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ARTICLE INFO ABSTRACT

Keywords: The ability to learn and adapt to new temporal regularities is pivotal to successfully interact with our envi-
Timing ronment. Research on rhythm processing has identified which features boost the learning of new rhythmic
Rhythm L patterns and facilitate predictive behaviors, such as motor synchronization to them. How do humans learn to
Synchronization

synchronize with new temporal patterns when these lack strong rhythmicity and predictability? Here we hy-
pothesized that optimal synchronization with such patterns would require a probabilistic form of associative
learning. In our experiment participants tapped a finger in synchrony with an auditory stream in which a familiar
and a novel pattern alternated. The two patterns were made of the same intervals but arranged in reversed order,
thus having different structures. Within the stream, the two patterns occurred with complementary probabilities,
following a gradual transition from familiar to novel pattern across trials. We modelled synchronization per-
formances as the result of a Bayesian inference process parameterized by a Rescorla-Wagner learning rule. Re-
sults showed that participants learned to synchronize to the novel pattern only when its predictability clearly
exceeded that of the old one, i.e., a few trials after the actual transition in the patterns' probabilities. Parameter
estimation makes us hypothesize two learning strategies to be tested in future work. On the one hand, “fast
learners” may quickly learn to synchronize to each pattern and adapt to changes between them across trials. On
the other hand, “slow learners” may slowly learn to synchronize to a pattern and fail to fully adjust to a novel
one. Overall, our results provide preliminary evidence that probabilistic associative learning may offer a
parsimonious account for how individuals learn to synchronize with new, variably predictable temporal patterns.
This learning could be modulated by subject-specific strategies to adapt to rhythmic changes.

Finger tapping
Bayesian inference
Rescorla-Wagner
Associative learning

1. Introduction

Countless sensory and motor experiences engage our remarkable
abilities in detecting, learning and producing complex temporal regu-
larities. We are able to enjoy a rhythmic change while listening to a jazz
performance, and likewise easily switch from one motor sequence to
another while playing sports. Such kinds of activities also require us to
promptly adapt to changes in the temporal structure of the events, often
at multiple timescales. This entails learning new temporal associations,
deciding whether they are stable and adjusting our actions accordingly.

Humans' ability to track temporal regularities has its finest expres-
sion in the perception and production of rhythms. Extensive research on

the topic (for a review see Grahn, 2012) has identified the combination
of features that allow us to detect a rhythmic structure in external
stimuli. These features include, among others, the presence of hierar-
chical levels of regularities (i.e., meter), an underlying regular pulse (i.
e., beat), and durations related by small integer ratios (Essens & Povel,
1985; Fraisse, 1982; Grahn & Rowe, 2013; Honing, 2013). Humans
quickly exploit these features and their predictability when synchro-
nizing to rhythmic patterns. In particular, sensorimotor synchronization
(SMS) studies investigate human and non-human animals' abilities to
synchronize a motor output with an external rhythmic input (Iversen &
Balasubramaniam, 2016; Repp, 2005; Repp & Su, 2013). Leveraging the
regular and highly predictable structure of the input, synchronization
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behaviors are typically anticipatory (Repp & Su, 2013), i.e., the motor
output slightly predates the onset of the stimulus based on temporal
predictions. Several SMS studies have tested how unpredictable changes
in the timing of the stimulus affect tapping performance. Most para-
digms intelligently employ local perturbations among the inter onset
intervals (IO, i.e., the intervals between adjacent cues) of a sequence.
Typically, the disrupted sequence is an isochronous one (i.e., one where
all I0Is are equal, hence maximally predictable). Disruption causes
sudden phase or period variations (e.g., Repp & Keller, 2004; Repp,
Keller, & Jacoby, 2012; Schulze, Cordes, & Vorberg, 2005); it lowers the
sequence predictability and spurs participants to adjust their tapping (i.
e., error correction; Repp, 2005) to re-synchronize to the new estab-
lished regularity. Computational approaches to SMS account for re-
synchronization behaviors mainly in three ways: as a re-adjustment
between an internal time-keeper and the new input (linear, event-
based models; e.g., Schulze & Vorberg, 2002; Jacoby, Tishby, Repp,
Ahissar, & Keller, 2015), as a re-coupling between internal oscillatory
dynamics and the external stimulus' periodicity (non-linear, oscillator-
based models; e.g., Large, Fink, & Kelso, 2002), or as a dynamic up-
date of internal, periodicity-based predictions about the incoming
stimulus based on sensory evidence (Bayesian inference-based models;
e.g., Cannon, 2021).

Synchronization perturbations in ecological contexts are not only
limited to abrupt local IOI or global beat/meter changes in highly reg-
ular rhythmic stimuli, rather they more often come about as fluctuations
in intrinsically variable rhythms (Torre, Varlet, & Marmelat, 2013).
What happens instead if the perturbation does not involve the durations
of IOIs, but their overarching sequential structure, like scrambling let-
ters in the game Scrabble? This is the case of changes in the structure of
complex temporally structured stimuli like speech or motor sequences,
which feature neither isochronous sequences, nor global periodicities (e.
g., they lack a clear underlying beat). Yet, these complex stimuli still
retain a temporal structure that identifies them and can elicit synchro-
nized behaviors, like joint actions (Keller, Novembre, & Hove, 2014) or
synchronous speech production (Cummins, 2009, 2011). Moreover,
perturbations in the temporal structure of sequences might introduce a
stable change, equivalent to a new, fully predictable temporal regular-
ity. Alternatively, changes might become stable over time, thus
requiring a more flexible prediction update. In other words, how do
humans learn to synchronize to a new temporal structure which in-
troduces statistical, hence predictability, changes over the structure of a
familiar one?

We can hypothesize that efficient synchronization to a new, variably
predictable temporal structure would require multiple computations:
first, learning the novel temporal structure, based on a re-mapping of the
association between external cues and motor actions; second, dynami-
cally tracking how much the learned structural change is stable or vol-
atile in the current context; third, based on this, updating through
Bayesian inference what is the most likely temporal structure to come
next and adjust synchronization behavior accordingly. Canonical
computational models of SMS, apt at explaining either changes in local
IOI or global periodicities, cannot fully account for such a probabilistic
kind of synchronization (but see Elliott, Wing, & Welchman, 2014, for a
Bayesian account of SMS in the presence of conflicting periodic acoustic
cues). A probabilistic form of associative learning (Gershman, 2015;
Kruschke, 2008), instead, may support this type of synchronization.
Both Bayesian inference and associative learning rules represent simple
and powerful computations through which human and non-human an-
imals acquire information from the environment, make predictions
about the world and guide their actions. In fact, Bayesian inference and
associative learning have been repeatedly identified, either in combi-
nation or individually, as the underlying principles guiding a multitude
of cognitive and behavioral processes (Kang, Tobler, & Dayan, 2024;
Soto, Vogel, Uribe-Bahamonde, & Perez, 2023). The combination of
associative principles and Bayesian inference has been extensively
applied to reward-based learning and decision-making under
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uncertainty (Behrens, Hunt, Woolrich, & Rushworth, 2008; Gershman,
2015; Kang et al., 2024). In many of these studies participants are
instructed to learn stimulus-reward contingencies that feature a certain
degree of uncertainty, for example due to context-dependent (e.g. Beh-
rens, Woolrich, Walton, & Rushworth, 2007) or time-dependent (e.g.
Piray & Daw, 2020) variations. Thus an optimal learning strategy in
such tasks is to rely on probabilistic inference to weigh different
stimulus-response associations simultaneously and flexibly adjust these
weights (Kruschke, 2008).

