
Olympia Colizoli et al., 2025 eLife. https://doi.org/10.7554/eLife.105287.1 1 of 46

Neuroscience

Pupil dilation offers a time-
window on prediction error
Olympia Colizoli , Tessa van Leeuwen, Danaja Rutar, Harold Bekkering

Donders Institute for Brain, Cognition and Behaviour, Radboud University, Nijmegen, Netherlands • Department

of Communication and Cognition, Tilburg University, Tilburg, Netherlands • Department of Psychology, Sigmund

Freud University, Ljubljana, Slovenia

https://en.wikipedia.org/wiki/Open_access

Copyright information

eLife Assessment

This important study seeks to examine the relationship between pupil size and
information gain, showing opposite effects dependent upon whether the average
uncertainty increases or decreases across trials. Given the broad implications for
learning and perception, the findings will be of broad interest to researchers in
cognitive neuroscience, decision-making, and computational modelling.
Nevertheless, the evidence in support of the particular conclusion is at present
incomplete - the conclusions would be strengthened if the authors could both clarify
the differences between model-updating and prediction error in their account and
clarify the patterns in the data.
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Abstract

Task-evoked pupil dilation has been linked to many cognitive variables, perhaps most notably
unexpected events. Zénon (2019) proposed a unifying framework stating that pupil dilation
related to cognition should be considered from an information-theory perspective. In the
current study, we investigated whether the pupil’s response to decision outcome in the
context of associative learning reflects a prediction error defined formally as information
gain, while also exploring the time course of this prediction error signal. To do so, we adapted
a simple model of trial-by-trial learning of stimulus probabilities based on information theory
from previous literature. We analyzed two data sets in which participants performed
perceptual decision-making tasks that required associative learning while pupil dilation was
recorded. Our findings consistently showed that a significant proportion of variability in the
post-feedback pupil response during decision-making can be explained by a formal
quantification of information gain shortly after feedback presentation in both task contexts.
In the later time window, the relationship between information-theoretic variables and the
post-feedback pupil response differed per task. For the first time, we present evidence that
whether the pupil dilates or constricts along with information gain seems to be context
dependent, specifically related to increasing or decreasing average uncertainty (entropy)
across trials. This study offers empirical evidence showcasing how the pupil’s response can
offer valuable insights into the process of model updating during learning, highlighting the
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promising utility of this readily accessible physiological indicator for investigating internal
belief states.

1. Introduction

The human brain is constantly predicting its environment by forming expectations based on the
meaningful environmental statistics we encounter in life (e.g., bananas are yellow, sometimes
green, but never blue or red)1     –3     . Furthermore, perception is largely driven by these
expectations4     ,5     . In the predictive processing framework, the brain constructs and updates
internal models of the world that aim to accurately predict incoming sensory data by minimizing
prediction errors6     . Prediction errors are abstractly defined as the difference between an
expected and obtained outcome and are crucial concepts in models of learning7     –9     . Pupil
dilation may be a reliable biomarker marker of neural prediction error signals. Such a biomarker
would be advantageous for investigating the neural computations involved in learning and
decision-making due to the relative ease of measuring pupil size with a standard eye-tracking
device. To achieve this aim, we must investigate the computational signatures reflected in pupil
dilation to determine whether they genuinely represent prediction error signals during learning.

While reaction times (RT) scale with uncertainty, confidence, and reward expectation during
perceptual decision-making10     –13     , there is no overt behavioral marker that reflects the brain’s
processing of a prediction error following feedback on a decision outcome when the brain
supposedly updates its internal model(s) of the world6     . Pupil dilation under constant luminance
is a peripheral marker of the brain’s central arousal system14     –18     . Evidence suggests that the
brain leverages its arousal system to relay computational variables to circuits that execute
inference and action selection8     ,14     ,19     –24     . A growing body of literature suggests that pupil
dilation may be a reliable physiological marker reflecting a prediction error signal in the post-
feedback pupil response10     ,11     ,25     –33     . Whether a prediction error signal is detectable in
pupil dilation will depend on the specific definition of “prediction error”, how it is
operationalized, as well as the temporal nature of the signal itself. For instance, an unsigned
prediction error is defined as the difference between expected and unexpected events but is
agnostic to whether the events are better or worse than expected. In contrast, a signed prediction
error indicates whether an outcome was better or worse than expected. Relatedly, reward
prediction errors are a type of signed prediction error indicating whether an obtained reward was
better or worse than expected7     .

In recent years, pupil dilation has received increased attention in psychology and human
neuroscience research for its ability to reflect cognitive and computational variables involved in
memory, attention, perception, and decision-making. For instance, pupil dilation has been shown
to reflect stimulus expectancy and surprise11     ,29     ,30     ,34     –48     , decision
uncertainty10     ,13     ,28     ,29     ,32     ,36     ,49     –57     , the updating of belief states in internal
models10     ,11     ,25     –32     ,58     –60     , and reward prediction errors10     ,32     . In 2019, Zénon61     

proposed that the plethora of cognitive phenomena reflected in pupil dilation can be unified
under an information-theoretic framework. Under Zénon’s hypothesis, the common factor driving
all cognitive processes reflected in pupil dilation can be quantified in terms of information gain. In
information theory, information gain quantifies the reduction of uncertainty about a random
variable given the knowledge of another variable. In other words, information gain measures how
much knowing about one variable improves the prediction or understanding of another variable.
A unified framework that relates pupil dilation to cognition through information theory would be
beneficial for several reasons. First, a unified framework would enable us to more accurately
quantify cognitive processes by allowing us to connect physiological responses like arousal with
cognitive functions. Second, such an approach could reveal how effectively an individual
integrates new information and adjusts their predictions. Finally, a unified framework would
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allow researchers to apply consistent metrics across different contexts and tasks, facilitating
comparisons between studies and enhancing our overall understanding of cognitive processes
linked to pupil dilation.

If pupil dilation reflects information gain during the observation of an outcome event, such as
feedback on decision accuracy, then pupil size will be expected to increase in proportion to how
much novel sensory evidence is used to update current beliefs29     ,61     . Information gain can be
operationalized within information theory as Kullback-Leibler (KL) divergence (sometimes termed
“Bayesian surprise”)29     ,62     . KL divergence is a measure of the difference between two
probability distributions. In the context of predictive processing, KL divergence can be used to
quantify the mismatch between the probability distributions corresponding to the brain’s
expectations about incoming sensory input and the actual sensory input received, in other words,
the prediction error63     ,64     . KL divergence is thereby a formalized quantity of the amount of
information gained during model updating based on both the sensory expectations and sensory
evidence29     . To our knowledge, only a few studies to date have directly investigated whether the
pupil response was correlated with information gain defined as KL divergence, and even fewer
studies have specifically focused in the interval following outcome feedback presentation. Using a
saccadic planning task, O’Reilly et al. (2013)29      found that pupil dilation scaled negatively with
KL divergence in the interval 0.73-1.24 s following target onset. While a signification correlation
between post-feedback pupil dilation and information gain was obtained, the direction of this
result seems at odds with the hypothesis that an increase in information gain would lead to
greater pupil dilation. It was suggested then by O’Reilly et al. that the direction of the scaling
between the post-feedback pupil response and KL divergence might depend on the effect of
uncertainty (i.e., entropy) on learning, an issue we will return to in the Discussion. Testing infants,
Kayhan et al. (2019)26      used a statistical learning paradigm and recorded pupil dilation during
the event outcome interval in each trial. Kayhan et al. reported that pupil dilation responses of 24-
month-old (but not 18-month-old) infants followed a pattern consistent with a prediction error
calculated as KL divergence between the prior and posterior probability distributions. However,
the time course of the pupil response of the infants was not reported nor was it directly correlated
to the Bayesian model parameters.

Different types of prediction errors, for example, by being linked with a reward, may show distinct
computational signatures in the brain’s neurophysiology. Furthermore, the temporal dynamics of
prediction error signals in pupil dilation are likely informative because the brain’s process of
updating internal models may contain an inherent temporal dimension65     . Different temporal
components of the pupil signal may correspond to different stages of predictive processing, for
instance, as proposed by the hybrid predictive coding model66     . These temporal dynamics can
shed light on the mechanisms of predictive processing by clarifying the timing of learning updates
in relation to feedback presentation67     . The temporal dynamics of prediction error signals may
also help differentiate between types of learning, indicate how attention and cognitive load are
allocated during tasks, and implicate specific brain regions or neural processes involved in
learning68     ,69     .

Previous studies have shown different temporal response dynamics of prediction error signals in
pupil dilation following feedback on decision outcome. Similar to the time window obtained by
O’Reilly et al., de Gee et al. (2021)11      found that the mean pupil dilation in a window 0.5-1.5 s
following feedback reflected “surprise” about choice outcome, defined as an interaction between
confidence and accuracy, during an orientation discrimination task. The results of these two
studies suggest that the prediction error signals arise around the peak (∼1 s) of the canonical
impulse response function of the pupil70     ,71     . Other studies have shown evidence that
prediction error signals arise considerably later than the pupil’s canonical peak with respect to
feedback on choice outcome. For instance, Browning et al. (2015)25      found that the Shannon
surprise about decision outcome on pupil dilation was significant within a 1.5-2.5 s interval during
an aversive learning task. In a reinforcement learning paradigm, van Slooten et al. (2018)32     
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found that early pupil dilation scaled with uncertainty about the value of the upcoming reward
until about 2 s following feedback, whereas later pupil dilation (from about 2-3 s) scaled with
signed reward prediction errors. By implementing long inter-stimulus intervals administered
during functional magnetic resonance imaging, Colizoli et al. (2018)10      found that a signed
prediction error signal arose in pupil dilation starting at 3 s following reward-linked feedback and
was sustained until 6 s in a motion discrimination task. A relatively slower prediction error signal
following feedback presentation may suggest deeper cognitive processing, increased cognitive
load from sustained attention or ongoing uncertainty, or that the brain is integrating multiple
sources of information before updating its internal model.

Taken together, the literature indicates that prediction error signals in pupil dilation were
obtained anywhere between 0.5 to 6 s following feedback on decision outcome, and the results do
not converge to produce a consistent temporal signature. It is clear that the specific time window
analyzed across different tasks can affect whether a prediction error signal is detected at all. The
emergence of consistent results is important for validating the pupil as a biomarker of prediction
error, by facilitating comparative research, informing predictive models, uncovering neural
mechanisms, as well as improving practical applications. Many factors could potentially explain
these discrepant results, such as different task contexts (e.g., probabilistic learning vs. perceptual
discrimination), different approaches to the pupil analyses such as using simple contrasts or
model-based regression, and different interpretations of what constitutes a “prediction error.”
Given these discrepancies, it is crucial to investigate the specific conditions under which pupil
dilation reflects a prediction error.

Aims of the current study
The literature summarized above prompted us to investigate whether the pupil’s response to
decision outcomes during learning aligns with a prediction error signal defined within an
information-theoretic framework. Whilst Zénon (2019) theoretically proposed a direct link
between pupil dilation and information gain, this hypothesis has not been thoroughly tested in
empirical studies. We sought to fill this gap in the literature and shed light on the relationship
between information gain and uncertainty during learning as reflected in pupil dilation.

In the current study, we investigated whether the pupil’s response to decision outcome (i.e.,
feedback) in the context of associative learning reflects a prediction error as defined by KL
divergence, while also exploring the time course of this prediction error signal. To do so, we
adapted a simple model of trial-by-trial learning of stimulus probabilities based on information
theory from previous literature29     ,72     ,73     . For completeness, Shannon surprise and entropy
were also computed and related to the post-feedback pupil response. We analyzed two
independent datasets featuring distinct associative learning paradigms, one characterized by
increasing entropy and the other by decreasing entropy as the tasks progressed. By examining
these different tasks, we aimed to identify commonalities in the results across varying contexts.
Additionally, the contrasting directions of entropy in the two tasks enabled us to explore the
hypothesis that the direction of the relationship between the post-feedback pupil response and
information gain is influenced by the average uncertainty during learning.

