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ABSTRACT

Humans adapt to environmental changes by balancing empirical observations with
prior beliefs and evaluating if unexpected events indicate a true change. The specific
factors that govern updating behavior in dynamic environments remain to be
elucidated. We here examined how prior beliefs about environmental volatility affect
updating of cue-target contingencies, particularly when observations violate these
beliefs. Thirty-two participants completed two versions of a probabilistic reversal-
learning task, in which auditory cues signaled the location of a subsequent visual target
stimulus. In a reactive task version, participants indicated the target location after its
appearance; in a predictive task version, they predicted the target’s location based on
the cue information. Cue-target contingencies either remained stable or reversed once
within a block, thereby creating a stable and a reversal environment. Before each block,
participants received either true or false information about volatility, i.e., about whether
the cue-target contingency would remain stable or change. We analyzed reaction
times (reactive task) and choices (predictive task) with model-free measures and a
Rescorla-Wagner learning model. Participants generally adapted to the contingency
changes in both tasks. In the reactive task, prior beliefs had no significant effect. In
the predictive task, believing that a reversal environment was stable reduced learning
rates. In stable environments, falsely believing the environment contained a reversal
increased decision noise, reduced accuracy and increased choice variability. These
findings demonstrate that prior beliefs about volatility shape updating in response to
task demands and environmental structure.
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INTRODUCTION

Human cognition is deeply rooted in the brain’s capacity to predict and adapt to environmental
changes through empirical observation. These predictions rely on internal models of the world
that are shaped by past experiences and guide perception, decision-making, and action.
When predictions are violated, this discrepancy is resolved by updating the internal models
of the world, a process central to the framework of predictive coding (Friston, 2010). In these
frameworks, predictions are often described as ‘beliefs’ in a functional/mechanistic rather than
mentalistic sense (Behrens et al., 2007; Topel et al., 2023). Updating is particularly relevant when
the current internal model relies on a false prior belief (e.g., one that has become outdated or
was based on unreliable/misleading information).

Current evidence on how false priors affect belief updating presents a mixed picture. Mengotti
et al. (2017) demonstrated that false prior beliefs about cue-target contingencies led to faster
belief updating of the actual contingency (i.e., higher learning rates). However, other work has
suggested that some prior beliefs may persist even when contradicted by sensory evidence
(Yon et al., 2023). While the precise mechanisms remain unclear, it is evident that false priors
may have a substantial impact on how beliefs are updated.

Another factor that influences belief updating is how stable or volatile the world is perceived
to be. The world is inherently dynamic, with contingencies often shifting unpredictably over
time. In such volatile environments, a key challenge is to decide whether an unpredicted
event signals a true environmental change, or whether it should be treated as an odd-one out
event (noise) that does not require an update of the internal model. This involves a delicate
balance of updating behavior, to avoid both insufficient updating (leading to too rigid, outdated
beliefs), and excessive updating (overreacting to noise). Influential formal models of prediction
updating propose that beliefs about the volatility of the environment are used to navigate this
uncertainty: When an environment is believed to be stable, the brain prioritizes prior beliefs
over incoming sensory data, thereby reducing updating. Conversely, when an environment
is believed to be more dynamic, greater weight is assigned to incoming evidence, leading to
faster updating (Behrens et al., 2007; Mathys et al., 2011; Piray & Daw, 2020).

Computational studies have already examined how inferred higher-order beliefs about
environmental volatility modulate updating, typically by manipulating the environmental
volatility directly (e.g., Iglesias et al., 2013; Lawson et al., 2017). However, the effects of false
prior beliefs about volatility remain unclear. False priors about volatility may bias the initial
belief state and influence how sensory evidence is weighted during updating, thereby inducing
higher-order uncertainty, i.e., uncertainty about environmental volatility (Sandhu et al., 2023).
This line of research is particularly relevant, since distortions of higher-order beliefs (i.e.,
misestimations of volatility) are assumed to play a critical role in neuropsychiatric disorders
(Hauke et al., 2024; Lawson et al., 2017; Pulcu & Browning, 2019).

These distortions seem to manifest differently across different clinical conditions (for review,
see Sandhu et al., 2023). For instance, anxiety has been linked to increased uncertainty about
volatility (Hein et al., 2021), individuals with autism show faster updating of higher-order beliefs
about volatility (Lawson et al., 2017), and individuals with paranoia exhibit a strong belief in high
volatility that persists despite contrary evidence (Reed et al., 2020). By inducing different prior
volatility beliefs within the same healthy individuals, the present study aimed to characterize
the basic mechanisms of volatility-dependent belief updating that navigate uncertainty, using
behavioral and computational signatures.

Previous work has begun to characterize the impact of higher-order prior beliefs about volatility
on updating in healthy volunteers. In a previous study by Schiffer et al. (2017), participants
received explicit probabilistic instructions about environmental volatility before performing a
reversal-learning task. Volatility instructions led to faster adaptations to unannounced rule
switches and modulated the stimulus-preceding negativity in the EEG. However, participants
in that study were fully and accurately informed about the instruction-environment
contingencies, warranting further investigations into the effects of false volatility priors. More
recently, Jedlovszky, Corlett & Yon (2024) investigated how expecting more or less volatility
influences behavior in a reward learning task with multiple contingency changes. They found
that expecting greater volatility led to higher decision noise and increased switching behavior,
without affecting learning rates.
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The present study extends this line of research by directly manipulating the veridicality of
higher-order volatility beliefs. Moreover, beyond these higher-order beliefs about environmental
volatility, belief updating may also depend on task demands, such as the degree of active action
required within the environment. Actively interacting with an environment leads to slower
updating than passive observation (Weiss et al. 2021; see also Yon et al., 2023 for a similar
notion). Here, we tested whether explicit prediction demands alone are sufficient to induce
a similar stabilization of belief updating. We therefore manipulated volatility beliefs in two
different tasks. In a predictive task, participants were required to make an explicit prediction of
the target location by pressing a button before the target appeared. In contrast, in the reactive
task, participants responded after target appearance and could therefore more passively
observe the target location, relying on simple stimulus-driven detection. This allowed us to
examine how task demands (in particular the more or less explicit and controlled processing
of predictions) modulate the volatility prior effects on learning, by comparing belief updating
under similar perceptual but distinct response-related processes. Past literature characterizing
belief updating processes in volatile environments used either predictive (Behrens et al., 2007,
Iglesias et al., 2013) or reactive tasks (Lawson et al., 2017, Vossel et al., 2014), and, to the best
of our knowledge, a systematic comparison of these tasks is missing.