Theories of associative learning traditionally posit that whenever
two events (e.g. a stimulus and an action) are repeatedly experienced
together, an association between them is learned and stored in memory
as a direct connection between the two events (Pearce & Bouton, 2001).
This is true also when learning sequences of multiple stimulus-response
events, which are represented in memory as a distributed network of
direct association nodes (Eichenbaum, 2017). Studies on sequential
learning have indeed shown that associative principles can account for
the learning of complex sequence material (i.e., sequences featuring
higher-order relations between events) too. For example, Gureckis and
Love (2010) employed a serial reaction time task using sequences with
different statistical and transformational complexity. They showed that
a simple associative model, based on direct associations, could better
predict participants' performance compared to a transformations-based
recurrent network. This finding is particularly relevant to the focus of
our study because temporal patterns are indeed a type of complex
sequence and, when lacking strong periodicity, their encoding and
memorization can require sequential learning (Bouwer, Werner, Kne-
temann, & Honing, 2016).

In the current study we asked whether learning to synchronize to a
novel, weakly predictable temporal pattern is supported by probabilistic
associative learning. Specifically, we tested how humans learn to syn-
chronize to a new temporal pattern, made of the same intervals of a
previously learned one, which gradually becomes more predictable
across trials. To this aim we parameterized a gradual transition between
two temporal patterns with symmetric structures, i.e., composed of the
same intervals but arranged in reversed order. We manipulated the
probability of occurrence of each of the two patterns across trials to
investigate how their predictability affected the learning transition
experienced by our participants. We presented the two patterns
embedded in an auditory stream in a synchronization task, where par-
ticipants were instructed to tap their finger in synchrony with the
stimuli. We conducted model-agnostic and model-based analyses on
tapping data, with the goal of defining and retrieving the parameters
underlying the learning transition expressed in participants' synchroni-
zation performance. More specifically, our models draw upon compu-
tational accounts of probabilistic associative learning and define an
optimal synchronizer who solves the task using Bayesian inference,
following a Rescorla-Wagner learning rule (Rescorla & Wagner, 1972).
We hypothesized that our participants would adopt this strategy to learn
and successfully synchronize to the new temporal pattern, while taking
into account the patterns' volatile predictability across trials.

2. Methods
2.1. Participants

Fourteen participants (10 females; 3 left-handed; mean age 25 + 3.2;
age range 21-32) were recruited for the present study. Three partici-
pants reported some years of formal musical training (range 3-8 years).
Before starting the experiment, each subject gave written informed
consent to take part in the study. The experimental protocol was
approved by the SISSA Ethics Committee (protocol number 11175-I11/
13) and complied with the Declaration of Helsinki. All recruited par-
ticipants were naive to the purposes of the study and received fixed
monetary compensation after completing the task.
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2.2. Experimental design and stimuli

Our study focuses on how human participants learn to synchronize to
a novel temporal pattern, which becomes gradually more predictable
than a familiar one across time. To this aim, we designed a gradual
transition between two temporal patterns embedded in an auditory
stream. Each pattern was created as a series of beeps. We instructed our
participants to tap the index finger in synchrony with each beep. We
employed two temporal patterns composed of the same intervals, but
arranged in reversed order, such that only their overall structure
changed while their information content remained identical. The tran-
sition between the two patterns was parameterized following a sigmoid
function, with the probability of occurrence of the familiar and novel
patterns gradually decreasing and increasing across trials, respectively.

2.2.1. Stimuli

We employed two patterns (A and B, Fig. 1b) made of brief beeps
separated by silent pauses (i.e., IOI). Beeps consisted of 33 ms pure tones
of 1000 Hz with 2-ms rise and fall time filter, created using a MATLAB
(R2019b, The MathWorks) custom code. The IOI used were identical
across both patterns (250 ms, 500 ms, 750 ms), related by small integer
ratios (1:2:3), with only the order of the IOI differing between patterns.
The structures of the two patterns mirrored each other: pattern A con-
tained IOI of 500-250-250-750 ms (with ratios 2:1:1:3) while pattern B
contained IOI of 750-250-250-500 ms (with ratios 3:1:1:2). Using the
same set of IOI arranged in reversed order ensured the two patterns had
identical information content (i.e., same levels of overall and condi-
tional entropy), but still differed in their global structures. Additionally,
these specific structures were selected to ensure comparable rhythmic
complexity: neither could metrically fit a simple 4/4 bar while both were
easy enough to be learned. The two patterns were presented multiple
times per trial as a continuous auditory stream (see next paragraph for a
detailed description). Hence the selected structures also ensured that the
resulting auditory stream would not feature a highly regular over-
arching metrical grid, with accents perceived always on-beat (Grahn &
Brett, 2007; Povel & Essens, 1985).

2.2.2. Transition

Within a trial the two patterns were presented several times in
random order, resulting in a continuous auditory stream. The relative
frequency of presentation of the two patterns within the stream changed
parametrically across trials following a logistic function (see Fig. 1a).
The function's midpoint was set at the 16th trial (i.e., halfway the total
number of trials) and its slope at 0.1. This manipulation entailed a

(@)

w

Trial number
[ p(B) W p(A)

B

A)lp

proportion p

Acta Psychologica 266 (2026) 106796

gradual transition whereby pattern A was mostly experienced in the first
half of the trials and its presence gradually decreased as the trial number
increased. Conversely, pattern B progressively replaced pattern A as the
trial number increased and was mostly present in the second half of the
trials. Both the probability of the patterns and the random order in
which they appeared within a trial of the first half (1-15) were mirrored
in an equivalent trial of the second half (17-31). This meant, for
example, that in the 17th trial the proportions of pattern A and B within
the auditory stream were reversed compared to the 15th trial, and the
order in which they alternated was specular to that of the 15th trial (an
example of trials' mirror-randomization is shown in Fig. S1a).

2.3. Apparatus

The same custom-made set up (www.cynexo.com) was used to
deliver the auditory stimuli series and collect participants' tapping. The
system included a microcontroller Arduino Due (www.arduino.cc),
connected to a response pad and a photodiode, and a microcontroller
Arduino Uno paired to a shield for sound delivery (Adafruit Wave Shield
for Arduino, www.adafruit.com), into which noise-cancelling head-
phones were directly plugged.

Each trial's stimuli series was generated using MATLAB (R2019b,
The MathWorks) and Psychtoolbox (Brainard, 1997; Kleiner, Brainard,
& Pelli, 2007; Pelli, 1997). Each stimulus onset was coded as a visual
trigger appearing on the screen (hidden from the participant) and read
by the photodiode. The instantaneous change of status of the photodiode
triggered the two microcontrollers serially to play the beep sound,
marking the onset of each auditory stimulus. The response pad was
equipped with a pressure sensor (SingleTact CS15-4.5 N, www.singl
etact.com), attached underneath a resin-made button. The analogue
signal was sampled at 100 Hz and reflected the force exerted on the
button (range of sensitivity 0-4.5 Newton, represented in an arbitrary
integer scale spanning from 0 to 1022). The resin-made button pre-
vented any acoustic feedback generated by its press, which would
otherwise be an unwanted byproduct of pressing a plastic-made button.
Benchmarking tests before the experiment showed a constant delay of
23 ms in sound delivery, from the onset of the visual trigger to the
headphones, with a negligible standard deviation (in the microsecond
scale). This custom-made set up allowed a single common recording and
timescale for all trial events (i.e., stimuli and responses).