In the first data set, participants were instructed to predict the upcoming orientation (left vs. right)
of a visual target based on the probability of visual and auditory cues. In the second data set,
participants were first exposed to letter-color pairs of stimuli in different frequency conditions
during an odd-ball detection task. The letter-color pair contingencies were irrelevant to the odd-
ball task performance. The participants subsequently completed a decision-making task in which
they had to decide which letter was presented together most often with which color during the
previous odd-ball detection task (match vs. no match). Pupil dilation was recorded during the
decision-making tasks in both data sets and the post-feedback pupil response was the event of
interest. We did not formally compare the results across the two data sets given substantial
differences between these two task contexts. We expected the post-feedback pupil dilation to scale
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with KL divergence in both tasks in a relatively early time window, following the results of O’Reilly
et. al. We explored whether later prediction error components in the post-feedback pupil dilation
might reflect other information-theoretic variables, such as Shannon surprise or entropy.

To preview, the results show for the first time that whether the pupil dilates or constricts along
with information gain seems to be context dependent, specifically related to increasing or
decreasing average uncertainty (entropy). Our findings are overall in line with Zénon’s hypothesis
that pupil dilation reflects information-theoretic processing and furthermore suggest that these
signatures in pupil dilation are complex and multifaceted. This study provides empirical evidence
that the pupil’s response can shed light on model updating during learning, demonstrating the
potential of this easily measured physiological indicator for exploring internal belief states.

2. Materials and methods

Data sets: decision-making tasks
in associative learning paradigms
We analyzed two data sets related to associative learning in which pupil dilation was recorded
during decision making; one of these data sets was publicly available33      (see section 2.1     ), the
other was collected for the study purposes. In the decision-making tasks of both data sets,
participants had to make a two-alternative forced choice (2AFC) on each trial based on visual
and/or auditory information. For the current analyses, the dependent variables of interest were
participants’ accuracy, reaction time (RT), and the feedback-locked pupil response. In the first data
set (see section 2.1     ), participants learned probabilistic contingencies between stimuli during the
2AFC decision-making task itself. In the second data set (see section 2.2     ), there was an implicit
learning phase prior to the 2AFC decision-making task during which the participants completed an
odd-ball detection task that was irrelevant to the probabilistic contingencies between pairs of
stimuli being presented. Pupil dilation was continuously measured in both data sets during each of
the 2AFC decision-making tasks. The data sets consisted of independent samples of participants.

These data sets were chosen to analyze because we were able to quantify the post-feedback pupil
dilation as the interaction between stimulus-pair frequency and accuracy as well as adapt an
information-theoretic model of trial-by-trial learning in both task paradigms. The pupil is known
to scale positively with errors as compared with correct responses10     ,11     ,13     ,74     –79     . In
addition, studies have shown that pupil dilation positively scales with unexpected as compared
with expected events11     ,29     ,30     ,34     –48     . Prediction errors can be operationalized as a
function of task conditions related to stimulus expectations. For instance, a main effect of stimulus
frequency reflects an unsigned prediction error, since the different frequency conditions
correspond to different levels of expectancy (in the simplest form, a contrast of unexpected vs.
expected). A main effect of accuracy (categorized post-hoc based on task performance) indicates
an error signal about the binary outcome of a decision (correct vs. incorrect). However, an error
signal is not the same as a prediction error signal, because an error alone does not necessarily
convey information regarding expectation. In other words, errors on accuracy do not contain
quantitative information regarding a difference between what was expected and what occurred.
Expectations can modulate a main effect of accuracy in the post-feedback pupil response,
indicating whether the outcome of the participant’s accuracy (correct or incorrect) is better or
worse than expected10     ,11     . A signed prediction error in the context of associative learning
would therefore be evidenced by an interaction between stimulus-pair frequency and accuracy.

In the current data sets, we were interested in comparing the condition when a participant makes
an error, and the outcome was expected, with the condition in which they make an error and the
outcome was unexpected (and similarly for when they are correct about their decision). If the
signed prediction error signal reflects information gain, then we would expect a larger difference
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between error and correct trials for the condition with weaker expectations as compared with
stronger expectations. In other words, more information is gained from a decision outcome in
conditions with more uncertainty as compared with less uncertainty. Finally, we explored whether
a definition of prediction error as an interaction between stimulus-pair frequency and accuracy
will relate to information gain defined as KL divergence.

2.1 Data set #1: Cue-target 2AFC task
Independent analyses that focused on the relationship between the participants’ pupil responses
and Bayesian learning mechanisms have been previously published based on the same data
set33     . The data are publicly available and have been re-analyzed (including pre-processing) in
the current paper to answer a complementary but conceptually distinct research question
compared with the Rutar et al. (2023) paper. The relevant methods that have been previously
published are summarized here.

Participants and informed consent

From the thirty participants included in the published data set, six participants missed responses
in at least one of the conditions required for the main two-way repeated-measures ANOVA and
were therefore excluded from the statistical analysis. The final sample consisted of 24 participants
aged 19-42 years (M = 23.3, SD = 4.9, 18 women). All participants gave written informed consent
before participating and were compensated for participation.

Task and procedure

Participants performed a 2AFC decision-making task on the expected orientation direction (left vs.
right) of the target stimulus (Gabor patches; spatial frequency = 0.033, opacity = 0.5, 400 × 400
pixels) while pupil dilation was recorded (Figure 1A     ). A chin rest was used to keep the distance
(50 cm) to the computer screen constant (1920 × 1080 pixels, 120 Hz). This setup resulted in a
Gabor patch with a visual angle of 12.1°. Participants were instructed to use the visual and
auditory cues to predict the orientation of the upcoming target stimulus in each trial and to
respond (by left or right button press corresponding to a left or right prediction, respectively) as
soon as they knew which target orientation would appear. Participants were instructed to wait
until cue offset to make their predictions. The orientation of the target was probabilistically
determined by the combination of the preceding visual and auditory cues. The cue-target
contingencies were not communicated in advance to the participants. The cue-target mappings
were counterbalanced between participants in such a way that half of the participants saw the
square followed by a right-oriented grating and a diamond followed by a left-oriented grating in
80% of the trials and for the other half of the participants, this mapping was reversed (i.e., square
–> left and diamond –> right). In the remaining 20% of the trials, the participants received the
reversed cue-target mapping with respect to their 80% mapping condition. On half of the trials, an
auditory tone (“C” octave 4; 300 ms) was presented together with the onset of the visual cue. In the
first half of the experiment (phase 1), this auditory tone was uninformative of the upcoming target
orientation and could essentially be ignored. After phase 1 was completed, participants took a
short break and were informed that the cue-target contingency rule would change; for the
purposes of the current analysis, we only inspected phase 1 of the original experiment. Phase 1
consisted of 200 trials per participant. The order of the trials was randomly presented to each
participant. The entire session took about 1.5 hours to complete (∼45 minutes for phase 1). Stimuli
were isoluminant and had a grey background.

Trial structure

Each trial of the cue-target task consisted of a fixation period (1.5 s), a cue period (1 s), a decision
period during which the participant responded by pressing either the left or right button (RT), a
delay period (3 s), and the target period (3 s) which served as feedback for the cue-target
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Figure 1.

Data set #1: Cue-target 2AFC task and results.

(A) Events during a single trial. While pupil dilation was recorded, participants predicted the orientation (left/right) of the
upcoming target (Gabor patch) based on the visual and/or auditory cues (in the data analyzed here, only the visual cue had
predictive validity). Predictions were given by a button press with the corresponding finger on the left or right hand. Two
mapping conditions (condition 1 or condition 2) were counterbalanced across participants such that a participant in condition
1 was shown the square cue followed by a left-oriented target on 80% of the trials, while the square cue was followed by a
right-oriented target on 20% of the trials. Gray box indicates the feedback event of interest. (B) Accuracy (fraction of correct
responses) as a function of cue-target frequency. Data points are individual participants; stats, paired-samples Wilcoxon
signed-rank t-test. (C) RT as a function of both cue-target frequency and accuracy (error/correct); stats, repeated-measures
ANOVA. (D) Feedback-locked pupil response time course, plotted as a function of cue-target frequency and accuracy. Shading
represents the standard error of the mean. Gray boxes, time windows of interest; early time window, [0.75, 1.25]; late time
window, [2.5, 3.0]. The black horizontal bar indicates a significant interaction term (cluster-corrected, permutation test). (E)
Early time window, average feedback-locked pupil response as a function of cue-target frequency and accuracy. stats,
repeated-measures ANOVA. (F) As E, for the late time window. ANOVA results (multiple panels): top, main effect of frequency;
middle, main effect of accuracy; bottom, frequency x accuracy interaction. Error bars, standard error of the mean. *p < 0.05,
**p < 0.01, *** p < 0.001.

https://doi.org/10.7554/eLife.105287.1
https://doi.org/10.7554/eLife.105287.1


Olympia Colizoli et al., 2025 eLife. https://doi.org/10.7554/eLife.105287.1 8 of 46

contingencies. A vertically oriented Gabor patch was presented on screen except for the target
period. Participants were instructed to keep their gaze centered at the fixation cross in the middle
of the screen. The fixation cross remained on screen except for the cue period, during which either
a square or diamond appeared. During the cue period, a square or diamond would indicate the
upcoming orientation direction of the target stimulus with a certain probability (20% vs. 80%).
Note that in the cue-target task, the target period served as trial-by-trial feedback on the accuracy
of the participants’ cue-target predictions.

Data acquisition and preprocessing

Pupil dilation of the right eye was continuously recorded during phase 1 of the cue-target task
using an SMI RED500 eye-tracker (SensoMotoric Instruments, Teltow/Berlin, Germany). The
sampling rate was 500 Hz. Using custom Python code, the following steps were applied to the
entire pupil dilation time series: i) linear interpolation around missing samples (0.15 s before and
after each missing event), ii) linear interpolation around blinks or saccade events based on spikes
in the temporal derivative (0.15 s before and after each nuisance event; note that blinks and
saccades were considered as a single nuisance event), iii) band-pass filtering (third-order
Butterworth, 0.01 to 6 Hz), iv) responses to nuisance events were removed using linear regression
(nuisance responses were estimated using deconvolution 39      and v) the residuals of the nuisance
regression were converted to percent signal change with respect to the temporal mean.

Trials that were faster or longer than 3 times the standard deviation of the Z-transformed RT
distribution of each participant were excluded from the analysis, because there was no maximum
response window (1.5% of the total number of trials were excluded)80     .

Differences with Rutar et al. (2023)

The main differences between the current work and Rutar et al. (2023) are the following. First, in
the current analysis, we are only considering the first 200 trials (referred to as “phase 1”) out of
the 400 trials in total. After 200 trials (referred to as “phase 2”), the cue-target contingencies
switched according to a specific rule. The change in rule-based contingencies prevented us from
applying the ideal learner model to both phases of the task. Crucially, trials in phase 1 were
independent from trials in phase 2 as they took place earlier in time, and therefore, discarding the
second half of the experiment would not affect the associative learning processes taking place in
the first half of the experiment. Second, we did not include six of the 30 participants that are in the
publicly available data set provided by Rutar et al. (2023) due to missing cases in the repeated-
measures ANOVAs in phase 1 of the experiment. Finally, Rutar et al. (2023) only tested for signed
prediction errors within an early time window (see their Supplementary Materials) but did not
investigate any later time windows as we do in the current experiment.

2.2 Data set #2: Letter-color 2AFC task

Participants and informed consent

The final sample consisted of 47 participants aged 17-45 years (M = 23.8, SD = 6.16, 34 women and
13 men). Fifty participants completed the experiment. Three participants had to be excluded due
to technical error or human error on the part of the researcher. All participants gave written
informed consent before participating and were compensated for participation.

Tasks and procedure

The experiment consisted of two separate tasks, the odd-ball detection and 2AFC decision tasks,
which corresponded to a learning and decision-making phase, respectively (Figure 2A     ).
Participants were not instructed about the decision-making task until the learning task was
completed. A chin rest was used to keep the distance (58 cm) to the computer screen constant
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(1920 × 1080 pixels, 120 Hz). This setup resulted in visual stimuli spanning visual angles between
2.6° - 3.1°. We exposed participants to pairs of stimuli presented together in different frequency
conditions during the learning phase of the experiment. We aimed for having low, medium, and
high levels of stimulus-pair frequency to correspond to different amounts of exposure to
associations between the individual letters and the colors. More exposure to consistent
associations between letters and colors was expected to result in stronger expectations of the
specific letter-color pairs as compared with less exposure. After this odd-ball task in which
participants were exposed to the letter-color pairs in different frequency conditions, participants
were asked to make a 2AFC decision based on the presented stimuli pairs in the decision-making
phase. Participants completed a questionnaire at the end of the computer tasks (data not reported
here). Participants were given self-paced breaks between each task. The entire session took about
2.5 hours to complete.

