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eLife Assessment

This study presents a valuable framework that uses anticipatory eye movements to track
how expectations are formed and revised during implicit probabilistic sequence learning.
The evidence supporting a behavioural dissociation between errors arising from
environmental noise and errors reflecting an inaccurate internal model is solid, but the
oculomotor data describe behaviour rather than explain the underlying computational
mechanisms, and the stronger mechanistic claims - that learning is more repetition-based
than error-driven - remain incomplete without formal comparison against computational
models of error-driven learning. The emerging reaction-time difference between
conditions appears driven by slowing to low-probability stimuli rather than facilitation of
high-probability ones, an asymmetry that requires decomposition and consideration of
alternative explanations. The potential contamination of the anticipatory measure by
starting gaze position should be addressed through control analyses, and the "process-
pure" framing should be tempered, given that oculomotor behaviour is itself subject to
motor learning.

https://doi.org/10.7554/eLife.111281.1.sa3

Abstract

The ability to build predictive models of the environment fundamentally drives adaptive behavior.
Yet, the real-time dynamics of how these internal models are formed and updated remain poorly
understood. Conventional methods often rely on indirect, offline measures or noisy motor
responses, limiting insight into the fine-grained computational processes underlying learning.
Here, we introduce a generalizable, gaze-based analytical framework that directly tracks the trial-
by-trial dynamics of expectation formation and updating. Applying this framework to an
unsupervised probabilistic learning task, we categorized anticipatory saccades to dissociate
prediction errors arising from environmental stochasticity from those reflecting an inaccurate
internal model, and quantified how these predictions were iteratively revised. Learners
differentiated between these error types: noise-driven errors were more likely to happen, and
triggered less updates than errors reflecting insufficient knowledge of the regularity. At the same
time, participants exhibited a strong preference to repeat their previous predictions. This
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repetition bias was amplified when predictions aligned with the underlying regularity, but was
also present for non-aligned responses. Critically, updating depended more strongly on whether a
prior belief was consistent with the task’s probabilistic structure than on whether the predicted
stimulus matched the actual, presented stimulus. These findings suggest that statistical learning
may not strongly be driven by errors; rather, it may rely on conservative updating with relatively
low learning rate, or, on a Hebbian, repetition-based process. Our framework thus offers a dual
contribution: a broadly applicable tool for quantifying real-time expectations, and evidence for a
learning strategy that prioritizes model stability in noisy environments.

Introduction

Predictive processing has been one of the most widely researched areas of cognitive science (Clark,
20137, 2016 (3 ; Hohwy, 2013 (7 ; Mitkowski & Litwin, 2022(#). It is thought to be fundamental to
most cognitive processes, including perception and learning, which play a key role in adapting to
our environment (Clark, 2013 ; Gregory, 1980 ). These processes require the brain to construct
internal models of the environment using two sources of information: prior experiences (priors)
and current sensory inputs - this is the mechanism referred to as predictive processing (Bastos et
al., 20123; Clark, 20133 Friston, 2010 2 ; Keller & Mrsic-Flogel, 2018 2 ; Rao & Ballard, 1999 ).
Notably, inputs from real-world environments are often ambiguous, and the regularities that we
can use to build internal models are embedded in noise (Kelly et al., 2018 (2 ; Williams, 2018 (3).
Statistical learning, a hallmark of predictive processing, is the mechanism the brain uses to extract
these regularities from among elements of noise — often implicitly (Aslin, 2017 2 ; Howard &

Howard, 1997 ). This ability is crucial to several everyday behaviors involving, e.g., social,
linguistic, and musical skills (Lieberman, 2000 2 ; Romano Bergstrom et al., 20123 ; Ullman,

7). As such, statistical learning has been a central topic of cognitive research for decades
(Aslin, 2017 &Z; Frost et al., 2019 %), however, its measurement still poses some challenges. Many
tasks use post-exposure (offline) tests that cannot grasp real-time learning (Lukécs et al., 2021 (%;
Siegelman et al., 2018 @), rely on noisy manual responses (see e.g., Howard & Howard, 1997 (&;
Nissen & Bullemer, 1987 (2 ; Schlichting et al., 2017 @) and thus fail to disentangle underlying
mechanisms, meaning that performance does not exclusively reflect the process in question (see
Németh et al., 2013@). For example, most tasks do not allow for the precise separation of prior
expectations (e.g., the implicit knowledge about what the next stimulus will be in a sequence
learning task) from stimulus-response mappings (e.g., which button to press when a stimulus
appears in a specific location). There is substantial evidence, however, that eye movements offer a
more direct and sensitive measure of statistical learning than motor responses (Tal et al., 2021 (2;
Tal & Vakil, 2020% ; Vakil et al., 2017 ; Zolnai et al., 2022 (3), as they capture anticipatory behavior
— a proxy for prior expectations (Vakil et al., 2017(). In this study, we aimed to overcome
limitations and leverage eye movements to advance a more mechanistic understanding of
statistical learning. To this end, we developed a novel methodological framework to track learning

trajectories on the fly and to examine the role of prior expectations in statistical learning.

Eye-tracking has been increasingly used to study statistical learning, as anticipatory eye
movements can provide insight into how predictions evolve over time. Early work demonstrated
that infants’ gaze patterns during cross-situational word learning can be explained by associative
statistical learning models — representing one of the first examples of the use of eye tracking to
infer underlying processes in statistical learning (Yu et al., 2012%; Yu & Smith, 2011 ®).
Subsequent studies extended this approach to adult learning tasks, demonstrating that
anticipatory gaze shifts during serial reaction time tasks reveal sequence knowledge, often more
sensitively than manual reaction times (Compostella et al., 20257 ; Tal et al., 2021 %; Vakil et al.,
2017 3; Zolnai et al., 2022 2). In visual search settings, oculomotor measures like micro-saccades

in pre-stimulus intervals reveal statistically learned suppression of distractors (Ch

priors (which are central elements of predictive processing) has not been shown explicitly. Aiming
to fill this gap, we further extend the new approach of Zolnai et al. (2022) &, who developed an
oculomotor version of a reliable and widely used statistical learning task (the Alternating Serial
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Reaction Time, ASRT task; Farkas et al., 2024 % ; Howard & Howard, 1997 ), which replaces
manual responses with gaze tracking. Beyond offering a direct window to underlying
mechanisms, requiring no button presses minimizes inevitable noise stemming from the motor
system, ensuring a more process-pure measurement. However, former approaches to measure
statistical learning by eye-tracking relied on anticipatory eye movements utilizing large Areas of
Interest (AOI) around the target. While useful, this approach lacks the spatial resolution to
distinguish fine-grained predictive dynamics. To overcome this, we employed saccades, that is,
rapid, voluntary eye movements that shift the gaze from one point of interest to another (Dodge,
1903 3 ; Westheimer, 1954 ). Building on the probabilistic structure of the ASRT task and more
fine-grained eye-tracking measurements, here, we introduce novel indices of priors and their
updating. In doing so, we aim to lay the groundwork for metrics that can be used in the context of
any probabilistic task and will thus advance the study of statistical learning, particularly the role
of predictions.

Accumulating evidence indicates that statistical learning is not a unified concept (Simor et al.,
20193; Szegedi-Hallgato et al., 2017 % ; Takacs et al., 2024 3 ; Vékony et al., 2023(2), and
anticipatory eye movements may reflect these multiple underlying mechanisms (Né
2026 @ ; Németh & Toth-Faber, 2026 3; Tal et al., 2021 3). How these different mechanisms
contribute to probabilistic statistical learning, however, remains poorly understood. Investigating
this question requires a task capable of distinguishing errors that reflect a lack of knowledge from
those that arise from noise. A probabilistic task structure allows precisely this distinction between
anticipatory errors. Here, we demonstrate this framework on the eye tracking version of the ASRT
task (Zolnai et al., 2022 @), a relatively reliable (Farkas et al., 2024 %) implicit task (Vékony,
Ambrus, et al.,, 2022) that is more process-pure compared to many other statistical learning
paradigms. However, our approach is general and can be adapted to any statistical learning task
involving probabilistic stimulus streams. Because the stimuli follow an alternating probabilistic
sequence, upcoming events can never be predicted with full certainty: some stimuli appear with a
higher, some with a lower probability. As a result, anticipatory errors may occur even when the
response corresponds to the underlying regularity. We term these learning-dependent errors and
distinguish them from not-learning-dependent errors, which reflect an inaccurate representation of
regularities (see Table 2 @ in detail). With eye-tracking, we can register anticipatory saccades, that
is, the first eye movement after the previous stimulus disappeared. Note that since anticipatory
eye movements are recorded in the absence of a stimulus, they reflect relatively pure expectations
independent of external stimuli. In this study, we present a detailed methodology for measuring
learning-dependent and not-learning-dependent errors via eye-tracking, and we analyze the
dynamics of these metrics across the task. As such, we aim to provide a tool for the fine-grained
investigation of expectation formation during learning — adaptable to any probabilistic learning
paradigm.

In addition to examining errors related to the predictive process, understanding how prior
expectations are updated over time is crucial for shedding light on the dynamics of statistical
learning. In our study, we capture the iterative updating of priors by assessing whether
participants change their anticipatory gaze from one occurrence of a predictive unit to the next.
This approach allows us to track whether a prior is retained or modified, reflecting the ongoing
adjustment of internal models. Moreover, to better understand precisely what these updates
reflect, we further categorize updates based on whether they represent learning-dependent
changes — shifts toward high-probability stimuli - or not-learning dependent changes, which
represent gaze shifts toward low-probability (uninformative) locations. This distinction enables us
to infer when participants are consolidating or disrupting accurate predictions, correcting task-
incongruent internal models, or engaging in exploratory behavior. Importantly, the method
provides a fine-grained, trial-by-trial measure of learning dynamics, offering novel insights into
how priors are formed, maintained, and revised over time — a central aspect of understanding
predictive processing (Clark, 2013 (% ; Friston, 2005, 2010 (2).
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Our study had two main aims. First, we sought to develop a gaze-based measure of the learning
process that can be applied to any learning task involving probabilistic stimulus streams. Building
on the framework of learning-dependent and not-learning-dependent eye movements established
by Zolnai et al. (2022) 2, we further distinguished between correct and erroneous trials, utilizing
the fact that in probabilistic tasks, correct responses are not always learning-dependent. Second,
we aimed to capture how priors are updated over the course of learning. To this end, we
developed metrics to track how prior expectations are updated iteratively on a trial-by-trial basis,
differentiating updates that consolidate accurate predictions from those reflecting noise,
exploration, or a lack of knowledge of the regularity. This framework leads to specific, falsifiable
predictions in line with our aims. First, as participants learn the statistical structure, we expect
anticipatory errors to increasingly align with the underlying regularities; consequently, we expect
the likelihood of learning-dependent errors to progressively increase as compared to not-learning-
dependent errors. Second, we expect that if our iterative update measure indeed captures the
adjustment of prior expectations, then (a) not-learning-dependent saccades will be updated more
frequently than learning-dependent ones; and (b) these updates will increasingly converge on
high-probability locations, reflecting a refinement of the internal model.

