysis). Both strategies trade 
off against each other, as model-free control is more efficient 
and cognitively cheap, and model-based control is more flex-
ible but computationally more demanding (Kool et al., 2017, 
2018a, b). However, little is known about how people learn 
to navigate this trade-off based on environmental demands. 
Therefore, inspired by previous theories and studies on 
the learning of cognitive control (Abrahamse et al., 2016; 
Braem & Egner, 2018; Braem et al., 2024; Doebel, 2020), 
we aimed to test whether people can dynamically learn to 
adjust their reliance on model-based versus model-free 
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control depending on the environment-specific demands and 
benefits of using these different strategies.

Previous findings have shown that the regulation of 
model-based and model-free control can be driven, among 
others, by cognitive load (Gershman et al., 2014; Otto et al., 
2013a), opportunity costs (Pezzulo et al., 2013), time (Ker-
amati et al., 2011), stress (Otto et al., 2013b; Radenbach 
et al., 2015) or amplification of outcomes (Kool et al., 2017). 
In this study, we aimed to test whether people can also learn 
the value of model-based versus model-free control from 
more subtle contingencies in the environment that make one 
or the other strategy more beneficial. To test this question, 
we implemented a simple manipulation in the deterministic 
two-step task developed by Kool et al. (2017) and Keramati 
et al. (2011). On each trial of this task, participants start in 
one of two first-stage states. Each of these states is associated 
with a unique pair of spaceships. For each of these two pairs, 
the two spaceships deterministically lead to one of two plan-
ets, each associated with an alien that provides rewards that 
drift slowly over time (Fig. 1). In our version of this task, 
we varied levels of environmental demand by changing the 
frequency of repeating versus alternating first-stage states 
(i.e., the initial spaceship pairs to choose from). We rea-
soned that if spaceship pairs frequently alternate, it is worth 
mobilizing cognitive resources to update the current reward 
values of each planet associated with the spaceships in each 
pair (i.e., to be more model-based). However, if spaceship 
pairs frequently repeat, generalizing between pairs has less 
added benefit, and simply repeating previously rewarded 
actions (i.e., to act more model-free) may be sufficient. We 
tested whether people are sensitive to these regularities in 
a subsequent test phase with an equal number of first-stage 
state repetitions and alternations. Here, we predicted that 

people who initially encounter more alternations between 
the first-stage states would learn to be more model-based, 
while those subjected to more first-stage state repetitions 
would learn to be more model-free. Importantly, using a bal-
anced test phase that was the same for both groups allowed 
us to test whether they adopted different strategies that could 
not be attributed to local differences in trial-by-trial dynam-
ics (for a similar reasoning, see Simoens et al., 2024, 2025; 
Wen et al., 2023; Xu et al., 2024). We hypothesized that this 
would be captured by a significantly larger mean parameter 
estimate for model-based control in a dual-system reinforce-
ment learning model, as well as by a stronger effect of previ-
ous reward prediction errors on subsequent spaceship choice 
(across first-stage states) in the group that experienced more 
first-stage state alternations.

Methods

Participants

We recruited 144 participants from Ghent University’s 
recruitment platform, who were first-year psychology stu-
dents participating for course credit. Of these, four were 
excluded based on more than 40 missing responses out of 
250 trials.1 This number was based on previous research 
by Kool and colleagues (2017), who used it as a thresh-
old in a 200-trial version, thus presenting a slightly more 

Fig. 1   Transition structure and task procedure. Participants per-
formed an inducer phase in which they encountered 80% first-stage 
state  repetitions or 80% first-stage  state alternations, followed by a 

test phase in which they encountered 50% first-stage state repetitions 
and alternations, respectively

1  To test the robustness of our main test of interest, we also ran it 
including these outliers, which did not change the significance or pat-
tern of results.
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conservative criterion (corresponding to 16% of all tri-
als). For statistical comparisons of demographic variables 
between the two groups, see Table 1. A post-hoc power 
analysis using G*Power (Faul et al., 2007) indicated 93% 
power to detect a medium effect size (d = 0.5) and 72% 
power to detect a small effect size (d = 0.2) for a one-tailed 
t-test with α = 0.05. Participants were not given bonus pay-
ments based on performance, but they were told that the goal 
of the experiment was to collect as many points as possible.