Independent learning phase: odd-ball detection task

We hypothesized that statistical learning would take place within an odd-ball detection paradigm,
during which participants had to monitor both the identity of a letter or number and the
background color it was presented on (see Figure 2A     ). The stimuli used for the statistical-
learning hypothesis were six letters (“A”, “D”, “I”, “O”, “R”, “T”, 100 pixels, Bookman Old Style font)
and six shades of green as the background color in the shape of a square (120 × 120 pixels; see
Figure 2A      and Supplementary Figure 1      for hexadecimal codes). Shades of a single hue were
chosen to help minimize verbal heuristic strategies for naming the six different colors. Three
different frequency conditions were used (20%, 40%, and 80% of trials in which a specific letter
was presented against a square background with a specific color), meaning that two letter-color
pairs were in each frequency condition. For example, if the letter “A” was assigned to the 80%
frequency condition, then “A” was shown with its associated shade of green as the background
color in eight out of 10 trials in which “A” was presented. On the remaining two out of 10 trials in
which an “A” was presented, the background shade of green was randomly drawn from all six
shades of green. This sampling with replacement resulted in the letters being show together with
their associated color in actual frequency conditions of 33%, 50% and 84%. Each letter was shown
together with the other five unassociated colors on average in 13%, 10%, and 3% of trials (i.e., the
noise around the letter-color pair signal) with respect to the 20%, 40% and 80% frequency
conditions, respectively. The six letter-color pair combinations as well as their frequency condition
were randomly assigned to each participant at the start of the experiment, meaning that
participants received individual combinations of stimuli. For clarity, we will only refer to the
actual frequency conditions in the letter-color 2AFC task (i.e., 33%, 50% and 84%) from here on
instead of the intended frequency conditions (20%, 40% and 80%).

The odd-ball stimuli were numbers 1-9 (randomly drawn) and a non-green hue (one of four colors
was chosen by random for each participant at the start of the experiment). Note that odd-balls
could consist of i) a number with a non-green background, ii) a number with a green background,
and iii) a letter with a non-green background. Participants completed a short round of 10 practice
trials of the odd-ball task, which they could repeat until they understood the odd-ball rule. During
the practice round, an equal number of odd-ball and regular stimuli were presented. Participants
were instructed to indicate whether the stimulus on each trial was an odd-ball or not with either a
left or a right button-press (button order was counterbalanced between participants). They could
respond as soon as the stimulus appeared on screen. Participants were not informed about the
frequency conditions of the letter-color pairs. The odd-ball task consisted of 660 trials in total (9%
were odd-balls), during which participants had two self-paced breaks. The order of the trials was
randomly presented to each participant. The odd-ball task took about 30 minutes to complete.
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Figure 2.

Data set #2: Letter-color 2AFC task and results.

(A) Left, an independent learning phase was administered in the form of an odd-ball detection task during which six letters
together with six shades of green colors as background (squares) were presented in three frequency conditions (33%, 50%,
and 84%) on most trials (91%). Participants had to quickly respond to odd-ball targets (numbers and/or non-green color, 9%
of trials). Letter-color mapping conditions were randomized per participant. Right, events during a single trial of the
subsequent letter-color decision 2AFC task. While pupil dilation was recorded, participants indicated whether the letter
“matched” the colored square with a button press. A match was correct when the letter and color had occurred most often
together in the preceding odd-ball task. Gray box indicates the feedback event of interest. (B) Accuracy (fraction of correct
responses) as a function of letter-color frequency. Dashed line represents chance level. Data points are individual
participants; stats, paired-samples t-test. (C) RT as a function of both letter-color frequency and accuracy; stats, repeated-
measures ANOVA. (D) Feedback-locked pupil response time course, plotted as a function of letter-color frequency and
accuracy. Shading represents the standard error of the mean. Gray boxes, time windows of interest; early time window, [0.75,
1.25]; late time window, [2.5, 3.0]. The purple horizontal bar indicates a significant two-way interaction effect (uncorrected for
multiple comparisons). No significant time points remained after correction using the false discovery rate (FDR). (E) Early
time window, average feedback-locked pupil response as a function of letter-color frequency and accuracy. (F) As E, for the
late time window. ANOVA results (multiple panels): top, main effect of frequency; middle, main effect of accuracy; bottom,
frequency x accuracy interaction. Error bars, standard error of the mean. *p < 0.05, **p < 0.01, *** p < 0.001.
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Oddball-task trial structure

Each trial of the odd-ball task consisted of a stimulus period (0.75 s), a response period (< 1.25 s),
and an inter-trial interval that included feedback on accuracy (0.5 to 1 s jittered). A black fixation
cross was presented in the center of the screen and changed to green, red, or blue in the inter-trial
interval for correct, incorrect, or missed responses, respectively. Errors and missed trials were also
accompanied by a short auditory tone (3rd octave “D” for 0.3 s). All stimuli were presented in the
center of the screen against a grey background.

Letter-color visual decision task

After the odd-ball task, participants performed a 2AFC decision-making task on the occurrence of
letter-color pairs that were shown during the preceding odd-ball task. Specifically, participants
were instructed to indicate whether specific letter-color pairs occurred most often together in the
preceding odd-ball task. They were instructed to guess if they were unsure. If a letter occurred
most often together with a particular color in the preceding oddball task, then this was considered
a “match.” The 2AFC response options were “match” or “no match.” For example, if the letter “A”
was most often shown together with a specific shade of green as the background color during the
preceding odd-ball task, then “A” would match this shade of green. Match and no-match conditions
were presented in a 1:1 ratio of the number of trials. Participants could respond as soon as the
color was presented on screen. Participants were instructed to indicate whether the letter-color
pairs matched or not with either a left or a right button-press (button order was counterbalanced
between participants). The letter-color visual decision task consisted of 250 trials in total, during
which participants had three self-paced breaks. The order of the trials was randomly presented to
each participant.

Each trial of the letter-color visual decision task consisted of a new trial cue period (0.2 s), a letter-
stimulus period (0.75 s), a short delay period (0.1 s), a response period during which a colored
square appeared (< 2.5 s), a longer delay period to give sufficient time for the pupil to return to
baseline following a colored impulse (3.5 – 5.5 s, uniform distribution; see Supplementary Figure
1A,B     ) 81     , and an inter-trial interval that included feedback on accuracy (3.5 – 5.5 s, uniform
distribution). A black fixation cross was presented in the center of the screen during the longer
delay period preceding feedback as well as in the inter-trial interval. Trial-by-trial feedback was
presented to the participants by means of two auditory tones (0.3 s) for errors (3rd octave “D”) and
correct trials (4th octave “B”). We verified that the tone-locked pupil response was not
differentially affected by the two feedback tones irrespective of the task context (see
Supplementary Figure 1C,D     ). Participants were familiarized with the feedback tones before the
decision task began. All stimuli were presented in the center of the screen against a grey
background. The letter-color decision 2AFC task took about one hour to complete.

Data acquisition and preprocessing

Pupil dilation of the left or right eye was continuously recorded during the letter-color visual
decision task using an EyeLink eye-tracker (SR Research, Ottawa, Ontario, Canada) with a
sampling rate of 1000 Hz. The eye-tracker was calibrated once at the start of the decision task. A
drift correction was performed after participants took breaks and could move their heads before
continuing. Eye blinks and saccades were detected using the standard EyeLink software
algorithms (default settings). Using custom Python code, the following steps were applied to the
entire pupil dilation time series: i) linear interpolation around blinks (0.15 s before and after each
blink), ii) band-pass filtering (third-order Butterworth, 0.01 to 6 Hz), iii) responses to blink and
saccade events were estimated using deconvolution 39      and subsequently removed using linear
regression, and v) the residuals of the nuisance regression were converted to percent signal
change with respect to the temporal mean of the time series within each block of trials between
the breaks.

https://doi.org/10.7554/eLife.105287.1
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Missed trials were excluded from all analyses (0.9%).

2.3 Quantification of the feedback-locked pupil response
For data from both datasets, each trial time course was first baseline corrected with the mean
pupil size during the 0.5 s before the feedback event (target onset or auditory feedback for the cue-
target or letter-color 2AFC tasks, respectively)10     ,11     ,33     . The same time windows were used for
both tasks with respect to the feedback event. Feedback-locked pupil responses were defined by
the mean pupil response within two time windows of interest: An early time window was defined
to be 0.75 to 1.25 seconds after feedback onset to be centered around the peak of a transient event
based on the canonical impulse response function of the pupil10     ,11     ,71     ,82     . A late time
window was defined to be 2.5 to 3 s after feedback onset and was determined by the shortest
feedback interval within both decision tasks to make sure that the pupil response was
uncontaminated by the subsequent trial: in the cue-target 2AFC task, a new trial started 3 s after
the feedback onset.

2.4 Ideal learner models
Following previous literature29     ,72     ,73     , we adapted an ideal learner model to each of the two
datasets separately. To model the learning of the task by participants, we assumed that they acted
as ideal observers who learn the probability of seeing each of the stimulus pair types as the
experiment progressed across trials. For each decision-making task, trial-by-trial quantifications of
KL divergence was estimated using information theory to formally quantify information gain. In
addition, surprise and entropy were computed and assumed to reflect the subjective probability
and average uncertainty on each trial, respectively.

The ideal learner model for both data sets follows from the algorithms described by72     ,73     . The
ideal learner model represents a set of discrete events x, which can range from one to K. The
events follow each other in a sequence with its length, j, equal to the number of trials in the task
and denoted by Xj = {x1, …, xj}. We assume the participants learn the probabilities of Xj occurring,
and following each trial, they update their estimate of the probability that each event type will
occur based on the previously observed events. The distribution of probabilities can be
parametrized by the vector P(x) = [p1, …, pK], the elements of which sum to one and will be
abbreviated by P(x) = p. Note that the probability of the kth event occurring, P(x = k), is denoted by
pk.

Following previous literature72     ,73     , we assumed a Bayesian paradigm of giving the observer
prior knowledge represented by a prior distribution of beliefs. This takes the form of a Dirichlet
distribution which indicates the belief in all parameters prior to any observations of events. A
Dirichlet prior over p is parameterized by the vector α = [α1, …, αK] and denoted by P(p|α) = Dir(p;
αk). All elements of α are positive and the magnitude of each element corresponds to the relative
expectation of each element. When the ideal learner has no previous expectations about which
event will occur before the first trial of the task begins, all events are considered equally likely to
occur and all the elements of α would be set to one (i.e., a uniform prior distribution). For example,
if α = [100, 1, 1, 1], then the ideal learner model assumes that the event represented by the first
element in α is much more likely to occur than any other event.

After an event is observed, the estimated probabilities p will be updated. The belief after j trials, Xj,
is given by the posterior distribution

in which  refers to the number of occurrences of event type k until trial j, and the parameter,

αk, determines prior expectations of event type k occurring. The posterior distribution given in
equation (1) is updated after each new observation of an event and is abbreviated as Dj. For
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example, if α = [100, 1, 1, 1] and the participant observes an event represented by the second
element in α on the first trial, then the posterior distribution becomes [100, 2, 1, 1] for j = 1.

The probability of a certain event occurring at trial j can be computed directly from (1) as

In words, equation (2) states that the probability that a certain event k will occur on trial j is
denoted by  (note the tilde indicates a prediction), which is equal to the total number of times

event k occurred in previous trials j − 1 plus the value of αk, which is known to be fixed in the
prior distribution, then divided by the total number of observations up to and including j − 1 plus
the total number of possible event types K.