To this end, we combined a reversal learning with a Posner spatial cueing task. The Posner
task (Posner, 1980) uses cues (e.g., central arrows) to provide advance information about
the location of a target stimulus, thereby guiding attention and speeding up responses to
the target when the cue is valid in the majority of trials. The difference in response times to
validly and invalidly cued targets is affected by the specific cue-target contingency (i.e., the
proportion of valid and invalid trials), even when this contingency changes unpredictably during
the task, creating a volatile environment (Vossel et al.,, 2014). Reversal learning tasks require
participants to learn and adapt to reversals in cue-outcome or cue-response contingencies,
with participants differing in the degree of persistence they show before discovering the reversal
of the contingency (for a review, see Izquierdo et al., 2017). In the present study, we combined
these two paradigms so that the probability of a cue indicating a specific target location was
inverted (i.e., reversed) in some experimental blocks. In two task versions with different response
requirements (predictive versus reactive, see above), cue-target contingencies remained either
stable or reversed once per experimental block. Importantly, participants received either true
or false prior information about the occurrence of these contingency changes in different
blocks. Blocks that include a contingency change can be considered to be more volatile when
compared to blocks with stable cue-target contingencies.

To quantify belief updating, we combined conventional model-free analyses of reaction
times (RTs) and accuracy rates (reactive task), and choice probabilities (predictive task)
with a model-based approach. Unlike model-free measures, which capture only observable
behavioral patterns (usually averaged across multiple trials), model-based analyses estimate
the underlying belief trajectories that drive these patterns at the trial-by-trial level. Applying
models such as the Rescorla-Wagner (RW) learning model (Rescorla & Wagner, 1972) to trial-
wise responses allows the derivation of condition- and participant-specific learning rates that
reflect how quickly participants update beliefs about stimulus (e.g., cue-target) associations
after new observations. The RW model describes belief updating as a trial-by-trial adjustment
driven by prediction errors, which are weighted by the learning rate parameter, such that
higher learning rates lead to faster updating. This simple, widely used framework has already
been successfully applied to behavioral data in similar tasks (Jedlovszky et al., 2024; Mengotti
et al,, 2017).

Here, we hypothesized that updating behavior (learning rates) would be significantly affected
by prior volatility information. Since belief updating is faster when the environment is perceived
as more volatile (Behrens et al., 2007), we expected opposite modulations of belief updating
for false priors in stable versus reversal environments: While a false prior should lead to faster
updating (more substantial behavioral changes and higher learning rates) than a true prior in
stable blocks (by signaling a reversal environment), it should lead to slower updating in reversal
blocks (by signaling a stable environment). Since one study showed that prior volatility beliefs
may affect response parameters such as decision noise rather than learning rates (Jedlovszky
et al,, 2024), these parameters were analyzed exploratorily. As for task-related differences,
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since more explicit prediction processing could result in higher perceived environmental stability
(Weiss et al., 2021), we hypothesized that updating would generally be slower in the predictive
task.

METHODS
PARTICIPANTS

We ran an a priori power analysis based on effect sizes reported in the TMS studies by
Mengotti et al. (2017, 2022), in which a paradigm with true and false priors about cue-target
contingencies was employed and a Rescorla-Wagner model was used to derive learning
rates. Using the effect sizes of the paired t-test on the learning rate between true and false
priors for the sham coil condition (Mengotti et al., 2017: Cohen’s d = 1.5; Mengotti et al., 2022:
Cohen’s d = 0.65) yielded a suggested sample size of 7 to 27 participants, respectively (alpha
= 0.05, power = 0.9; G«Power Version 3.1.9.5). Based on the more conservative sample size
estimate of at least 27 participants, a total of 38 participants were initially recruited for this
study to account for possible exclusions. All participants were right-handed, healthy, and had
normal or corrected-to-normal vision. Six participants were excluded for the following reasons:
three for failing to meet the accuracy inclusion criterion in the reactive task (accuracy within
two standard deviations (SDs) of the group’s mean), two for incomplete data, and one for
ambidexterity. Thus, the final sample consisted of 32 participants (18 male, 14 female, age
range: 19-38 years, mean age: 27 years). The study was approved by the ethics committee of
the German Society of Psychology (DGPs) and was performed following the Code of Ethics of
the World Medical Association (Declaration of Helsinki). Participants provided written informed
consent before their inclusion in the study and were informed about their right to withdraw at
any time without penalty. They received monetary compensation for their time. This study was
not preregistered.

EXPERIMENTAL DESIGN

In a within-subject cross-over design, participants sequentially completed the two versions
of the location-cueing/reversal learning task (see Figure 1A). All stimuli were generated and
displayed on a gray background using PsychoPy (2023.2.3) on a Windows laptop with 1920 x
1080 pixels resolution at 60 Hz refresh rate with a viewing distance of 60 cm. Throughout the
whole experiment, participants were instructed to fixate on the central diamond presented
at the center of the screen. At the beginning of a trial, participants heard a 300 ms auditory
cue. This cue could be a high tone (587.33 Hz) or a low tone (349.23 Hz), predicting either a
left or right location of a subsequent visual target. To ensure that participants were able to
differentiate between the two tones, a 5 min sound test was performed before the start of
the experiment. After an interval of 500 ms (reactive task) or 1350 ms (predictive task) after
the cue, a horizontally and a vertically rotated Gabor grating (4° x 4°, spatial frequency: 1.5)
were presented for a duration of 350 ms to the left and right of the fixation point (with 6°
eccentricity). One of the two gratings (horizontal or vertical) was defined as the target stimulus.
In the reactive task, participants were asked to indicate the target location with a button press
using the index or middle finger of their right hand within a 1000ms response window after the
target had been presented. In the predictive task, participants were asked to use the button
press to predict the target location based on the cue before the target’s appearance. The
intertrial interval varied between 1300 ms and 3000 ms in both tasks. The target appeared
on the left and right sides with equal probability in each task. The order of task versions, the
target assignment (horizontal or vertical), as well as the tone-target location mapping, was
counterbalanced across participants.