Materials and procedure

The experiment was programmed in jsPsych (de Leeuw, 
2015), retrieved and adapted from Kool and colleagues 
(Kool et al., 2016, 2017), and run online. The task proce-
dure was similar to their version, with the only change being 
the manipulation of the first-stage state sequences described 
later. In each trial, participants were presented with one of 
two screens (first-stage states), each containing two space-
ships (Fig. 1). Participants had to choose between these 
spaceships, which were presented side-by-side using the “F” 
and “J” keys on the keyboard within 1,500 ms. This choice 
determined which of two planets (second-stage states), a 
red or a purple one, would then be visited. Importantly, 
the choices in each first-stage state afforded the opportu-
nity of transitioning to either plane: one ship always led 
to the purple planet and the other to the red planet. In this 
second-stage state, participants encountered a single alien 
that would give the rewards in the form of “space treasure” 
after a button press. The rewards provided by the aliens were 
determined according to independent and slowly drifting 
reward distributions (Gaussian random walk with rewards 
varying between 0 and 9 (σ = 2)).

Because the choices between spaceships are equivalent 
between the first-stage states, this task allows us to distin-
guish between model-based and model-free strategies. This 
is possible because only the model-based system transfers 

experiences learned in one starting state to the other starting 
state. For a model-based agent, each second-stage outcome 
affects subsequent first-stage preferences equivalently, i.e., 
independent of whether the next trial starts with the same 
pair of spaceships as on the previous trials. This is because 
model-based agents plan towards the second-stage goals. 
In contrast, a pure model-free strategy does not transfer 
experiences between first-stage states, because they only 
learn action-reward associations (Doll et al., 2015). In other 
words, while a model-free agent simply repeats choices of 
spaceships that were previously linked to high reward, i.e., 
assigning the credit to the specific spaceship leading to the 
planet with reward, a model-based agent generalizes the 
reward between spaceships, i.e., assigning the credit using 
the shared transition structure.

Before starting the main experiment, participants under-
went extensive training to learn the reward manipulation 
and transition structure, i.e., which spaceship leads to which 
planet, followed by 25 complete practice rounds. They were 
instructed that the goal was to collect as many points as pos-
sible throughout the main experiment. Next, they proceeded 
to the main experiment, which consisted of two phases of 
125 trials each (to ensure a sufficient number of trials for 
model estimation, based on Kool et al., 2016): an inducer 
phase and a test phase. Importantly, and in contrast to the 
original version by Kool and colleagues (2016; 2017), par-
ticipants in the first-stage “repetition” group were presented 
with 80% repetitions of first-stage states in the first phase 
of the experiment (i.e., inducer phase). That is, on 80% of 
trials, they encountered the same pair of spaceships as on 
the previous trial. Conversely, participants in the first-stage 
“alternation” group encountered first-stage state alternations 
80% of the time. In both groups, we ensured participants 
saw both first-stage states 50% of the time. In the second 
phase (i.e., test phase), both groups underwent another 125 
trials, in which they saw 50% first-stage state repetitions or 
alternations, respectively. At no point in the experiment were 
participants instructed on the frequency manipulation.

Reinforcement model

We formally quantified model-based and model-free contri-
butions to behavior using a dual-system reinforcement learn-
ing model developed by Kool et al. (2016). This model was 
fit to behavioral data from the test phase, where both groups 
performed the same task (i.e., with 50% first-stage state rep-
etitions and alternations). We only fit the model to this test 
phase, as a critical test of whether a generalizable strategy 
was learned independent of the local trial-by-trial changes.