Information-theoretic variables

Information theory72     ,73     ,83     –85      is used to estimate the KL divergence, surprise, and entropy
at each trial. The subjective probability of each event occurring was quantified as surprise in
terms of Shannon information, I

Note that  is given by equation (2) and represents the prediction of the probability of event k
occurring at trial j based on what has been observed up to and including trial j − 1. The negative
logarithm ensures that highly probable events are considered as less surprising.

The average uncertainty of the event at each trial was quantified as the entropy, H,

Note that entropy was calculated including the observation of the event at trial j, denoted by ,

not just up to trial j − 1, because the participants received the information related to trial j at the
time of feedback presentation.

Finally, the information gain at each trial was quantified as the KL divergence, DKL,

and represents the difference between the prior and posterior distributions at trial j. Note that KL
divergence is sometimes referred to as a ‘Bayesian surprise’86     . Here, when referring to
‘surprise’, we are always referring to the Shannon information as given by equation (3).

Ideal learner model assumptions for data set #1: cue-target 2AFC task

In the cue-target 2AFC task, an event was defined as one of the four possible cue-target pairs
determined by the two cues (square and diamond) and two target orientations (left and right).
Therefore, in the cue-target 2AFC task, K = 4, and x could take on values from 1 to 4. We assumed
that the participants had no prior knowledge about the probabilities of events occurring at the
start of the cue-target 2AFC task, and therefore, all events are assumed to be equally likely in the
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prior distribution. Since there are four possible events that can occur in the cue-target 2AFC task,
then P(x) = [p1, p2, p3, p4] and α = [1,1,1,1]. Note that this resulted in a belief that all four cue-target
pairs were likely to occur 25% of the time.

Ideal learner model assumptions for data set #2: letter-color 2AFC task

For the letter-color 2AFC task, during which pupil dilation was recorded, there were six letters and
six shades of green used as stimuli. An event was defined as one of the 36 possible letter-color
pairs; therefore, K = 36, and x could take on values from one to 36 and P(x) = [p1, …, p36]. We
assumed that the participants started the letter-color 2AFC task with prior beliefs about the
probabilities of the 36 letter-color pairs based on their observations during the preceding odd-ball
task. The prior distribution for the letter-color 2AFC ideal learner model was given by α = Po(x) =
[p1, …, p36], where Po refers to the final probabilities of all 36 event types occurring at the end of
the odd-ball task. Note that the probabilities of the odd-ball stimuli (i.e., an odd color or number)
occurring were not estimated in the model. Unlike in the odd-ball task, the 36 letter-color pairs
occurred at equal frequency in the letter-color 2AFC task; the occurrence of response options
(match vs. no match) were also balanced. Learning about the letter-color probabilities could still
occur however through the presentation of trial-by-trial feedback on accuracy.

2.5 Software and statistical analysis
All tasks were presented with PsychoPy (cue-target 2AFC task, version 1.81; letter-color 2AFC,
version 1.82). Custom software in Python (version 3.6) was used for the preprocessing and data
analysis unless otherwise stated. Note that the Rutar et al. (2023)33      data set has been re-analyzed
here and the above refers to the corresponding code for the current study. Python-specific
packages and versions used are listed in the code repository.

Statistical inference on the evoked pupil responses was conducted with cluster-based permutation
test from the MNE-Python package87      unless otherwise stated. When the cluster-based
permutation test could not be applied to a simple difference between two conditions, the evoked
pupil responses were corrected with the false discovery rate instead. Repeated-measures ANOVAs
and paired-samples t-tests were conducted using JASP version 0.16.388     . Wilcoxon signed-ranked
t-tests were used when normality was deviated, and effect size is indicated by the matched rank
biserial correlation (rrb). For ANOVA results, Greenhouse-Geisser statistics are reported for
violations of the assumption of sphericity and generalized eta squared (η2

G) is reported as the
effect size. In repeated-measures designs, η2

G is useful as it can be more easily compared with
between-subject designs89     ,90     .

Comparing the information-theoretic variables
to the feedback-locked pupil response

We sought to examine the overall relationship each of the different information-theoretic
variables has with the post-feedback pupil response. Furthermore, it is expected that these
explanatory variables will be correlated with one another. For this reason, we did not adopt a
multiple regression approach to test the relationship between the information-theoretic variables
and pupil response in a single model91     . For each decision task, we computed the trial-by-trial
correlations between the feedback-locked pupil response at each time point in the time course (i.e.,
in the interval 0 to 3 s) and the KL divergence, surprise, and entropy in bits. This correlation
analysis was done separately for each of the information-theoretic variables for all trials and then
separately for error and correct trials. Correlation coefficients were normalized using the Fisher
transform92     , and statistical significance of the coefficients was assessed using non-parametric
cluster-based permutation tests.

All data and code used are publicly available (see link in data availability statement).
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3. Results

The current study aimed to investigate whether the pupil’s response to decision outcome in the
context of associative learning reflects a prediction error as defined by KL divergence, while also
exploring the time course of this prediction error signal. In two independent data sets, the
frequency of pairs of stimuli were modulated in different conditions to induce a gradient of
uncertain states (associative learning) upon which the participants had to make decisions. Within
each data set, we inspected task performance, the evoked pupil time course, and the averaged
pupil response in an early as compared with a late time window. A signed prediction error was
defined as the interaction between stimulus-pair frequency and performance accuracy averaged
across conditions. Finally, we tested the linear relationship between the post-feedback pupil
response and KL divergence in a trial-by-trial correlation analysis across the pupil time course.

3.1 Results from the cue-target 2AFC task (data set #1)
While pupil dilation was recorded, participants predicted the orientation (left or right) of the
upcoming target stimulus (Gabor patch) based on the visual and/or auditory cues (Figure 1A     ).
The target stimulus served as the feedback event of interest and was always presented after the
participants made a prediction of the upcoming orientation of a Gabor patch by button press with
the corresponding finger on the left or right hand. Dependent variables of interest were response
accuracy, RT, and feedback-locked pupil response. Note that the results of the statistical tests are
reported in the figure alongside the data illustrations (see Figure 1     ).

Behavioral performance

We evaluated the behavioral performance of the participants on the cue-target 2AFC task (data set
#1). On average, participants were more accurate on the trials in the 80% condition as compared
with the 20% condition tested with a Wilcoxon signed-ranked t-test (Figure 1B     ). Notably, the
average accuracy within these two frequency conditions approximated the frequency itself but
with substantial individual differences across the sample (see individual lines in Figure 1B     ). An
interaction between frequency condition and accuracy was obtained in RT tested with a two-way
repeated-measures ANOVA (Figure 1C     ): post-hoc t-tests showed that participants were faster to
respond on correct trials as compared with incorrect trials in the 80% condition, while in contrast,
participants were slower to respond on correct trials as compared with incorrect trials for the 20%
condition. We note that it was impossible for participants to determine from the cues whether the
trial was in the 80% or 20% condition at the time when responses were given. Average RTs did not
differ between frequency or accuracy conditions overall as indicated by a lack of main effects in
the two-way ANOVA (Figure 1C     ).

Comparing the feedback-locked pupil response between time windows

We were interested in evaluating the pupil’s response to the feedback event: in the cue-target 2AFC
task, feedback occurred with the presentation of the target stimulus following the prediction given
by the participant with a button press. The pupil response time course locked to the onset of the
target stimulus is shown in Figure 1D      (gray boxes indicated the early and late time windows of
interest) with the four conditions of interested defined by the two-way interaction between
stimulus-pair frequency and accuracy plotted separately for the 3 s interval of target presentation.
A significant interaction between frequency and accuracy emerged later in the trial around 2 s
and was sustained until the next trial occurred (3 s; the black bar in Figure 1D      refers to
significant time points based on the cluster-based permutation test). In Supplementary Figure
2     , the feedback-locked pupil response time courses are plotted for the main effects of stimulus-
pair frequency and accuracy.
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We formally tested for a difference on the average feedback locked pupil response within the early
as compared with late time windows in a three-way repeated-measures ANOVA with factors: time
window (levels: early vs. late), frequency (levels: 20% vs. 80%) and accuracy (levels: error vs.
correct). The results of the three-way repeated-measures ANOVA are presented in Table 1     . Main
effects of time window and frequency were obtained, in addition to a three-way interaction
between the time window, frequency, and accuracy factors.

To break down the three-way interaction, the two-way interactions between stimulus-pair
frequency and accuracy were tested in independent repeated-measures ANOVAs for the early and
late time window (see Figure 1E      & 1F     , respectively). As suggested from the time course
analysis (see Figure 1D     ), frequency and accuracy did not interact for the average feedback-
locked pupil response within the early time window (Figure 1E     ). In contrast, the interaction
between frequency and accuracy was significant for the average feedback-locked pupil response
within the late time window (Figure 1F     ): post-hoc t-tests showed that the error trials drove the
two-way interaction between frequency and accuracy such that pupils dilated more for error trials
as compared with correct trials only in the 20% frequency condition; pupils also dilated more
during errors in the 20% frequency condition than errors in the 80% condition. Taken together,
the data suggest that the post-feedback pupil response may reflect unsigned prediction errors in
the early time window and signed prediction errors in the late time window in the cue-target 2AFC
task.

For both the early and late time windows, a main effect of frequency was obtained in each two-
way ANOVA, while no main effect of accuracy was evident (see Figures 1E      and 1F     ). Post-hoc t-
tests showed that pupils dilated on average more for the 20% frequency condition (M = 0.57%, SE =
0.45) as compared with the 80% frequency condition (M = −0.49%, SE = 0.31) for the early time
window. The frequency effect was in the same direction in the late time window, with larger pupil
dilation for the 20% frequency condition (M = −0.61%, SE = 0.51) as compared with the 80%
frequency condition (M = −1.46%, SE = 0.36). Larger pupil dilation in response to errors as
compared with correct trials is a consistently reported effect in the literature10     ,11     ,13     ,74     –
79     ; therefore, it is worth noting here that accuracy and frequency were highly correlated in the
cue-target 2AFC task (see Figure 1B     ) which could explain the lack of a main effect of accuracy
obtained here. This is further illustrated by comparing the ‘Error’ time course in Supplementary
Figure 2B      with the ‘20%’ time course in Supplementary Figure 2C      (likewise, compare the
‘Correct’ time course in Supplementary Figure 2B      with the ‘80%’ time course in
Supplementary Figure 2C     ). We note that within the early time window, the frequency effect in
accuracy scaled with the frequency effect in the post-feedback pupil dilation across individual
participants tested with a Spearman correction. Participants who showed a larger mean difference
between the 80% as compared with the 20% frequency conditions in accuracy also showed smaller
differences in pupil responses between frequency conditions (see Supplementary Figure 3     ).
This monotonic relationship between the frequency effect in accuracy and post-feedback pupil
response indicates that the improvement in accuracy (as measured behaviorally) across trials was
also reflected in the change in pupil dilation.

3.2 Results from the letter-color 2AFC task (data set #2)
While pupil dilation was recorded, participants were administered a letter-color decision 2AFC:
participants indicated whether each letter presented “matched” the subsequently presented
colored square with a button press (Figure 2A     ; right-hand side). A match was correct when the
letter and color had occurred most often together in the preceding odd-ball detection task.
Dependent variables of interest were response accuracy, RT, and feedback-locked pupil response.
Note that the results of the statistical tests are reported in the figure alongside the data
illustrations (see Figure 2     ).
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Table 1.

Results of the three-way repeated-measures ANOVA on the feedback-
locked pupil response in the cue-target 2AFC task (data set #1).

The three-way repeated-measures ANOVA included factors: time window (levels: early vs. late), frequency (levels: 20% vs.
80%) and accuracy (levels: error vs. correct).
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Behavioral performance during the odd-ball detection task

The odd-ball detection task served as an independent learning phase for the letter-color pairs.
Participants performed the task as expected: accuracy was lower in identifying trials with an odd-
ball present (M = 84.0%, SD = 9.9) as compared to regular trials (M = 99.8%, SD = 0.3; (t46 = 11.04, p <
0.001, d = 1.61). Likewise, RTs were slower for trials with an odd-ball present (M = 0.49 s, SD = 0.01)
as compared to regular trials (M = 0.42, SD = 0.01; t46 = 16.53, p < 0.001, d = 2.41).