2.4. General procedure and task

Participants sat in front of a computer screen and wore noise-
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Fig. 1. Experimental design and task. (a) The bar plot shows the transition between pattern A and B across trials. The transition is parameterized as a gradual change
in the probability of occurrence of the two patterns within each trial. The parameterization follows a logistic function (color code: pattern A = red, pattern B =
yellow). (b) Pattern structure: pattern A and B are made of the same set of empty intervals, marked by brief tones, arranged in different order. The intervals are
related by small integer ratios (1:2:3). The two structures are symmetrical, with the same level of information content. (c) Synchronization task: participants were
asked to tap their finger in synchrony with an auditory stream made of several presentations of the two patterns. (For interpretation of the references to color in this

figure legend, the reader is referred to the web version of this article.)
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cancelling headphones. After adjusting the sound volume to a
comfortable level and receiving general instructions on the experimental
procedure, they performed a short training to familiarize with the syn-
chronization task (Fig. 1c) and the response pad. The training consisted
of two trials. Each trial was an auditory stream of 44 events (i.e., event
= beep + empty interval), corresponding to 11 repetitions of the same
temporal pattern. Participants were instructed to tap their finger on the
response pad in synchrony with each beep. The training pattern was
made of three intervals (270, 540 and 810 ms), different from those used
in the main experiment. The training intervals were related by small
integer ratio (1:2:3) with the following structure: 810-540-270-540 ms
(3:2:1:2).

After the training participants started the main experiment, during
which they performed 31 trials. Each trial was an auditory stream of 164
events, lasting approximately 80 s. The 164 events corresponded to 41
presentations of pattern A, B or both, following the parameterized trial-
specific proportions. The beginning of each trial was preceded by a brief
interval (randomly selected between 0.9 and 1.7 s), after which a mes-
sage appeared on the screen concurrently with the onset of the first
auditory stimulus of the first pattern's presentation. The message cued
the participant to start tapping the finger on the response pad button in
synchrony with the beep. The first pattern presented within each trial
stream was a copy of the second and served to prompt participants to
synchronize their tapping with the stream. The following 40 patterns
were instead experimental presentations. Within a trial the probability
of experiencing pattern A or pattern B was fixed, based on the param-
eterization defined in the experimental design. The order in which the
patterns' repetitions occurred within a trial stream was instead ran-
domized across subjects, with the constraint of the mirror-like config-
uration described above (see paragraph 2.2.2). The start of a new trial
was self-paced to allow short breaks if necessary.

2.5. Data analysis and modelling

2.5.1. Pre-processing

Raw signals recorded by our delivery-response apparatus were pre-
processed to extract stimuli and tap onsets. All pre-processing steps
were performed using custom codes written in MATLAB and applied to
each trial of each participant separately.

A stimulus onset was identified as a change of status of the photo-
diode, whose signal was recorded as a time series of 0 and 1, with 1
corresponding to the appearance of the visual trigger on the screen. Each
positive derivative of the trigger's appearance was classified as an onset
and stored with its timestamp, to which a delay of 23 ms was added (as
estimated by previous technical tests on sound delivery timing, see
paragraph 2.3).

The tapping signal obtained from each trial was a time series of force
values recorded from the beginning to the end of it (an example of
tapping signal from one trial is shown in Fig. S1b). Tap onset detection
was performed through hierarchical steps. First, in order to remove
mechanical noise-related fluctuations, the raw signal from each trial was
smoothed using a 3rd order polynomial Savitzky-Golay filter (Savitzky
& Golay, 1964), with a window of 15 samples (i.e., corresponding to
roughly 150 ms). The standard deviation of the first 50 samples of each
trial was calculated to obtain a baseline-noise standard deviation. As a
second step, we calculated the mean force of the 150 highest values of
the signal. Based on this average force, we categorized the signal either
as “Strong”, “Medium” or “Weak”, and assigned a trial-specific deriva-
tive-threshold (i.e., a positive difference between consecutive force
samples representing a “jump” in the signal, large enough to be caused
by a tap). Based on this categorization, we also defined a trial-specific
standard deviation threshold as a multiple of the baseline standard de-
viation. The standard deviation threshold represented the minimum
amount of increase in the standard deviation of neighboring samples
indicative of a “tap” event. These tailored thresholds allowed us to take
into account the great variability observed between participants in the
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amount of force they exerted on the response pad. Based on these
threshold values, the third step for the detection of tap onsets comprised
the following inclusion/exclusion criteria. First, samples were filtered
based on the presence of either a suprathreshold jump in the signal (i.e.,
a signal derivative greater than the derivative-threshold), or the cumu-
lative presence of around-threshold derivatives in neighboring samples.
For this second subgroup of potential onsets, the standard deviation
threshold was used as additional criterion to filter the candidate onsets.
Second, all samples within a 100 ms window past a potential onset were
excluded (i.e., they were considered either as signals' artifacts or “false”
onsets, e.g., double taps). The final criterion was the presence of large
enough negative derivatives in the tapping signal between two candi-
date tap onsets, which indicated a tap offset (i.e., return to baseline of
force values). As a result of the pre-processing stage, four participants
had to be excluded due to technical issues in filtering their signal from
baseline noise and reliably detecting tap onsets in more than 25% of
their trials. Hence the resultant sample used for the analysis is N =10 (7
females; 3 left-handed; mean age 25 + 3.5; two participants with 3 and
5 years of musical training, respectively).

From the pre-processed series, all stimuli and tap onsets detected
earlier than 350 ms before the 5th stimulus onset of the trial stream were
removed. This was done because the first pattern of each trial, a copy of
the actual first experimental pattern, was added to the trial stream only
to prompt the synchronization of the tapping. Stimuli and tap onset
series were then aligned by means of Dynamic Time Warping (DTW);
this pattern matching algorithm allows to pair time series of unequal
length by computing the best warping path to minimize their distance
(Sakoe & Chiba, 1978). Being a synchronization task, this alignment
allowed us to obtain an optimal one-to-one pairing between taps and
stimuli and, consequently, detect and discard possible double taps (two
taps matched with the same stimulus) or missing taps (stimuli with no
match). The paired series were used to compute Inter Onset Intervals
(IOI), Inter Tap Intervals (ITI), ITI error and asynchronies. IOI and ITI
were calculated as the intervals between two adjacent stimuli onsets or
tap onsets, respectively. IOI and ITI both measure intervals and are
similar in logic; the former applies to what participants heard, the latter
to what they produced. ITI error was calculated as the difference be-
tween matched ITI-IOI, with positive values indicating over-
reproduction and negative values under-reproduction. Asynchrony
was calculated as the positive or negative difference between paired
tap-stimulus onsets, with negative values indicating anticipated taps
and positive values delayed taps (Repp & Su, 2013).