In the following, we provide a narrative explanation of 
the dual-system reinforcement learning model with a non-
exhaustive conceptual overview of the key equations. A 
comprehensive overview is provided in Appendix A. The 

Table 1   Demographics per group

For age, Welch's modification to degrees of freedom was used due to 
inequality of variances. For one participant in the repetition group, 
demographic data were not saved

Variable Repeti-
tion group 
(n = 69)

Alterna-
tion group 
(n = 71)

Test statistic p

Age (years) M = 19.29,
SD = 2.88

M = 18.63,
SD = 1.02

t(82.89) = 1.789 .077

Gender
(men/women/

other)

47/20/1 57/14/0 χ2(2) = 2.957 .228

Handedness 
(left/right/
ambidexter)

8/60/0 3/66/2 χ2(2) = 4.496 .106
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model contains two strategies, one model-based and the 
other model-free. Each strategy (model-based and model-
free control) learns a Q function that maps each state-action 
pair (s, a) to an estimate of expected future return using 
different algorithms.

The model-free learner uses a temporal difference learn-
ing algorithm (SARSA, Sutton & Barto, 1998), increasing 
values for state-action pairs with positive reward prediction 
errors (PE) and decreasing values for those with negative 
reward prediction errors across both stages. At each stage, 
the PE is computed based on the difference between the 
observed outcome (obtained reward and estimated future 
returns) and the expected return according to

where r denotes the reward (only received at the second 
stage), Q′ the estimated future return (only present at the 
first stage, carried over from the second-stage values of 
the according state-action pair at the last encounter), and 
Q(achosen) the observed value of the action. The chosen 
action is then updated according to

where � reflects the learning rate (the degree to which new 
information is integrated into existing estimates of future 
reward). Hence, the model-free learner learns all first and 
second-stage state-action values separately.

The model-based algorithm combines the task’s transi-
tion structure (which first-stage action leads to which sec-
ond-stage state) with the current estimate of the model-free 
second-stage Q values to compute its first-stage Q values. 
In other words, the model-based values of each spaceship 
are identical to the second-stage model-free value of its cor-
responding planet.

These model-based and model-free action values are then 
combined using a weighting parameter w according to

Model-based control was indexed by weights closer to 1, 
whereas model-free control was indexed by weights closer 
to 0.

In addition to � and w , we estimated an inverse tem-
perature parameter ( � ), which determined the exploitation/
exploration trade-off between the two choice options given 
their difference in value. Concretely, the higher the value, 
the more likely the agent is to choose the option with the 
highest value; the closer it is to 0, the more likely the agent 
is to choose uniformly. In other words, this parameter esti-
mates how much responses can or cannot be attributed to 
the learned values of the different options. While lower 
values can be attributed to a tendency for exploration, it is 

PE =

(

r + Q�
)

− Q
(

achosen
)

,

Q
(

achosen
)

← Q
(

achosen
)

+ � ∗ PE,

Qnet = w ∗ Qmb + (1 − w) ∗ Qmf ,S1

important to note that they may also reflect the noisiness of 
decision-making, or an inability of the model to detect other 
systematic response strategies (i.e., poor model fit). This 
parameter is part of the SoftMax function that is used for 
choice selection by scaling Qnet. We also included an eligi-
bility trace parameter ( � ) representing the degree to which 
information of the second-stage prediction errors is used to 
update first-stage action values. Mathematically, this param-
eter is used to discount the product of the learning rate and 
second-stage PE when updating the first-stage action value. 
Finally, we added choice ( � ) and response stickiness ( � ) 
parameters, capturing participants’ persistence in choosing 
particular spaceships or pressing response keys unrelated to 
reward. These parameters were implemented by multiplying 
their values by a binary indicator of whether they repeated or 
alternated, and adding their product to Qnet prior to entering 
the SoftMax function.

The model was fit to behavior in MATLAB using maxi-
mum a-posteriori estimation and parameter priors reported 
by Gershman (2016). For more details on this procedure, 
see Appendix A. To assess model fit, we compared the full 
computational model to three baseline models using Akai-
ke’s Information Criterion (AIC). First, we compared it to a 
model-free learner with α and λ set to 1, i.e., assuming per-
fect learning and retention, and β set to 0.5. All other param-
eters, i.e., w, π, and ρ, were fixed at 0. Second, we compared 
it to a reduced model similar to the full model, where only 
λ was fixed at 1 and π and ρ at 0. Third, we compared it to 
the full model but without the eligibility trace parameter, 
which commonly has lower recoverability (see Appendix 
B and Kool et al., 2016). To test whether participants in the 
alternation group showed more model-based control than 
the repetition group, we conducted t-tests to compare the 
individual parameter estimates between groups after model 
fitting.