Behavioral performance on the letter-color 2AFC task

We evaluated the behavioral performance of the participants on the letter-color 2AFC task (data
set #2). During the letter-color 2AFC task, participants could accurately indicate whether a letter
was presented most often with a given color in the preceding odd-ball detection task: response
accuracy (around 80%) was higher than chance level (50%) in each of the three stimulus-pair
frequency conditions on average (see bars in Figure 2B     ). This was also true for most
participants (see individual lines in Figure 2B     ); however, neither accuracy (Figure 2B     ) nor
RTs (Figure 2C     ) differed across the frequency conditions tested with repeated-measures
ANOVAs (levels: 33%, 50%, and 84%). A main effect of accuracy as well as an interaction between
frequency condition and accuracy was obtained in RT tested in a two-way repeated-measures
ANOVA (Figure 2C     ). Post-hoc t-tests showed that participants were slower on error trials (M =
0.97 s, SE = 0.04) as compared with correct trials (M = 0.72 s, SE = 0.03). Breaking down the
interaction in RT, post-hoc t-tests indicated that the accuracy difference between correct and error
trials in the 50% frequency condition (M = 0.18 s, SE = 0.03) was significantly smaller as compared
with that for the 33% frequency condition (M = 0.27 s, SE = 0.04; z = −2.15, p = 0.031, rrb = 0.36) as
well as the 84% frequency condition (M = 0.28 s, SE = 0.04; z = −2.55, p = 0.010, rrb = −0.43), while
the accuracy difference between the 33% and 84% frequency conditions did not differ on average
(z = −0.78, p = 0.440, rrb = −0.13).

Comparing the feedback-locked pupil response between time windows

We were interested in evaluating the pupil’s response to the feedback event: in the letter-color
2AFC task, explicit feedback was administered on each trial in the form of an auditory tone (error
vs. correct) following the prediction given by the participant with a button press. The pupil
response time course locked to the onset of the auditory feedback stimulus is shown in Figure
2D      (gray boxes indicated the early and late time windows of interest) with the six conditions of
interested defined by the two-way interaction between stimulus-pair frequency and accuracy
plotted separately for a 3 s post-feedback interval. A two-way repeated-measures ANOVA was
computed independently for each time point in the feedback-locked pupil time course in Figure
2D     . Clusters indicating an interaction between frequency and accuracy emerged at three
distinct time points, but none of these clusters survived corrections for multiple comparisons
using the False Discovery Rate (see purple bar, Figure 2D     ). In Supplementary Figure 2     , the
feedback-locked pupil response time courses are plotted for the main effects of stimulus-pair
frequency and accuracy. Using cluster-based permutation tests, we found that a robust main effect
of accuracy spanned the early time window (Supplementary Figure 2E     ), while no main effect of
frequency was obtained at any time points (Supplementary Figure 2F     ).

We formally tested for a difference on the average feedback locked pupil response averaged
within the early as compared with late time windows in a three-way repeated-measures ANOVA
with factors: time window (levels: early vs. late), frequency (levels: 33%, 50%, and 84%) and
accuracy (levels: error vs. correct). The results of the three-way repeated-measures ANOVA are
presented in Table 2     . Main effects of time window and accuracy were obtained. The two-way
interactions between time window and accuracy as well as frequency and accuracy were
obtained. The three-way interaction between the time window, frequency and accuracy factors
was not significant.
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Table 2.

Results of the three-way repeated-measures ANOVA on the feedback-
locked pupil response in the letter-color 2AFC task (data set #2).

The three-way repeated-measures ANOVA included factors: time window (levels: early vs. late), frequency (levels: 33%, 50%,
and 84%) and accuracy (levels: error vs. correct). Greenhouse-Geisser statistics are reported when assumptions of sphericity
were violated.
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We continued with a post-hoc exploration of the two-way interactions between stimulus-pair
frequency (levels: 33%, 50%, 84%) and accuracy (levels: error vs. correct) by testing separate
repeated-measures ANOVAs for the early and late time window given our a priori hypotheses
about the nature of the three-way interaction. In the early time window, the two-way interaction
between frequency and accuracy was obtained for the average feedback-locked pupil response
(Figure 2E     ). To breakdown this two-way interaction between frequency and accuracy in the
early time window (Figure 2E     ), we compared the difference between error as compared with
correct trials across each pair of frequency conditions using t-tests: the accuracy difference in the
33% frequency condition (M = 1.46%, SE = 0.45) was significantly smaller as compared with that
for the 50% frequency condition (M = 3.38%, SE = 0.43; z = −2.94, p = 0.003, rrb = −0.49) as well as
the 84% frequency condition (M = 3.66%, SE = 0.74; z = −2.32, p = 0.020, rrb = −0.39), while the
accuracy difference between the 50% and 84% frequency conditions did not differ on average (z =
0.65, p = 0.525, rrb = 0.11). In the late time window, only a trend towards an interaction between
frequency and accuracy was evident (Figure 2F     ). In both the early and late time windows, the
two-way ANOVAs showed that a main effect of accuracy was obtained for the average feedback-
locked pupil responses while no main effect of frequency was obtained. Interestingly the direction
of this main effect of accuracy differed per time window indicated by post-hoc t-tests (compare
Figure 2F      with Figure 2G     ): In the early time window, pupil dilation was larger on average for
error trials (M = 5.01%, SE = 0.39) as compared with correct trials (M = 2.21%, SE = 0.23), while this
effect reversed in direction during the late time window with larger pupil dilation for correct
trials (M = 0.07%, SE = 0.26) as compared with error trials (M = −1.09%, SE = 0.55). Taken together,
the data suggest that the post-feedback pupil response may reflect signed prediction errors, albeit
more strongly within the early as compared with late time window; most striking is the fact that
the direction of this interaction reversed across these time intervals.

In the letter-color 2AFC task, no scaling was evident between the frequency effect in accuracy and
the frequency effect in the post-feedback pupil dilation across individual participants tested with a
Spearman correlation (see Supplementary Figure 3     ). In contrast to the cue-target 2AFC task, no
relationship between behaviorally accuracy measures and changes in pupil dilation was obtained
in the letter-color 2AFC task.

3.3 Ideal learner model fits to feedback-locked pupil response
The ideal learner model used the stimulus information on each trial to estimate the KL divergence,
surprise, and entropy during each of the decision-making tasks. We fit the feedback-locked pupil
response to the resulting model parameters at each time point in the pupil time course to
investigate which theoretic variable the post-feedback pupil signal may be reflecting (if any) and
furthermore to see how these patterns developed over time (within the 0 to 3 s window following
feedback). The relationship between the ideal learner models and the post-feedback pupil
response was assessed by a correlation analysis (see Figure 3     ).

Correlation analysis for the cue-target 2AFC task

The information-theoretic variables are shown as function of task trial in Figure 3A      and as a
function of stimulus-pair frequency in Figure 3B     . Multicollinearity was evidenced by the
correlations between the model parameters (KL divergence vs. surprise: r = 0.09, p < 0.001; KL
divergence vs. entropy: r =0.36, p < 0.001; surprise vs. entropy: r = 0.17, p < 0.001). We
independently evaluated the trial-by-trial correlations between the information-theoretic
variables and the post-feedback pupil response during the cue-target 2AFC task to investigate the
variance explained by each of the three model parameters. The time course of the resulting
correlation coefficients showed a pattern in which the pupil scaled negatively with KL divergence
almost immediately after feedback onset until about 1 s into the feedback interval extending into
the early time window (Figure 3C     , purple line). The post-feedback pupil response also scaled
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Figure 3.

Correlations between the feedback-locked pupil response
time course and the information-theoretic variables.

Left column, results for the cue-target 2AFC task. Right column, results for the letter-color 2AFC task. (A) The KL divergence,
surprise, and entropy parameters are shown as a function of task trial. Model parameter units are in bits. (B) The mean KL
divergence, surprise, and entropy parameters are shown as a function of frequency condition. (C) Trial-by-trial correlations
between the ideal learner model parameters (KL divergence, surprise, and entropy) at each time point in the feedback-locked
pupil response. Shading represents the standard error of the mean. Gray boxes, time windows of interest; early time window,
[0.75, 1.25]; late time window, [2.5, 3.0]. (D) Trial-by-trial correlations between the KL divergence parameter and the feedback-
locked pupil response separately for the error and correct trials. (E) As C, for the surprise parameter. (F) As D, for the entropy
parameter. (G-L) As A-F for the letter-color 2AFC task. All panels, the colored horizontal bars indicate time periods of
significant correlation coefficients tested against zero for each model parameter or condition of interest (cluster-corrected,
permutation test). The black horizontal bar indicates a difference between conditions (cluster-corrected, permutation test).
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with surprise starting around 0.5 s with respect to feedback onset and lasted throughout the
duration of the feedback interval, notably spanning both the early and late time windows (Figure
3C     , teal line). No scaling between the post-feedback pupil response and entropy was obtained.

Note that this trial-by-trial analysis considers both error and correct trials simultaneously and is
therefore not sensitive to the actual behavioral performance of each participant. To see whether
the correlation between the information-theoretic variables and pupil response differed as a
function of behavioral performance, we repeated the same correlation analysis of the model
parameters to the feedback-locked pupil response separately for error and correct trials. Results
showed that the post-feedback pupil response during correct trials scaled negatively with KL
divergence from feedback onset until 1 s within the feedback interval (Figure 3D     , blue line). The
correlation between surprise and the feedback-locked pupil response for the error and correct
trials diverged around 1.75 s with respect to feedback onset, and this difference persisted into the
late time window (Figure 3E     , black line). This suggests that Shannon surprise might be linked to
the signed prediction errors (defined by the interaction between accuracy and stimulus-pair
frequency) evident in the late time window of the cue-target 2AFC task. No scaling between the
post-feedback pupil response and entropy was obtained for either correct or error trials (Figure
3F     ).

Correlation analysis for the letter-color 2AFC task

We first confirmed that the odd-ball task yielded a gradient of probability distributions according
to the task as designed: the 33%, 50%, and 84% stimulus-pair frequency conditions had mean final
probabilities of 0.034 (SD = 0.001), 0.050 (SD = 0.003) and 0.112 (SD = 0.004), respectively. For each
participant, the final probabilities of each letter-color pair at the end of the odd-ball task
corresponded to the prior distribution entered into the ideal learner model for the letter-color
2AFC task.

For the letter-color 2AFC task, the three information-theoretic variables are shown as a function of
task trial in Figure 3G      and as a function of stimulus-pair frequency in Figure 3H     .
Multicollinearity was again evidenced by the correlations between the model parameters (KL
divergence vs. surprise: r = 0.33, p < 0.001; KL divergence vs. entropy: r = −0.51, p < 0.001; surprise
vs. entropy: r = 0.05, p < 0.001). The trial-by-trial correlation of the post-feedback pupil response
with the model parameters was repeated for the letter-color 2AFC task. The time course of the
resulting correlation coefficients showed a pattern in which the pupil scaled positively with KL
divergence shortly (∼0.5 s) after feedback onset until about 1.75 s into the feedback interval
spanning across the early time window (Figure 3I     , purple line). The post-feedback pupil
response also scaled negatively with entropy across the same interval as for KL divergence (Figure
3I     , yellow line). No scaling between the post-feedback pupil response and surprise was
obtained.

We repeated the correlation analysis of the information-theoretic variables to the feedback-locked
pupil response separately for error and correct trials. The post-feedback pupil response scaled
positively with KL divergence across the early time window for both error and correct trials
(Figure 3J     , red and blue lines). While no scaling between the post-feedback pupil response with
surprise was obtained for error or correct trials (Figure 3K     ), the relationship with KL
divergence was mirrored in a negative scaling with entropy for correct trials only (Figure 3L     ).

4. Discussion

In the current study, we investigated whether the pupil’s response to decision outcome (i.e.,
feedback) in the context of associative learning reflects a prediction error as defined by KL
divergence. We also explored how prediction error signals changed over time (3 s) with respect to

https://doi.org/10.7554/eLife.105287.1


Olympia Colizoli et al., 2025 eLife. https://doi.org/10.7554/eLife.105287.1 23 of 46

the trial-wise feedback on decision outcome across two independent associative learning
paradigms. Information-theoretic variables were derived from an ideal learner model and fit to
the post-feedback pupil response at the trial-by-trial level. For completeness, we also computed
Shannon surprise and entropy and examined their relationship with the post-feedback pupil
response.