In each task version, participants completed four blocks, each comprising 80 trials. The order of
the four blocks was pseudorandomized across participants. However, to ensure comparability
between the two task versions, the same sequence of blocks and trials was used for a given
participant. Blocks were either stable or reversal blocks. In stable blocks, the cue-target
contingency remained stable at a probability of 0.7 (e.g., a high tone predicted a right target in
70% of trials and a left target in 30% of trials). In reversal blocks, the cue-target contingency
reversed after half of the trials (see Figure 1B). Note that reversal blocks were the more
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volatile block type in our design, relative to stable blocks, but (unlike many existing studies on
volatility) contained only one reversal. Participants were not explicitly informed about these
contingencies. However, consistent with previous studies (Iglesias et al., 2013), they were told
that the relationship between the auditory cue (ht = high tone, It = low tone) and target location
(r=right target, | = left target) followed a structured pattern (‘rule’) with:

P(rlht)=1-P(llht)=P(lit)=1-P(r|it)

To manipulate prior beliefs about environmental volatility, each block was combined with
true or false prior information about changes in cue-target contingency (see Figure 1B). In
half of the blocks, participants received the instruction: ‘The rule in this block will stay the
same’ (stability prior); in the other half, the instruction was: ‘The rule in this block will change
once’ (reversal prior). This information was presented on the screen for 4 s at the beginning
of each block. Additionally, there was a small reminder of this instruction (either ‘stable’ or
‘change’) at the top of the screen for the whole duration of a block. Each block represented
one of the four conditions (stable block/true prior (i.e., stability prior), stable block/false prior
(i.e., reversal prior), reversal block/true prior (i.e., reversal prior), reversal block/false prior (i.e.,
stability prior)). Although participants were informed that the prior information could be false,
they did not know how many blocks were false. To ensure that participants attended to this
prior information, they were asked whether it was correct or incorrect at the end of each block.

For each condition, a different trial sequence was created and kept constant throughout
the experiment to prevent participants from learning and anticipating the sequences within
environments. To ensure comparability of priors within environments, we avoided repeating
sets of three unexpected trials and ensured that each block phase within environments
contained a similar number of unexpected trials (stable/true: 9,6,9; stable/false: 8,8,8; reversal/
true: 8,13,19; reversal/false 8,13,19). The total duration of both task versions was 46 minutes.

Before each task, participants underwent a short training session consisting of four blocks.
The first two blocks each contained 30 trials. Both blocks had a stable cue-target contingency
(P(target location|tone) = 0.7), allowing participants to familiarize themselves with the main
task’s contingency level. The third and fourth blocks comprised 60 trials each and were
presented consecutively, with one block containing a contingency reversal and the other
remaining stable. Participants were instructed to identify which block included the reversal.
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DATA ANALYSIS

Model-free analysis

Preprocessing of behavioral data was performed with Python in Visual Studio Code (Microsoft
Corporation, n.d.), and statistical analyses were conducted with Jasp (Version 0.19). The model-
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Figure 1 Overview of
experimental setup and
modelling approach. (A)
General trial sequence for both
tasks. Whereas two triangles
were shown inside the fixation
diamond in the predictive
task, two small circles

were depicted at fixation in
the reactive task to avoid
confusion of the two different
response requirements. A

high or low tone predicted the
target’s left or right location
with a certain probability.
Participants were asked to
indicate the target’s location
after its appearance (reactive
task) or to predict the target’s
location before it appeared
(predictive task). (B) Overview
of the experimental conditions.
Participants completed four
blocks per task. Blocks were
either reversal or stable blocks
(i.e., involved a reversal of
cue-target contingencies or
not). At the beginning of each
block, true or false instructions
about the volatility of the
block were presented. (C)
Example of the output from
the learning model, showing

a participant’s estimated
probability of tone 1 leading
to target location 1 across
trials of a reversal block. Red
dots indicate the trial-wise
outcome u,, coded relative to
the cue-target contingency in
the first half of the block: u, = 1
if the outcome matched this
initial contingency, and u, = 0
if the outcome did not match
the initial contingency. Further
examples of trajectories per
block type are provided in
Supplementary Figure S1.



free group-level analysis employed repeated-measures analyses of variances (ANOVAs) with
Greenhouse-Geisser correction when sphericity was violated. Accuracy of responses to the
question trials after each block in each task was analyzed using a 2 x 2 repeated-measures
ANOVA with factors environment (stable, reversal) and prior (true, false).

Inthereactive task version, we analyzed reaction times (RTs) and accuracy. RT outliers (i.e., trials
with RTs deviating more than two standard deviations from the participant’s mean RT) were
excluded from the RT analysis. Cueing effects were calculated based on the initial block-specific
cue-target contingency in the first block half for RTs (RT unexpected location - RT expected
location) as well as for accuracy (% correct unexpected location - % correct expected location).

In the predictive task, we analyzed both the choices (location predictions) and switches
between them. For the binary choice data (left/right predictions), participants’ responses were
coded to distinguish between responses matching the initial cue-target contingency and those
matching the reversed contingency. Specifically, participants’ choices were coded as one if
they matched the most likely outcome according to the initial cue-target contingency in the
first block half, and zero if they matched the inverse contingency (i.e., the contingency of the
alternative outcome and the contingency after the reversal in reversal blocks). This coding
remained constant throughout a block. Choice probabilities were calculated by dividing the
sum of responses coded as one by the total number of trials in the relevant condition. For the
analyses of switching behavior, a switch was defined as a choice that differed from the choices
made in the four trials immediately preceding the trial. This definition was chosen to reduce
sensitivity to isolated noisy responses and to better capture sustained behavioral adjustment
across several trials. To ensure one count per switch event, consecutive switches were removed.
The number of switches was averaged across trials to calculate the switch rate.

To capture different processes related to the initial learning and the updating of the learned
cue-target contingencies, the 80 block-wise trials were divided into three sections for both
task versions: trials 1-27 (initial learning phase), trials 28-53 (change expectation phase in the
middle section, associated with increasing anticipation of a possible rule reversal), and trials
54-80 (adaptation phase). As participants did not know exactly when the reversal occurred,
the passage of trials without a change is expected to gradually increase uncertainty about the
cue-target contingency, leading to a greater expectation that a reversal may occur. The middle
section of the block should therefore represent the period when expectations of a change are
relatively high, even before the reversal actually occurs. Therefore, dividing the blocks into three
sections allowed us to capture this time of heightened expectations.