2.5.2. Model-agnostic analysis

We analyzed tapping data focusing on the first interval of all oc-
currences of the patterns within a trial's stream. The 1st interval is in fact
the most informative one from a learner perspective, as it allows to
discriminate between the two temporal structures. More specifically, its
identity cannot be inferred from the intervals that preceded it. Therefore
its reproduction should be mostly influenced by internal predictions and
more susceptible to the level of uncertainty of the trial. The reproduction
of the 1st interval can thus represent a proxy of the ongoing learning and
prediction update. To this purpose, we analyzed the error of the 1st ITI
and the asynchrony of the 2nd tap onset, as they both can be referred to
the reproduction of the first interval of the pattern (e.g., a positive
asynchrony in the 2nd tap is indicative of an over-reproduction of the 1st
ITI). We investigated how these measures differed between pattern A
and B within and across trials. To overcome the unbalanced occurrences
of the two patterns within a single trial, we binned the observations
according to the number of times a given pattern was presented, irre-
spective of the trial number (one bin = 31 presentations of a given
pattern; e.g. bin nr. 2 includes from the 32nd to 62nd presentations of
pattern A and B). We then calculated bin-wise mean asynchronies and
mean ITI errors for each participant and pattern.

We tested the effects of pattern type and bin history on mean asyn-
chronies and mean ITI by fitting two separate Linear Mixed Effects
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(LME) models. We included pattern identity and bin number as cate-
gorical and continuous predictors respectively, and participants as
random intercept. LME models were fitted in R (R Core Team, 2025),
using the packages Ime4 (Bates, Machler, Bolker, & Walker, 2015) and
ImerTest (Kuznetsova, Brockhoff, & Christensen, 2017), and MuMIn
package (Barton, 2020) for calculating R? statistics. Overall effects were
tested using Type III Analysis of Variance with Satterthwaite's method
for degrees of freedom. Interaction effects were tested using the emmeans
package (Lenth, 2020), using Kenward-Roger's method for degrees of
freedom. Alpha level was always set at 0.05.

2.5.3. Model-based analysis

Our model-based analysis defines and estimates the parameters
governing our participants' learning transition from a familiar to a novel
temporal pattern, modulated by the change in the patterns' predict-
ability across trials. We hypothesized that a successful synchronization
to our target patterns and their evolving predictability would result from
an optimal Bayesian inference process, parameterized by a Rescorla-
Wagner rule (Rescorla & Wagner, 1972). We first modelled partici-
pants' behavior as the result of Bayesian causal inference on the prob-
abilistic structure of each trial, thus obtaining a macroscopic description
of their performances. In a second model we increased the granularity of
this estimation to the single tap level and defined participants' inference
process as governed by a simple Rescorla-Wagner rule, and subject to a
memory decay factor. This allowed us to go beyond the macroscopic
picture obtained with the first model, and describe in greater depth
participants' learning transition from the familiar to the novel pattern. In
both models we computed the likelihood of the 1st ITI of the patterns, as
this measure directly refers to the most informative interval of both
temporal patterns.

2.5.3.1. Mixture model. For each subject and each trial our first model
estimates the parameter 6, representing the proportions of pattern A and
B in the tapping series. The model is a simple mixture of two gaussians,
with 64 and 6p (i.e., 6 = 1 — 04) as mixture weight parameters. The
likelihood is defined as:

P(y) = OaN(y | #a;04) + 0Ny | g, 08) )

where y is the series of ITI, p and ¢ are the experimentally defined means
and standard deviations of the two stimuli distributions (i.e., only the 1st
I0I). Each 6 represents the mixture proportion of the distribution with
mean p; and standard deviation o; (i.e., the proportion of pattern i). For
the estimation of 64 and 0p we set as prior two beta distributions with
scale hyperparameters a and b. The beta distributions account for the
uncertainty in the posterior over each 6, which otherwise would be a
point estimate. This model was also run on all IOl series as a sanity check
to test whether the parameterized transition was accurately retrieved.

2.5.3.2. Static learning rate model. The second model quantifies the
proportions of pattern A and B at the single tap level. Additionally, it
estimates two learning rate parameters (one for each pattern) governing
the evolution of the estimated patterns' proportions across trials. A
mixture of two gaussians defines each tap's likelihood:

) =p(AN(Y | sta, 04) + (1 —=p(A) )N(Y | 15, 08) &)

where y is the n™ tap, i and pg are the experimentally defined means of
the two stimuli distributions (i.e., 1st IOI of the patterns), 65 and cp are
their unknown standard deviations. For the estimation of 65 and cg we
set a normal prior centered on 0 with variance defined by the hyper-
parameter A. The mixture weight parameter p(A) represents the proba-
bility of the n'" tap being pattern A, whereas {1 - p(A)} corresponds to its
counterpart for pattern B. The posterior over each p(A), is estimated
following a Rescorla-Wagner rule:
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if pattern, ; = A

_[PA), +aa(l-pA), )
p(A), = { o ' if pattern, ; =B ®

P(A), 1 —asp(A), 4

n-1

where p(A)j, is the probability of the ™ ITI of being pattern A; p(A)n.1 is
the previous ITI estimated probability; as and ap are the learning rates
ruling p(A), update. The lower their values, the more static p(A) esti-
mation will be over time; the higher their values, the more frequently p
(A) will be updated, based on the identity of the previous pattern. While
the posterior over p(A) is estimated at the tap level, the two learning
rates are assumed as fixed across trials. Hence the model estimates only
one ap and one ogp for each participant.

Following eq. [3], the posterior over each p(A), is weighted ac-
cording to a decay parameter, accounting for memory persistence (vs.
fading) of the two patterns across trials. This forgetting process is based
on F-Q variants of Q-learning models (Ito & Doya, 2009; Xia et al., 2021)
and is implemented at each n™ tap as:

%

(1 — decay,)*p(A),, + decay,*0.5

_ if pattern, ; = A
p(A), = { (1 — decay,)*p(A),, + decay,*0.5

if pattern, ; =B “
where p(A)y, is the probability of the ' ITI of being pattern A; p(A)n.1 is
the previous ITI estimated probability; decay; and decay, are the
forgetting rates for previous choices (p(A)1.,) of tapping pattern A and B
respectively. The forgetting process is assumed to occur on every tap and
the overall estimation represents an average decay factor for each of the
two patterns. Similarly to the learning rates aa and og, also decay; and
decay, are bounded between 0 and 1, so that a maximal decay (decay; =
1) would mean equal probability of performing pattern A or B at the nth
tap (i.e., p(A) = 0.5). A maximal decay is indicative of the absence of
history effects on the probability of producing one pattern or the other.

We performed a subject-wise parameter recovery to evaluate the
goodness of fit of the second model. Specifically, we used each partici-
pant's original parameter estimates to generate 20 synthetic datasets,
according to eq. [2] with the inclusion of a gaussian noise component.
The synthetic datasets were fed back to the model, thus obtaining 20
new sets of parameter estimates per participant. The new retrieved pa-
rameters were compared with the generating parameters.

Both models were implemented in Stan using RStan as interface
(Stan Development Team, 2023; Carpenter et al., 2017). Stan uses a
Markov Chain Monte Carlo sampling method to estimate posterior dis-
tributions over model parameters. For each participant (and each trial,
in the case of the first model) we ran the models with four independent
chains and 5000 iterations (2500 warm-up). Convergence of sampling
chains was estimated through the Gelman-Rubin R statistic (Gelman &
Rubin, 1992).