Methods

Participants

A total of 185 healthy young adults with normal or corrected-to-normal vision were recruited
through a university course from Edtvos Lordnd University in Budapest and received course
credits for participation. In line with the inclusion criteria, none of the participants reported a
history of neurological impairment or head injury, a diagnosis of any psychiatric condition or
epilepsy, or having consumed alcohol within 6 hours, recreational drugs or psychoactive
medications within 24 hours prior to the experiment.

Due to the unsuccessful calibration of the eye-tracker, 27 participants were excluded. We excluded
an additional 5 participants due to software issues or experimenter error. Thus, we used the data
of 153 participants (115 females (75.16%), 38 males (24.84%); Mage = 22.2 years + 5.69 SD, range =
18-53 years). Additionally, 25 participants were excluded from the analyses following outlier
filtering for eye-tracking data quality (see Quality control of data section). Our final sample
therefore consisted of 128 participants (96 females (75%), 32 males (25%); Mg, = 22 years + 5.64
SD, range = 18-53 years).

All participants gave informed consent, and the study was approved by the Regional and
Institutional Committee of Science and Research Ethics, Semmelweis University, Budapest,
Hungary (SERKEB No.: BM/6621-1/2024). The experiment took place at the laboratory of the Brain,
Memory and Language Lab, E6tvos Lorand University, Budapest.

Task & Procedure

To assess statistical learning, we employed an eye-tracking version of the Alternating Serial
Reaction Time (ASRT) task (Zolnai et al., 2022 (%). Data was recorded using the Tobii Pro Python
SDK (Tobii AB, 2020b) integrated with a PsychoPy-based (Peirce et al., 2019 (2) experimental script.
The task script used in this study is available on GitHub (Project ET Developers, 2020/2021). In
the task, participants were exposed to a probabilistic sequence. They viewed four empty circles
arranged in a square in each corner of the screen, with one circle turning blue on each trial,
indicating the activation of the stimulus (Figure 1A(2). Participants were instructed to fixate on
the blue circle as quickly as possible. The specific instructions were as follows: ‘You will see four
empty circles on the screen, one of which will turn blue from time to time. Your task is to move your
gaze to the location of the circle that has turned blue. Follow the appearing stimuli with your eyes as
accurately and quickly as possible! The blue circle may appear in the same place several times in a
row.’. Once they fixated on the target for at least 100 ms, the blue stimulus activation disappeared,
and the next circle turned blue after a 500-ms response-stimulus interval (RSI). We refer to
oculomotor reaction time (oRT) as the time from stimulus onset to the beginning of the 100 ms
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and they were spaced at an equal distance from each other (15 cm, = 13.16° visual angle) and from
the center of the screen (10.6 cm, = 9.32° visual angle).

Unbeknownst to the participants, the sequence of stimuli followed a hidden pattern. Specifically,
the appearance of the stimuli followed a probabilistic eight-element sequence where pattern and
random elements alternated with each other (Figure 1AZ; e.g., 1-R-3-R-2-R-4-R, where the
numbers represent one of the four circles on the screen, and “R” indicates a randomly selected
circle). This probabilistic structure resulted in certain combinations of three consecutive stimuli
(triplets) being more probable to appear than others: high-probability triplets followed the
underlying sequence, arising either from a pattern-random-pattern (P-R-P) or random-pattern-
random (R-P-R) structure (e.g., 1-X-3, 3-X-2, 2-X-4, and 4-X-1 triplets, where “X” indicates either a
pattern or random trial). In contrast, low-probability triplets were formed solely through the R-P-R
combination and did not follow the underlying sequence (e.g., 1-X-2 or 1-X-4, where “X” indicates a
pattern trial; Figure 1C%). In total, high-probability triplets could be formed 16 different ways,
while low-probability triplets could be formed 48 different ways. The individual probability of
appearance was ~3.91% for each high-probability triplet and ~0.78% for each low-probability
triplet, yielding a total probability of 62.5% (16 x 3.91) for high-probability, and 37.5% (48 x 0.78)
for low-probability triplets (Figure 1D (%). When referring to “triplet type” throughout the rest of

this paper, the focus is on trials serving as the last element of a high- or low-probability triplet.

There is robust evidence demonstrating performance facilitation in motor and oculomotor
responses over time to high-probability triplets compared to low-probability triplets (Howard &
Howard, 1997 @3 ; Kébor et al., 2017 ; Németh et al., 20102 ; Song et al., 2007 2 ; Takacs et al.,

2018 (2; Téth-Faber et al., 2023 %). This indicates that participants become increasingly sensitive to
the underlying probabilistic structure of the task. Furthermore, this knowledge remains entirely
implicit, with self-reports and sequence-generation tasks finding no evidence of explicit awareness
(Vékony, Ambrus, et al., 2022). To confirm this, we also asked our participants after the ASRT task
whether they noticed anything unusual, specifically focusing on any regularities detected. None of
the participants could give an accurate description of the underlying sequence or even noticed its
existence. Therefore, the differences in performance between high- and low-probability triplets
indicate implicit statistical learning.

The task was organized into blocks, each consisting of 80 trials (ten repetitions of an 8-element
sequence), preceded by five initial random warm-up trials that were excluded from all analyses.
After completing each block, participants were shown their average oRT for that block, allowing
them to monitor and potentially improve their performance. They also had the option to take a
short, self-paced break between blocks (<1 min). Participants were familiarized with the task by
completing five practice blocks containing only random trials. These practice blocks were included
in the analyses (except testing the update of prior knowledge; see in detail later) as they indicate
the baseline to which performance can be compared. The actual task comprised 20 blocks
containing the alternating sequence. As per the standard ASRT analysis, we refer to a unit of 5
Fusion eye-tracker with a 120 Hz sampling rate (Tobii AB, 2025). The device was mounted on the
bottom of a 24-inch AOC LED monitor with a screen resolution of 1920x1080. An approximate
subject-screen distance of 65 cm was maintained throughout the task. Further details on gaze
position estimation and fixation identification are provided in Zolnai et al. (2022) 2.

At the start of the task, eye-tracker calibration was performed using the Tobii Pro Eye Tracker
Manager (Tobii AB, 2024). Dots appeared sequentially in each corner and the center of the screen.
Participants were asked to look at each dot until it “exploded” and disappeared. Following this,
calibration was validated using 20 random trials. If no extreme oculomotor reaction times
(defined as oRTs over 1000 ms) were detected, the calibration was considered successful. If
extreme oRTs were present, the calibration-validation process was repeated until no extreme
responses were recorded. If calibration failed after six attempts, the experiment was terminated,
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Figure 1. Experimental design and structure of the oculomotor ASRT task.

A) In the task, participants viewed four empty circles arranged in a square in each corner of the screen, with one circle
turning blue on each trial. In the stream of stimuli, every second trial was part of an 8-element probabilistic sequence.
Random elements were inserted among pattern elements to form the sequence (e.g., 1-R-3-R-2-R-4-R, where numbers
indicate the location of one of the four circles on the screen, and R represents random positions). B) Each trial consisted of
two phases: an anticipatory phase (response-stimulus interval, RSI) and a response phase. On each trial, one of four empty
circles turned blue, signaling the target stimulus. Participants were instructed to shift their gaze as quickly and accurately as
possible to the blue circle and maintain fixation for at least 100 ms. Once fixation was detected, the stimulus disappeared,
and after a 500-ms RS, the next target appeared. Oculomotor reaction time (oRT) was defined as the latency from target
onset to fixation on the target location. The schematic illustrates the temporal sequence of events: disappearance of the
previous stimulus, the anticipatory phase, onset of the current stimulus, response phase, and transition to the next
anticipatory phase. C) Formation of triplets in the task. Pattern elements are represented by orange backgrounds (they
appear consistently in the same position throughout the task), and random elements are represented by red backgrounds
(they appear randomly in one of the four possible positions). Every trial can be identified as the third element of three
consecutive trials (a triplet) in a sliding window manner. The probabilistic sequence structure results in some triplets
occurring with a higher frequency (high-probability triplets, 62.5% of all trials, indicated with dark blue backgrounds on the
figure) than others (low-probability triplets, 37.5% of all trials, indicated with light blue backgrounds on the figure). Statistical
learning is operationalized as the performance improvement in high-probability trials compared to low-probability trials. Ten
repetitions of the 8-element sequence (80 trials) make up one block of the task. D) The formation of high-probability triplets
can involve the occurrence of either two pattern trials with one random trial between them, which occurs in 50% of trials; or
two random trials with one pattern trial between them, which occurs in 12.5% of trials. In total, 62.5% of all trials constitute
the final element of a high-probability triplet, while the remaining 37.5% are the final elements of a low-probability triplet. E)
The task was organized into blocks, each consisting of 80 trials (ten repetitions of an 8-element sequence), preceded by five
initial random warm-up trials that were excluded from all analyses. A unit of 5 blocks is referred to as an epoch, which
thereby contains 400 trials. Participants were familiarized with the task by completing one practice epoch containing only
random trials. The actual task comprised four epochs containing the alternating sequence. After every epoch, calibration was
reassessed based on the last 20 trials, and recalibration was performed if necessary.
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and the participant was excluded. Additionally, after every fifth block (i.e., after every epoch),
calibration was reassessed based on the last 20 trials, and recalibration was performed if