At the group level, we first analyzed each task separately. Cueing effects on RTs and accuracy
(reactive task) as well as location choice probabilities and switching behavior (predictive task)
were analyzed using 3 x 2 x 2 ANOVAs with the factors block phase (initial learning, change
expectation, adaptation), environment (stable, reversal), and prior (true, false). Updating of
cue-target contingencies after a rule change should be reflected in reversed cueing effects
(reactive task) and in reversed (i.e., <0.5) choice probabilities (predictive task) in the last third of
reversal blocks, with no changes in stable blocks (i.e., in significant block phase x environment
interactions). Moreover, we expected significant block phase x environment x prior interactions,
indicating a modulation of updating behavior by prior volatility information. For the switching
data of the predictive task, we expected participants to switch more under volatility instructions
(i.e., with true prior information in reversal blocks and with false prior information in stable
blocks) (Jedlovszky et al., 2024).

Additionally, to further examine how choice behavior varied as a function of environment
(stable, reversal) and prior (true, false) at a smaller time scale, we conducted a sliding-window
analysis in the predictive task. We applied a sliding window with a size of 4 trials and a step
size of one trial to the choice data for each participant and condition. Within each window,
we calculated the proportion of choices following the initial cue-target contingency. This
produced a time series reflecting each participant’s choice behavior across each block. The
resulting windowed averages for each participant and condition were subjected to a cluster-
based permutation t-test, implemented with the MNE library (Gramfort et al., 2013) to identify
time intervals with significant differences between conditions. Clusters were formed based
on adjacent time points exceeding a threshold of p < 0.05. A total of 10,000 permutations
was performed to compute a null distribution. The maximum cluster-level test statistic was
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compared against this null distribution to control for multiple comparisons, with a significance
threshold of p < 0.05 (two-tailed).

In a similar vein, in an exploratory post-hoc analysis of the reactive task, we examined whether
belief updating was influenced by the outcome of the previous trial (i.e., whether the previous
trial followed the contingency rule or not). We assumed that rule violations in the preceding
trial may reveal an effect of prior on RTs. Due to the limited number of trials, this analysis had
to be restricted to more frequent/expected trials, i.e., trials where the outcome matched the
current cue-target contingency. RTs were analyzed using a 3 x 2 x 2 x 2 ANOVA with factors
block phase (initial learning, change expectation, adaptation), environment (stable, reversal),
prior (true, false), and previous trial outcome (expected, unexpected).

Model-based analysis

We performed computational modelling with MATLAB (R2022b, The MathWorks, Inc., MA,
USA) and the Hierarchical Gaussian Filter (HGF) functions of the TAPAS toolbox (Frdssle et al.,
2021). Since the task consisted of short independent blocks, a simple Rescorla-Wagner (RW)
model was implemented to capture trial-by-trial updating dynamics, following the procedure
in Mengotti et al. (2017, 2022) and Jedlovszky et al. (2024). In this model, the probability of a
target location given an auditory cue after observing a trial t (v, = P(location|tone); see Figure 1C
for an example) is determined by the following equation:

Vi =Viq+a-o

Here, the learning rate a determines how strongly prediction errors &, (the difference between
the observed u, and the predicted binary outcome v, ,) influence belief updates from trial to
trial, with higher values indicating faster belief updating. In each block, the trial-wise outcome
u, was coded as one if the presented target location was the more likely location according to
the cue-target contingency in the first half of a block, and coded as zero otherwise. This binary
coding indicates whether participants received an expected or unexpected outcome on each
trial, relative to the initial cue-target contingency in each block.

To account for the different response modalities across the two task versions (RTs and binary
choices), two distinct response models were applied to map from the participants’ beliefs about
the predictive value of the cue to observed responses. For the reactive task, RTs were transformed
into response speed (RS = 1/RT) to ensure a more normal distribution. The response model in
the reactive task assumed a linear relationship between the RS and the estimated probability
that the respective cue will lead to a specific target location before observation of trial v, = v,
(Vossel et al., 2014):

RS =Ut(§1+Cz‘7t)+(1—ut)(§1+§2(1—‘7t))
Here, ¢ -values represent the intercepts, while ¢, determines the slope of the linear function,

i.e., the influence of the estimated probability (v;) on RS.

For the choice data in the predictive task, a binary softmax response model was applied. The
probability of choice/prediction i, = 1 on trial t was given by:

1

(1+exp(—ﬁ(\7t —(1-\7t))))

where the subject-specific parameter g determines the randomness of choices (decision noise).
Higher g values indicate more deterministic choices, whereas lower values suggest greater
response variability (noise). The probability of the alternative choice i, = 0 can be derived by
reversing v; and (1-v;).

P(ir=1)=

The learning rates and response model parameters were fitted separately for each of the
four blocks of each task. These values were used for group-level analyses. Complete posterior
estimates for all model parameters, as well as prior values used to estimate the model, are
provided in Supplementary Tables S2-S&.
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Model validation and parameter recovery

To assess whether the RW model provided a reasonable account of the data, it was compared
to two alternative models. Specifically, the log model evidence (LME) of the RW model was
compared to a 3-level HGF model (see Figure S4 for schematic illustration), as well as a 2-level
HGF model (Mathys et al., 2011) using random-effects Bayesian model selection (BMS) (Stephan
et al., 2009) across all blocks, separately for the two task versions. The BMS indicated that the
HGF models had lower model evidence than the RW model across both task versions. The RW
model showed a higher exceedance probability (unprotected/protected - reactive task: 1/0.99;
predictive task: 0.99/0.87). Complete model comparison methods and results are reported in
the Supplementary materials (Parts A-B and Table S1).

In addition, we evaluated the predictive validity of the RW model by comparing observed
behavioral responses with responses simulated from the model using the subject-specific
parameters. Both observed and simulated responses were grouped according to the model-
estimated belief probability V; into four bins and averaged across subjects. Across both tasks,
the observed response patterns closely matched those derived from the learning model
under all conditions, supporting the validity of our modelling approach (see Figure S8 of the
Supplementary materials).

To assess whether the RW model could capture behavioral patterns observed at the group
level, we moreover applied the same model-free behavioral analyses to one simulated dataset
generated from the fitted model using each participant’s subject-specific parameter estimates
and the same task structure as in the observed data (Palminteri et al.,, 2017). Overall, the
simulated data reproduced all key behavioral effects observed in the empirical data analyses.
Detailed statistical results are reported in Supplementary materials (Part C, Figure S5).