Results showed that the post-feedback pupil response correlated with KL divergence in the early
time window across both tasks, while the direction of this scaling (qualitatively) differed per task.
We speculate that this difference in the direction of scaling between information gain and the
pupil response may depend on whether entropy was increasing or decreasing across trials. In
further analyses, we noted that signed prediction error signals, which illustrate the relationship
between frequency and accuracy, were evident in distinct time windows: during the later time
window for the cue-target 2AFC task and in the early window for the letter-color 2AFC task.
Shannon surprise appeared to be directly associated with the later component in the cue-target
2AFC task, while both KL divergence and entropy seemed to relate to the early interaction
between frequency and accuracy in the letter-color 2AFC task. Our findings offer novel insights
into the relationship between prediction error signals in post-feedback pupil responses and
information processing by investigating how performance accuracy and information-theoretic
variables reveal the underlying computational processes driving the interactions between
stimulus-pair frequency and accuracy.

Information gain was reflected in the
early post-feedback pupil response
The results supported our hypothesis that prediction error signals in the post-feedback pupil
dilation reflected KL divergence, indicating that the pupil’s response to decision outcome reflects
the amount of information gained during associative learning. Across both task contexts, the post-
feedback pupil response correlated with KL divergence within the early (0.75-1.25 s) but not late
time window (2.5-3 s) (see Figures 3C      and 3I     ). This early scaling between the pupil response
following feedback onset and KL divergence suggest that the difference between the prior and
posterior belief distributions are transiently reflected in pupil dilation shortly after observing the
decision outcome about the stimulus pairs.

For the first time, we show that the direction of the relationship between pupil dilation and
information gain (defined as KL divergence) may depend on whether the average uncertainty (i.e.,
entropy) was increasing or decreasing while learning was taking place. Specifically, in the cue-
target 2AFC task, there was a negative effect of information gain on pupil dilation: the pupil
response was smaller for larger values of KL divergence. The results from the cue-target 2AFC task
are in-line with those reported by O’Reilly et. al. (2013) in which pupil dilation was also smaller for
larger values of KL divergence centered around 1 s following target onset in a saccadic planning
task. In both the cue-target 2AFC task as well as the saccadic planning task in O’Reilly et al., the
moment when the observer is presented with the outcome of their decision, the average
uncertainty is reduced. In contrast, during the letter-color 2AFC task, the pupil response was larger
for larger values of KL divergence and information gain in fact seems to be driven by increased
uncertainty. The entropy as a function of task trial differed between these task-contexts (compare
Figure 3A      right panel with Figure 3G      right panel) which could explain the opposite direction
of the relationship between pupil dilation and information gain: At the end of the odd-ball task,
participants were exposed to the letter-color pairs in the high-frequency (84%) more often as
compared with the lower-frequency conditions (33% and 50%). Therefore, stronger expectations
about letter-color pairs for the 84% letter-color condition are represented by larger priors at the
start of the letter-color 2AFC task. This increasing entropy in the letter-color 2AFC task can be
attributed to the fact that the letter-color pair conditions are balanced in terms of frequency of
presentation while the prior distribution was not uniform. In other words, there is increasing
average uncertainty driven by the stronger prior expectations in the subsequent fully balanced
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letter-color 2AFC task. To verify that the direction of entropy depended on the prior distribution
chosen, we ran the ideal learning model on the letter-color 2AFC data using a uniform prior
distribution (see Supplementary Figure 4     ).

Although we did not explicitly dissociate surprise and KL divergence in the cue-target 2AFC task
design, as did O’Reilly et al., we found converging results related to the pupil’s response to
information gain (or “updating”). While O’Reilly et al. also found a positive relationship between
pupil dilation and surprise, this surprise effect in their saccadic planning task emerged earlier
than the scaling with KL divergence, unlike in the cue-target 2AFC task here. In the cue-target
2AFC task, we furthermore see a sustained surprise effect that spans most of the post-feedback
interval, while the surprise effect in the previous saccadic planning task was transient. The
discrepant results further illustrate the importance of task context for interpreting the
relationship between pupil dilation and information processes. For instance, saccadic RTs were
reported to scale with target expectancy; however, in the current study, we are investigating the
post-feedback intervals that did not contain any motor responses from the participants.
Furthermore, while we found early scaling between the post-feedback pupil response and KL
divergence in both the cue-target and letter-color 2AFC tasks, the presence of a relationship
between the post-feedback pupil response with surprise and entropy differed across tasks
(compare Figures 3C      with 3I     ).

O’Reilly et al. (2013) suggested that “pupil increases during learning are driven by uncertainty, or
the influence of uncertainty on learning, rather than by learning or change per se.” The results
taken together across these two associative learning paradigms are in line with their suggestion.
The results of the current study are also in line with the proposition of Zénon (2019) that “the
ensemble of phenomena that trigger changes in pupil-linked arousal all depend on a basic
underlying information theoretic process: the update of the brain internal models.” Furthermore,
from the contrast of the two associative learning tasks presented here, we can confirm that the
pupil does not respond simply to surprise, because it does not always follow the frequency of
occurrence of the stimulus-pairs, independently of the task. Instead, the pupil seems to respond to
the amount of information provided by stimuli about the task variables. However, Zénon discusses
the negative scaling of pupil dilation with KL divergence reported by O’Reilly et al. as
contradicting their hypothesis that the pupil dilation will increase in proportion to how much
novel sensory evidence is used to update current beliefs. Here we provide evidence that the
direction of this relationship between pupil dilation and KL divergence needs more context and
seems to relate to the direction of the entropy as learning progresses (i.e., either increasing or
decreasing average uncertainty). One study testing children found that pupil dilation positively
correlated with KL divergence, but not Shannon surprise, only when children were actively
making predictions about water displacement, but not when they evaluated outcomes about water
displacement without having to make predictions68     . However, the authors did not report the
direction of entropy across the trials in the water displacement task and it should be noted that the
interval investigated corresponded to the prediction cue interval and not the outcome (i.e.,
feedback) interval.

Interestingly, only in the letter-color 2AFC task, results showed that the post-feedback pupil
response negatively correlated with entropy in the early but not late time window, mirroring the
positive scaling between the pupil response and KL divergence (see Figure 3I     ). While volatility
and entropy describe different phenomena, they are interconnected through their relationship
with uncertainty and predictability. High volatility typically corresponds to higher entropy,
reflecting a system’s complexity and unpredictability93     . Previous work has shown that both
tonic and phasic fluctuations in pupil dilation may track volatility in the environment, sometimes
referred to as unexpected uncertainty28     ,57     –60     ,94     . Furthermore, noradrenaline plays a
crucial role in how organisms track and respond to volatility in their environments, as it can
signal when to update beliefs and expectations, enhancing the brain’s ability to adapt to
fluctuations67     ,95     . Only in the letter-color 2AFC task, in which the entropy increases across
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trials, do we also see that the post-feedback pupil response reflects the trial-by-trial estimates of
entropy, but this is not the case for the cue-target 2AFC task. Using a probabilistic reversal learning
task, Pajkossy et al. (2023)60      reported that state entropy positively predicted post-feedback pupil
size changes and interacted with the reversal probability of stimulus-reward contingencies across
three different variations of the experiment. The scaling on entropy with the post-feedback pupil
response reported by Pajkossy et al. occurred overall later in time with respect to feedback onset
(ranging from feedback onset to 6 s depending on experimental variation) as compared with the
letter-color 2AFC task. While more research is needed to understand these discrepant results,
certainly differences between the reversal learning tasks in Pajkossy et al. and “simple”
associative learning required in the letter-color 2AFC task could play a role, such as the presence
or lack of changing stimulus probabilities and the inclusion of a point-based reward system for
feedback.

The relationship between signed prediction
error signals and information gain
As the term “ideal learner” suggests, the information-theoretic variables are computed based on
the stimulus events shown to participants but are not sensitive to their actual behavioral
performance. Of course, participants do not always act as ideal learners and make errors of
observation, inference, and motor responses. Therefore, as a complementary analysis, we sought
to examine the relationship between the performance accuracy and the information-theoretic
variables to understand which computational processes may be underlying the stimulus-pair
frequency and accuracy interactions reflected in the post-feedback pupil response.

In the cue-target 2AFC task, a prediction error should occur when the target orientation did not
match the expected orientation based on the learned contingencies. A signed prediction error
signal was obtained in the late time window, with the low-frequency (20%) error trials driving the
interaction effect (see Figure 1F     ). Converging with this late signed prediction error signal, the
correlations between surprise and the post-feedback pupil response differed for the error as
compared with correct trials in the late time window (see Figure 3E     ). Specifically, the post-
feedback pupil response during error trials showed larger correlation coefficients with surprise as
compared with correct trials from about 1.75 to 3 s following the target onset. Thus, a signed
prediction error signal defined by the interaction between frequency and accuracy in the late time
window task seems to be driven by surprise and not KL divergence for the cue-target 2AFC. The
direction of this effect could be interpreted in relation to sensory evidence. For instance, Colizoli et
al. (2018) used a random dot discrimination paradigm with hard and easy levels of motion
coherence that did not involve probabilistic learning. It was found that the errors during hard
trials (corresponding to weaker sensory evidence) were driving the signed prediction error signal
in a late time window (in that case, 3-6 s) following feedback onset similarly as the cue-target 2AFC
task (see Figures 1D      and 1F     ). The relationship between surprise and prediction error signal is
partially in line with reward-linked feedback signals in van Slooten et al. (2018). Using a
probabilistic value-based reinforcement learning task, van Slooten et al. reported that the early
post-feedback pupil response (< ∼2 s) was modulated by uncertainty about the value of options
(with smaller differences between value options resulting in larger pupil dilation) but was not
affected by violations of value beliefs (i.e., surprise). In contrast, the later post-feedback pupil
response (around 2-3 s) positively reflected the degree to which outcomes violated current value
beliefs. However, the direction of the late prediction error signal indicated that worse-than-
expected outcomes were related to smaller pupil sizes, which seems to be at odds with other work
showing that pupils generally dilate more when performance is worse than expected such as
during errors10     ,11     ,13     ,74     –79     . The authors speculated that the late reward prediction error
signal may reflect the firing pattern of phasic dopamine neurons, and other work supports the
notion of a significant component of dopamine signaling being reflected in pupil
dilation10     ,15     ,82     . A key difference between the current study and van Slooten et al. is the
absence of reward-driven feedback during associative learning in the current study.
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In the letter-color 2AFC task, a prediction error should occur when the participant expected that
the letter-color pair did “match”, but in fact they did not match, or vice versa. A signed prediction
error signal was significant in the early time window (see Figure 2E     ). The direction of this
interaction effect indicated that the pupil response difference between errors and correct trials
increased as letter-color pair frequency increased (see Figure 2E     ). We note that the direction of
the signed prediction error might seem counter intuitive as it relates to information gain, because
stronger predictions (i.e., higher-frequency observations) often result in less information gain
following outcome observation. As discussed above, in the letter-color 2AFC task, the amounts of
surprise and KL divergence are highest for the high-frequency as compared with the lower-
frequency conditions related to the increasing entropy across trials (see Figure 3H     , left-hand
and middle panels; see Supplementary Figure 4     ). Converging with this early signed prediction
error signal, correlations between both KL divergence and entropy with the post-feedback pupil
response were obtained in the early time window (see Figure 3I     ); however, no differences
between correlations on error as compared with correct trials were obtained for either
information-theoretic variable (see Figures 3J      and 3L     ). Understanding the information
processing in relation to performance accuracy may be crucial for disentangling the early signed
prediction error signal. An alternative contributing factor that we did not explicitly test for is the
participants’ confidence about the stimulus-pair associations. Using an orientation discrimination
task, de Gee et al. (2021)11      reported that the early post-feedback pupil response was largest on
error trials and smallest on correct trials when participants were most (subjectively) confident
about their choices. Although we did not ask participants to report on their confidence about
choices made, both RT and the strength of the stimulus-pair priors could be taken as a proxy for
confidence13     ,96     . In line with this, we did obtain interactions between stimulus-pair frequency
and accuracy in both RT and the early post-feedback pupil response.