Quality control of data

To maintain the quality of eye-tracking data, we excluded participants based on data quality
measurements similar to the ones used in Zolnai et al. (2022) (2 : precision, missing data ratio, and
eye distance from the screen. Precision refers to the stability of the recorded gaze direction while
the participant is fixating on the current stimulus. To assess this, we computed two types of
precision scores. The root mean square of sample-to-sample differences (RMS(S2S)) measures the
difference between consecutive gaze samples during a fixation — when it is assumed that the
participant is looking at the same point. We calculated the median RMS(S2S) value for each epoch
of each participant. However, due to a known upper limit in this measurement (discussed in detail
in Zolnai et al., 2022 @), we included an additional precision metric: the root mean square of the
eye-to-eye distance (RMS(E2E)). This metric captures the positional differences between the left
and right eyes for each valid sample during a fixation (excluding any samples without valid data
for both eyes) and calculates the RMS of these differences. Outlier epochs were identified using the
boxplot method - specifically, values falling above the upper bound or below the lower bound of
1.5 times the interquartile range, as calculated based on RMS values in all epochs of all
participants pooled together (153 participants x 5 epochs = 765 epochs in total). Participants were
excluded if they were outliers in at least one epoch during the data collection. Additionally, we
assessed data loss, which can result from factors such as blinking or eyelashes. For each
participant, we determined the percentage of invalid samples per epoch. Participants with a
missing data ratio of 20% or higher were excluded (based on existing protocols, e.g., Hessels et al.,

median distance in any of the epochs was outside of the device’s functional range (50-80 cm), the
participant was excluded. The expected versus observed values for each measurement, along with
the number of excluded epochs, are presented in Table 1 @. Code for data quality filtering is

available on the following OSF repository: https://osf.io/adxhn/2.

Data preprocessing and saccade extraction

Data were preprocessed in Python (version 3.13; Python Software Foundation, 2024 @), using the
NumPy (version 2.4.1; Harris et al., 2020 @), pandas (version 3.0.0; McKinney, 2010 ; team, 2026),
SciPy (version 1.13.1; Virtanen et al., 2020 @) packages. All preprocessing codes are available at
https://osf.io/adxhn/ . We used a hybrid eye selection approach: left and right eye position
coordinates were averaged where both were available, and, to minimize missing data, single eye
position coordinates were used when the other eye position coordinates were unavailable.
Samples where none were available were marked as missing.

For preprocessing oRT data, we used the same fixation identification algorithm as Zolnai et al.

fixation on the corresponding stimulus location. A fixation was considered valid if the gaze
remained within a 4x4 cm square around the stimulus location for at least 100 ms. For full
algorithmic details, see Zolnai et al. (2022) 3.

Saccade extraction followed a similar procedure to Lum (2020) . To identify the onset and offset
of all potential saccades, we computed the sample-to-sample eye velocity in °/s. We reduced high-
frequency noise using a Savitsky-Golay filter (frame length: 7 samples, polynomial order: 5; Lum,
20202 ; Nystrom & Holmqvist, 2010 %), via savgol filter in the scipy.signal package. To ensure
biological feasibility, a sample was classified as part of a saccade if its velocity exceeded 30 °/s but
remained below 1000 °/s. In addition, we required that velocity within the onset-offset interval
reached a minimum peak of 50 °/s, ensuring a clearly defined saccade profile. For each candidate

saccade, duration (in ms) and amplitude (in degrees of visual angle) were computed. Saccades
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Table 1. Data quality measures of eye tracking data

. Observed  Observed [Lower bound, upper Numb.er
Measurement Optimal of outlier
mean SD bound]
epochs
Precision: M =0.21°, R . . o
RMS(S2S) SD = 0.10° 0.37 0.06 [0.23°,0.51°] 12 epochs
Precision: 5 5 o o
RMS(E2E) 0.91 0.23 [0.37°, 1.41°] 36 epochs
Data loss 0% 5.40% 3.01% [0, 20%] 6 epochs

Distance from

50-80 cm 69.37cm  3.97cm  [58.36 cm, 80.96 cm] 2 epochs
the screen

Note. Expected RMS(S2S) mean and SD, as well as the expected distance from the
screen, are based on the Tobii Pro Fusion 120 Hz Data Quality Test Report (Tobii AB,
2020a). Outlier epochs were identified using the boxplot method - specifically, values falling
above the upper bound or below the lower bound of 1.5 times the interquartile range, as
calculated based on values in all epochs of all participants pooled together. For measures of
precision and distance, the lower and upper bounds were used as an exclusion criterion. For
data loss, we used the upper threshold of 20%, and we report this in the /Lower bound, upper
bound] column. In the Number of outlier epochs column, we report how many of the total

765 epochs were excluded based on the filtering. For each criterion, we pooled all outlier
epochs across all participants. Please note that participants were excluded from all analyses

even if they had only a single outlier epoch.

Neuroscience
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with durations shorter than 16 msec and longer than 100 ms, or amplitudes exceeding 30° were
excluded to remove artifacts. For the descriptive statistics of saccades, see Supplementary Table

For each retained saccade, the estimated saccade target was calculated and classified into one of
the possible stimulus locations. Saccade vectors were computed in visual-angle space from gaze
position at saccade onset to gaze position at the corresponding offset. For each saccade, vectors
from the gaze position at onset to each stimulus location center were computed, and the angular
difference between the saccade vector and each stimulus vector was calculated. The stimulus
whose vector formed the smallest angle with the saccade vector (minimal angular deviation) was
labeled as the predicted stimulus (see Figure 2(4). Saccades with minimal angular deviations of

90° or greater were excluded from further analyses, as these saccades indicated eye movements
toward the screen edges, outside the task-relevant stimulus space (i.e., the four circles).

Finally, we only retained saccades within each trial’s RS, as in this period, due to the lack of
sensory input, participants can only rely on their prior knowledge to guide their gaze. Where
multiple saccades were present during the RSI, we considered only the first saccade, since this
saccade is assumed to reflect early predictive influences shaped by prior experience during
implicit learning (Jiang et al., 2014 ). Trials in which no such saccade was detected were marked
as missing.

Statistical analyses

General statistical modeling approach

Data analysis was performed in R (version 4.5.1; R Core Team, 2024(%). Linear and generalized
linear mixed models were fitted with the mixed function of the afex package (version 1.4-1;
Singmann et al., 2024 2). Models included Epoch coded as a factor to reflect the progression of the
task in time, with the first sequential epoch as the reference in all models. Further, the specific
variables of each model are detailed below in the subsections describing the models. Model
syntaxes are also provided in general Imer notation. Each model included predictor variables as
fixed effects and participant-specific intercepts as random effects. Where applicable, models
included Epoch as a random slope. We tested assumptions of linearity, normal distribution of

linearity and homoscedasticity were met in all cases. Recent work indicated that fixed effect
estimates of linear mixed models are robust to violations of the assumption of residual normality
(Knief & Forstmeier, 2021 (@; Schielzeth et al., 2020 ). Thus deemed our models adequate, even
though this assumption was slightly violated in all cases.

Summary tables (see Supplementary Materials) consistently report sample sizes both in terms of
total data points and sampling units, along with random effects estimates, Nakagawa’s marginal
and conditional R%s (Nakagawa & Schielzeth, 2013 @) and adjusted Intraclass Correlation
Coefficients (ICCs). Post-hoc contrasts were carried out using the emmeans R package (version
1.11.2; Lenth, 2024 (%) after regridding. Type III tests were used for inference on fixed effects, with
degrees of freedom estimated via the Satterthwaite approximation for linear mixed models
(Satterthwaite, 1941 (2). For generalized linear mixed models, p-values were obtained via
likelihood ratio tests. An alpha level of .05 was applied across all analyses. For multiple
comparisons, p values from post-hoc tests were adjusted using the Sidak method (Sidak, 1967 (%),
and all p values are reported as two-tailed. Models were estimated with the bobyqa optimizer for
linear mixed models and the Nelder-Mead optimizer for generalized linear mixed models, with
optimizer settings adjusted to increase the maximum number of iterations (maxfun = 1e6) for the

latter to facilitate convergence.

Figures were created using the ggplot2 package (version 3.5.2; Wickham, 2016 @). Figures always

plot raw data, whereas post-hoc tests are done using model-estimated marginal means. All data
and codes for data analysis and visualization are available on the following OSF repository:
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Figure 2. Determination of the predicted stimulus using minimal angular deviation.
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The schematic illustrates the method for classifying anticipatory saccades. The saccade vector (solid blue arrow) is defined by
the gaze coordinates at saccade onset and offset. Reference vectors (dashed black arrows) connect the onset to the center of
each of the potential stimulus locations. We computed the angular difference between the saccade vector and each reference

vector; the stimulus location minimizing this deviation (minimal angular deviation; red arc) was identified as the predicted
target stimulus.
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Metrics

We created a set of behavioral metrics to capture different aspects of statistical learning,
anticipatory saccades, and updating processes. The name, abbreviation, operationalization, and

Statistical learning - oculomotor reaction times and learning-dependent
anticipation ratio

To test whether participants showed statistical learning, we applied the standard eye-tracking
ASRT analysis protocol as described in Zolnai et al. (2022) . First, we categorized each trial as
high- or low-probability in a sliding window manner, based on whether it was the last element of
a high- or a low-probability triplet. Trials that are the last elements of a repetition (e.g., 1-1-1) or a
trill (e.g., 1-2-1) were removed, as participants tend to have a pre-existing tendency to react faster
to these, unrelated to learning (Soetens et al., 2004 2). Please note that this exclusion happened
only in the analysis of oRTs and learning-dependent anticipation ratios (see later).

When analyzing the oRT of fixations, we excluded trials with oRTs exceeding 1000 ms. Median
oRTs were then computed separately for high- and low-probability triplets within each epoch for
each participant. We fit a linear mixed model (Modelg; ,r7) using our general modelling approach
with epochwise median oculomotor reaction times as outcome variables, and Epoch (0-4) and
Triplet type (high- or low-probability) as within-subject predictor variables.