In addition, we evaluated the validity of the model fitting procedure using a parameter
recovery analysis, separately for the reactive and predictive tasks across each of the four
conditions. We generated 20 simulated datasets using distinct random seeds based on
the true parameters estimated from the empirical data. Each simulated dataset was fitted
with the Rescorla-Wagner model to recover parameter estimates. We calculated Pearson
correlation coefficients between the true and recovered parameter values across the 20
simulations for each condition and averaged these correlations (Bagci et al., 2022; Gagne et
al., 2020). To quantify effect sizes, we computed Cohen’s f2. Values of 0.35 or higher were
considered indicative of good parameter recovery (Hauke et al., 2024). Parameter recovery
indicated that, in the reactive task, the response model parameters ;- and ¢, showed
good recovery in all conditions, whereas the perceptual model parameter (learning rate «)
showed good recovery in all conditions except in the reversal environment with a true prior
(for full results see Supplementary materials Table S5; for example, see Figure S6). In the
predictive task, all perceptual and response model parameters could be reliably recovered
across all conditions (for full results, see Supplementary materials Table S6; for example,
see Figure S7).

Statistical analysis of model parameters

Due to structural differences between the stable and reversal environments, which can impact
the perceptual model parameters, we analyzed the RW model parameters separately for each
environment. We used a priori planned paired t-tests to compare learning rates under the
different priors for each environment. In addition, we report a 2 x 2 repeated-measures ANOVA
on learning rates with the factors environment (stable, reversal) and prior (true, false) for
completeness. We further conducted an exploratory analysis of response model parameters
across different priors, specifically the ¢,-values from the linear response speed model (reactive
task) and the g-parameter from the softmax decision model (predictive task). Pearson’s
correlation coefficient of the p-values and the probability of switching were analyzed to relate
model-based and model-free measures in each condition.

Finally, to compare the two task versions, ANOVAs on learning rates (the only common
parameter across tasks) were computed with factors task version (predictive, reactive) and
prior (true, false), separately for the two environments. To examine the relationship between
conditions of the two task versions, Pearson correlation coefficients were analyzed for each pair
of corresponding conditions.
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All analyses were performed with a significance threshold of p < 0.05. All post-hoc pairwise
t-tests conducted to analyze interactions, as well as the correlation analyses, were Bonferroni-
corrected for multiple comparisons. For each bar graph presented in the main figures, a
corresponding plot showing the underlying data distribution is available in the Supplementary
materials (Figure S2).

Eye movement data

Eye tracking was used to verify participants’ general compliance with central fixation instructions
during the cue-target interval. We recorded eye movements using a Tobii eye-tracking system
(X3-120) with a sampling rate of 120 Hz. At the start of the experiment, the system was
calibrated and validated to ensure accuracy (validation error around 1° of visual angle). The
data were analyzed in Python. The primary focus of the analysis was the interval between
the presentation of the cue and the appearance of the target symbol (reactive task: 500 ms,
predictive task: 1350 ms), during which fixation was assessed. For each trial, we calculated
the percentage of time the participant’s gaze remained within a 1.5° visual angle along the
horizontal axis around the fixation during this period, and then averaged these percentages
across trials. We also assessed eye movements toward cued versus uncued locations before
target onset. For each trial, we computed the proportion of trials with horizontal gaze deviations
exceeding 4° (i.e., < -4° on the left, > 4° on the right). The proportions were analyzed using an
ANOVA with factors environment (stable, reversal), prior (true, false), and side (cued, uncued)
separately for each task. Due to a hardware error that caused incorrect time stamps in the data
files, only 10 eye movement datasets were available for analysis. All results of eye-tracking
analyses are presented in the Supplementary Materials, Part D.

RESULTS
REACTIVE TASK

Participants demonstrated high accuracy in the question trials at the end of each block (90 *+
3.13% SEM), suggesting that they attended to the information at the beginning of the blocks
and could reliably identify false instructions. This pattern held across all conditions, as the 2 x 2
ANOVA with the factors environment and prior did not yield any significant results.

For the experimental trials, participants indicated the target location correctly in 95% (+0.3%
SEM) of the trials with a mean RT of 500ms (£30 ms SEM).

The 3 x 2 x 2 ANOVA conducted on cueing effects in accuracy to examine the effects of block
phase, environment, and prior revealed a significant main effect of block phase (F(2,62) = 8.05,
p < 0.001, 775 =0.21), with post-hoc pairwise t-tests indicating higher accuracy cueing effects
in the last phase compared to the first (£(31) = 3.4, p = 0.006) and second (t(31) = 3.2, p =
0.009) phase, and a main effect of environment, reflecting higher accuracy cueing effects in
the reversal environment (F(1,31) = 23.07, p < 0.001, 775 =0.43). Additionally, the interaction
of block phase and environment was significant (F(1.5,46.45) = 16.66, p < 0.001, 775 =0.35).
Post-hoc pairwise t-tests revealed the expected pattern with differences between stable and
reversal environments emerging in the last phase of a block (t(31) = -5.46, p < 0.001). More
specifically, the direction of the cueing effects reversed in reversal blocks (when contingencies
reversed), but not in stable blocks in the third phase - reflecting adaptation to block-specific
contingencies (see Figure 2A). There was no significant block phase x environment x prior
interaction (p = 0.61) nor an environment x prior interaction (p = 0.13), indicating that the prior
did not impact the updating of cue-target contingencies.

The analysis on the cueing effects in RTs using the equivalent 3 x 2 x 2 ANOVA with factors
block phase, environment, and prior yielded a significant main effect of block phase (F(2,62) =
16.1, p < 0.001, /75 =0.34), with decreasing RT cueing effects over the three block phases (all
pairwise t-tests p <0.006), and a main effect of environment, reflecting higher RT cueing effects
in the stable environment (F(1,31) = 48.3, p < 0.001, 775 =0.61). Consistent with the results on
the accuracy cueing effects, we observed a significant block phase x environment interaction
(F(2,62)=17.1, p<0.001, 77[2, =0.36). Post-hoc pairwise t-tests revealed the expected pattern,
with differences in environments emerging in the second (t(31) = 3.77, p = 0.005) and third
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phase (t(31) =5.91, p < 0.001) of the blocks. More specifically, whereas the stable environment
was characterized by stable positive cueing effects, the reversal environment showed reversed
(negative) cueing effects in the last phase. (i.e., an adaptation to reversed contingencies; see
Figure 2B). In addition, the block phase x prior interaction was significant (F(2,62) = 6.38, p =
0.003, 775 =0.17), reflecting differences in RT cueing effects across the first phase, with larger
positive cueing effects for false priors. Similar to the results for the accuracy cueing effects, no
significant block phase x environment x prior interaction (p = 0.3) and no significant environment
x prior interaction (p = 0.32) were observed, indicating that the prior did not affect the updating
of cue-target contingencies.