Simulating the environment‑specific marginal gains 
of using model‑based control

Before running the main analyses on participants’ perfor-
mance, we ran simulations to confirm whether adopting a 
model-free strategy effectively paid off more when first-
stage states repeat vs. alternate frequently (in terms of total 
reward earned). To this end, we simulated data from 125 
trials for 500 agents per reward group based on 500 plausible 
parameter combinations.

Parameter recovery based on fitted values

As a post-hoc descriptive check, we performed a parameter 
recovery based on the fitted values reported in the Results 
section, which resulted in robust recovery of most param-
eters (the eligibility trace decay parameter showed weak 
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recoverability, consistent with prior work). Correlations 
between true and simulated values are reported in Appen-
dix B. For a more extensive procedure based on randomly 
selected values, see Kool et al. (2016). To assess the model’s 
ability to capture key patterns in the observed data, we addi-
tionally conducted the same behavioral analyses reported 
below on the model-simulated data. The simulated results 
closely matched the empirical findings, supporting the mod-
el’s fit (see Appendix C for details).

Behavioral signatures of model‑based 
and model‑free control

To obtain a behavioral estimate of whether participants in 
the group encountering more repetitions in the inducer phase 
showed more model-based behavior in the test phase, we 
also ran a logistic mixed effects model in brms2 (Bürkner, 
2017, 2018, 2021). This model predicted whether partici-
pants stayed with or switched the second-stage state from the 
previous trial as a function of the sign of the second reward 
prediction error (PE) on the last trial (retrieved from the 
computational model), first-stage state sequence (repetition 
or alternation) and group (in line with Kool et al., 2017), 
following a maximum random effects structure:

In logistic models for this task, a main effect of previ-
ous PE reflects model-based control (because it reflects a 
tendency to visit previously rewarded second-stage states 
regardless of starting state), whereas an interaction between 
previous PE and first-stage state reflects model-free control 
(because the effect of previous outcome depends on whether 
the same first-stage state is encountered). We predicted that 
we would observe a three-way interaction between group, the 
sign of the previous PE, and the first-stage state sequence. 
Specifically, we expected that participants in the group 
encountering more first-stage state alternations would show 
more stay (leave) behavior following positive (negative) pre-
diction errors on both repetition and alternation trials (where 
one has to generalize across first-stage states, i.e., be model-
based), whereas participants in the group encountering more 
first-stage state repetitions to show more stay (leave) behav-
ior following positive (negative) PE, but only on repetition 
trials (where no generalization is necessary).

Stay ∼ Sign
(

PE
2

)

∗ Transition ∗ Group +
(

1 + Sign
(

PE
2

)

∗ Transition
|

|

|

Subject).

Results

Simulations

As expected, our simulated data showed a significant corre-
lation between the model-based weighting parameter and the 
total rewards earned in the group encountering more first-
stage state alternations (Pearson’s r(498) = 0.168, p <.001), 
indicating that it paid off to be model-based in this group 
in terms of total rewards earned. However, this correlation 
was not observed in the group encountering more first-stage 
state repetitions (Pearson’s r(498) = 0.036, p <.425). A Fish-
er’s z-test indicated a significant difference between these 
two correlations, p =.017, suggesting there was a reduced 
need to be model-based in this second group, and a cheaper 
model-free strategy was sufficient regarding total pay-off.

Comparing model‑based control in high‑ 
versus low‑alternation environments

Model comparison of our full model against the base-
line models revealed the full model had the lowest 
(AIC = 17,273.62) compared to the model-free learner 
(AIC = 23,303.95, ∆AIC = 6030.33), the reduced model 

(AIC = 18,284.05, ∆AIC = 1010.42), and the model with 
the eligibility trace parameter fixed at 1 (AIC = 17,319.89, 
∆AIC = 46.26). This suggests that our full model showed the 
best model fit and best explained the data.