Modelsi-ort: 0RT ~ Epochy.4 % Triplet type + (Epoch / Participant)

To assess whether participants made learning-dependent anticipations, we followed the logic of
Zolnai et al. (2022) @2, but instead of the last detectable gaze before stimulus appearance, we
analysed the first saccades of the RSI. We compared the ratio of trials where this first saccade was
directed toward a high-probability triplet (i.e., learning-dependent anticipation) compared to all
trials where a saccade was made. This measure is henceforth referred to as the learning-
dependent anticipation ratio (LDAR). We ran a linear mixed model (Model; pag) using epochwise
mean LDAR for each participant as an outcome variable, and Epoch (0-4) as a within-subject
predictor variable.

Modelipar: LDAR ~ Epochg.4 + (1 | Participant)

Likelihood of saccade types

In addition to the standard measures of the ASRT task, we applied a novel method. Each trial
where a saccade was detectable, was categorized according to the participant’s first saccade
direction during the RSI type. First, we distinguished learning-dependent (LD) and not-learning-
dependent (NLD) saccade types, reflecting whether the participant moved their gaze toward a
high- or a low-probability triplet, respectively (similarly to the analysis of LDAR). Each trial was
then further classified as correct when the saccade was toward the stimulus location where the
new stimulus actually appeared, or as an error when the saccade direction was toward a different
location. This resulted in four final saccade types: learning-dependent correct (LDC, anticipated
a high-probability triplet that actually appeared as the next stimulus), learning-dependent error
(LDE, anticipated a high-probability triplet but a low-probability triplet appeared), not-learning-
dependent correct (NLDC, anticipated a low-probability triplet that actually appeared), and not-
learning-dependent error (NLDE, anticipated a low-probability triplet but another triplet, high-
or low-probability, appeared; Figure

For each participant, we calculated the epochwise proportion of each saccade type. To ensure
interpretability, the proportions were standardized against their chance-level probabilities. The
baseline probability of these types is as follows: LDC: 0.15625, LDE: 0.09375, NLDC: 0.09375, NLDE:
0.65625; see Supplementary Table S2(# for details. As a result, this metric reflects the likelihood of
each trial type, with a chance-level of one. To analyze the likelihoods of saccade types and how

Hann, Nagy et al., 2026 eLife 15:RP111281. https://doi.org/10.7554/eLife.111281.1 11 of 35


https://doi.org/10.7554/eLife.111281.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://osf.io/a4xhn/
https://elifesciences.org/subjects/neuroscience

-

Table 2. Metrics used for the analysis of eye tracking data

Neuroscience

Name Abbreviation  Operationalization Interpretation
oculomotor reaction time OoRT The latency from stimulus onset to the start of the 100-ms Reflects speed when orienting gaze to the correct
fixation on the target stimulus. stimulus. The oRT improvement on high- compared to
low-probability triplets reflects statistical learning.
learning-dependent LDAR The proportion of first saccades during the response-stimulus Index of statistical learning, showing the extent to which
anticipation ratio interval (RSI), toward a high-probability upcoming stimulus, first saccades are guided by the learned regularities of the
relative to all first saccades of the trials (both toward high- and task.
low-probability stimuli). Here, saccades are not further
categorized as correct or erroneous.
saccade types - The first saccades during the RSI, categorized according to Captures trial-by-trial predictive orienting behavior,
whether the participant’s gaze was directed toward a high- or reflecting whether expectations align with the statistical
low-probability triplet location, and whether this gaze matched structure of the task.
the actual stimulus location. This yields four saccade types (see
in the rows below). The stimulus toward which this first saccade
was directed is referred to as the predicted stimulus.

o learning-dependent error LDE A saccade directed toward the location of a high-probability Suggests reliance on statistical knowledge, but results in
triplet before stimulus onset, but the actual stimulus is a low- an incorrect prediction due to the probabilistic task
probability triplet. structure.

o learning-dependent LDC A saccade directed toward a high-probability triplet before Represents a successful prediction based on statistical

correct stimulus onset, and the actual stimulus appears there. learning.

e not-learning-dependent  NLDE A saccade directed toward the location of a low-probability Reflects incorrect and uninformative orienting, unrelated

error triplet before stimulus onset, but the stimulus appears elsewhere to the statistical structure.
(either a high- or another low-probability location).
e not-learning-dependent ~ NLDC A saccade directed toward the location of a low-probability Reflects accurate but non-predictive orienting, as the
correct triplet before stimulus onset, and the actual stimulus appears saccade happens to match the stimulus without being
there. guided by the statistical structure.
update A trialwise metric indicating whether the participant changed Captures dynamics of predictive adjustment across
their predicted stimulus for a given triplet relative to the most repeated presentations of the same triplet, reflecting
recent previous occurrence of that same triplet. stability or change in expectations.
No update: The predicted stimulus on the current trial is the
same as it was on the previous occurrence of that triplet.
Update: The predicted stimulus on the current trial differs
from the previous occurrence of that triplet.
Trials were further categorized based on the learning-
dependence of the saccade type on the two occurrences of the
given triplet. This yields five update types.

o learning-dependent same LD same No update occurred, and the saccade types on both occurrences Suggests retention of task-regularity-congruent statistical
were learning-dependent (LD), i.e., toward a high-probability representation.
triplet.

e not-learning-dependent ~ NLD same No update occurred, and the saccade types on both occurrences Suggests persistence in a task-regularity-incongruent

same were not-learning-dependent (NLD), i.e., toward a low- representation.
probability triplet.

e learning-dependent-to- ~ LD-to-NLD The saccade type changed from LD on the previous occurrence Suggests potential loss or disruption of learned

not-learning-dependent  update to NLD on the current trial. information.
update

o not-learning-dependent-  NLD-to-LD The saccade type changed from NLD on the previous Suggests correction toward the statistical structure.

to-learning-dependent update occurrence to LD on the current trial.

update

e not-learning-dependent-
to-other-not-learning-
dependent update

NLD-to-other-
NLD update

The saccade type changed from NLD on the previous
occurrence to a different NLD location on the current trial.

Suggests noise or exploratory behavior.
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Saccade types
Example sequence: 1-R-3-R-2-R-4-R

k.g.. 2-1-4 is a high-probability triplet, thus
4 is highly probable after 2 and 1
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Learning-dependent anticipation:
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Figure 3. Categorizing saccades.

During the anticipatory phase (response-stimulus interval, RSI), participants’ first valid saccade was recorded to capture
anticipatory eye movements. Saccades toward a high-probability upcoming stimulus was defined as a learning-dependent
(LD) anticipation, whereas saccades directed elsewhere were classified as not-learning-dependent (NLD). Each trial was
further categorized as correct if the first saccade of the anticipatory phase was directed to where the stimulus subsequently
appeared, or as an error if it was directed elsewhere. This resulted in four saccade categories: learning-dependent correct
(LDC), learning-dependent error (LDE), not-learning-dependent correct (NLDC), and not-learning-dependent error (NLDE).

The schematic illustrates the sequence of events, the detection of anticipatory gaze shifts, and their categorization into these
four saccade types.
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they changed throughout the task, we fit a linear mixed model (Modelg,ccader.1.i) With the
epochwise likelihood of each saccade type for each participant as an outcome variable. Within-
subject predictors were Epoch (0-4) and saccade type (LDC, LDE, NLDC, NLDE).

Modelgecade-LLi: Saccade type likelihood ~ Epochy.4 x Saccade type + (1 [ Participant)

Iterative updating after different saccade types

To access the process of updating priors, we computed an iterative updating metric. For each trial,
we first checked whether the participant had previously encountered the given triplet (e.g., 2-1-4).
Trials featuring novel triplets were excluded. If the triplet had appeared earlier, we compared the
participant’s predicted stimuli in the current and previous occurrences of that specific triplet

(Figure 42). If the gaze was directed to the same location on both occasions, the trial was coded as
no update; if the predicted stimulus differed, it was coded as an update. This yielded a binary
variable (0 = no update, 1 = update) for each trial. For example, if a participant initially
encountered the 2-1-4 triplet and looked toward the 4th circle before stimulus onset, and when the
same 2-1-4 triplet occurred in the current trial, they looked toward the same location, this would
be coded as no update. However, if they looked toward a different location (e.g., the 1st, 2nd, or
3rd circle) on the second occurrence, this would be coded as an update, indicating a change in
their pre-stimulus expectation. We analyzed whether 1) the rate of updating changed throughout
the task, 2) saccade type (LDC, LDE, NLDC, NLDE) moderated whether an update happened in the
subsequent occurrence of the given triplet. To this end, we fit a generalized linear mixed model
with a binomial distribution and logit link function (Modelsaccage-update)- The binary outcome
variable was trialwise Update (yes/no), and the within-subject predictors were Epoch (1-4) and
previous saccade type (that is, the type the participant showed at the previous occurrence of the
given triplet).

Modelsaccade-update: Update ~ Epoch .4 % Previous saccade type + (1 | Participant)

Likelihood of update types

To better understand what the updates reflect, we further categorized trials based on whether the
presence or absence of updates presumably reflected learning. In trials where no update
occurred — that is, the participant predicted the same stimulus as in the last occurrence of the
triplet — we distinguished between LD same trials and NLD same trials. LD same trials were
defined as instances where the participant exhibited a LD saccade in both occurrences, suggesting
consistency with the statistical structure. NLD same trials, in contrast, were cases where the same
NLD saccade was repeated, indicating persistence in an inaccurate or uninformative response.

In trials where an update occurred - that is, the participant changed their predicted stimulus — we
further categorized the change based on the learning-dependence of the saccade in the previous
and current occurrence of the given triplet. If a participant shifted from an LD to an NLD
direction, we labeled the trial as an LD-to-NLD update, reflecting a potential disruption in the
internalized statistical representation. If the update went from an NLD to an LD direction, we
categorized it as an NLD-to-LD update, which we interpret as a possible correction toward the
statistical structure. Finally, when both the previous and current saccade type was NLD, but the
actual stimulus locations differed from each other, we labeled the trial as an NLD-to-other-NLD
update, which may reflect noise or exploratory behavior.
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Figure 4. Schematic illustration of iterative updating.