In a post-hoc exploratory analysis, we investigated whether the outcome of the previous trial
(i.e., whether the previous trial followed the contingency rule or not) influenced the effect of
the prior. The post-hoc 3 x 2 x 2 x 2 ANOVA on expected trial RTs with factors block phase,
environment, prior, and previous trial outcome revealed significant main effects of block phase
(F(2,62)=4.87,p=0.01, né =0.14), with post-hoc pairwise t-tests indicating increased RTs in the
second block phase compared to the first block phase (t(31) =-3.17, p = 0.01), of environment,
with higher RTs in reversal environments (F(1,31) = 6.91, p = 0.01, 77% =0.18), and of previous
trial outcome, with higher RTs if the previous trial did not match cue-target contingency (F(1,31)
=73.49, p <0.001, 77,% =0.7). In addition, the four-way interaction was significant (F(2,62) =
5.57, p = 0.006, 77,% =0.15). Follow-up three-way ANOVAs stratified by previous trial outcome
showed no prior-related interactions when previous trials matched the cue-target contingency
(p=0.6). Conversely, when previous trials did not match the cue-target contingency, the block
phase x environment x prior interaction was significant (F(2,62) = 6.08, p=0.004, 175 =0.16). This
was driven by a block phase x environment interaction for true priors (F(2,62) =9.71, p < 0.001,
77!2) =0.24), showing an increase in RTs from the first phase to the third phase when the previous
trial did not match the cue-target contingency in the reversal environment (t(31) =-3.31,p =
0.004) and a decrease in the stable environment (t(31) = 2.41, p = 0.04) (Figure 2C). This pattern
did not emerge for false priors (p = 0.15) (Figure 2D; see Figure S3 for RTs after previous trials
that matched the cue-target contingency).

Taken together, the observed patterns in cueing effects on accuracy and RT support the
conclusion that participants successfully learned and adapted to the cue-target contingencies
and their changes. However, contrary to our initial hypothesis, primary analysis yielded no
significant modulation of updating behavior by the prior volatility beliefs. Exploratory post-hoc
analysis uncovered a prior effect limited to RTs of more frequent/expected trials following trials
that did not match the cue-target contingency.

Consistent with the absence of prior effects in the primary model-free analyses, there was no
evidence that the prior affected the learning rate a of the RW model. The a priori paired t-tests
comparing learning rates within each environment showed no significant results, neither in
the stable environment (t(31) = 0.01, p = 0.99) nor in the reversal environment (reversal: t(31)
=1.32, p = 0.2) (see Figure 2E). Likewise, in the 2 x 2 ANOVA on learning rate, neither the
main effects nor the interaction reached significance (all p > 0.25) (see Figure 2E). Similarly,
the exploratory analysis of the response model parameter ¢, showed no effect of prior (stable
environment: t(31) =-0.27, p = 0.79; reversal environment: t(31) = -0.15, p = 0.88).

PREDICTIVE TASK

Similar to the reactive task, participants exhibited a high accuracy in the question trials (87 *
3.7% SEM), suggesting that they attended to the information at the beginning of the blocks
and could reliably identify false instructions. This was true regardless of condition, with a 2 x 2
ANOVA with the factors environment and prior not yielding any significant results.

The analysis of the choice data using a 3 x 2 x 2 ANOVA with factors block phase, environment,
and prior revealed a significant main effect of block phase (F(2,62) = 178.29, p < 0.001,
n5=0.85), with decreasing choice probability over the block phases (all post-hoc pairwise
t-tests p < 0.006), a significant main effect of environment, showing higher choice probabilities
in stable environments (F(1,31) = 203.41, p < 0.001, 775 =0.89), and a significant main effect of
prior, indicating higher choice probability for true priors (F(1,31) = 11.29, p = 0.002, 775 =0.27).
Moreover, a significant block phase x environment interaction was observed (F(2,62) = 184.33,
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p <0.001, 77,27 =0.86). Post-hoc pairwise t-tests revealed the expected pattern, with differences
between environments emerging in the second (t(31) = 5.19, p < 0.001) and third phase (t(31)
= 17.45, p < 0.001) of a block. More specifically, choices remained consistent in the stable
environment but changed in the reversal environment throughout the block (see Figure 3A),
indicating choice adaptation to the change in the cue-target contingency. Furthermore, the
environment x prior interaction was significant (F(1,31) = 6.4, p = 0.02, 175 =0.17). Post-hoc
pairwise t-tests indicated that in a stable environment, participants’ target location predictions
were more often correct when the prior was true than when it was false (t(31) = -4.32,
p < 0.001) (Figure 3B). Additionally, the block phase x prior interaction was significant (F(2,62)
=7.03, p=0.002, ryg =0.19). Post-hoc pairwise t-tests showed a decrease in choice probability
when the prior was false in both environments during the second block phase (t(31) = -5.5,
p < 0.001). The three-way interaction was not significant, showing that the effect of prior was
similar across all block phases (p = 0.28).

In the analysis of the switching behavior (changes in choices after unexpected trials) the 3 x 2
x 2 ANOVA with factors block phase, environment, and prior, revealed a significant main effect
of prior, showing a higher probability of switching for false priors (F(2,62) = 8.47, p = 0.007,
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Figure 2 Adaptation to cue-
target contingencies and
their changes, in relation to
prior volatility beliefs in the
reactive task. Block phase

x environment interaction
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in cue-target contingency

in reversal blocks. (C) Post-
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cue-target contingency for
true priors. Asterisks indicate
a difference between the first
and last block phases in each
environment. (D) Post-hoc
analysis: more frequent/
expected trial RTs after a
trial that does not match

the cue-target contingency
for false priors. (E) Learning
rate a for both environments
(stable, reversal) and priors
(true, false). Asterisks indicate
significance levels: p < 0.05 (*),
p <0.01 (**), p<0.001 (***).
Error bars reflect standard
errors of the mean (SEM).



775 =0.22). Moreover, the environment x prior interaction was significant (F(2,62) = 7.34,
p = 0.01, 775 =0.19). Post-hoc comparisons showed lower switching probability in the stable
environment with a true prior than with a false prior (t(31) = 3.29, p = 0.02), but no difference
between priors in reversal environments (p = 1) (Figure 3C). No other effects of the ANOVA were
significant.