3. Results
3.1. Model-agnostic analysis

A regression analysis on ITI errors and asynchronies tested how our
experimental manipulations affected participants' performances. Mean
ITI errors and asynchronies were computed by binning the number of
patterns' occurrences across trials (see paragraph 2.5.2) and were
entered as dependent variables in two LME models. Both LME models
included pattern identity and bin history as fixed effects (categorical and
continuous predictors, respectively), and participants as random inter-
cept (model formula: measure ~ pattern identity * bin number + (1 |
subject)). Goodness of fit of both models was evaluated using R? statistic
(ernarginal = 0.70, Rgonditional = 0.76 for ITI error ﬁt; R1211arginal = 0.33,
RZ nditional = 0.75 for asynchrony fit). The LME model on mean ITI errors
revealed a main effect of pattern identity (model estimate: p = —0.2772,
SE = 0.012; type IIl ANOVA on model estimate: F(1, 387) = 526.21, p <
0.0001) and of bin history (p = 0.0006, SE = 0.0007; ANOVA: F(1, 387)
= 92.68, p < 0.0001), meaning that ITI error values differed signifi-
cantly between pattern A and B and across bin history. In terms of



D. Giomo et al.

tapping behavior, participants over-reproduced the 1st interval of
pattern A and under-reproduced the 1st of pattern B. For both patterns,
ITI errors gradually decreased as the number of patterns' presentations
increased (see Fig. 2). The model on ITI errors also showed a significant
interaction between pattern identity and bin history (p = 0.0085, SE =
0.001; ANOVA: F(1, 387) = 71.43, p < 0.0001). This was due to a
significantly steeper reduction of the ITI error in pattern B compared to
pattern A across bin history (A x bin: § = 0.0006; B x bin: § = 0.0091).
Similarly, the LME model on mean asynchrony values showed a main
effect of pattern identity (3 = —0.1564, SE = 0.01; ANOVA: F(1, 387) =
236.46, p < 0.0001) and of bin history (B = 0.0014, SE = 0.0006;
ANOVA: F(1, 387) = 103.93, p < 0.0001). These effects were due to a
significantly greater negative asynchrony for pattern B compared to A
and a gradual reduction of the asynchrony for both patterns across bin
history (Fig. S2). This model also showed a significant interaction be-
tween pattern identity and bin history (§ = 0.0057, SE = 0.0008;
ANOVA: F(1, 387) = 45.9, p < 0.0001). The reduction in the amount of
asynchrony across bins was, in fact, significantly greater for pattern B
than A (A x bin: p = 0.00145; B x bin: § = 0.0072).

Overall, these results reveal that participants quickly learned to
synchronize with pattern A, as suggested by smaller positive ITI errors (i.
e., over-reproduction) and smaller negative asynchronies compared to
pattern B throughout the task. On the contrary, synchronization with
pattern B was characterized by greater ITI error in the opposite direction
(i.e., under-reproduction) and larger negative asynchronies. The latter
were large not only in the trials where pattern B's presence was unlikely,
but also in subsequent trials where its probability of appearing was the
same as pattern A. Nevertheless, pattern B showed a constant steep
improvement in error and asynchrony throughout all trials, and reached
comparable levels of accuracy of pattern A in the second part of the task.
This improvement was likely due to participants learning the structure
of pattern B and increasingly predicting its appearance towards the last
part of the task.

3.2. Model-based analysis

The models aim at providing a computational account of a) how
humans learn to synchronize to a new temporal pattern gradually
replacing a familiar one, and b) how patterns' predictability influences
the transition from one to the other. In the current study this process is
defined as the transition from a known to a novel temporal pattern,
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made of the same intervals, which increasingly becomes more predict-
able across trials.

3.2.1. Mixture model

Our first model provides a coarse-grained picture of participants'
performance: it estimates, trial by trial, the relative abundance (pro-
portions) of the two patterns. Pattern A and B proportions are modelled
as mixture weight parameters 64 and 0p of a mixture of two gaussians.
The model includes a beta prior, with scale hyperparameters a and b, to
estimate 4 and 0p. The beta prior quantifies the uncertainty in each 6
estimation. We performed a sanity check of the estimation accuracy by
feeding the model with each trial's stimuli series (i.e., 1st IOI of the
patterns). Results showed that the parameterized transition embedded
in the target patterns was accurately retrieved by the model. The trial-
specific level of predictability was clearly captured by the evolution of
the estimated beta distributions across trials (Fig. S3a and S3b). Con-
cerning tapping performances, parameters estimation was done subject-
and trial-wise using the 1st ITI of each occurrence of the patterns. A
representative example of the model estimates for one participant is
shown in Fig. 3a for the 6 parameter and in Fig. 3b for the beta priors
over 6. The evolution of estimated 64 and g reveals that this partici-
pant's tapping was reflecting quite accurately the real distributions of
the two patterns across trials. However, the switch between the two 6
happened later compared to the target patterns. This indicates that this
participant was more likely to synchronize their tapping with pattern A
even when its probability of occurrence was equal to that of pattern B.
The estimation of the beta priors over ¢ further emphasizes the delayed
switch in behavior. The estimated beta distributions are indeed char-
acterized by greater uncertainty compared to those embedded in the
target patterns, as evidenced by the large overlap between the two
distributions persisting until the final trials. Results at the group level
confirm those observed for this participant (posterior mean, std. and
quantiles of 84 and 6p for each trial and participant are reported in Table
S1). Fig. 4 shows a group summary plot of 84 and 6p estimation, where
the delayed transition to pattern B is very clear. This delay may reflect
either a carryover effect of pattern A on tapping performance and/or the
influence of low predictability during the middle trials which may have
biased the tapping towards the more familiar pattern. The prolonged
overlap in the estimated beta distributions is also present at the group
level (Fig. S3c), thus confirming the greater uncertainty compared to the
distributions estimated from the stimuli series.
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Fig. 2. Evolution of mean ITI error of the 1st interval of pattern A (intervals: 500-250-250-750 ms; color coded in red) and of pattern B (intervals: 750-250-250-
500 ms; color coded in yellow) across presentation-bin history (see paragraph 3.2 for details on mean ITI error calculation). ITI errors are plotted as a function of the
binned number of occurrences of the patterns across trials. Pattern A is characterized by a mild over-reproduction, stable across trials, whereas pattern B shows a
large under-reproduction that progressively reduces. Statistical analysis confirmed the presence of a trial history effect for pattern B as a steeper slope coefficient
(here graphically represented using LOESS method). Boxplots' borders represent interquartile range. Solid lines and green dots inside the boxplots represent median
and mean ITI errors respectively. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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Fig. 3. Mixture model parameters estimation. (a) Estimated 64 and 65 (color code: 4 = red, 05 = yellow) across trials for participant n.4: the values reflect the
proportions of pattern A and B across trials in the reproduction of this participant, as estimated by the mixture model. 0 estimation reveals that participant n.4 was
more likely to synchronize to pattern A even when its trial-specific probability was lower than pattern B, thus experiencing a delayed transition compared to the one
designed in our target patterns (see Fig. 1a). (b) Estimated beta priors over 6, and 0g across trials for participant n.4, color-coded for pattern A and B as in (a). Beta
distributions result from the estimation of the scale hyperparameters a and b, and act as priors over 04 and 05. The overlap between each pair of beta distributions
(one pair per trial) is a quantification of the uncertainty in the estimation of 6. As the plot reveals, the overlap between beta distributions is high until the 26th trial
for participant n.4, which is indicative of greater uncertainty in the corresponding 6,4 and 6z plotted in panel (a), compared to the initial and last part of trials. (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