For each trial, we determined whether the presented triplet (e.g., 2-1-4) had occurred previously. Trials with novel triplets
were excluded. For repeated triplets, the participant’s saccade at the current occurrence was compared to their saccade at
the preceding occurrence of the same triplet. The schematic depicts this comparison between the previous and current
occurrence of an identical triplet, irrespective of whether the earlier prediction was correct.
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For instance, if the participant encountered the triplet 2-1-4 (which is high-probability in our
above example sequence), and moved their eyes toward the 4th circle (LD saccade, as it
corresponds to the high-probability triplet) both when it occurred previously and currently, we
categorized the current one as an LD same trial. If they gazed toward the 3rd circle (a low-
probability, NLD saccade) both times, we labeled it as an NLD same trial. If their saccade direction
changed from the 4th to the 3rd circle between occurrences of the triplet 2-1-4, it was classified as
an LD-to-NLD update, whereas a shift from the 3rd to the 4th circle was classified as an NLD-to-
LD update. Lastly, if they first looked toward the 3rd circle and later toward the 1st or 2nd (both
NLD saccades), we labeled the trial as an NLD-to-other-NLD update.

Each of these categories provides insight into the participant’s learning process: LD same trials
indicate the retention of correct statistical knowledge, NLD same trials reflect consistency in an
incorrect representation, NLD-to-LD updates suggest the correction toward the statistical
structure, LD-to-NLD updates point to a possible loss of learned information, and NLD-to-other-
NLD updates likely reflect uncertainty or exploration.

To gain results that reflect the baseline probabilities, we divided the ratio of these update types in
an epoch by their chance-level occurrence probabilities - similarly to the saccade type likelihoods,
one reflects the chance level in this measurement. The baseline probability of these types is as
follows: LD same: 0.0625, NLD same: 0.1875, LD-to-NLD: 0.1875, NLD-to-LD: 0.1875, NLD-to-other-
NLD: 0.375, see Supplementary Table S3 for details.

To analyze the likelihoods of update types and how they changed throughout the task, we fit a
linear mixed model (Modelypgate 1) With the epochwise likelihood of each update type for each
participant as an outcome variable. Within-subject predictors were Epoch (1-4) and update type
(LD same, NLD same, LD-to-NLD update, NLD-to-LD update, NLD-to-other-NLD update).

Modelypaae-Lin: Update type likelihood ~ Epoch).4 % Update type + (1 [ Participant)

Results

1. Do oRTs reflect statistical learning?

Here, we analyzed the trajectory of oculomotor reaction times (oRTs) in the task. oRTs refer to the
latency from the appearance of a stimulus to the fixation on that stimulus. The difference in oRT
between high- and low-probability triplets reflects statistical learning.

The linear mixed model testing the progress of learning in terms of oRTs (Modelg; _ogry) reported a
significant main effect of Epoch (F(4, 155.06) = 3.89, p = .005), which indicates a gradual increase of
oRTs regardless of Triplet type (Epoch 0: 313 ms, 95% CI [310, 316]; Epoch 1: 315 ms, 95% CI [311,
318]; Epoch 2: 318 ms, 95% CI [313, 323]; Epoch 3: 318 ms, 95% CI [313, 322]; Epoch 4: 319 ms, 95%

generally slower response to low-compared to high-probability triplets across the task (Low-
probability: 319 ms, 95% CI [315, 323]; High-probability: 314 ms, 95% CI [310, 318]; contrast p.,, <
.001) (Figure 5). The significant Epoch x Triplet type interaction indicated a gradual change in
the difference between low- and high-probability triplets (F(4, 762) = 9.54, p < .001), pairwise post-
hoc comparisons revealing a progressive improvement in statistical learning (low-/high-
probability differences: Epoch 0: 0.29 ms, SE = 1.05, p.o = .781; Epoch 1: 3.92 ms, SE = 1.05, por <
.001; Epoch 2: 5.63 ms, SE = 1.05 p_,,; < .001; Epoch 3: 7.11 ms, SE = 1.05, p., < .001; Epoch 4: 8.71

reported in Supplementary Table S5 .
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Figure 5. Statistical learning in the task.

The x-axis represents epochs of the ASRT task (the progression of time). The y-axis represents performance in terms of oRTs
(ms). The lines and markers show the trajectory of oRTs as a function of high-probability (dark blue line with circle markers)
and low-probability (light blue line with triangle markers) triplets. The difference between high- and low-probability triplets
represents statistical learning. Note that stimuli were presented randomly in Epoch 0 (marked as grey), serving as
familiarization before the start of the actual task. Error bars show 1 SEM.
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2. Do learning-dependent anticipation ratios reflect statistical
learning?

Here, we analyzed the trajectory of learning-dependent anticipation ratios (LDARs) in the task.
LDAR refers to the proportion of first saccades during the response-stimulus interval (RSI) directed
toward the high-probability upcoming stimulus, relative to all first saccades of the trials (both
toward high- and low-probability stimuli). Here, we did not further categorize these saccades as
correct or erroneous. We used LDARs as an index of statistical learning, showing the extent to
which first saccades are guided by the learned regularities of the task.

The linear mixed model analyzing the progress of learning in terms of LDARs (Modelgy 1 pagr)
reported a significant main effect of Epoch (F(4, 508) = 48.73, p <.001), which reveals an increase
in LDARs throughout the task (Epoch 0: 0.251, 95% CI = [0.243, 0.260]; Epoch 1: 0.290, 95% CI =
[0.282, 0.299]; Epoch 2: 0.301, 95% CI = [0.293, 0.310]; Epoch 3: 0.305, 95% CI = [0.297, 0.314], Epoch
4: 0.314, 95% CI = [0.305, 0.322] (Figure 6 (7). Pairwise contrasts between epochs are reported in

Supplementary Table S6 2. The full list of fixed and random effect parameters is reported in
Supplementary Table S7 3.

3. Are learning-dependent errors more likely than not-learning-
dependent errors?

Here, we analyzed the trajectory of the likelihood of saccade types in the task. We recorded the
first saccade position after the last stimulus disappeared, categorized according to whether the
participant’s gaze was directed toward the AOI of a high- or low-probability triplet, and whether
this saccade matched the actual location of the upcoming stimulus. Saccades capture trial-by-trial
predictive orienting behavior, reflecting whether expectations align with the statistical structure
of the task.

The linear mixed model testing the likelihood of saccade types and their changes over time
(Modelg,ccade-1.L) Showed a significant main effect of Epoch (F(4, 2413) = 13.124, p < .001), which
indicates that the overall gradual change in likelihoods reached significance from Epoch 0 to 1, 2, 3
and 4. The model reported a significant main effect of Saccade type (F(3, 2413) = 263.762, p <.001),
suggesting an overall difference in the likelihood of saccade types (Figure 7(%). LDEs were the
most likely saccade type (1.239, 95% CI = [1.221, 1.256]), LDCs were the second most likely (1.124,
95% CI = [1.106, 1.141]), followed by NLDCs (0.948, 95% CI = [0.931, 0.966]), and, finally, NLDEs
(0.944, 95% CI = [0.927, 0.962]; all pairwise contrasts between saccade types p.,, < .001, except
NLDC and NLDE p_,,= .999). This difference in likelihoods was also modulated by Epoch, as

indicated by a significant Epoch x Saccade type interaction (F(12, 2413) = 17.689, p <.001) (Figure

other epochs, and from Epoch 1 to 4. LDCs also increased from Epoch 0 to all other epochs, and
from Epoch 1 to 4. NLDEs decreased from Epoch 0 to 4. NLDCs did not show a significant change
across time. All post hoc model estimates and pairwise contrasts (by epoch and by saccade type,
respectively) are reported in Supplementary Tables S8, S9, and S10%, respectively, and the full list
of fixed and random effect parameters is reported in Supplementary Table S11 .

4. Do participants update not-learning-dependent saccade types
more often than learning-dependent saccade types?

Here, we analyzed how different saccade types were updated in the task. Update is a trialwise
metric indicating whether the participant changed their saccade type for a given triplet relative to
the most recent previous occurrence of that same triplet. No update means that the saccade type
on the current trial is the same as it was on the previous occurrence of that triplet. The presence of
an update means that the saccade type on the current trial differs from the previous occurrence of
that triplet. Updating captures the dynamics of predictive adjustment across repeated
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Figure 6. The ratio of learning-dependent anticipations in the task.

The x-axis represents epochs of the ASRT task (the progression of time). The y-axis represents epochwise mean LDAR, the
proportion of learning-dependent first saccades relative to all gaze shifts (that is, both toward high- and low-probability
upcoming stimuli). The mauve line shows the trajectory of LDARs throughout the task. Note that stimuli were presented
randomly in Epoch 0 (marked as grey), serving as familiarization before the start of the actual task. Error bars show 1 SEM.
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Figure 7. Likelihood of saccade types in the task.

The x-axis represents epochs of the ASRT task (the progression of time). The y-axis represents the likelihood of saccade types,
that is, their epochwise proportions standardized against their chance-level probabilities. As a result, a likelihood of 1 reflects
chance-level probability (marked by a dashed grey line). The yellow line and circle markers represent the trajectory of the
likelihood of learning-dependent correct saccade in the task, the orange line and triangle markers represent that of learning-
dependent errors, the blue line and square markers represent that of not-learning-dependent corrects, and the green line
and diamond markers represent that of not-learning-dependent errors. Note that stimuli were presented randomly in Epoch
0 (marked as grey), serving as familiarization before the start of the actual task. Error bars show 1 SEM.
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presentations of the same triplet, reflecting stability or change in expectations. The epochwise raw
number and percentage of updated vs. non-updated trials are shown in Supplementary Table

The generalized linear mixed model investigating the iterative updating rate of different saccade
types and how they changed throughout the task (Models,ccage-update) reported a nonsignificant
main effect of Epoch (X*(3) = 3.81, p = .283). (Figure 8(%). The main effect of Previous saccade type

throughout the task were NLDCs (0.640, 95% CI = [0.624, 0.655]) and NLDE (0.630, 95% CI = [0.617,
0.642]). They did not significantly differ from one another (pairwise contrast p.,, = .352), but they
differed significantly from all other saccade types (all pairwise contrasts p,,, < .001). The next
most updated saccade type were LDCs (0.582, 95% CI = [0.567, 0.596]), which did not significantly
differ from LDEs, the least updated saccade type (0.568, 95% CI = [0.553, 0.584]; pairwise contrast
Pcor = -133). The Epoch x Previous saccade type interaction was not significant (x*(9)=16.81,p =
.052), indicating no difference in the temporal trend of update ratios between saccade types
Tables S13 and S14 (%, and the full list of fixed and random effect parameters is reported in
Supplementary Table S15(2.