In sum, since the ideal learner model does not capture participant errors, we aimed to connect
these two approaches of analyzing prediction errors by fitting the information-theoretic variables
to the pupil response during error and correct trials independently. Signed prediction error signals
defined by the interaction between frequency and accuracy were observed in the late time
window for the cue-target 2AFC task and in the early window for the letter-color 2AFC task.
Shannon surprise seemed to be directly related to the later component in the cue-target 2AFC task,
while both KL divergence and entropy could relate to the early interaction between frequency and
accuracy observed in the letter-color 2AFC task.

Limitations and future research
This study has some limitations. First, the two associative learning paradigms differed in many
ways and were not directly comparable. For instance, the shape of the mean pupil response
function differed across the two tasks in accordance with a visual or auditory feedback stimulus
(compare Supplementary Figure 2A      with Supplementary Figure 2D     ), and it is unclear
whether these overall response differences contributed to any differences obtained between task
conditions within each task. Future work should strive to disentangle how the specific aspects of
the associative learning paradigms relate to prediction errors in pupil dilation by systematically
manipulating design elements within each task. Task context clearly determines the relationship
between the post-feedback pupil response and the information-theoretic variables, as it
determines the uncertainty conditions surrounding during decision-making. To determine exactly
how the different associative learning tasks relate to different temporal components of model
updating is beyond the scope of the current study, but we speculate that hybrid predictive coding
models may be able to account for fast (bottom-up) and slow (top-down) prediction errors
reflected in pupil dilation66     . Second, we did not design the associative learning paradigms to
orthogonalize the information-theoretic variables, such as was done in O’Reilly et al. Indeed,
multicollinearity is evident between the information-theoretic variables in each of the two tasks;
therefore, we did not attempt to quantify the unique portion of explained variance on the post-
feedback pupil response for each variable of interest. Cleverer associative learning paradigms may
be able to overcome this limitation. Finally, we are unable to attribute the relationship between
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computational variables and pupil dilation to specific neural mechanisms or neuromodulatory
systems with the current study. Previous work has shown how neuromodulatory systems relate to
learning and decision-making under uncertainty and the ability of the pupil to reflect these
underlying computational processes14     ,17     ,28     ,55     ,57     –60     ,94     ,97     . Future research should
aim at identifying the neural mechanisms involved in the processes underlying associative
learning as reflected in pupil dilation across all phases of a decision process, ideally through
computational theory.

Understanding prediction errors through pupil dilation within an information theory framework
can illuminate predictive processing mechanisms in several significant ways. Pupil dilation acts as
a physiological marker of cognitive and emotional responses, allowing researchers to
quantitatively assess how discrepancies between expected and actual outcomes impact cognitive
processing25     ,60     ,69     . A framework for interpreting pupil dilation in terms of information
theory may also enable exploration of how prediction errors function at various levels of a
hierarchical model, helping researchers examine the interaction between high-level expectations
and lower-level sensory inputs across different timescales, which informs the overall predictive
model. Analyzing pupil responses in relation to prediction errors can reveal the extent of new
information being processed and its influence on future predictions, thereby enhancing our
understanding of learning and adaptation dynamics by elucidating feedback mechanisms in
predictive processing and demonstrating how the brain adjusts its predictions based on new
information. Given that pupil dilation is a peripheral marker of the brain’s central arousal states,
understanding its relationship with prediction errors can help disentangle the cognitive and
affective components of predictive processing, providing a more comprehensive view of how the
brain navigates uncertainty95     ,98     . By integrating such insights, researchers can gain a deeper
understanding of the mechanisms underlying predictive processing and how the brain
continuously updates its internal models based on new experiences.

Conclusion
To conclude, the results provide evidence for Zénon’s general assumption that pupil dilation can
be described by an information-theoretic perspective. Clearly, task context plays a key role in the
relationship between the information-theoretic variables and the post-feedback pupil response as
may be expected. The temporal dynamics of these prediction errors signals should be carefully
considered, as certain components tended to emerge around the peak of the canonical impulse
response function and others may be sustained over time. These subtleties highlight the
importance of adopting a model-based approach for characterizing the computational processes
driving prediction errors as reflected in pupil dilation. Taken together, the post-feedback pupil
response is a complex and multi-faceted signal that reflects different components of information
processing during associative learning. The physiological response of the pupil provides a unique
window into the brain’s computations involved in model updating. More work is needed to link
the information-theoretic variables reflected in the post-feedback pupil response with their
underlying neuromodulatory mechanisms.

Data and code availability

The analysis code is publicly available (https://github.com/colizoli/pupil_associative_learning     ).
Upon final publication in a peer-reviewed journal, all code and data will be publicly available and
be given a unique digital object identifier (DOI).
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Supplementary materials

Pupil dilation offers a time-window on prediction error

Supplementary section 1. Control tasks for data set #2

Different colors and tones could influence the pupil response due to inherent properties of the
stimuli, and thereby confound true feedback-related signals. Therefore, complementary to the
main analysis, we administered two control tasks in one independent sample of participants to
directly assess whether confounding effects on the pupil’s response to the colors and tones
presented in the letter-color 2AFC task should be expected (see section 2.2     ).

Participants and informed consent

An independent sample of fifteen participants (M = 24.27 y, SD = 5.79, gender data was not
acquired) completed both control tasks in a single session that lasted 30 minutes in total. All
stimuli and equipment were identical to the setup reported for the letter-color 2AFC task (data set
#2, see section 2.2     ). All participants gave written informed consent before participating and
were financially compensated for participation with the standard amount.

Supplementary section 1.1 The pupil’s response to colored
squares returns to baseline before feedback onset
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Procedure and Methods

Color was a stimulus dimension in the letter-color 2AFC task, and colors are known to result in
impulse responses driven by the light reflex of the pupil99     . This light reflex is uninteresting in
the context of the current experiment and furthermore could potentially affect the feedback-
related pupil response of interest differently for different colors. Participants were presented with
the six colored squares used in the letter-color 2AFC tasks and instructed to react with a button
press as soon as the color appeared. In the main letter-color 2AFC task, the colored square was
replaced with a fixation cross upon the participant’s response, thus stimulus duration varied
across trials and participants. To account for part of this variation in stimulus duration, each of the
15 control participants was yoked to one participant in the letter-color 2AFC task. In the control
task for colors, the stimulus duration of the colored squares was equal to the mean reaction time
(across all trials) of the yoked counterpart of each participant. On each trial, a fixation cross was
presented for 0.5 s, before the colored square was presented for a variable duration (see above),
followed by the fixation cross again for the inter-trial interval (3.5 – 5.5 s; uniform distribution).
Each color was presented 20 times for a total of 120 trials while pupil dilation was simultaneously
recorded. Behavioral data on the control task were not analyzed.

Results

From the results, on average, the colors resulted in a constriction of the pupil dilation
(Supplementary Figure 1A     ). Crucially, when inspecting each of the six colors individually, all
responses returned to baseline well before the delay period (3.5 – 5.5 s; uniform distribution) was
terminated and the auditory feedback was presented (Supplementary Figure 1B     ).

In sum, the control task for colors showed that the pupil’s impulse response to the six different
colors used in the letter-color 2AFC task would not have affected the upcoming feedback stimulus.

Supplementary section 1.2 Mean pupil
response is similar for the two ‘feedback’ tones

Procedure and Methods

The mapping of feedback tones to indicate accuracy on each trial was as follows: a high tone (4th

octave “B”) for correct trials and a low tone (3rd octave “D”) for error trials. Thus, these tones were
not counterbalanced across participants and could potentially confound a main effect of accuracy
obtained in the pupil response (although we note that it could not account for any interaction
obtained between accuracy and frequency conditions). Participants were presented with the two
tones used as trial-wise feedback on accuracy in the letter-color 2AFC task and instructed to
maintain their gaze on the fixation cross in the center of the screen for the duration of the task (no
responses were required from the participants). On each trial, a fixation cross was presented for
0.5 s, before the tone was presented for 0.3 s (see also section 2.2     ), followed by the fixation cross
again for the inter-trial interval (3.5 – 5.5 s; uniform distribution). Each tone was presented 50
times for a total of 100 trials while pupil dilation was simultaneously recorded.

Results

Results showed that the auditory tone dilated pupils on average (Supplementary Figure 1C     ).
Crucially, however, the two tones did not differ from one another in either of the time windows of
interest (Supplementary Figure 1D     ; no significant time points were obtained).

In sum, the control task for feedback tones showed that the pupil responded similarly to the two
different tones used in the letter-color 2AFC task. Thus, the different tone stimuli used to indicate
error or correct trials would not have accounted for any differences obtained in the pupil’s
response on error as compared with correct trials.
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Supplementary Figure 1.

Control tasks for data set #2: letter-color 2AFC task.

Left column, results from the control task for colors. Right column, results from the control task for feedback tones.

(A) Mean tone-locked pupil response across all trials. (B) Feedback-locked pupil response time course plotted as a

function of color used in the main letter-color 2AFC task (hexadecimal codes are given in the legend). (C) as A, for the

control task for feedback tones. (D) Pupil response time courses plotted as a function of feedback tone used for error

and correct trials in the main letter-color 2AFC task. In C, D, Gray boxes, time windows of interest; early time window,

[0.75, 1.25]; late time window, [2.5, 3.0]. Shading represents the standard error of the mean. The black and green

horizontal bars indicate a significant effect of interest (cluster-corrected for multiple comparisons).

https://doi.org/10.7554/eLife.105287.1
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Supplementary section 2. Frequency and
accuracy effects in pupil time course

Supplementary Figure 2.

Main effects of frequency and accuracy in the feedback-locked pupil time courses.

Left column, results from the cue-target 2AFC task. Right column, results from the letter-color 2AFC task. (A) Mean

feedback-locked pupil response across all trials. (B) Feedback-locked pupil response time course plotted as a function

of accuracy. (C) Feedback-locked pupil response time course plotted as a function of stimulus-pair frequency. (D, E, F)

as A, B, C for the letter-color 2AFC task. Gray boxes, time windows of interest; early time window, [0.75, 1.25]; late

time window, [2.5, 3.0]. Shading represents the standard error of the mean. The black horizontal bars indicate a

significant effect of interest (panels A-E were cluster-corrected for multiple comparisons; panel F, a one-way

repeated-measures ANOVA was conducted on each time point and corrected for multiple comparisons with the false

discovery rate).
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Supplementary section 3. Individual differences
analysis between accuracy and pupil responses

Data set #1: cue-target 2AFC task

In data set #1, it was previously reported that pupil responses decreased for the high-frequency
(expected) trials as compared with low-frequency (unexpected) over the course of the experiment
as a result of learning the cue-target contingences33      (see their Supplementary Figure 2     ). In
the current analysis, we explored whether a similar relationship between the feedback-locked
pupil response and behavioral accuracy was also evident at the level of individual differences
across the participant sample. We similarly expected that the feedback-locked pupil response and
accuracy would ‘mirror’ one another in such a way that those individuals who showed a larger
difference between the 80% and 20% frequency conditions in accuracy, would also show the larger
(absolute) difference between frequency conditions in the feedback-locked pupil response. Within
the early time window, a significant negative Spearman correlation was obtained indicating that
individuals who showed larger differences between the 80% as compared with the 20% frequency
conditions in accuracy also showed smaller differences between frequency conditions in the
feedback-locked pupil response (Supplementary Figure 3     , top left). The negative direction of
the correlation can be explained because the pupil responses are larger on average for the 20%
frequency condition as compared with the 80% frequency condition (see Supplementary Figure
2C     ). A trend toward the same negative scaling could be seen in the late time window
(Supplementary Figure 3     , top right).

Data set #2: letter-color 2AFC task

We explored whether this relationship between the feedback-locked pupil response and
behavioral accuracy was also evident at the level of individual differences during the letter-color
2AFC task. However, in contrast to the cue-target 2AFC task, we did not find any evidence that the
frequency effect in task accuracy scaled with the frequency effect in the feedback-locked pupil
response in either the early or late time window (see Supplementary Figure 3     , bottom row).
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https://prod--epp.elifesciences.org/api/files/#c33
https://prod--epp.elifesciences.org/api/files/#figS2
https://prod--epp.elifesciences.org/api/files/#figS3
https://prod--epp.elifesciences.org/api/files/#figS2
https://prod--epp.elifesciences.org/api/files/#figS3
https://prod--epp.elifesciences.org/api/files/#figS3


Olympia Colizoli et al., 2025 eLife. https://doi.org/10.7554/eLife.105287.1 33 of 46

Supplementary Figure 3.