3.2.2. Static learning rate model

The second model provides a finer-grained estimation of the pro-
portions of pattern A and B in participants' performance; in fact, it has
better temporal resolution and targets the underlying process governing
the evolution patterns' proportion in time. The model, in brief, defines
the probability of each tap belonging to pattern A (p(A)) or B ({1 - p(A)})
as a mixture of two gaussians. The mixture weight parameters p(A) and
{1 - p(A)} are updated based on two static learning rates as and o and
are each subject to a decay parameter, accounting for the persistence (vs.
fading) of patterns' memory across trials. Parameters estimation was
done subject-wise, using the 1st ITI of each pattern occurrence
throughout the trials. Mixture weight parameters were estimated tap-
wise, whereas a unique value was estimated for their respective
learning rates, decay parameters and standard deviations of the two
gaussians (posterior mean, std. and quantiles of learning rates, decay

parameters and standard deviations for each participant are reported in
Table S2). Results for parameter p(A) estimation are shown for each
participant in Fig. 5. In general, the estimation follows the delayed-
switch scenario already seen in the estimation of 6 from the first
model. The estimated values reflect participants' tendency to produce
pattern A more often, even after the point of transition designed in the
target patterns (i.e., at trial 16). As indicated by the drop in p(A) esti-
mates, participants produced pattern B more frequently only in the final
group of trials (approximately after the 20th), when its probability of
occurrence was substantially higher than that of pattern A. These results
appear broadly consistent across participants.

Participants, however, do not behave homogeneously on all fronts.
Based on p(A) estimates we may hypothesize two subgroups of per-
formers: “fast learners” and “slow learners”. In the “fast learners” group
(e.g. subject 7) p(A) estimates relatively quickly saturate to 1 (i.e., a
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Fig. 4. Group-summary plot on estimated parameters 6, and 6. Distribution of 84 and 65 values estimated for all participants using the mixture model. Theta values
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to color in this figure legend, the reader is referred to the web version of this article.)
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Fig. 5. Static learning rate model: parameter p(A) estimation. Each plot shows the subject-wise estimation of the parameter p(A), representing the probability of

reproducing pattern A tap by tap (i.e. for pattern B: {1 - p(A)}).

maximal probability of pattern A in the mixture) and remain stable over
multiple taps, except for transient perturbations likely triggered by the
appearance of the alternative pattern. Values of p(A) begin to decline
shortly after the point of transition in the target patterns' proportions.
Towards the end of the tap series p(A) reaches very low probability
levels, indicating a full transition to pattern B. In the “slow learners”
group (e.g. subject 9), instead, p(A) estimates take quite a large number
of samples to reach high proportion values, if not remaining slightly
above chance (e.g. subject 1) for the first half of trials. This latter case
could suggest that during the first trials, the tapping was either very
noisy or synchronized with an internal temporal reference. Additionally,
Pp(A) estimates of “slow learners” tend to decline more gradually in the
second half of trials, compared to the other group. In general, p(A)

estimates for “slow learners” may reflect lower sensitivity to the actual
proportions of pattern A and B defined in the target patterns.

The potential presence of two groups of performers is also suggested
by specific asymmetries in estimated learning rates and decay rates
across participants (Fig. 6a-b). A group of subjects (the same we termed
“slow learners”) shows either low learning rates for both patterns (e.g.
subject 9) or a high decay specifically for pattern A (e.g. subject 1). Very
low learning rates signal that p(A) estimates relied primarily on previous
taps, whereas high decay for pattern A indicates a consistent decline in
the memory of previous occurrences of pattern A. A second group of
subjects (matching the “fast learners” one), instead, show higher
learning rates and low decay rates for both patterns, compared to the
first group: this suggests that p(A) estimates were more influenced by
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the ongoing changes in patterns' occurrences across trials.

3.2.3. Parameter recovery

A subject-wise parameter recovery was performed to assess whether
the static learning rate model could accurately simulate participants'
behavior and to evaluate the consistency between parameters estimated
from the original and the simulated data. All simulated datasets showed
a positive correlation with the original data (Fig. 7a and S4a-b), sug-
gesting the model was overall able to reproduce each participant's tap-
ping performance. Based on correlation coefficients, participants seem
to cluster around two groups that, interestingly, match the “fast vs slow
learners” hypothesis: simulated data from fast learners better correlate
with original data, compared to slow learners. Concerning tapping
variability, the inclusion of a gaussian noise component at the stage of
data generation allowed to mimic the inherent noise in participants'
tapping (Fig. S4a). Additionally, the recovered estimates of the mixtures'
standard deviations 65 and o had a good overlap with the original
standard deviations for almost all participants (Fig. 7b). Similarly, re-
sults from simulation-based estimations of p(A) showed overall a high
consistency with the original parameters (Fig. S5).

The estimation of learning rates ay and ap from the synthetic data led
on average to coherent values with the original parameter estimates. In
particular, the model consistently retrieved small values for ag clustered
around the original estimates, and high values of ay. However, the re-
sults also revealed some non-negligible differences between simulation-
based and original estimates of oy for nearly half of the participants
(Fig. 6a). Specifically, recovered values of as were highly variable, and
in some cases they diverged substantially from the original parameters
(e.g. subject 3). The recovered decay parameters, instead, mostly over-
lapped with the small values estimated from the original data (Fig. 6b).
As for the two participants with high decay rates for pattern A, in all
simulations the model correctly retrieved high estimates, albeit with
some variability. The estimation differences found for the learning rates
might be related to their static formalization in the model. We further
examine this potential model optimization in the discussion section.

4. Discussion

In this work we investigated how humans learn to synchronize to a
novel temporal pattern, which gradually replaces, hence becomes more
predictable than, a familiar pattern composed of the same intervals. To
this aim we embedded a gradual transition between two symmetrical
auditory temporal patterns, by manipulating their probability of
occurrence across trials, and presented them to participants in a
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synchronization task. We hypothesized that efficient synchronization
would require a probabilistic form of associative learning and modelled
tapping performances as the result of an optimal Bayesian inference
process, guided by a Rescorla-Wagner rule. Model-based and model-
agnostic analyses of synchronization performances revealed a delayed
adaptation from the old to the novel pattern, compared to the time
course of the transition designed in our target patterns. Model-based
results identified the parameters describing the learning process un-
derlying this delayed adaptation. Additionally, our model was able to
reproduce participants' synchronization performance and consistently
retrieve the subject-specific parameters based on simulated data. The
estimated parameters seem to point, speculatively, to two potential
subgroups of participants (“fast” and “slow learners”), based on the pace
of the transition from one pattern to the other, as well as on the sensi-
tivity to the predictability of patterns' occurrences across trials.
Despite some limitations, model-based results offer preliminary ev-
idence in support of the hypothesis that participants would adopt a
“Bayesian synchronizer” strategy to perform the task. Consistent with
model-agnostic findings, model-based results revealed a more nuanced
scenario of learning pace among participants. In particular, both ana-
lyses showed that almost all participants relatively quickly learned to
synchronize to pattern A. This was expressed as lower ITI error and
better asynchrony for pattern A compared to pattern B throughout the
task, as well as in the estimation of the mixture weight parameter 6,
across trials (and of p(A) across taps). Pattern B was instead performed
with lower accuracy than pattern A even beyond the middle trials.
Accordingly, mixture weights' estimates reflected a delayed adjustment
to the change in patterns' proportions relative to the target patterns,
consistent with a carryover effect and with low decay rates estimated in
the second model. Taken together, these results seem to suggest that
pattern A served as a prior expectation to guide synchronization
behavior, particularly when the stimuli were too unpredictable. Once
the presence of pattern B became frequent and stable enough within the
trial, mixture weights' estimates showed the transition in patterns' pro-
portions. This was reflected in the reduction of ITI error and asyn-
chronies for pattern B. With the second model, parameter estimation
revealed some notable differences among our subjects. These differences
led us to hypothesize the possible presence of two synchronization be-
haviors and underlying learning strategies. A group of participants (“fast
learners”) quickly learned to synchronize to pattern A, as indicated by
their p(A) estimates rapidly saturating to the maximum proportion
value. These participants appeared more sensitive to the ongoing
changes in patterns' proportions, i.e., high learning rates for both pat-
terns. Also, they showed a sharper transition to pattern B, i.e., a clear
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Fig. 6. Static learning rate model: learning rates and decay parameters. (a) Estimated learning rates as and ap from original (circles) and simulated data (triangles),
plotted by subject (x-axis). Color code: 64 = red; op = yellow). (b) Estimated decay rates for pattern A and B from original (circles) and simulated data (triangles),
plotted by subject and color-coded as in (b). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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this figure legend, the reader is referred to the web version of this article.)