Furthermore, we performed the same model with an additional fixed factor: the number of trials
since the last occurrence of the given triplet to make sure that these results are not the artifact of
(working) memory capacity. These analyses are reported in the Supplementary Table S16, S17, S18,
S19@, and Supplementary Figure S13.

5. Are updates that reflect learning more likely than updates that
do not?

Here, we analyzed the likelihood of different update types in the task. Trials where an update
occurs are further categorized based on the learning-dependence of the saccade type on the two
occurrences of the given triplet. This yields five update types that suggest retention of correct
statistical knowledge (LD same), persistence in an incorrect response (NLD same), potential loss or
disruption of learned information (LD-to-NLD update), correction toward the statistical structure
(NLD-to-LD update), or noise or exploratory behavior (NLD-to-other-NLD update). The epochwise
raw number and percentage of trials in each update type are shown in Supplementary Table

The linear mixed model analyzing the likelihood of update types and their changes over time
(Modelypgate L) reported no significant main effect of Epoch (F(3, 2413) = 2.43, p = .064,
indicating that there was no overall change in the likelihood of updates over time (Figure 9A%).
The main effect of Update type was significant (F(4, 2413) = 1011.01, p <.001), revealing an overall
difference between the likelihood of different types of updates irrespective of time (Figure 9B (2).
LD same trials were the most likely (2.026, 95% CI = [1.993, 2.059]), followed by NLD same trials
(1.385, 95% CI = [1.353, 1.418]). Their likelihoods were significantly different from one another and
all other update types (all pairwise contrasts involving LD same and/or NLD same p,, < .001). The
next most likely update types were NLD-to-LD (0.934, 95% CI = [0.901, 0.967] and LD-to-NLD (0.905,
95% CI = [0.873, 0.938]), and their likelihoods significantly differed from all other update types (all
pairwise contrasts p.,, <.001) but not from one another (pairwise contrast p.,, = .917). The least
likely update type was NLD-to-other-NLD (0.717, 95% CI = [0.684, 0.750]), which differed
significantly from all other update types (all pairwise contrasts p.,< .001). This difference in
likelihoods was modulated by the interaction of Epoch and Update type (F (12, 2413) =4.77,p <
.001), indicating that Update type likelihoods followed a significantly different trend over time: the
likelihood of LD same increased from Epoch 1 to 3 and 4 (Figure SA%). All post hoc model
estimates and pairwise contrasts (by epoch and by saccade type, respectively) are reported in
Supplementary Tables S21, S22, and S23 (%, respectively, and the full list of fixed and random effect

parameters is reported in Supplementary Table S24 (7.
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Figure 8. The ratio of the iterative updating of saccade types in the task.

The x-axis represents epochs of the ASRT task (the progression of time). The y-axis represents epochwise mean update ratio,
that is, the proportion of updated trials relative to all trials for each saccade type, separately. The yellow line and circle
markers represent the trajectory of update ratios of learning-dependent correct saccades, the orange line and triangle
markers represent that of learning-dependent errors, the blue line and square markers represent that of not-learning-
dependent corrects, and the green line and diamond markers represent that of not-learning-dependent errors. Error bars
show 1 SEM. Note that in this analysis, the practice (random) epoch is only presented in the visualization but could not be
included in the analysis, as that would have altered the iterative measure derived from the analyzed data (since most triplets
occurred the first time in this period).

0.650
random
epoch
0.625
i)
© Previous saccade type
% 0.600 Learning-dependent correct
B4 « Learning-dependent error
z 4 Not-learning-dependent correct
S 0.575 == Not-learning-dependent error
=
0.550
0 1 2 3 4
Epoch

Figure 9. Likelihood of update types in the task.

The y-axis represents the likelihood of update types, that is, their epochwise proportions standardized against their chance-
level probabilities. As a result, a likelihood of 1 reflects chance-level probability (marked by a dashed grey line). Error bars
show 1 SEM. A) Trajectories of update type likelihoods in the task. The x-axis represents epochs of the ASRT task (the
progression of time). The turquoise line and round markers represent the trajectory of the likelihood of LD same occurrences
in the task, the purple line and triangle markers represent that of NLD same occurrences, the pink line and square markers
represent that of NLD-to-LD updates, the green line and diamond markers represent that of LD-to-NLD updates, and the
brown line and star markers represent that of NLD-to-other-NLD updates. B) Distribution of likelihood values across update
types. Each dot represents a single trial, with half-violins showing the density of the distribution and boxplots indicating the
median and interquartile range. The x-axis represents the different update types.
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Discussion

To overcome the limitations of conventional offline and motor-based measures, here, we
introduce a saccade-based analytical framework that provides a real-time window into the
dynamics of prior expectations during statistical learning. We demonstrate this approach using a
probabilistic sequence learning task, where we classify anticipatory saccades into two categories:
learning-dependent anticipations, which align with the underlying statistical structure, and not-
learning-dependent anticipations, which signal an inaccurate internal model. This distinction
allows for the dissociation of prediction errors that arise from environmental stochasticity from
those reflecting a lack of knowledge. Critically, we also introduce a metric to track the iterative
updating of priors, identifying whether these changes reflect the consolidation of accurate
predictions, the correction of errors, or exploratory behavior. Together, results using these
measures suggest that statistical learning relies on conservative, repetition-based updating rather
than uniform, strongly error-driven adjustments. The framework is paradigm-independent,
offering a generalizable method for tracking the dynamic formation and refinement of predictive
models in any task involving probabilistic stimulus streams.

By employing a highly sensitive, saccade-based analytical approach, we successfully captured the
emergence and continuous growth of statistical learning from the earliest phases of exposure.
Previous eye-tracking implementations of statistical learning paradigms are less sensitive: while
detecting learning effects early, they often fail to capture the trajectory of learning later in the
task. A recent study provided valuable insights into how learners actively form expectations about
the probabilistic structure of their environment (Schwartz et al., 2026 ). They elegantly
demonstrated how large-scale, block-by-block shifts in predictability can shape overall learning
outcomes. While this macro-level analysis establishes that learners adapt to environmental noise
over time, our findings dive into the real-time, micro-level dynamics behind this adaptation. Our
framework allows us to track the gradual refinement of anticipatory behavior (i.e., learning-
dependent anticipation ratios) over time. While this enhanced sensitivity is partially attributable
to improved measurement precision, less data loss due to eye-tracking quality, and a larger sample
size, it is fundamentally driven by our fine-grained analysis of pre-stimulus saccadic behavior. By
isolating these subtle predictive eye movements, our approach provides a continuous, precise
measure of underlying cognitive processes that standard spatial measures lack the resolution to
detect.

Beyond the learning-dependentness of the saccade directions, we observed systematic patterns in
erroneous predictions using our novel measurement. Learning-dependent errors (LDESs), or
anticipations toward the high-probability but incorrect locations, were the most likely saccade
type, and their likelihood significantly increased with time. In contrast, not-learning-dependent
errors (NLDEy), i.e., erroneous saccades toward the low-probability and incorrect locations,
remained below chance and showed a slight decrease throughout the task. This dissociation
highlights that not all errors are equivalent, and that LDEs might reflect an engaged predictive
system. In other words, the brain seems to differentiate between different error types, namely
those that stem from noise and those that reflect inaccurate knowledge. LDEs — which reflect
predictions congruent with the regularity but encounter noise — increase as the regularity is
learned (reflected in oRTs and LDARs), despite the fact that they represent incorrect anticipations.
The differentiation of error types highlights a central, unresolved issue of the statistical learning
field: to what extent is statistical learning driven by errors, if at all? The fact that LDEs and NLDEs
showed a largely different likelihood and opposing trajectory suggests that the brain uses different
computations when one or the other occurs.

Furthermore, we found that participants updated their responses more frequently following
NLDEs than LDEs. This suggests that NLDEs were assigned a higher learning rate (i.e., they were
given a greater weight and elicited larger surprise) compared to LDEs. Importantly, this result
remained stable when controlling for the number of trials elapsed since the last occurrence of the
same event (see Supplementary Tables S16-S19 and Supplementary Figure S1), whereas the
updating of learning-dependent correct trials seemed more distance-related. This suggests that the
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stronger impact of LDEs over NLDEs on updating cannot be explained simply by memory decay or
working memory limitations. For such differential updating to occur, the brain may represent not
merely the most probable outcome, but the full probability distribution of events — thereby
allowing for calculated imprecision from the most probable option (i.e., LDEs). It suggests that
learners encode expected uncertainty: they tolerate certain variability around the dominant
pattern, rather than treating LDEs as signals that the regularity has changed (that is, unexpected
uncertainty (Mathys et al., 2011 @) or volatility). Providing a behavioral measure to track the
dissociation of these uncertainty types holds a practical and clinical importance, as alterations of
this dissociation is often the marker of atypicalities and psychiatric conditions, such as in Autism
Spectrum Disorder (Lawson et al., 20172 ; Palmer et al., 2017 @). Moreover, these findings suggest
that computational models potentially assuming an unified learning rate for all prediction errors
in probabilistic tasks may be prone to overlooking important asymmetries in updating. To obtain a
deeper insight into iterative belief updating, future work could apply pupillometry, which offers
quantifiable indices of surprise and precision-weighting.