The cluster permutation analysis of the sliding-window choice data revealed significant
differences in choice behavior between true and false priors in both environments. In the stable
environment, a significant cluster was identified in the change expectation phase (trials 37-46:
cluster-level t = 33.61, p = 0.001), indicating a drop in choice accuracy under a false (reversal)
prior. Additionally, a cluster in the initial learning phase showed a trend towards significance
(trials 0-5: cluster-level t = 14.21, p = 0.05), suggesting slower initial learning of the cue-target
contingency with a false (volatility) prior (Figure 3D). In the reversal environment, a significant
cluster was observed in the change expectation phase (trials 40-44: cluster-level t = 19.81,
p = 0.03), indicating earlier adaptation to the reversal with a false (stable) prior (Figure 3E).
Qualitatively, subsequent choices in the false prior condition tended to reach an asymptotic
level later than with a true prior.
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For the learning rate a, estimated from the RW model, within-environment t-tests showed a
significant effect of the prior in the reversal environment (t(31) = 3.6, p = 0.001). Participants
updated their beliefs faster when the prior was true than when it was false, in line with the
assumption that stability beliefs lead to slower updating. In the stable environment, the
difference between priors was not significant (p = 0.71) (see Figure 4A). The 2 x 2 ANOVA
revealed a significant main effect of environment (F(1,31) = 6.78, p = 0.014, 17[2, =0.18), with
higher learning rates for the stable environment, but no significant prior x environment
interaction (p = 0.13) (see Figure 4A). The exploratory analysis of the response parameter p
yielded a significant effect of the prior in the stable environment (t(31) = 3.302, p = 0.002),
with higher g-values for true priors, indicating that responses in the stable environment were
less noisy under stability assumptions (see Figure 4B). There was no effect in the reversal
environment (p = 0.74). g-values were significantly negatively correlated with the probability of
switching in three of the four conditions (true-stable: r = -0.62, p <0.001; false-stable: r =-0.62,
p <0.001; true-reversal: r = -0.54, p = 0.008). In the reversal environment with a false prior, the
negative correlation did not remain significant after Bonferroni correction (r = -0.43, p = 0.06).
These results suggest that participants with higher g-values tended to show lower probabilities
of switching, especially under stable and true prior conditions (see Figure 4C).

In sum, the observed patterns in choice data in the predictive task showed (as for the reactive
task) that participants successfully learned the cue-target contingency and adapted to these
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Figure 3 Adaptation to
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associations and their changes. In contrast to the primary analysis of the reactive task, we
observed effects of the prior volatility belief: In reversal environments, false priors decreased
the learning rate, as predicted. In stable environments, false priors affected decision noise,
leading to reduced choice accuracy and a higher probability of switching.
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TASK COMPARISON

The comparison of the RW learning rates from both task versions using a 2 x 2 ANOVA with
the factors task version and prior (separately for stable and reversal environment) showed a
higher learning rate for the reactive task compared to the predictive task for both environments
(main effect of task version: stable environment: F(1,31) =38.87, p<0.001, 775 =0.57, Figure 5A;
reversal environment: F(1,31) = 135.3, p < 0.001, 77,%:0.81, Figure 5B). Additionally, in the
reversal environment, a significant main effect of prior was detected (F(1,31) = 5.95, p = 0.04,
)75 =0.16), indicating lower learning rates when the prior was false. There were no significant
interaction effects in either environment (stable environment: p = 0.81; reversal environment:
p = 0.85). No significant correlations between the learning rates of both tasks were identified
under any condition.
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DISCUSSION

While previous research has shown that learning rates depend on experienced volatility (Behrens
et al,, 2007), it remains unclear how prior beliefs about volatility impact updating behavior,
particularly when empirical observations violate these beliefs. To explore this, we implemented
a cueing/reversal learning task with true or false prior volatility information in both reactive and
predictive task versions. Our results suggest that the task requirements modulate the effects
of prior volatility information. When participants were required to react to a target stimulus
based on its location (reactive task), prior information did not significantly affect updating of
cue-target contingencies in the main analyses. In contrast, when participants were required
to predict the target’s location before it appeared (predictive task), prior beliefs impacted both
model-free and model-based signatures of updating and response adaptation. More specifically,
in the predictive task version, false beliefs of stability decreased the learning rate in a reversal
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environment. While there was no learning rate modulation in the stable environment, the false
belief of volatility increased decision noise and switching behavior. In general, learning rates
were higher in the reactive than in the predictive task version.

PRIOR VOLATILITY BELIEFS SHAPE UPDATING FOR ACTIVE PREDICTIONS

Adaptive behavior depends on continuously adjusting the balance between maintaining stable
beliefs and remaining flexible to change (Leimar et al., 2024; Nassar & Troiani, 2021; Pulcu &
Browning, 2019). In the context of our probabilistic reversal learning task, we hypothesized
that prior beliefs about environmental volatility would bias this flexibility-stability trade-off
by modulating learning rates (with slower updating under stability assumptions and faster
updating under volatility assumptions) based on previous work (e.g., Iglesias et al., 2013; Liu
et al,, 2023). Consistent with this, in reversal environments, a false prior led to lower learning
rates in the predictive task, indicating slower updating when participants incorrectly believed
the environment was stable. This finding aligns with previous work showing that learning rates
are sensitive to perceived environmental volatility (Behrens et al., 2007; Iglesias et al., 2013)
and extends these findings by demonstrating that prior higher-order volatility beliefs can affect
adaptive behavior, even when sensory evidence contradicts these priors.

Interestingly, although the true prior was associated with a higher learning rate in the reversal
environment, this was not directly reflected in the model-free cluster-permutation analysis of
the choices. This analysis showed that participants tended to start adapting to the reversal
earlier when they expected stability than when they expected volatility. Still, in line with a
higher learning rate, subsequent choices descriptively appeared to reach an asymptotic level
earlier with a true prior than with a false prior (although no significant clusters were detected
in this later phase). Hence, one could argue that this difference in adaptation may have been
better captured in the model-based analysis. The dissociation between learning rate and earlier
behavioral adaptation may suggest that flexibility can come at a cost: while higher learning
rates can facilitate rapid adaptation, they also increase susceptibility to noise (Nassar & Troiani,
2021; Soltani & Izquierdo, 2019). Supporting this interpretation, Liu et al. (2023) showed that
theta-band transcranial alternating current stimulation over the dorsolateral prefrontal cortex
led to increased learning rates but impaired performance in a probabilistic learning task,
particularly in @ more stable environment. In our study, expecting stability may have allowed
participants to focus more on the overall change in cue-target contingencies rather than being
distracted by trial-by-trial fluctuations driven by the expectation of change.