drop in p(A) estimates, albeit slightly delayed compared to the one
defined in the target patterns. A second group (“slow learners™) seemed
to need on average more time to learn to synchronize to pattern A (i.e., p
(A) estimates saturated at a slower pace, or not saturated at all). This
group was less sensitive to trials' variability and, in some cases, stuck to
pattern A longer than the other group (i.e., slower decrease in p(A) es-
timates). Some of these participants seemed to rely more on previous
taps (i.e., very low learning rates), rather than on the actual changes in
patterns' proportions across trials. Others, instead, showed a consistent
forgetfulness for the history of occurrences of pattern A (i.e., high decay
rate). Both behaviors thus resulted in a less clear and, on average, slower
transition from pattern A to B. It is important to emphasize here that the
sample size used for the analysis was relatively small. Thus both the
general trend and the hypothetical learning profiles we observed should
be put to the test in future studies using larger samples.

Our simulation-based results provide preliminary support to the
hypothesis that participants may employ a probabilistic form of asso-
ciative learning to synchronize with novel, variably predictable, tem-
poral structures. Specifically, we were able to retrieve the evolution of
the mixture proportions of pattern A and B estimated from participants'
data, as well as the learning and memory decay parameters ruling the
proportions update. These results suggest that simple associative rules
combined with Bayesian inference may be sufficient (though not
exhaustive) to explain the behavior observed. Our computational ac-
count is consistent with several studies showing how associative
learning principles (Pearce & Bouton, 2001; Soto et al., 2023), Bayesian
inference (Knill & Pouget, 2004) or a combination of both (Behrens
et al., 2007; Behrens et al., 2008; Blanco & Moris, 2018) underlie many
aspects of behavior and cognition. In contexts where new associations
between events with variable degree of predictability (uncertainty) are
introduced, similarly to our task, individuals may rely on a Bayesian
form of associative learning (Gershman, 2015; Kruschke, 2008). This
form of learning would allow to create and hold memory representations
of multiple associations simultaneously and in a probabilistic way, i.e.
each differentially weighted according to contextual uncertainty. When
specific associations between events become more likely than others, as
in our task, learning rates reflect the sensitivity to such changes in the
environment and, in turn, the frequency at which predictions about
future events are updated. In our model learning rates are assumed to
remain static across trials, thus they reflect each participant's overall
sensitivity to changes in patterns' occurrences throughout the task.
Given the shape of the transition embedded in our target patterns and
the different level of predictability across trials, we can reasonably
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hypothesize that learning rates could evolve across the task: higher rates
when predictability is low, lower rates when predictability is high. A
dynamic formalization of oy and ap that tracks trial uncertainty, for
example in the form of a Kalman filter (Kang et al., 2024; Piray & Daw,
2020), could improve the explanatory power of our model. These dy-
namic learning rates would reflect how much participants are sensitive
to changes in trials' volatility (Behrens et al., 2007).

Our model includes two decay parameters accounting for the
forgetting of pattern A and B's past occurrences. In F-Q-learning models,
which our formalization of decay parameters draws upon, such decay
factors reflect a forgetting process affecting the action/choice not taken
in the current trial (Ito & Doya, 2009; Master et al., 2020; Xia et al.,
2021). In our model the forgetting process refers also to the pattern not
experienced in the current trial. Our model, however, cannot disentangle
whether the forgetting affects the memory representation of the pattern
structure per se, or its retrieval process. We can speculate that the latter
option is more likely. In fact, several studies on context-dependent
learning and extinction (for reviews, see Bouton, 2004; Delamater,
2004) have shown that new associations between events do not neces-
sarily overwrite the memory trace of previously learned associations,
but coexist with them (Dunsmoor, Niv, Daw, & Phelps, 2015). Old as-
sociations are retained in memory and can be reactivated after exposure
to the same context in which they were originally experienced (Bouton
& Peck, 1989). However, when old and new associations are thought to
be generated from the same latent cause, the old memory representation
may be overwritten by the new one (Gershman, Monfils, Norman, & Niv,
2017). Future experimental and modelling works, that are based on our
study, should investigate whether the forgetting process affects the
memory representation of the patterns, their retrieval or both.

Relevant to our study, associative learning has been shown to play a
key role also in context-dependent sensorimotor adaptation (Avraham,
Taylor, Breska, Ivry, & McDougle, 2022). Our synchronization task
shares some similarities with sensorimotor adaptation experiments. In
fact, our participants needed to learn an association between an external
cue (i.e., a temporal structure) and an action (i.e., the synchronized
movement). The synchrony between cue and movement acted as a
positive feedback reinforcing the learned association. The introduction
of a novel temporal structure required learning a new association be-
tween cue and movement and adapting the latter to changes in task
contingencies. However, the novel structure was introduced with
varying degrees of predictability, thus the individual had to take into
account uncertainty to guide his actions. This is where Bayesian infer-
ence comes into play: based on prior expectations, the individual had to
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decide the temporal structure most likely to come, move in synchrony
with it and update his expectations based on the outcome of his action
(the match or mismatch between movement and cue).

Our basic computational account somehow implicitly assumes that a
“controller” mechanism oversees both the learning and the prediction
components involved in our task. In other words, there should be a form
of integration or supervision over mapping, memorizing, predicting and
updating the association cue-movement. The biological plausibility of
this assumption is supported by an incredibly vast research on the
central role of the cerebellum in sensorimotor adaptation and control
(for extensive reviews, see Manto et al., 2012; Popa, Streng, Hewitt, &
Ebner, 2016). Most importantly, the fundamental role of cerebellar
structures in supporting temporal predictions (Breska & Ivry, 2016,
2018) and associative learning (Nguyen & Person, 2025) makes it the
most likely “controller” mechanism potentially involved in our task (and
model). Future works could test this idea both experimentally (e.g. with
neurostimulation techniques) and computationally (e.g. model optimi-
zation by including a cerebellar controller).