Interestingly, within both learning-dependent and not-learning-dependent saccade types, correct
and erroneous saccades did not differ in their likelihood of evoking updates upon the next
occurrence of the same event (i.e., triplet). In other words, whether the anticipated stimulus
actually appeared had little influence on subsequent adjustments. Instead, updating was more
strongly determined by the structural alignment of the response with the task’s probabilistic
regularities than by objective correctness. This finding suggests that statistical learning is not
primarily governed by explicit confirmation or disconfirmation of predictions, but by the degree
to which internal expectations are consistent with the underlying structure of the environment.
Such a pattern is consistent with the notion that statistical learning operates in an unsupervised
manner which may result in relative insensitivity to outcome feedback. More broadly, this result
challenges the account that statistical learning is strongly driven by prediction errors. On the one
hand, a Bayesian, error-driven approach is plausible under our results, if LDE and NLDE
responses are attributed different weights (Fan et al., 2016 3 ; Friston et al., 2009 (7 ; Olejarczuk et
al., 2018 ). On the other hand, however, our results are consistent with the view that statistical
learning is less driven by errors, but solely by the automatization of responses according to the
task’s probability structure.

A more fine-grained analysis of the updating process revealed a strong repetition bias:
participants tended to repeat their previous response to a given event. This repetition bias was
more pronounced for learning-dependent responses (which also grew in likelihood as the task
progressed), but it was also present for not-learning-dependent ones. Surprisingly, updates that
corrected predictions inconsistent with the task’s probability structure (shifts from not-learning-
dependent to learning-dependent responses) were similarly likely to update in the opposite
direction. Thus, updating behavior did not primarily reflect a systematic correction of task-
incongruent responses. Instead, once a response was produced, participants showed a strong
tendency to maintain it across subsequent occurrences of the same event. This pattern points to a
conservative updating style in statistical learning, plausible under two different interpretations.
Interpreting it in a Bayesian framework, it means that rather than rapidly adjusting internal
models after errors, learners appear to assign relatively low weight to individual prediction errors
and instead stabilize previously formed expectations. Such a strategy may be adaptive in stable,
non-volatile environments like the present task, where the underlying regularities remain
constant over time (Simoens et al., 2024 %). Another plausible explanation is, again, that statistical
learning is not error-driven.

This conservative updating profile can also be understood within reinforcement learning
frameworks. From this perspective, anticipatory saccades and their subsequent adjustments
reflect the balance between exploration and exploitation during learning (K. Friston, 2010 %;
Mathys et al., 2011 2; Torok et al., 2022 %). Not-learning-dependent updates may reflect
exploration, where the system tests alternative predictions and helps the internal model to
converge to the probabilistic structure (Divjak & Milin, 2020 Z; Frank et al., 2021 (2 ; Pesthy et al.,

2025 @), while learning-dependent updates represent exploitation, using already established
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regularities (Howard & Howard, 1997 3 ; Kébor et al., 2017 ; Németh et al., 2010%; Song et al.,
2007 (2; Takacs et al., 2018 (3 ; Téth-Faber et al., 2023 (2). Perseverative responses are not
uncommon in the reinforcement learning literature, where similar patterns are often attributed to
a choice-confirmation bias: learners tend to underweight belief-inconsistent evidence and
preferentially integrate information that confirms their current expectations (Talluri et al.,

suggest that similar reinforcement-like dynamics may operate in statistical learning even in the
absence of explicit feedback. In this sense, the repetition bias observed here may reflect a general
principle of adaptive learning systems: stabilizing predictions once they become sufficiently
reliable, rather than continuously readjusting them after every error.

An alternative account emphasizes the habit-like nature of statistical learning. Repeating
previously executed responses, even when they correspond to low-probability outcomes, is
consistent with model-free mechanisms that rely on cached response tendencies rather than
flexible, model-based representations (Daw et al., 2005 2 ; Poldrack et al., 2001 &@). From this
perspective, learners may partially encode the probabilistic structure of their own response
patterns, rather than exclusively represent the statistical structure of the stimuli. In this sense,
statistical learning may be driven not (or not only) by error-based updating, but also by the
gradual response alignment with the regularity by a more Hebbian learning style. Presently, there
is no consensus about how much errors matter in statistical learning — some studies support its
Hebbian nature (Beesley & Shanks, 2012 % ; Endress & Johnson, 2023 (% ; Tovar & Westermann,
2023 %; Vékony et al., 2022 (2) while others found that it has a more error-driven nature (Fan et
al., 2016 & ; Leshinskaya & Thompson-Schill, 20182 ; Nazl et al., 202473 ; Olejarczuk et al., 2018(2).
Future studies should aim to systematically clarify this question, and our measurements
potentially provide a tool for it.

From a Bayesian and predictive coding perspective, anticipatory eye movements are consistent
with the notion of active inference, whereby the brain continuously generates predictions about
upcoming events and minimizes prediction error by updating internal models (Friston, 20104 ;
Friston et al., 2009 @). Within this framework, prediction errors are not weighted uniformly
(Hohwy, 2020 %). Some arise from the probabilistic structure of the environment — reflecting
expected uncertainty (Mathys et al., 2011 @) — whereas others indicate a mismatch between the
internal model and the external world. The latter type of error is assigned greater precision and
therefore exerts a stronger influence on model updating. This differential weighting may account
for the observed differences between NLDEs and LDEs in our study. Importantly, participants
showed a tendency to repeat their previous responses; in Bayesian terms, this suggests a stronger

reliance on prior beliefs. In a stable, non-volatileenvironment such as ours, this strategy is

underlying processes of statistical learning (Eltet6 et al., 2022 (3; Székely & Orban, 20247 ; Térok et
al., 2022@).

Some limitations of our study should be noted. First, our classification of anticipations into
learning-dependent and not-learning-dependent categories assumes a single “correct” model of
the task, i.e., the triplet-based second-order dependencies built into the ASRT. Although robust
evidence indicates a group-level dissociation in performance on high-probability triplets in the
ASRT task (Howard & Howard, 1997 3 ; Kébor et al., 2017 ; Németh et al., 20102 ; Song et al.,
2007 3; Takacs et al., 2018 4 ; Téth-Faber et al., 2023 @), learners may not be building identical
internal models, especially in the early stages of practice. Some participants may apply Markovian
learning (Torok et al., 2022 (%), while others may form larger chunks of stimuli rather than triplets
(Eltetd et al., 2022 (2 ; Szegedi-Hallgaté et al., 2019 (%), In such cases, an update we classified as not-
learning-dependent relative to the model defined by the task could, in fact, be consistent with the
participant’s own generative model. This means that our metric may underestimate the extent to
which updates reflect rational model refinement from the learner’s perspective. Our measurement
of model updating could also be biased by the fact that participants may be inclined to employ a
conscious strategy of leaving their gaze at the previous stimulus position rather than reorienting
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it, resulting in saccades being present only in 48.76% of the trials. This could produce eye position
carryover effects that don’t reflect internal model refinement. This strategy, however, is unlikely to
significantly bias our likelihood results, as performance in the random epoch remained at the
chance level. Future studies should aim to motivate participants to move their eyes, for example
by using a stimulus stream that does not contain any repetitions, making leaving the gaze at the
previous stimulus an ineffective strategy. Notably, we deliberately avoided the use of a central
fixation cross between trials. Because the statistical regularity in the ASRT paradigm is built on the
continuous sequential order of the stimuli, inserting a fixation cross would act as an additional
sequence element, thereby transforming the transitional probabilities from second-order to third-
order and fundamentally altering the learning mechanism. To further understand the
mechanisms underlying statistical learning, our study points toward promising directions for
future research. Future work could address the limitation of defining anticipations based on an
externally defined “ground truth” model by combining saccade-based measures with
computational modeling. Hierarchical Bayesian or active inference models (e.g., Mathys et al.,

allowing updates to be evaluated relative to the learner’s own evolving model rather than an a
priori model defined by the task. Such an approach could strengthen the link between saccade
dynamics and predictive coding accounts.

Our results provide two complementary contributions to the field of statistical learning. First, we
developed a paradigm-independent methodological framework to capture the fine-grained
dynamics of probabilistic learning, with a particular focus on the formation and updating of
expectations. By isolating saccade-based markers of prediction, this approach offers a mechanistic
account of learning processes that traditional motor-based measures overlook. Second, applying
these new metrics allowed us a deeper insight into statistical learning. We show that learners
differentiate between errors arising from probabilistic noise and those reflecting insufficient
knowledge of the underlying structure. At the same time, within a given probability level, correct
and erroneous predictions were equally likely to trigger subsequent updating, which is consistent
with a less error-driven learning process that heavily relies on habitual repetition of previous
responses.

Data availability

All data and codes for data preprocessing, analysis, and visualization are available at:
https://osf.io/adxhn/ . The task script used in this study is available at:
https://github.com/tzolnai/Child_ASRT eye_tracking 4.
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Peer reviews
Reviewer #1 (Public review):

Summary:

This manuscript presents an original quantitative approach for tracking the online formation
and updating of prior beliefs. In an Alternating Serial Reaction Time task, participants were
exposed to probabilistic visual streams, and their pre-stimulus saccadic behavior (i.e., the
first eye movement after the previous stimulus disappeared) was monitored via eye-tracking.
Since the stimuli followed an alternating probabilistic sequence, upcoming events did not
appear with full certainty: some stimuli had a higher, some a lower probability. By comparing
anticipatory oculomotor behavior between high and low probability events, the authors
dissociated between learning/belief updating and general oculomotor noise. Noise-driven
errors were more frequent than learning-dependent errors, which nonetheless triggered
more belief updating (i.e., a change in oculomotor behavior in a subsequent encounter of the
same event). Interestingly, updating depended more strongly on whether a prior belief was
consistent with the task's probabilistic structure than on prediction errors. These findings
suggest that incidental, implicit statistical learning may rely on conservative updating with a
relatively low learning rate, or on errorless algorithms, rather than prediction errors per se.

Strengths:
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By applying a fine-grained analysis of anticipatory oculomotor behavior, this work
establishes new continuous metrics to quantify the gradual learning and refinement of prior
expectations during statistical learning. These metrics provide convincing evidence of the
dynamics of anticipatory oculomotor behavior.