ENVIRONMENTAL CONTEXT DETERMINES HOW FALSE PRIORS MANIFEST FOR
ACTIVE PREDICTIONS

We expected prior beliefs to modulate learning rates in both stable and reversal environments.
However, in contrast to the reversal environment, we did not observe a significant difference in
learning rates for true and false priors in the stable environment of the predictive task. Instead,
further analysis in this environment revealed a modulation of the decision noise parameter g
of the response model. Participants were more exploratory in their choices when the prior was
false (i.e., when they expected volatility), which was accompanied by increased probability of
switching and lower choice accuracy. This observation suggests that in stable environments,
the effect of false priors may not necessarily be captured by changes in the learning rate, but
instead manifests in decision noise.

In a similar vein, a recent study reported that expecting volatility increased the decision
noise, further supporting this idea (Jedlovszky et al., 2024). Notably, Jedlovszky et al. (2024)
did not observe any modulation of learning rates by volatility or stability beliefs. The authors
speculated that this could be due to a lack of uncertainty about volatility, since participants
were not explicitly told that volatility levels could change. In our design, volatility expectations
may have been more salient due to the more specific instructions about the presence/absence
of a change and the question at the end of each block, which may have increased their impact
on belief updating. This may explain why we observed a modulation of the learning rate in the
reversal environment.

Still, while increased salience may explain why we observed an effect in the reversal environment,
unlike Jedlovszky et al. (2024), it does not account for the absence of learning rate effects in the
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stable environment. This missing modulation may be attributed to the way the environment
was structured. Unlike previous studies, where the stable environment still included reversals
(Jedlovszky et al., 2024; Simoens et al., 2024), our stable environment was entirely free of
reversals, whereas our reversal environment included only one contingency change. This design
allowed us to isolate the impact of volatility expectations in a truly stable setting. Moreover,
it ensured that participants had sufficient trials to infer and adapt to the contingencies, while
keeping the experiment duration within tolerable limits. The lack of reversals in stable blocks also
meant that participants were unlikely to experience substantial prediction errors. As learning in
the Rescorla-Wagner framework is regulated by the magnitude of prediction errors (weighted
by the learning rate), the lower magnitude of such errors in our design likely decreased the
need for belief updating. Therefore, even when participants expected volatility, there was no
measurable adjustment of learning rates. Given these differences in task structure and results
between this study and previous studies, future research should further explore how varying
levels of volatility and the uncertainty associated with them influence the effect of prior beliefs.

TASK DEMANDS SHAPE THE SPEED OF BELIEF UPDATING AND THE
MODULATION BY PRIOR INFORMATION

Contrary to our prediction that prior beliefs would modulate learning rates in both task versions,
we did not observe a strong effect of prior volatility beliefs in our primary analysis in the reactive
task. However, two observations suggest a subtle influence of the volatility prior. First, a post-
hoc analysis revealed a modulation of RTs depending on prior and environment in expected
trials following a trial that did not match the cue-target contingency. Second, we did observe a
modulation of the learning rate in reversal blocks in the analysis combining both tasks (a main
effect of prior, without a significant interaction with task). Taken together, these observations
indicate that the influence of prior was not absent, but less pronounced and more variable in
the reactive task.

A plausible explanation is that this pattern reflects differences in task demands. Behavior in the
reactive task is more stimulus-driven, i.e., shaped primarily by observed sensory input rather
than higher-order beliefs. In contrast, the predictive task requires participants to actively use
their beliefs to select a response before observing the outcome, making it potentially more
dependent on goal-directed processes that may be more prone to beliefs (especially higher-
order beliefs such as volatility).

At a more global level, these task-demand differences were also reflected in overall belief
updating speed. When comparing the two tasks of our study, learning rates were higher in the
reactive task. This result is in line with our hypothesis. Previous work has shown that interacting
with the environment can create a stronger sense of stability and slower updating compared
to passive observation (Weiss et al.,, 2021; Yon et al., 2023). Extending this line of work, we
report that explicit predictions, despite the absence of instrumental control over outcomes, can
similarly promote more stable belief updating. Consistent with the task-demand interpretation
above, participants may have relied on more immediate sensory evidence in the reactive task,
leading to more rapid belief updates. The absence of explicit predictions may also have reduced
participants’ perceived control over the environment. Lower perceived control can increase
sensitivity to environmental changes, as individuals may feel they have less influence over
outcomes and therefore perceive the environment as less stable (Bhanji & Delgado, 2014).
Taken together, these findings suggest that the behavioral impact of prior beliefs about volatility
depends on the task context in which those beliefs are expressed. By combining predictive and
reactive responses with true and false prior information, the present study sheds light on the
factors that influence how prior volatility beliefs affect adaptive behavior.

LIMITATIONS

A limitation of our present study is that our reversal blocks reflected a relatively mild form
of volatility (containing only a single reversal) compared with previously used paradigms
that included multiple reversals. This design was chosen to present enough trials so that
participants could learn the probabilistic cue-target association and experience the reversal.
At the same time, multiple short blocks were needed to manipulate prior beliefs through
instructions, limiting the number of reversals. However, this may have reduced the differences

Bleser et al.
Journal of Cognition
DOI: 10.5334/joc.504

15



inlearning rates between the two environments, since differences between the two block types
emerged only in the second half of the block. As a consequence, the design may have had
limited sensitivity to detect environment-specific differences in the learning rate modulation
by prior. Consistent with this, the prior-by-environment interaction was not significant in an
ANOVA including environment as a factor. Accordingly, the present findings emerged only
when the effects of higher-order volatility beliefs were contrasted within environments.
Future work should test whether the present pattern holds under more pronounced volatility
manipulations.

IMPLICATIONS AND CONCLUSION

Taken together, our findings demonstrate a significant impact of prior volatility beliefs on
adaptive behavior. Moreover, they highlight the importance of task demands when investigating
the influence of priors on updating. These results are particularly relevant for understanding
maladaptive volatility beliefs in neuropsychiatric conditions: a false belief that persists despite
contradictory evidence can lead to inappropriate adjustments in learning rates, ultimately
resulting in maladaptive behavioral patterns, such as an inability to adapt to change in anxious
individuals and those at high risk of psychosis (Browning et al., 2015; Cole et al., 2020) or an
overestimation of volatility in individuals with autism (Lawson et al., 2017). By elucidating how
and under what conditions higher-order beliefs influence learning processes, our study offers
valuable insights into the mechanisms underlying adaptive behavior.
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