Bayesian inference is at the core of recent computational accounts of
synchronization behavior (e.g., Cannon, 2021; Elliott et al., 2014; Pérez,
Delle Monache, Lacquaniti, Bosco, & Merchant, 2023). The study by
Elliott et al. (2014), in particular, shares some similarities with ours. In
their task participants had to tap along with two simultaneously pre-
sented metronomes differing either in phase or in standard deviation of
the period. Essentially, to “solve” the task participants had to either
separate the cues or integrate them. Synchronization asynchronies were
statistically explained by a Bayesian inference-based mixture model that
switches between separation (two mixture components) and integration
(one component) of cues according to the degree of phase-offset be-
tween metronomes. The authors also showed that the amount of phase-
offset prompting the switch between separation and integration was
subject-specific. In our study the mixture components represent the two
patterns. Rather than one or two mixtures, our participants had to
“choose” in which proportions the mixtures were present in a given trial,
which reflected their online predictions. In this sense, an optimal way to
solve the task required a flexible, trial-by-trial switching between
external stimuli and internal predictions. More specifically, on each trial
our participants could choose to synchronize with the external stimuli (i.
e., the pattern heard), hence frequently update their predictions.
Alternatively, they could synchronize with the most likely pattern to
occur, hence rely on relatively stable, stimuli history-based predictions.
According to each trial's predictability, participants' synchronization
would benefit more from one strategy than the other. These alternative
strategies may explain part of the inter-individual differences we
observed: some participants (“fast learners”) seemed to update more
frequently their predictions (i.e., high learning rates for both patterns),
whereas others (a portion of “slow learners”) seemed to rely more on
previous taps and/or stimuli history (i.e., low learning rates).

Within a Bayesian perspective, a growing number of experimental
works and theoretical accounts have proposed that rhythm processing
follows the principles of predictive coding (Vuust, Ostergaard, Pallesen,
Bailey, & Roepstorff, 2009, 2018; Vuust & Witek, 2014; Koelsch, Vuust,
& Friston, 2019). According to this view, tracking and synchronizing to
rhythms is a highly predictive and hierarchical process; it is described in
terms of optimal Bayesian inference based on a continuous comparison
between prior expectations (i.e., driven by metrical predictions, top-
down) and sensory experience (i.e., driven by the experienced rhyth-
mic patterns, bottom-up). Our results may indirectly support this
framework. Specifically, the predictive coding view of rhythm process-
ing posits that top-down predictions are mainly built upon specific
rhythmic features, i.e., beat and meter. Even if our stimuli intentionally
lacked a clear underlying beat and metrical hierarchy (see Method
section), it is possible that some of our participants may have imposed
some metrical grid in their tapping performance. This might explain the
behavior of the hypothesized “slow learners™ these participants
appeared to be poorly sensitive to the external changes in the stimuli,
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but actually they might have performed the task following an internal
metrical reference. More in general, we can speculate that these par-
ticipants may have paradoxically used a meter-based strategy to guide
their predictions, supporting the predictive coding framework.

4.1. Limitations and model optimization

The interpretation of our results is limited by the small sample size of
participants we tested, thus it is based on preliminary evidence that must
necessarily be confirmed by a replication study. Additionally, our
parameter recovery analysis shows some limitations of our models,
which could be addressed in future work. We will focus here on two of
them which link to the extensive sensorimotor synchronization (SMS)
literature. First, our formalization of tapping variance could be
improved by incorporating in the current model classic accounts of
motor timing variability (Getty, 1975; Ivry & Hazeltine, 1995; Wing &
Kristofferson, 1973), their more recent developments (Garcia-Garibay,
Cadena-Valencia, Merchant, & De Lafuente, 2016; Laje, Cheng, & Buo-
nomano, 2011), or their SMS-specific implementations (e.g., Vorberg &
Schulze, 2002). These models take into account both motor-dependent
and time-dependent components of the variance associated with a
reproduced temporal interval. Second, including in the model an error
correction mechanism, typically observed in tapping tasks, could
contribute to explain part of the variability we observed in the data.
When synchronizing with an external rhythm, in fact, humans typically
adopt error correction mechanisms to re-adjust to it and compensate for
the inherent variability of their motor actions (Repp, 2005). It is possible
that such mechanisms were at play also in our task. Error correction, as
probed in perturbations experimental paradigms, is a defining compo-
nent of event-based models of SMS (Repp & Su, 2013), and is also
incorporated in some oscillator-based (e.g., Bose, Byrne, & Rinzel, 2019)
or Bayesian (e.g., Castillo-Almazan, Pérez, Prado, Jacoby, & Merchant,
2025) models of SMS. All these models, however, account for error
correction when synchronizing to highly regular rhythmic stimuli, as
those employed in standard SMS tasks (e.g., Repp et al., 2012). Our
synchronization task is quite atypical compared to standard SMS tasks
for two reasons: the peculiar experimental manipulation (i.e., the
gradual change in the two patterns' predictability across trials), and the
patterns used (i.e., complex rhythms without a clearly detectable un-
derlying beat). Therefore, if any error correction mechanism influenced
our participants' tapping performance, it is difficult to disentangle what
triggered it: whether it was violations of the immediately expected I0I
(i.e., local perturbation), internally driven metrical predictions, or pre-
dictions based on the statistical properties of the patterns. A possible
way to overcome this limitation is to test different classes of models, in
particular extensions of the ACT-R (adaptive control of thought -
rational) architecture for skill acquisition (Anderson, Betts, Bothell,
Hope, & Lebiere, 2019). In particular, the variant proposed by Gian-
ferrara, Betts, and Anderson (2024) includes a double mechanism
engaged in motor skill learning: a proper ACT-R model operating
cognitive control and motor adaptation, paired with a simple periodic
module which automatically executes the tapping based on a periodic
motor clock. In our task this double mechanism could explain the initial
learning stages for both patterns, the relatively automatic synchroniza-
tion to them at later stages, as well as potential error correction mech-
anisms at play.

5. Conclusions

In the current study we investigated whether learning to synchronize
to new, weakly predictable temporal patterns is supported by simple
associative learning and Bayesian inference mechanisms. In our syn-
chronization task a new temporal pattern, made of the same constitutive
intervals of a familiar one, became increasingly more predictable across
trials. Results from model-based and model-agnostic analyses showed
that our participants experienced a delayed transition from the known to
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the novel temporal pattern, relative to the transition designed in the
target patterns. Model-based results offered preliminary support to the
hypothesis that participants' behavior could be explained as the result of
a Bayesian inference process, guided by a Rescorla-Wagner learning
rule, though with important subject-specific nuances. Specifically, we
observed individual differences in the pace of transition to the novel
pattern, and in the sensitivity to the predictability of patterns' occur-
rences across trials. This led us to hypothesize the potential presence of
individual learning strategies interacting with the more general learning
mechanisms accounted for by our models. Overall the probabilistic
associative learning account we proposed offers insights on how humans
may learn and adapt to new, weakly rhythmic and variably predictable
temporal regularities. Our study provides preliminary evidence in sup-
port of this general idea, thus any future research direction should start
from a replication of our results. We suggest three possible directions to
be pursued in future work. First, one could test if and how our modelling
framework generalizes to different timing tasks involving similar prob-
abilistic temporal patterns without overt motor synchronization. Sec-
ond, our model formalization can be refined at multiple levels, as
suggested throughout the discussion (e.g., introduction of dynamic
learning rates, more complex memory components, or additional peri-
odic mechanisms). Third, one could search for neural correlates of the
computational mechanisms which explain our behavioral data.
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