The method is paradigm-independent, offering generalizable metrics for tracking the
dynamic formation and refinement of predictive models in any task involving probabilistic
stimulus streams. In the future, computational modeling may leverage these continuous
metrics to better dissect the mechanisms underlying statistical learning.

Weaknesses:

The authors subscribe to the idea that statistical learning is not a unified concept but rather is
implemented via multiple underlying mechanisms. However, it remains unspecified what
these different mechanisms could be, and how eye movements could contribute to
distinguishing between them.

The authors claim that they developed a novel methodological approach to probe whether
anticipatory eye movements directly reflect priors, thereby filling an outstanding gap.
However, this claim ignores mounting relevant work on structure learning using eye-tracking
in the developmental field.

The authors claim that their framework quantifies trial-by-trial oculomotor dynamics, while
in fact the analyses use epochs (i.e. groups of multiple trials) as predictors. Why not use trial
number as a predictor to truly investigate trial-by-trial dynamics that directly reflect
anticipation, surprisal, and revision?

https://doi.org/10.7554/eLife.111281.1.sa2

Reviewer #2 (Public review):
Summary:

Hann and colleagues introduce a gaze-based analytical framework designed to capture, on a
trial-by-trial basis, how people form and revise their predictions during implicit probabilistic
sequence learning. Using an eye-tracking adaptation of an alternating sequence task, they
record the first anticipatory saccade during the response-stimulus interval and classify each
such saccade along two dimensions: whether it was directed toward a high- or low-
probability upcoming stimulus (the learning-dependent vs. not-learning-dependent
distinction), and whether the anticipated location coincided with the stimulus that actually
appeared. A complementary iterative-updating metric codes whether a participant's
prediction for a given three-element context is repeated or revised on successive encounters
of that context.

On the basis of these measures, the authors report that errors congruent with the inferred
regularity - which they interpret as reflecting environmental noise - become progressively
more frequent than errors reflecting an inaccurate internal model; that participants show a
pronounced tendency to repeat their previous prediction rather than revise it; and that
updates depend more on whether a prior belief is congruent with the task's statistical
structure than on whether the previous prediction was confirmed. They interpret these
results as evidence that statistical learning is less error-driven and more repetition-based
(Hebbian in character) than is typically assumed.

Strengths:

The methodological ambition of the work is considerable, and the paper makes several
contributions that are likely to be useful to the implicit-learning and predictive-processing
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communities. Using the first anticipatory saccade as a pre-response behavioral readout of
prediction is conceptually well-motivated: it provides a trial-by-trial index of predictive
orienting at a temporal resolution that manual reaction times cannot deliver, and it does so
before the outcome of the trial is known. The explicit distinction between errors arising
because the task's outcome is stochastic - that is, predictions congruent with the statistical
structure but unconfirmed by the stochastic sample - and errors arising because the internal
model is inaccurate is a theoretically meaningful move: predictive-coding and Bayesian
accounts have long argued that these two sources of surprise should carry different weight
for model revision, and the authors offer a behavioral operationalization of that distinction.
The analytical pipeline is not tied to the specific paradigm used here and could be applied to
other probabilistic sequence-learning tasks, which gives it broader methodological utility
than a single-paradigm report. Finally, the demonstration that learners maintain their prior
across successive occurrences of the same context, even when it has been disconfirmed by
the most recent outcome, is a robust behavioral observation that speaks directly to an
unresolved debate about whether statistical learning is dominantly error-driven.

Weaknesses:

The framework and the core behavioral observations are valuable, but several inferential
steps - from the gaze signal to the cognitive constructs the authors invoke - are not fully
supported by the present design, and these gaps affect how readers should interpret the
stronger theoretical conclusions.

The "process-pure” framing conflates sensitivity with construct purity. The authors
repeatedly describe the eye-tracking measure as providing a more process-pure index of
statistical learning than manual-response paradigms. Anticipatory saccades are themselves a
learned motor behavior - the oculomotor system is among the most plastic motor outputs the
primate brain generates, and sequence learning in the saccadic system is well-documented.
The present design does not dissociate learning of the statistical structure from learning of
the oculomotor sequence that expresses it, so the measure is not, on its face, free from the
motor-learning confound that the authors criticize in button-press paradigms. The framing
should be read as aspirational rather than as demonstrated by the present data.

The oculomotor reaction-time data do not show the canonical signature of statistical learning.
Reaction times for low-probability trials rise across epochs while those for high-probability
trials remain approximately flat (Figure 5). The emerging difference between the two trial
types, therefore, appears to be driven by a slowing of responses to low-probability stimuli
rather than by a facilitation of responses to high-probability ones, and the authors do not rule
out the alternative interpretations that this pattern reflects fatigue, a motor floor effect, or
inhibition of unexpected locations. Because no fixation constraint is imposed during the
response-stimulus interval, pre-stimulus gaze drift toward the anticipated location will
artifactually reduce reaction time on precisely those trials the authors wish to treat as
learning-driven; the fact that measured reaction times remain well above zero even on trials
classified as correct anticipations is itself evidence that this contamination is present. The
oculomotor reaction-time data, therefore, do not provide as clean a verification of learning as
the manuscript implies.

The correct/error labeling of anticipatory saccades incorporates information that the
participant did not have. Because the first saccade occurs during the response-stimulus
interval - that is, before the upcoming stimulus is revealed - the participant's internal
predictive state is identical whether the trial is subsequently classified as a learning-
dependent correct response or a learning-dependent error. Any difference in the epochwise
frequency of these two categories must therefore be driven, at least in part, by the external
stochastic structure of the task rather than by a difference in the predictive process itself. In
particular, the observation that learning-dependent errors are the most frequent saccade
type (Figure 7) is predicted by the prior probabilities of the outcomes alone, given a high-
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probability prediction, without appeal to any difference in predictive state. Readers should
recognize that the theoretically meaningful contrast is between learning-dependent and not-
learning-dependent anticipations (two categories), and that the four-way split risks
confounding predictive state with outcome stochasticity.

The iterative-updating metric does not distinguish prior revision from alternative processes.
The binary update / no-update code, computed across non-contiguous occurrences of the
same three-element context, does not discriminate between a genuine update of the internal
model, simple episodic retrieval of a previously encountered triplet, and oculomotor
perseveration. Without a formal generative model to anchor the interpretation, the central
theoretical claim - that statistical learning is less error-driven than commonly assumed - is
underdetermined by the data. The repetition pattern the authors observe is equally
consistent with an error-driven model equipped with a low learning rate in a stable
environment, an interpretation the authors themselves acknowledge in the Discussion.
Adjudicating between these possibilities requires comparison against explicit computational
models, which the present manuscript does not provide.

Data loss and the absence of fixation control. An interpretable saccade is detected on fewer
than half of all trials (48.76%; line 889), and the manuscript does not report the distribution of
saccade counts per interval, the per-condition trial counts after all exclusions, or the
decomposition of the 20% missing-data threshold into its underlying causes. Given that the
entire inferential apparatus rests on this subset of trials, the degree of data loss is a relevant
context for the reader. Separately, no fixation constraint is imposed between trials: the
participant's starting gaze position at the onset of each response-stimulus interval is
whatever position was reached at the end of the preceding response, and this starting
position carries trial-history information correlated with the upcoming stimulus. This leaves
open the possibility that what is classified as predictive orienting partly reflects the
mechanical consequences of where the eye happened to be at the end of the previous trial.
The authors defend the absence of a fixation cross on the grounds that it would transform the
transitional structure of the task, but this is an empirical claim presented without a
supporting citation.

Heterogeneity within the high-probability condition is not addressed. The two routes to a
high-probability triplet in the design - pattern-random-pattern (50% of trials) and random-
pattern-random (12.5%) - differ both in their base rate and in the reliability of the contextual
cue they provide. Collapsing across these subtypes is an analytical choice that may conceal
heterogeneity in the underlying learning process.

Appraisal: Do the results support the authors' conclusions?

The framework succeeds in providing a trial-by-trial behavioral readout of predictive
orienting that is more fine-grained than conventional reaction-time measures, and the
behavioral dissociation between errors congruent with the regularity and errors reflecting an
inaccurate internal model is a genuine empirical contribution. The conclusions about the
mechanistic nature of statistical learning should be read as motivating hypotheses for future
modeling work rather than as settled empirical claims.

Impact and utility:

The analytical framework introduced here is likely to be useful to researchers working on
implicit learning, predictive processing, and Bayesian models of perception and cognition.
The measure of predictive orienting and the iterative-updating code could be adapted to a
range of probabilistic learning paradigms, and the behavioral dissociation between noise-
driven and model-mismatch errors fills a methodological gap that the field has long
acknowledged. The authors share their data and code openly, which will facilitate reuse. The
most durable contribution of the paper is methodological; the theoretical claims about the
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nature of statistical learning will require additional computational modeling before they can
be regarded as established.

https://doi.org/10.7554/eLife.111281.1.sa1

Author response:

We thank the Reviewers for their time and effort reviewing our manuscript, we are
particularly thankful for the literature recommendations of Reviewer 1, and the analysis
ideas of Reviewer 2.

We are glad that both Reviewers agree that the method we developed provides value to the
field. We furthermore agree that our theoretical claims and conclusions could be supported
by further analyses. Thus, we primarily plan to focus on this.

We plan to strengthen our statements by:
- Comparing our metrics to those of alternative learning processes and hypotheses

- Additional analyses, including ones using standardized learning scores, collapsed saccade
likelihoods for learning-dependent and not-learning-dependent saccades, angular deviations
instead of the binary update variable, and a breakdown of high-probability triplets into ones
that end with a pattern element or a random one.

- Adding further information regarding saccades, trials without saccades, and saccade
starting points.

Furthermore, we plan to strengthen our Methods section: some of the Reviewers’ points
potentially stem from our unclear description of the ASRT task, thus, the Task & Procedure
section needs deeper and clearer explanations. Lastly, we will extend the Introduction, citing
the literature recommended in the reviews, which indeed could provide further depth.

https://doi.org/10.7554/eLife.111281.1.sa0
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