As expected, results from our t-tests for group compari-
sons revealed that people in the group encountering more 
first-stage state alternations showed increased model-based 
control compared with people in the group encounter-
ing more first-stage state repetitions (t(128.97) =  − 2.374, 
p <.01; Cohen’s d = 0.4, one-sided, Welch’s modification to 
degrees of freedom used owing to inequality of variances). 
Moreover, they were less persistent in their choices, as indi-
cated by the choice stickiness parameter (t(138) = 2.013, 
p =.046; Cohen’s d = 0.34). All other parameter estimates 
did not significantly differ between groups (all ps >.167; 
Fig. 2; Table 2). We note that the temperature and learning 
rate parameters often trade off against each other in rein-
forcement learning models (Gershman, 2016), and were 
likewise negatively correlated in our dataset (r =  − 0.87, 
p <.001). This trade-off is important to acknowledge (Wilson 
& Collins, 2019). Importantly, however, our primary infer-
ences did not concern these parameters, and we observed no 
group differences in either parameter. Correlations between 
all parameter estimates are displayed in Appendix D.

2  Note that we used a Bayesian approach rather than Frequentist 
methods by default, as it often facilitates model convergence while 
reaching similar qualitative conclusions. (see also Figner et al., 2024).
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Differences in choice behavior in high‑ 
versus low‑alternation environments

As described, we next ran a logistic regression model to test 

the presence of a significant interaction between group, the 
sign of the previous PE, and the first-stage state sequence, as 
a marker of qualitative differences in terms of model-based 
versus model-free control in both groups. As expected, we 

Fig. 2   Parameter differences between the two groups in the test 
phase. Participants in the group encountering more first-stage 
state  alternations (80%) were more model-based in the test phase 
(50% first-stage state alternations and repetitions) than participants in 

the group encountering more first-stage state repetitions (a) and less 
persistent in their choices (b). No group differences were found for 
any of the other parameters (d-f). *p <.05; **p <.01

Table 2   Parameter estimates per group

β = inverse temperature; α = learning rate; λ = eligibility trace; π = choice stickiness; ρ = response stickiness; w = weighting parameter

β α λ π ρ w

Repetition group
  Mean 1.10 0.71 0.58 0.38  − 0.12 0.67
  SD 1.04 0.37 0.40 0.85 0.52 0.32
  25th percentile 0.50 0.55 0.20  − 0.15  − 0.35 0.55
  Median 0.65 0.91 0.69 0.26  − 0.10 0.76
  75th percentile 1.02 1 1 0.86 0.29 0.93

Alternation group
  Mean 0.99 0.80 0.56 0.11  − 0.14 0.79
  SD 1.01 0.35 0.36 0.71 0.47 0.25
  25th percentile 0.48 0.70 0.30 −0.33  − 0.44 0.70
  Median 0.57 1.00 0.55 0.11  − 0.11 0.85
  75th percentile 0.81 1 1 0.49 0.14 1
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found main effects of previous PE (b =  − 0.406, 95% CI 
[− 0.519, − 0.403]), with participants being more likely to 
stay following a positive PE, and of transition (b = 0.148, 
95% CI [0.098, 0.197]), with participants being overall more 
likely to choose the same second-stage state again when first-
stage states repeated. We also saw an interaction between the 
sign of the previous PE and transition (b =  − 0.084, 95% CI 
[− 0.126, − 0.039]), with participants being more likely to 
stay following a positive PE on repetition as compared to 
alternation trials. This interaction was not further modulated 
by group (b =  − 0.004, 95% CI [− 0.046, 0.035]) (Fig. 3). 
We also did not see an interaction between the sign of the 
previous PE and group (b = 0.023, 95% CI [− 0.033, 0.083]), 
although the alternation group showed numerically less stay 
behavior following negative prediction errors.