Individual differences analysis between accuracy and pupil responses. Top row, cue-target 2AFC task. Bottom row,

letter-color 2AFC task. Left column, early time window. Right column, late time window. The average feedback-locked

pupil response difference (80-20% frequency conditions) are plotted against the difference in accuracy (80-20%). Data

points, individual participants.

https://doi.org/10.7554/eLife.105287.1
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Supplementary section 4. Ideal learner model fits
using a prior distribution in the letter-color 2AFC task

Supplementary Figure 4.

https://doi.org/10.7554/eLife.105287.1


Olympia Colizoli et al., 2025 eLife. https://doi.org/10.7554/eLife.105287.1 35 of 46

Correlations between the feedback-locked pupil response
time course and the information-theoretic variables using
a uniform prior distribution in the letter-color 2AFC task.

(A) The KL divergence, surprise, and entropy parameters are shown as a function of task trial. Model parameter units

are in bits. (B) The mean KL divergence, surprise, and entropy parameters are shown as a function of frequency

condition. (C) Trial-by-trial correlations between the ideal learner model parameters (KL divergence, surprise, and

entropy) at each time point in the feedback-locked pupil response. Shading represents the standard error of the

mean. Gray boxes, time windows of interest; early time window, [0.75, 1.25]; late time window, [2.5, 3.0]. (D) Trial-by-

trial correlations between the KL divergence parameter and the feedback-locked pupil response separately for the

error and correct trials. (E) As C, for the surprise parameter. (F) As D, for the entropy parameter. All panels, the

colored horizontal bars indicate time periods of significant correlation coefficients tested against zero for each model

parameter or condition of interest (cluster-corrected, permutation test). No differences between error and correct

trials were obtained (cluster-corrected, permutation test).

https://doi.org/10.7554/eLife.105287.1
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Reviewer #1 (Public review):

Summary:

This study investigates whether pupil dilation reflects prediction error signals during
associative learning, defined formally by Kullback-Leibler (KL) divergence, an information-
theoretic measure of information gain. Two independent tasks with different entropy
dynamics (decreasing and increasing uncertainty) were analyzed: the cue-target 2AFC task
and the letter-color 2AFC task. Results revealed that pupil responses scaled with KL
divergence shortly after feedback onset, but the direction of this relationship depended on
whether uncertainty (entropy) increased or decreased across trials. Furthermore, signed
prediction errors (interaction between frequency and accuracy) emerged at different time
windows across tasks, suggesting task-specific temporal components of model updating.
Overall, the findings highlight that pupil dilation reflects information-theoretic processes in a
complex, context-dependent manner.

Strengths:

This study provides a novel and convincing contribution by linking pupil dilation to
information-theoretic measures, such as KL divergence, supporting Zénon's hypothesis that
pupil responses reflect information gained during learning. The robust methodology,
including two independent datasets with distinct entropy dynamics, enhances the reliability
and generalisability of the findings. By carefully analysing early and late time windows, the
authors capture the temporal dynamics of prediction error signals, offering new insights into
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the timing of model updates. The use of an ideal learner model to quantify prediction errors,
surprise, and entropy provides a principled framework for understanding the computational
processes underlying pupil responses. Furthermore, the study highlights the critical role of
task context - specifically increasing versus decreasing entropy - in shaping the directionality
and magnitude of these effects, revealing the adaptability of predictive processing
mechanisms.

Weaknesses:

While this study offers important insights, several limitations remain. The two tasks differ
significantly in design (e.g., sensory modality and learning type), complicating direct
comparisons and limiting the interpretation of differences in pupil dynamics. Importantly,
the apparent context-dependent reversal between pupil constriction and dilation in response
to feedback raises concerns about how these opposing effects might confound the observed
correlations with KL divergence. Finally, subjective factors such as participants' confidence
and internal belief states were not measured, despite their potential influence on prediction
errors and pupil responses.

https://doi.org/10.7554/eLife.105287.1.sa2

Reviewer #2 (Public review):

Summary:

The authors proposed that variability in post-feedback pupillary responses during the
associative learning tasks can be explained by information gain, which is measured as KL
divergence. They analysed pupil responses in a later time window (2.5s-3s after feedback
onset) and correlated them with information-theory-based estimates from an ideal learner
model (i.e., information gain-KL divergence, surprise-subjective probability, and entropy-
average uncertainty) in two different associative decision-making tasks.

Strength:

The exploration of task-evoked pupil dynamics beyond the immediate response/feedback
period and then associating them with model estimates was interesting and inspiring. This
offered a new perspective on the relationship between pupil dilation and information
processing.

Weakness:

However, disentangling these later effects from noise needs caution. Noise in pupillometry
can arise from variations in stimuli and task engagement, as well as artefacts from earlier
pupil dynamics. The increasing variance in the time series of pupillary responses (e.g., as
shown in Figure 2D) highlights this concern.

It's also unclear what this complicated association between information gain and pupil
dynamics actually means. The complexity of the two different tasks reported made the
interpretation more difficult in the present manuscript.
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This study examines prediction errors, information gain (Kullback-Leibler [KL] divergence),
and uncertainty (entropy) from an information-theory perspective using two experimental
tasks and pupillometry. The authors aim to test a theoretical proposal by Zénon (2019) that
the pupil response reflects information gain (KL divergence). In particular, the study defines
the prediction error in terms of KL divergence and speculates that changes in pupil size
associated with KL divergence depend on entropy. Moreover, the authors examine the
temporal characteristics of pupil correlates of prediction errors, which differed considerably
across previous studies that employed different experimental paradigms. In my opinion, the
study does not achieve these aims due to several methodological and theoretical issues.

Strengths:

(1) Use of an established Bayesian model to compute KL divergence and entropy.

(2) Pupillometry data preprocessing, including deconvolution.

Weaknesses:

(1) Definition of the prediction error in terms of KL divergence:

I'm concerned about the authors' theoretical assumption that the prediction error is defined
in terms of KL divergence. The authors primarily refer to a review article by Zénon (2019):
"Eye pupil signals information gain". It is my understanding that Zénon argues that KL
divergence quantifies the update of a belief, not the prediction error: "In short, updates of the
brain's internal model, quantified formally as the Kullback-Leibler (KL) divergence between
prior and posterior beliefs, would be the common denominator to all these instances of
pupillary dilation to cognition." (Zénon, 2019).

From my perspective, the update differs from the prediction error. Prediction error refers to
the difference between outcome and expectation, while update refers to the difference
between the prior and the posterior. The prediction error can drive the update, but the
update is typically smaller, for example, because the prediction error is weighted by the
learning rate to compute the update. My interpretation of Zénon (2019) is that they explicitly
argue that KL divergence defines the update in terms of the described difference between
prior and posterior, not the prediction error.

The authors also cite a few other papers, including Friston (2010), where I also could not find
a definition of the prediction error in terms of KL divergence. For example [KL divergence:]
"A non-commutative measure of the non-negative difference between two probability
distributions." Similarly, Friston (2010) states: Bayesian Surprise - "A measure of salience
based on the Kullback-Leibler divergence between the recognition density (which encodes
posterior beliefs) and the prior density. It measures the information that can be recognized in
the data." Finally, also in O'Reilly (2013), KL divergence is used to define the update of the
internal model, not the prediction error.

The authors seem to mix up this common definition of the model update in terms of KL
divergence and their definition of prediction error along the same lines. For example, on
page 4: "KL divergence is a measure of the difference between two probability distributions.
In the context of predictive processing, KL divergence can be used to quantify the mismatch
between the probability distributions corresponding to the brain's expectations about
incoming sensory input and the actual sensory input received, in other words, the prediction
error (Friston, 2010; Spratling, 2017)."

Similarly (page 23): "In the current study, we investigated whether the pupil's response to
decision outcome (i.e., feedback) in the context of associative learning reflects a prediction
error as defined by KL divergence."
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This is problematic because the results might actually have limited implications for the
authors' main perspective (i.e., that the pupil encodes prediction errors) and could be better
interpreted in terms of model updating. In my opinion, there are two potential ways to deal
with this issue:

a) Cite work that unambiguously supports the perspective that it is reasonable to define the
prediction error in terms of KL divergence and that this has a link to pupillometry. In this
case, it would be necessary to clearly explain the definition of the prediction error in terms of
KL divergence and dissociate it from the definition in terms of model updating.

b) If there is no prior work supporting the authors' current perspective on the prediction
error, it might be necessary to revise the entire paper substantially and focus on the
definition in terms of model updating.

(2) Operationalization of prediction errors based on frequency, accuracy, and their
interaction:

The authors also rely on a more model-agnostic definition of the prediction error in terms of
stimulus frequency ("unsigned prediction error"), accuracy, and their interaction ("signed
prediction error"). While I see the point here, I would argue that this approach offers a simple
approximation to the prediction error, but it is possible that factors like difficulty and effort
can influence the pupil signal at the same time, which the current approach does not take
into account. I recommend computing prediction errors (defined in terms of the difference
between outcome and expectation) based on a simple reinforcement-learning model and
analyzing the data using a pupillometry regression model in which nuisance regressors are
controlled, and results are corrected for multiple comparisons.

(3) The link between model-based (KL divergence) and model-agnostic (frequency- and
accuracy-based) prediction errors:

I was expecting a validation analysis showing that KL divergence and model-agnostic
prediction errors are correlated (in the behavioral data). This would be useful to validate the
theoretical assumptions empirically.

(4) Model-based analyses of pupil data:

I'm concerned about the authors' model-based analyses of the pupil data. The current
approach is to simply compute a correlation for each model term separately (i.e., KL
divergence, surprise, entropy). While the authors do show low correlations between these
terms, single correlational analyses do not allow them to control for additional variables like
outcome valence, prediction error (defined in terms of the difference between outcome and
expectation), and additional nuisance variables like reaction time, as well as x and y
coordinates of gaze.

Moreover, including entropy and KL divergence in the same regression model could, at least
within each task, provide some insights into whether the pupil response to KL divergence
depends on entropy. This could be achieved by including an interaction term between KL
divergence and entropy in the model.

(5) Major differences between experimental tasks:

More generally, I'm not convinced that the authors' conclusion that the pupil response to KL
divergence depends on entropy is sufficiently supported by the current design. The two tasks
differ on different levels (stimuli, contingencies, when learning takes place), not just in terms
of entropy. In my opinion, it would be necessary to rely on a common task with two
conditions that differ primarily in terms of entropy while controlling for other potentially
confounding factors. I'm afraid that seemingly minor task details can dramatically change
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pupil responses. The positive/negative difference in the correlation with KL divergence that
the authors interpret to be driven by entropy may depend on another potentially
confounding factor currently not controlled.

(6) Model validation:

My impression is that the ideal learner model should work well in this case. However, the
authors don't directly compare model behavior to participant behavior ("posterior predictive
checks") to validate the model. Therefore, it is currently unclear if the model-derived terms
like KL divergence and entropy provide reasonable estimates for the participant data.

(7) Discussion:

The authors interpret the directional effect of the pupil response w.r.t. KL divergence in
terms of differences in entropy. However, I did not find a normative/computational
explanation supporting this interpretation. Why should the pupil (or the central arousal
system) respond differently to KL divergence depending on differences in entropy?

The current suggestion (page 24) that might go in this direction is that pupil responses are
driven by uncertainty (entropy) rather than learning (quoting O'Reilly et al. (2013)). However,
this might be inconsistent with the authors' overarching perspective based on Zénon (2019)
stating that pupil responses reflect updating, which seems to imply learning, in my opinion.
To go beyond the suggestion that the relationship between KL divergence and pupil size
"needs more context" than previously assumed, I would recommend a deeper discussion of
the computational underpinnings of the result.

https://doi.org/10.7554/eLife.105287.1.sa0
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