Discussion

The goal of this project was to investigate whether people 
can learn to arbitrate adaptively between two reinforcement-
learning strategies, i.e., model-free and model-based control, 
depending on features of the environment. While others have 
shown that people can learn to arbitrate between both strate-
gies based on explicit incentives (Kool et al., 2017; Patzelt 
et al., 2019), we showed that they can also learn to regulate 
these control modes based on uninstructed learned environ-
mental features. Specifically, we manipulated how frequently 
participants encountered first-stage state alternations or 
repetitions in the two-step task, thereby influencing which 
strategy is more effective in terms of a cost–benefit trade-
off (Kool et al., 2016, 2017; Otto & Daw, 2019; Shenhav 
et al., 2013). As model-based control pays off more when 

the first-stage states alternate frequently due to having to 
update values between the two spaceship pairs, we expected 
and found that participants eventually learned to act more 
model-based in a subsequent, separate test phase. Our find-
ing provides important evidence for the ability of humans 
to learn adaptive control settings over time, without explicit 
instructions or task cues, in line with a learning perspec-
tive on cognitive control (Abrahamse et al., 2016; Braem 
et al., 2024; Held et al., 2024; Simoens et al., 2024; Xu et al., 
2024). This perspective encompasses the idea that cogni-
tive control functions, traditionally assumed to describe an 
independent, hierarchical set of top-down functions, are 
grounded in a broader, heterarchical network susceptible to 
associative learning. The fact that such learning translates 
to reinforcement learning modes further hints at a general 
self-regulatory mechanism that can explain adaptive param-
eter settings without necessitating a homunculus or “loan of 
intelligence” (Boureau et al., 2015; Dennett, 1981).

This perspective also aligns with a recent study show-
ing that fixed stimulus locations in the first-stage states of 
the two-step task bias behavior towards model-free control 
(Luna et al., 2023). This is hypothesized to occur through the 
formation of stimulus–response associations, which marks 
another instance of how relatively subtle environmental fea-
tures can determine arbitration between reinforcement learn-
ing systems. These results mirror our finding that the group 
subjected to more first-stage state repetitions also showed 
higher choice stickiness, indicating that this more stable 
environment promoted more stimulus-reward learning. In 
a similar vein, the frequent alternation of first-stage states 
in the alternation group may have hindered the formation of 
such habits or model-free control, in line with the notion that 
context changes benefit goal-directed behavior but hinder 
habit formation (Bouton, 2021).

Another interesting question is whether model-based 
learning, if acquired owing to environmental demands that 
disrupt habit formation, can later be unlearned. This could, 
for example, be observed in an experiment with a longer test 
phase (allowing participants to pick up on the new statistical 
structure) or in a within-subject design where participants 
experience both conditions. While such a design offers higher 
statistical power, we here opted for a between-subjects design 
as a first test of our hypothesis, as previous research from our 
lab suggests that learning control parameters is rather slow, 
and once learned, may be hard to unlearn, necessitating long 
experiment durations (Braem et al., 2024; Held et al., 2025).

It would also be interesting to study the neural basis 
of this flexible regulation to gain further insights into its 
mechanisms. One could test whether the increased reliance 
on model-based control in the group encountering more 
first-stage state alternations is indeed due to generalization 
between first-stage states as compared to, for instance, for-
ward-planning. To this end, one could compare activity in 

Fig. 3   Differences in choice behavior. Probability of staying follow-
ing a negative or positive prediction error (PE) on alternation and 
repetition trials. We see a trend of participants in the repetition group 
being less likely to stay (alternate) following a positive (negative) pre-
diction error on alternation trials (not significant). Overall, they were 
more likely to stay following first-stage state repetitions
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midbrain regions and the hippocampus, associated with gen-
eralization in value-based decisions and integrative encoding 
during initial learning (Shohamy & Wagner, 2008; Wimmer 
& Shohamy, 2012) with areas encoding second-stage states 
prospectively (Doll et al., 2015). As an alternative, another 
strategy could be to simply add self-report questions, ask-
ing people about their strategy use to gain deeper insight, 
an often underrated tool in psychological research (Simon 
& Ericsson, 1984; Wurgaft et al., 2025; Xie et al., 2023).

Our findings may further have clinical implications. Specifi-
cally, previous research has found interesting interindividual 
differences in applying either strategy, highlighting an impor-
tant transdiagnostic mechanism (Gillan et al., 2016). Extending 
these findings, others have pointed to interindividual differ-
ences in regulating both strategies based on reward incentives 
that participants were explicitly told to consider (Patzelt et al., 
2019). In contrast, our manipulation relied on less explicit 
learned contingencies with environmental demands. As also 
argued for other disorders (Geurts et al., 2009; Van Eylen et al., 
2011), the use of explicit task instructions or manipulations can 
often lead to a failure to detect underlying cognitive impair-
ments in clinical disorders because (difficulties with) our daily 
activities or everyday life often come without clear instructions 
on how to act. For example, it has been suggested that people 
with autism have difficulty with the context-specific adjust-
ment of control parameters (Goris et al., 2018; Palmer et al., 
2015). Also, attention deficit/hyperactivity disorder (ADHD) 
and schizotypal traits are thought to affect environmentally 
guided reinforcement-learning arbitration. ADHD is linked 
to differences in probability tracking (Frank et al., 2007) and 
schizophrenia to altered belief updating, impairing flexible 
learning (Nassar et al., 2021). We, therefore, believe it would 
be interesting to study whether (mal)adaptive regulation of 
reinforcement strategies based on environmental demands 
could be a clinical marker. Similarly, it would be interesting 
to study this in development, meaningfully extending findings 
by Smid et al. (2023), who found less arbitration between both 
strategies in children based on explicit stake cues.

One limitation of our work concerns the current criticisms 
of the strict distinction between model-based and model-free 
control. For instance, it has been argued that this dichotomy 
oversimplifies more complex decision-making structures 
(Collins & Cockburn, 2020), that there is no sharply defined 
line separating them (Miller et al., 2019), or that the model-
free system is hierarchically governed rather than flat, as 
modelled in this paper (Dezfouli & Balleine, 2012, 2013; 
Dezfouli et al., 2014). Another criticism states that seem-
ingly model-free behavior in humans may arise simply from 
inaccurate models rather than a model-free process (Feher 
Da Silva & Hare, 2020). We believe these criticisms do not 
diminish the value of our findings. Our predictions rely on 
the assumed computational cost of model-based control 
and its increased usefulness in an environment with more 

first-stage state alternations. Because our main interest was 
to document how people learn to arbitrate the relative costs 
and benefits of different decision strategies (see also Otto 
et al., 2022), showing a similar learned arbitration between 
this type of model-based control and, for instance, a com-
putationally efficient but incorrect model (a wrong model 
would take up resources as well, see also, Morris & Cush-
man, 2019) should thus be equally informative.

Finally, our findings have some real-life implications. By 
showing that people can learn to adopt model-based strate-
gies based on learning environments, not just explicit incen-
tives, we open a door for intervention studies to focus on 
creating such optimal environments. For instance, to pro-
mote healthier choices, grocery stores could be organized 
in ways that favor model-based control through alternating 
product locations, reminding people of better goal-directed 
choices. More generally, everyday life unfolds in fast-chang-
ing, dynamic environments. Demonstrating that individual 
differences in exposure significantly affect control settings 
highlights the importance of this topic for future research 
(see also Coutrot et al., 2022; Heller et al., 2020).

In sum, our findings suggest that people can learn to adap-
tively regulate their reliance on model-based versus model-free 
control depending on environmental demands. Namely, indi-
viduals showed changes in control strategies in response to the 
frequency of first-stage state alternations, favoring model-based 
control when alternations were frequent and defaulting to the 
less costly model-free approach when first-stage state repetitions 
dominated. Future research exploring individual differences in 
model-based versus model-free control could further elucidate 
how this learning of adaptive control processes may vary across 
different (sub)clinical populations or stages of development.
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